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Abstract
Directed energy deposition (DED) is an additive manufacturing process that is being rapidly adopted by industry and is 
well suited for the fabrication of complex components in a variety of metal alloys. In laser cladding systems such as DED, 
powder is blown in a stream to a metal substrate coincident with a laser necessary to deposit molten metal with 3D spatial 
control. The focus of both the laser and the powder stream are crucial, and best deposition occurs at a predetermined standoff 
height between the build surface and the print head. Generally, no monitoring of this distance is implemented in commercial 
DED systems. Due to potential over or under building, the standoff height often changes over time but tends to self-correct. 
However, inexpensive and minimally intrusive methods to identify optimal standoff are required to provide real-time control 
to maintain the optimal distance. The present work explores the quantification of the focus of the three-color channels of 
a coaxial camera to determine the standoff height. An experiment was performed in which a 254 mm wall is built and the 
standoff height, initially 5.0 mm below the optimal position, was then intentionally increased every 25.4 mm of wall length 
by an amount of 1.0 mm to a final position 7.0 mm above optimal. Computer vision is demonstrated to monitor the amount of 
focus in each color band and estimate standoff distance. A response can be calculated in under 40 ms using simple hardware 
and can work in most laser-based DED systems.

Keywords  Hybrid directed energy deposition · Standoff height · Computer vision · Focus quantification

1  Introduction

Advanced manufacturing is transforming with the new digi-
tal paradigm of additive manufacturing (AM) with benefits, 
including design freedom and mass customization [1–4], 
reduced material waste, and decreased buy-to-fly ratios 
[5–8]. The billet feedstock used in machining can be prohibi-
tively expensive and AM can more efficiently deposit mate-
rial only where necessary. Complex geometries fabricated 
by directed energy deposition improve performance and 
efficiency of aerospace parts and other industrially relevant 
applications like tooling and light-yet-sufficiently-strong lat-
tices [9]. Furthermore, the composition of the final metal 

structure can be modulated compositionally with the simul-
taneous use of different metal powder in changing ratios 
for functionally graded structures [10–12], as well as with 
embedded components [13, 14] to improve performance and 
embed additional functionalities in otherwise load-bearing 
structures.

One critical deposition parameter that is determined by 
the manufacturer is the standoff height, which is defined in 
this evaluation as the distance between the bottom of the 
deposition nozzle and the top of the previously deposited 
layer. At the ideal distance, the coaxial laser focal diameter 
as well as the powder focal distance converge with opti-
mal catchment efficiency and desired energy density [15]. 
When this distance decreases during an overbuilding con-
dition, indicating that the actual deposited layer height was 
greater than the programmed layer height, a decrease in 
powder catchment efficiency occurs as well as an increase 
in energy density, where more thermal laser energy is added 
per volume mass deposited than expected. During this con-
dition, the actual deposited layer height begins to decrease 
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to the programmed layer height due to the decreased pow-
der catchment as the distance from the powder convergence 
zone decreases. On the contrary, during an underbuilding 
condition where the deposited layer height is less than the 
programmed layer height, a diverging condition occurs if no 
deposition parameters are changed. The laser spot diameter 
diverges as well as the intersecting powder streams deliv-
ering the feedstock creating constantly decreasing powder 
catchment efficiency condition. Even with this tendency to 
self-correct in overbuilding, a variation is introduced in the 
layer thicknesses across the build. Consequently, a real-time 
estimation of the standoff is necessary to provide feedback to 
control the standoff and provide optimal deposition through-
out the build. In an underbuilding case with no tendency to 
self-correct, standoff-height estimation is critical.

