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1  Abstract  -  3D  printing  of  mineral  foams  is  a  novel  technology               
where  the  changes  in  material  properties  during  and  after           
fabrication  affect  the  final  geometry.  These  changes  need  to  be            
quantified  with  sensing  techniques,  in  order  to  increase  the           
process  robustness  for  fabricating  custom-shaped  building        
components.  In  this  paper,  camera  tracking  and  3D  scanning           
are  studied  to  improve  the  dimensional  accuracy  of  3D  printed            
foam   prototypes.   

  

I. I NTRODUCTION   

Mineral  foams  are  materials  that  contain  a  large  amount           
of  entrapped  air.  They  are  lightweight,  fire-resistant,  and          
have  excellent  insulation  and  acoustic  properties  [1].  Thus,          
they  are  widely  used  in  the  construction  industry  as           
insulators  to  increase  the  thermal  resistance  of  buildings  or  as            
non-load-bearing  walls  and  floor  layers  to  decrease  the          
dead-weight   of   structures.     

Most  commonly,  foam  products  are  used  in  the  shape  of            
prefabricated  boards  and  blocks,  sandwich  panels,  bespoke         
freeform  elements,  and  on-site  as  casting  or  spraying          
solution.  This  makes  the  efficient  use  of  the  material  in            
geometrically  complex  building  components  difficult  and        
expensive.  However,  additive  manufacturing  (AM)  in        
construction  is  a  promising  approach  to  more  sustainable  and           
lean  fabrication  processes  [2],  [3]  with  many  opportunities  to           
improve   building   with   foams   using   3D   printing   (F3DP)   [4].   

Mineral  foams  were  used  with  F3DP  in  several          
small-scale  studies  [5],  [6],  for  prototyping        
climate-responsive  bricks  [7],  and  the  fabrication  of  a          
lightweight  composite  facade  shading  panel  [8].        
Furthermore,  foamed  concrete  mix  designs  and  production         
techniques  were  investigated  for  large-scale  3DP  [9],  [10].          
However,  none  of  these  studies  address  the  final  accuracy  of            
the   produced   elements   with   F3DP.   

However,  geometrical  deviations  can  occur  with  F3DP         
when  the  extruded  material  is  deposited  and  rapidly          
transitions  from  a  fluid  to  a  solid  regime.  This  transition  can             
result  in  a  change  of  volume,  thus  an  uncertain  print           
geometry.  Furthermore,  in  the  case  of  sustainable  mineral          
foams,  long-term  curing  is  required  after  fabrication  that  can           
lead   to   shrinkage   of   the   solid   specimen.     

Both  phenomena  are  challenging  for  near  net  shape          
fabrication  processes  which  don’t  require  additional        
post-processing.  To  address  these  challenges,  real-time        
feedback  control  can  be  used  to  detect  and  compensate  for            
process  deviations  and  long-term  specimen  assessment  to         
predict   deviations   and   adapt   the   print   strategy.   
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This  paper  proposes  real-time  optical  monitoring  for         
feedback  control  of  actual  layer  heights  and  3D  scanning  for            
long  term  shrinkage  assessment  that  is  used  for  compensating           
deviations  during  the  toolpath  processing.  The  first  results          
show  significant  improvement  in  printing  accuracy  that  was          
achieved  by  implementing  a  geometrical  pre-scaling  factor         
for   toolpath   generation   based   on   3D   scanning   results.   

  
II. M ETHODOLOGY   

A. Robotic   Fabrication   Setup   
The  fabrication  setup  consists  of  an  ABB  IRB  1600           

robotic  arm  that  performs  the  printing  and  a  material           
processing  line  where  the  foam  is  generated.  The  foaming           
equipment  stays  stationary  on  the  ground  and  is  connected  to            
the  robot  with  a  flexible  hose.  This  configuration  allows  for            
printing  elements  with  a  height  of  100cm  on  base  plates  with             
95x55cm  footprint.  After  fabrication,  the  elements  are  cured          
in   a   controlled    environment.   
B. Optical   Monitoring   

In  a  first  set  of  experiments,  a  deterministic  approach  has            
been  used;  the  layer  height  has  been  precomputed  with  a            
mathematical  approximation  that  led  systematically  to  over         
and  under  extrusion.  For  this  reason,  an  optical  monitoring           
system  is  proposed  that  assesses  the  actual  print  height           
during  printing  in  every  layer  and  serves  as  feedback  for  the             
following  layer.  Feedback  control  in  additive  manufacturing         
is  an  important  research  topic  that  can  help  to  improve  the             
built  quality  and  process  robustness  [11].  Several  studies          
used  optical  sensing  to  detect  print  defects  and  update           
process  parameters  of  desktop  3D  printers  during  fabrication          
[12]–[14].   

For  that  purpose,  a  stereo  depth  camera  of  the  type  Intel             
Realsense  D435  [15]  was  mounted  above  the  print  bed  and            
robot.  The  image  processing  algorithm  is  a  separate  process           
that  starts  and  runs  parallel  to  the  main  robot  communication            
process.  The  depth  data  is  handled  as  a  continuous  stream  of             
640  x  480  pixel  images  at  30  frames  per  second.  Spatial  and              
temporal  (provided  by  the  Realsense  API)  are  used  to           
denoise  the  images  and  fill  missing  pixels.  The  image  stream            
is  displayed  in  false  color  using  the  OpenCV  library.  Pixel            
depth  values  are  interpreted  as  distances  from  the  print  bed            
towards   the   camera.  

In  particular,  the  code  has  been  structured  as  follows  (Fig.            
1).  First,  the  image  processing  algorithm  identifies  all  pixels           
in  every  frame  within  a  cropped  print  bed  area.  Second,  it             
checks  for  every  identified  pixel,  if  the  streamed  depth  value            
differs  from  a  previously  stored  temporary  value  (default  in           
first  frame  is  zero).  The  temporary  value  is  updated  if            
necessary  and  the  time  is  stored  at  this  moment.  Third,  the             
pixel  depth  value  is  obtained  from  the  temporary  values  if  the             
update  happened  longer  than  10  seconds  ago  and  the           
difference  between  current  depth  and  temporary  value  is          

  



  
  

smaller  than  30  mm.  These  two  conditions  prevent  selecting           
pixels  showing  the  robot  since  it  is  constantly  moving  higher            
than  30  mm  above  the  print  object.  Finally,  the  highest  of  all              
depth  values  signifies  the  topmost  layer  and  is  highlighted  in            
the   false   color   display   (Fig.   2).   
C.   3D   Scanning   

The  geometric  deviations  of  the  printed  geometry  from          
the  digital  model  need  to  be  assessed  for  achieving  a  process             
quality  for  near  net-shape  fabrication.  These  deviations  can          
occur  during  printing  due  to  the  wet  material  behavior  and            
after  printing  due  to  the  curing  material  behavior.          
Consequently,  a  post-printing  3D  scanning  protocol  was  used          
and   the   resulting   3D   data   analysed   and   compared.   

A  handheld  structured  light  3D  scanner  of  the  type           
Creaform  GoScan  50  was  used  to  scan  the  prints  directly            
after  printing,  and  after  curing  in  the  drying  chamber.  A  total             
of  12  printing  cycles  were  documented  with  each  1-3           
specimens  scanned  in  fresh  and  cured  state.  The  resulting           
data  was  processed  in  the  proprietary  scanner  software  VX           
Elements  and  exported  as  a  3D  mesh  with  an  average  of             
450.000  vertices  and  the  associated  target  marker         
coordinates.   Raw   point   cloud   data   could   not   be   obtained.   