Computer vision is one process monitoring approach 
to better control standoff distance through applied weld 
pool imaging. Weld pool images are commonly captured 
with low spatial and spectral resolution sensors—capable 
of identifying irregularities in DED structures [16, 17]. 
Extraction of weld pool geometry through computer 
vision allows for the control of machine parameters [18, 
19] and identification of microstructure defects [20]. Melt 
pool characteristics can be used to identify the effect of 
adjusting process parameters [21–24]. These methods track 
melt pool geometry and optimize machine parameters, 
maintaining melt pool features within the desired range. 
Higher spectral resolution and infrared sensors are able to 
extract true dimension features of the melt pool to leverage 
variation between the solid–liquid transitions [25–27]. 
Instabilities can be identified when melt pool images are 
processed with neural networks [20, 28]. These optical 
features have been evaluated by machine learning, and 
Deep Convolutional Neural Networks have outperformed 
traditional segmentation for in-situ per pixel classification 
of weld pool and spatter [29]. Coaxial weld pool imaging 
is a popular method for characterizing thermal history 
which can be complex depending on the target geometry 
[30], identifying locations of porosity [31], and identifying 
porosity formation through the monitoring of melt pool and 
powder interactions [32, 33].

Autofocus measurement calculates a metric to encode 
the amount of high-frequency information in an image to 
optimize the focal length of a zoom lens. High frequencies 
are correlated to the sharp edges of an in-focus image 
[34–36]. Focus measurement algorithms [37–39] have been 
leveraged to calculate focus values globally for each spectral 
band separately. In this work, we present a non-obtrusive 
method to leverage focal length variations between color 
channels which enable the standoff between the nozzle and 
weld pool to be estimated based on the focus value of each 
channel.

Machine variables, like laser power, traverse feed, and 
powder feed rate, can accelerate part growth causing devia-
tion from defined layer height. Deposition rate is strongly 
influenced by laser and powder overlap. Haley et al. used 
an analytical model to show how working distance conver-
gence is dependent on many interactions, including laser 
attenuation, melt pool geometry, and powder dispersion 
[15]. Modulating parameters to keep weld pool features 
consistent without consideration of standoff height can have 
unintended secondary consequences on the final material 
properties and part geometry [40]. For these reasons, stand-
off needs to be calculated in-situ for consistent updating to 
layer height command [41]. Monitoring working distance 
has been approached with multiple methodologies, includ-
ing off-axis camera setups [42–46], 3D scanners [47, 48], 
and laser triangulation [46, 49–51]. Hardware to measure 
standoff height requires installation inside or near the build 
chamber where occlusions and part geometry can limit 
measurement accuracy as well as cause potential head col-
lisions. Leveraging differences in reflected spectral intensi-
ties through laser optics to calculate standoff in laser welding 
and direct casting was used to eliminate the need for spe-
cialized hardware [52]. Image classification has shown the 
possibility to identify standoff height from monochromatic 
weld pool images taken coaxially [53]. The use of coaxial 
imaging has the advantage of having unobscured views dur-
ing the entire build and does not need space within the build 
chamber for equipment.

The present work advances the field of computer vision 
in directed energy deposition by capturing coaxial weld 
pool images using a prism RGB sensor in which chromatic 
aberrations between spectral bands result in focal length 
differences with maximum focus at different standoff heights 
for each RGB channel. The known distance between peak 
focus for each channel allows for robust calculation of 
standoff height. Red, green, and blue focus measurements 
were then combined to obtain a feedback control signal. 
This signal could be leveraged to optimize the process in 
real time by adjusting either the distance of the head to the 
build layer or the speed of the build head to modulate the 
deposition, impacting the next layer thickness in the order 
of milliseconds based on each coaxial image.

2 � Materials and methods

A directed energy deposition system was used to create a 
254 mm wall with intentional inserted error in the standoff 
height. Computer vision was used to identify image features 
that could be correlated to the intentionally varying distance.
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2.1 � Directed energy deposition system

A hybrid Okuma MU-8000V Laser EX with a Trumpf 
additive system was used to manufacture the components 
evaluated in this experiment. The system is equipped with a 
Trumpf TruDisk 4002 infrared laser as well as a nozzle with 
three discrete powder delivery ports and 12 mm standoff 
that can process using a 0.6–6.0 mm programmed laser spot 
size. 316L stainless steel was utilized as the substrate and 
the deposited feedstock was MetcoAdd 316L stainless steel 
powder with a particle range of − 105 + 45 µm at a flow rate 
of 12 g/min. A programmed spot size of 3.5 mm was used 
at a laser power of 2 kW and a traverse rate of 900 mm/min. 
This system can be seen in Fig. 1.