The  meshes  were  then  imported  into  the  Rhinoceros  CAD           
software  and  analysed  with  a  custom  script  in  the           
Grasshopper  plugin.  First,  the  meshes  were  oriented  and          
overlaid  using  the  target  marker  coordinates.  Second,  the          
distance  from  every  vertex  of  the  analysed  mesh  to  the            
closest  point  of  the  comparison  mesh  was  calculated.  It  was            
checked  if  the  comparison  mesh  lays  inside  or  outside  and            
distance  values  were  mapped  into  the  positive  or  negative           
domain.  Third,  the  analysed  mesh  was  color  coded  according           
to  the  mapped  deviation  distances  and  a  histogram  was           
generated  that  shows  their  absolute  and  axial  (x;y;z)          
distribution   (Fig.   2).   

III. R ESULTS     AND    D ISCUSSION   

A.   Feedback   Control   
The  image  processing  algorithm  was  implemented  and         

can  calculate  the  highest  point  of  the  currently  printed  layer            
and  update  the  height  of  the  next  layer.  The  functionality            
could  not  yet  be  tested  during  foam  deposition  but  only            
simulated  with  manually  stacking  dummy  elements  that         
mimic  accumulating  print  layers.  The  algorithm  recognized         
the  simulated  height  evolution  at  a  defined  interval  in  every            
layer  and  updated  the  height  of  the  robot  movement  targets            
for   the   next   layer   accordingly.   
  

Figure 1. Pseudocode   describing   the   image   processing   algorithm.   

  

Figure 2. Graphical   output   of   the   image   processing   algorithm.   

B.   Predictive   Scaling   
The  obtained  results  from  3D  scanning  revealed  that          

significant  deviations  of  the  prints  from  the  target  geometry           
already  occurred  in  the  fresh  material  state  directly  after           
printing.  As  shown  in  figure  3,  deviations  were  measured           
predominantly  in  the  z-axis  ranging  between  -26.49  to  -17.13           
mm.  This  resulted  in  prints  that  are  on  average  20  mm  lower              
than  the  target  geometry.  Moreover,  deviations  in  the  cured           
prints  mainly  occurred  in  overhanging  areas  of  the  layers           
with  a  balanced  axial  distribution  around  -1.30  to  2.34,  as            
shown  in  figure  4.  This  implies  that  the  long  term  shrinkage             
has   a   limited   contribution   to   the   overall   deviations.   

  

  
Figure 3. Comparison   between   fresh   print   and   digital   target   geometry.   

  

Figure 4. Comparison   between   cured   and   fresh   print.   

While   printing   nth   layer:   
     For   each   pixel   in   each   streamed   image:   
         If   pixel   in   print   area:   
             Store   temporary   pixel   depth   
             If   streamed   depth   differs   from   stored   temporary   depth:   
                 Temp_depth   =   stream_depth   
                 Pixel_age   =   time.now   
             Update   pixel   depth   
             If   pixel_age   >   10s   and   (depth   -   temp_depth)   <   30:   
                 Depth   =   temp_depth   
             Retrieve   highest   depth   value   
     Update   the   height   of   the   (n+1)th   layer   



  
  

Consequently,  a  one-dimensional  pre-scaling  factor  of  1.2         
in  direction  of  the  z-axis  was  introduced  for  processing  of  the             
digital  target  geometry  during  print  path  generation.  The          
scanning  results  after  implementation  showed  a  significant         
improvement  in  decreasing  the  deviations  of  the  fresh  prints           
to  the  target  geometry.  Figure  5  shows  the  scanning  result  of             
an  improved  specimen  with  peak  deviations  between  -12.04          
to  -4.10  mm.  The  obtained  prints  reached  on  average  the            
correct  height  of  the  target  geometry  with  deviation  of  up  to             
5   mm.   

  

  
Figure 5. Specimen   with   pre-scaling:   comparison   between   fresh   print   and   

digital   target   geometry.   