2.2 � Tool path generation of varying height 
deposition experiment

The Okuma MU-8000V Laser EX was used to produce 
a single bead vertical wall using blown powder DED. 
The wall was 254 mm long with ten 25.4 mm-long sec-
tions. Each segment of the wall was printed at varying 
standoff height between a range of 7 mm and 16 mm, with 
12 mm as the manufacturer’s recommended working dis-
tance for optimal powder capture. Starting at 7 mm stand-
off height, the Okuma would print one 25.4 mm section 
before increasing standoff height by 1 mm. This program 
was continued until manually stopped after 12 layers were 
consecutively built. Figure 2a shows a schematic of the 
build plan which intentionally changes the Z height of the 
deposition head to non-optimal values and the deposition 

Fig. 1   Hybrid blown powder 
DED system used for coaxial 
imaging

Fig. 2    a Tool path to fabricate a 254 mm wall with increased 1 mm standoff height after each 25.4 mm of travel. b Blown powder DED process 
schematic
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process. Figure 2b shows a schematic explaining the blown 
powder build head. Figure 3 illustrates how when the laser 
and powder beams are not at the optimal height, a detri-
mental defocusing occurs which reduces the efficiency of 
the deposition.

2.3 � Coaxial imaging of laser cladding deposition

A JAI Apex AP-3200T-USB camera was used to capture 
the coaxial color images during the deposition process at 
a rate of 20 Hz. The coaxial camera views the melt pool 
through the same focal optics used for the laser with a 
dichroic beam splitter. Chromatic dispersion is created by 
the primary laser focal optics Fig. 4 (left). The coaxial 
camera utilizes a prism camera sensor depicted in Fig. 4 
(right). A prism sensor has a better spectral response, 
Fig. 5, which along with the different RGB focal lengths 
can be leveraged to extract depth information from fre-
quency content of each band. When the melt pool is at the 
nominal working distance, the green channel is in focus. 

Due to chromatic aberration of the objective lens opti-
mized for the NIR laser, the blue and red focal planes are 
slightly above and below the nominal working distance. 
This limits the range in which the standoff height can be 
effectively estimated, as outside of the individual RGB 
channel’s focus range, images can no longer be differenti-
ated. The discovered range of this optical setup produced 
a range of ± 2.5 mm from optimal standoff height.

2.4 � Computer vision techniques to identify optimal 
standoff height

Raw coaxial weld pool images were masked to isolate the 
weld pool and remove internal reflections from within the 
nozzle. A small Gaussian blur was applied to reduce optic 
and sensor noise. Sensor noise introduces pixel intensity 
changes that can be misidentified as high-frequency focus 
information. Finally, color images were split into separate 
grayscale images for each RGB band. To extract a focus 
measurement (FM) value for the three separate RGB 

Fig. 3   Effect of standoff height on laser and powder spot size

Fig. 4   Chromatic aberration 
effect from laser focal optics 
(left) and internal structure of 
prism-based camera sensor 
(right)
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bands, each grayscale image was processed with focus 
measurement algorithms. 28 FM algorithms were tested 
in total and compared. The primary criterion was the 
algorithm's ability to precisely detect the in-focus state 
of the weld pool. Additional factors considered comprise 
unimodality, a sharp signal response, and computation 
speed. Unimodality is crucial for determining peak focal 
measurement, while a sharp response is advantageous 
when combining into a unitless feedback control signal. For 
visual clarity, we narrowed down the comparison to five 
out of the 28 FM algorithms. Specifically, three of these 
algorithms demonstrated accuracy in identifying weld pool 
focus information, while the remaining two were unable 
to differentiate any focus information across images. The 
algorithms below are compared to illustrate the selection 
process.