C.   Future   Improvements   
Several  future  improvements  of  the  presented  methods  for          

machine  sensing  for  mineral  foam  3D  printing  can  be           
anticipated.  First,  the  3D  scanning  method  for  comparing          
fresh  and  cured  print  samples  can  be  optimized.  With  the            
current  workflow  based  on  a  3D  scanner  that  utilizes  target            
markers,  inaccuracies  occurred  when  comparing  the  fresh         
and  cured  samples.  Target  marker  deviations  of  up  to  1.7  mm             
were  found.  Moreover,  the  meshed  geometry  of  the  solid           
print  base  differed  in  both  scans  although  a  deformation           
during  the  curing  cycle  is  unlikely.  Therefore,  it  is           
recommendable  to  compare  the  raw  point  cloud  data  of  a            
more  accurate  3D  scan  procedure  to  improve  the  accuracy  of            
this   method.   

Second,  the  pre-scaling  method  during  print  path         
generation  based  on  results  of  the  3D  scanning  procedure  can            
be  further  refined.  Although  the  achieved  reduction  of          
geometrical  deviations  in  z-axis  direction  from  -20  to  +/-  5            
mm  are  significant,  they  can  be  further  minimized.          
Additionally,  the  pre-scaling  method  was  only  tested  for  print           
elements  with  the  same  height.  Reliability  and  robustness  of           
the  method  need  to  be  validated  for  any  target  height.  The             
pre-scaling  method  is  also  not  only  limited  to  the  z-axis            
direction  but  could  be  used  to  scale  layers  in  x  and  y-axis.              
This  could  possibly  reduce  the  effect  of  tapered  walls  in  print             
results.   

Third,  the  camera  tracking  with  image  processing         
and  update  of  successive  layers  needs  to  be  implemented  and            
evaluated.  However,  several  challenges  can  already  be         
discussed.  When  3D  printing  objects  with  uncertain  layer          

height  evolution,  precomputing  toolpaths  for  each  layer  will          
be  difficult.  This  becomes  even  more  problematic  when  the           
print  object  exhibits  more  complex  geometrical  features  such          
as  branches  and  irregular  cavities.  Therefore,  a  connected          
computational  workflow  between  sensory  feedback  during        
fabrication  and  event-based  path  generation  for  successive         
layers   can   be   proposed.   

In  contrast,  a  pre-computation  workflow  could  be         
envisioned  if  deviations  and  layer  height  evolution  can  be           
predicted  with  machine  learning  (ML)  models.  Many  ML          
methods  can  be  applied  to  3D  printing  especially  during           
optimization  of  new  printing  processes  and  in-situ  control          
[16].  Here,  the  object  detection  ability  of  ML  is  predestined            
to  improve  the  quality  of  mineral  foam  3D  printing  when  a             
large  number  of  process  images  can  be  provided  as  training            
data.  The  optical  monitoring  data  of  this  paper  can  be  used  as              
a   first   step   in   this   direction.   

IV. C ONCLUSION   
Mineral  foam  3DP  is  a  promising  technology  for  the           

fabrication  of  mass-customized  building  elements  that  have         
lightweight  and  insulating  properties.  To  achieve  near-net         
shape  fabrication,  this  paper  presents  how  sensing  techniques          
can  help  to  identify  early  and  long-term  geometrical          
deviations  of  print  specimens.  Furthermore,  the  accuracy  of          
the  F3DP  process  can  be  improved  significantly  by          
informing  the  print  path  design  and  updating  the  print           
process   parameters   in   real-time   based   on   the   deviation   data.     

With  3D  scanning,  it  was  possible  to  show  that  only  minor             
geometrical  changes  occurred  after  fabrication.  The  scans  of          
prototypes  with  the  same  target  height  but  different  overall           
geometry  could  be  used  to  modify  the  print  path  design  with             
a  uniform  pre-scaling  factor  and  reduce  deviations  of  further           
prototypes.  Additionally,  the  real-time  optical  monitoring        
method  has  shown  promising  preliminary  results  to         
overcome  the  uncertainty  of  layer  height  evolution.  The          
implementation  for  feedback  control  during  fabrication  is         
expected   to   further   improve   print   accuracy.   

In  summary,  the  combination  of  the  presented  sensing          
techniques  provides  an  approach  to  address  complex  material          
behavior   during   and   after   3D   printing   of   mineral   foams.   
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