2.4.1 � Brenner's gradient

Difference between a pixel and its neighbor 2 away in 
horizontal and vertical directions

2.4.2 � Laplacian energy

Convolution of an image with the 5 × 5 Laplace second 
derivative kernel L = [10 − 201] . The final focus 
measurement is the sum of squares of the image pixel values 
after convolution.

(1)FMBrenner =

Width∑

x

Height∑

y

(i(x, y) − i(x + 2, y))2.

2.4.3 � Modified Laplacian

An alternative definition to the Laplacian filter. The 
separable filter Lx = [−1 − 2 − 1] , Ly = LTx is convolved 
with the image i(x, y). Pixel summation then creates the final 
focus value

2.4.4 � Tenengrad

A focus measure based on magnitude of the image gradients 
Gx and Gy, calculated by convolving with the Sobel 
operators

2.4.5 � Gray‑level variance

The difference between each pixel in the image and mean 
gray-level intensity value is computed

(2)FMLaplacianEnergy =

Width∑

x

Height∑

y

(i(x, y)∗ L)
2.

(3)

FMModifiedLaplacian =

Width∑

x

Height∑

y

|i(x, y)∗ Lx| + |i(x, y)∗ Ly|.

(4)FMTenengrad =

Width∑

x

Height∑

y

Gx(x, y)2 + Gy(x, y)2.

(5)FMGrayLevelVariance =

Width∑

x

Height∑

y

|i(x, y) − �|.

Fig. 5   Comparison of the spectral responses between a Prism (left) and Bayer camera sensor (right)
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After calculating focus values for each red, green, and 
blue band for every image, each response is normalized 
using sklearn min–max scaler to place the values between 
[0,1] as seen in Fig. 6. Focus can vary between adjacent 
images due to factors such as weld pool size, sensor noise, 
and number of satellite objects. To reduce the impact of 
abrupt weld pool changes, a 10-frame (0.5 s) moving aver-
age was used to smooth the final output. To count satel-
lite objects, the color image was converted to grayscale, 
blurred, and thresholded. After the weld pool was removed, 
the remaining particles were counted and the total area in 
pixels was computed. It was hypothesized that spatter count 
may also correlate to standoff height.

3 � Results

Experiments were performed to identify the best-suited 
focus estimation algorithm with consideration of both the 
accuracy of the method and the duration of calculation with 
a final aim to implement in real time to control the head 
distance during fabrication.

3.1 � Selection of focus algorithm

Focus measurement algorithms must identify the best 
standoff height to be considered accurate. A unimodal 
response is therefore required and must be centered 
around an intentional offset of 0 mm. Other considerations 
for effective real-time algorithms are the number of 
computational operations and the speed of image analysis. 
The most effective focus measurement performers were 
Tenengrad, Brenner’s, and Laplacian Energy with a 5 × 5 
kernel. These three focus measurement algorithms were 
all accurate when identifying best standoff height and had 

computational time quick enough for real-time control. 
Of the 28 tested algorithms, there were only 8 that could 
identify optimal standoff height and only the three discussed 
here could be considered for in-situ analysis. Laplacian-
based focus operators need to perform convolution at 
each pixel in the coaxial image with a Laplacian kernel. 
Optimizations can be performed by transforming the 
image to the Fourier domain (spatial frequency) and then 
calculating a single multiplication with the Laplacian. The 
Tenengrad algorithm requires performing two-directional 
first derivatives, doubling the operations needed when 
compared to Laplacian Energy. Brenner's focus operators 
leverage high frequencies being highly dependent on 
their spatial location. Shifting a copy of the image in both 
the x- and y-direction and subtracting from the original 
leaves strong edge information. Tenengrad, Brenner’s, 
and Laplacian energy are optimal focus measure operators 
for in-situ standoff control. Computational speeds and 
memory usage for five focus measurement algorithms are 
compared in Table 1. Calculations were performed on an 
Intel i7-9700k processor with no Graphics Processing Unit 
(GPU) acceleration, Python 3.10, and NumPy 1.23.

Fig. 6   Normalized Laplacian 
energy focus response for each 
individual RGB band

Table 1   Average computation time and memory usage

Focus measurement algorithm Average image 
computation time 
(ms)

Memory 
usage 
(MiB)

Brenner 4.41 325.41
Laplacian energy 3.52 312.88
Modified Laplacian 6.95 308.77
Tenengrad 6.32 315.38
Gray-level variance 1.01 312.20
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In terms of accuracy, Fig. 7 shows the performance of 
each of the algorithms on the green channel of weld pool 
images from layer one. The algorithm responds with a simi-
lar shape for all RGB channels; green is selected to illustrate 
the different algorithm’s ability to identify when the image is 
in focus. Image Contrast and Modified Laplacian are unable 
to accurately represent the intentional change in standoff 
height. The Brenner, Laplacian Energy, and Tenengrad algo-
rithms all correctly identify optimal standoff height 60% 
into the first layer. This corresponds to the sixth 25.4 mm 
section with the ideal working distance of 12 mm. When 
considering both the time of calculation and the accuracy, 
the Laplacian Energy algorithm was chosen to continue to 
explore in the context of a fabrication. Laplacian Energy 
focus measurement has similarly high accuracy to other 
algorithms evaluated while having the fastest computation 
time, making it suitable for in-situ parameter adjustments. 
Fast computation times are essential for real-time parameter 
adjustments, preventing or minimizing defects like porosity, 

overheating, and inconsistent layer bonding. This ensures 
the production of high-quality components. Due to incon-
sistency in the weld pool, all focus algorithms need focus 
measurement values from ten images. With a computational 
time of 3.5 ms per image, the Laplacian Energy algorithm 
can respond to defects in nearly 35 ms after computing 
values for all ten images. Further optimizations could be 
implemented to reduce computation speed and consequently 
improve machine response time.

3.2 � Focus measurement in the first layer

After selecting Laplacian Energy as the focus measurement 
algorithm to continue further exploration with, the first layer 
was chosen to analyze. The first layer has a known standoff 
distance and subsequent layers are no longer known with 
certainty. Results of focus measurement analysis are shown 
in Fig. 8. The green channel's response is shown, since it 
coincides with 12 mm standoff height. This was set during 

Fig. 7   Comparison of green 
channel response among focus 
measurement algorithms

Fig. 8   Laplacian energy focus 
measure response for the green 
channel for each 25.4 mm 
section
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calibration of the sensor during installation. An optimal 
working distance of 12 mm with an intentional offset of zero 
has a global maximum focus value. Focus evaluation cor-
rectly identifies standoff height.

3.3 � Focus measurement in subsequent layer 
experiments

Low powder capture on either side of ideal standoff height 
leads to lower deposition height. Successive layers were 
exacerbated by this underbuilding and optimal working 
distance began to move to earlier sections of the wall. In 
Fig. 9, focus measurements for the first four odd layers were 
calculated and plotted. The change in standoff height due to 
overbuilding can be seen as a shift in peak focal index as the 
standoff height is decreasing as more material than intended 
is deposited. Subsequent layers come into focus earlier, indi-
cating that the standoff height has changed due to reduced 

distance between the wall and head. Peak responses for each 
layer are circled to highlight this change.

3.4 � Focus measurement to generate feedback 
control signal

The green band's focal distance lies between red and blue, 
coinciding with the optimal working distance between the 
nozzle and weld pool. The control signal was designed with 
respect to the green band to take advantage of this relation-
ship. The focus values from the red and blue channel cancel 
exactly at the peak focal distance. The red and blue focal 
responses can be subtracted to form a normalized dimen-
sionless signal between ± 1.0 where zero represents ideal 
standoff height shown in Fig. 10. The control signal is plot-
ted in green at an ideal standoff height of 12 mm with a 
small tolerance of ± 0.15 mm. When the feedback control 
signal is outside this tolerance, the signal is plotted in red 

Fig. 9   Focus measure maximum 
shifting in subsequent layers 
due to underbuilding shown 
through green channel Lapla-
cian energy focus evaluation

Fig. 10   Dimensionless standoff-
height feedback control signal 
calculated using Laplacian 
energy focus evaluation

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385



    
    

 R
EVISED PROOF

Journal : Large 40964 Article No : 572 Pages : 13 MS Code : 572 Dispatch : 28-2-2024

Progress in Additive Manufacturing	

indicating that the current standoff height is no longer at 
an ideal distance. Sensor limitations past standoff height 
of ± 2.5 mm can no longer distinguish image changes. This 
affects their focus measurement and images captured outside 
of this region are subject to less accurate focus estimation. 
The region within the sensor's ability to accurately estimate 
standoff height is highlighted in light green.

3.5 � Reducing focal estimation by counting ejecta 
from images

The speed of the printer head and frame rate from the camera 
can be used to identify the number of images captured for 
each 25.4 mm section to create a composite image. There are 

18 images per section making 180 images in total for each 
layer. Extracted weld pools are overlaid consecutively on a 
larger empty image for each 25.4 mm section, generating ten 
composite images for each layer—each at different standoff 
heights. Composite images allow for temporal information 
to be extracted and identified as features with geographical 
information included. In addition to high-frequency infor-
mation indicating degree of focus, the amount of satellite 
objects around the melt pool in the form of spatter or uncap-
tured powder decreases as a standoff-height approaches the 
ideal standoff height and then increases again as the stand-
off height continues to diverge from ideal. Figure 11 shows 
each standoff offset section as a single composite image 
composed of all corresponding coaxial images during the 

Fig. 11   Composite images for 
each 25.4 mm section in layer 1

Fig. 12   Comparison of high-
frequency information between 
out-of-focus and in-focus for 
separate RGB bands found 
using Laplacian energy kernel
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deposition of each section. There were ~ 20 images per sec-
tion, each assigned a Cartesian coordinate based on G-Code 
and timestamps.

Due to the increase in ejecta around the weld pool when 
the working distance is not in the optimal distance from the 
melt pool, ambiguity exists for what the focus algorithm 
was detecting in terms of frequency content. More satel-
lite objects in frame would increase the amount of high-
frequency information after feature extraction. Ejecta can 
also be in a different plane than the weld pool giving incor-
rect focal information. To identify the main carrier of focal 
information, images were split into RGB channels and had 
a Laplacian filter operator applied. The resulting images in 
Fig. 12 show that the texture of the weld pool accounts for 
most of the frequency information and the presence of spat-
ter and uncaptured powder is outweighed by the number of 
pixels within the weld pool’s frequency information.

3.6 � Ejecta frequency as an alternative method

Inspection of the coaxial images yields the fact that the 
amount of satellite objects around the weld pool changes 
with the intentional standoff-height offset. The objects may 
be spatter or potentially uncaptured powder and no attempt 

to classify or differentiate between the two is attempted in 
this work. The magnitude of ejecta in layer one is plotted 
against the focus measurement value in Fig. 13 for compari-
son. Ejecta has more noise with more volatility, so filter-
ing may be required to leverage these process data which 
will introduce a phase delay in the output control signal that 
could be potentially leveraged. Ejecta is inversely propor-
tional to the standoff height as there is less ejecta with proper 
standoff; however, the window of reduced ejecta is narrow 
(± 0.5 mm versus ± 2.5 mm for focus) and is therefore less 
useful than the focus method. Both extracted features (focus 
and spatter) could be simultaneously considered to further 
improve the estimation of the optimal working distance. 
Future work may show that the combination of these two 
measurements may increase standoff-height accuracy when 
used in closed-loop control.

3.7 � Discussion

The presented study explores the application of a three-color 
channel focus quantification using a prism-based camera 
sensor for real-time standoff-height estimation in Directed 
Energy Deposition processes. The focus of both the laser 
and powder stream is pivotal for stable and predictable depo-
sition, yet maintaining the precise standoff height is often 

Fig. 13   Comparison of Lapla-
cian energy focal measurement 
and identifying standoff through 
ejecta

Table 2   Comparison of alternative standoff measurement methods

Method Accuracy Measurement 
frequency

Cost Sensitivity to measurement interference Citations

Color channel focus ∼0.5 mm 35 ms $ 3500 Sensitive to focus information not associated with weld 
pool, such as excessive powder particles in image

Laser displacement sensor 8 μm 500 ms  > $ 5000 Color or surface variations [50]
Laser triangulation ∼ 0.1 mm 30 ms $ 3500 Lighting variation, surface roughness, and reflections [44, 51]
Trinocular optical detector ∼ 0.05 mm 100 ms  < $ 2000 Flashback from other cameras [42]
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overlooked in commercial DED systems. While this study 
demonstrates effective standoff monitoring, several alter-
native approaches exist commercially and in the literature. 
Therefore, a brief comparison of alternatives is presented in 
Table 2 and discussed in this section.

Laser distance sensors directly measure the distance 
between the sensor and the substrate. Structured light 
scanning provides detailed 3D surface information 
giving high precision and reliability for standoff-height 
measurement. However, these methods need specialized 
hardware and may struggle with measuring dynamic changes 
during the DED process. Alternatively, color channel 
focus estimation requires only swapping out coaxial weld 
pool cameras, making it simple to adopt into current DED 
systems. While effective for in-situ control, the proposed 
method may have limitations in achieving high absolute 
accuracy.

While this study provides insights into real-time 
standoff-height estimation in laser-based directed energy 
deposition (DED) processes, there are several avenues for 
future research and development to further enhance the 
applicability and robustness of the proposed approach. 
Exploring machine learning techniques to further refine 
focus measurement algorithms, especially in the context 
of specific material properties and process conditions, 
could improve the accuracy of standoff-height estimation. 
Integrating in-situ parameter optimization to provide 
corrective intervention during deposition. Developing 
algorithms that can adjust standoff height in response to 
tool path and variations in deposition geometry would be a 
valuable extension. Combining standoff-height estimation 
with other process parameters, such as laser power, 
deposition speed, or material feed rate, could result in a more 
comprehensive and adaptive control system. This research 
establishes the feasibility of leveraging three-color channel 
focus measurements for real-time standoff-height estimation 
in laser-based DED processes. The proposed methodology 
contributes to enhanced control and adaptability in additive 
manufacturing.

4 � Conclusions

This effort has demonstrated preliminarily that the 
magnitude of focus of three-color channels in a prism-
based camera sensor can be leveraged to estimate the 
standoff height of the blown powder laser cladding head. 
Monitoring the standoff in real time (less than 5 ms of 
computation after receiving a static image) is crucial 
to maintain layer thickness and to ensure dimensional 
accuracy of the structure being fabricated. With no extra 
measurement equipment, the coaxial computer vision focus 

estimation can provide a reasonable range of 5 mm height 
estimation. This system is capable of being used as a control 
signal to optimize the processing (e.g., z height, deposition 
speed, etc.) to improve fabrication. The outcomes of this 
research have direct implications for industries relying on 
advanced manufacturing, such as aerospace and automotive, 
by offering a more adaptable and controlled additive 
manufacturing process. Important achievements in this work 
include:

•	  ± 2.5  mm standoff-height estimation range where 
Laplacian energy focus measurement can accurately 
identify standoff height of 12 mm.

•	 The Laplacian energy focus measurement algorithm can 
be applied to an image in 3.5 ms well below the period 
of imaging at 20 frames per second at 50 ms per picture.

•	 Satellite object quantification shows some correlation to 
standoff height but is subject to more volatility. This may 
show improved accuracy when used in conjunction with 
focus evaluation.

•	 Controlling standoff height in real time improves wall 
thickness uniformity. This improves part accuracy and 
production yield.
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