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Cast Component,

- . Monitoring of f1 score is done of 0.9939 for CNN, unlike to precision and accuracy for standardize
NiTinol wire sensor module,

Nanoi . . Automate systems for non destructive testing is highly expensive and non effective in certain

anoindendation Inception . . . . . .

Machine, defect tracing. but ,using an advanced technological advent of applying this methodology of using

CNN network. smart material NiTinol as sensors in gripper mechanism not only provides scope for an early stage

LiDAR detection of non destructive testing but also through comparative analysis gives parameter
optimization results. Software of MATLAB for detection analysis is used and Roboflow is used
to track cast part repair using PP YOLOvV3. From inception by sensor detection defects captured
is analyzed by train graph and optimized by comparative analysis of MATLAB and Roboflow
results gives accurate data .The study of this of this paper is to reconnoiter to find out the exact
location of defects in cast part using NiTinol wire used as stimulus material in tactile sensor. It
tracks defects during initial stage of cast defects of surface detection, porosity of geometrically
complex parts and it can prevents further progression. This technique have decreased the expenses
and enhanced productivity as results are captured in fraction of minutes unlike test reports thus
saving time and taking timely action. It tackles with the issues of addressing major casting
challenges which scales up the production rate. Defects like incongruities as gas contamination,
porosity, hard spots are traced easily and graphical comparative analysis can be done using
augmenting technology. The sensors using NiTinol wire in mechanical gripper captures substantial
defects in casting for assessing melt pool with increased thermal deformation. Defect testing using
Paddle Paddle framework of YOLOV3 is used. Deep learning technology data gave accurate results
in detecting surface defects which was further compared using available defect free data to
preternatural defects. The research data using CNN network results were compared with classical
AlexNet which reached efficiency result of 93.12%, wherein FLOPs quantity reduced by 98.73%
and accuracy was 0.02 % higher than AlexNet. Applying improvised R-CNN using Spatial
Pyramid Pooling reduced average running time unlike other models and result accuracy was
98.76%. Comparative analysis of conventional method of detecting cast defect & CNN network
analysis was done to validate using LIDAR augmented technique.
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1. INTRODUCTION time, and its analysis by CNN methodology. The process
of inception by probe analyses defect at early stage which
cannot be done manually and is time saving. Defects
caused due to improper parameter selection, pour melting
instability, thermal deformation during casting, surface
detection, dirt, porosity are the defects at early stage
detected by this machine module. Usually melt pool
monitoring methodology of Additive manufacturing
employs highly saturated melt pool images to calculate
melt pool dimensions and emissivity rates[1].

Emphasis is made in this paper to use Gripper arm using
NiTinol Wire for inception of defects in cast component
using camera vision. Defect free cast component and its
detection at early stage of development which is a major
challenge in manufacturing unit is resolved using this
technique. Low cost Mechanized module using
Nanoindendation technique using Sensors made of
NiTinol wire solves this challenge. The brief introduction
of this technique is bifurcated into machinery feature using
defect tracing by sensors, calculation of solidification
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1.1. Comprehensive discussion of Methods & Materials

The main aim of this experimental work is to carry out
study accuracy of assessing early-stage detection of cast
component by two methods of Nanoindentation using
Nitinol smart material and using Convoluted Neural
Network for evaluating spun cast part. These two methods
were particularly selected to describe internal defect of
surface iregularities early stage detection as these methods
are proficient to trace in depth irregularities due to its
distinct features. Nanoindentation using Nitinol smart
material. The parameters however are sensitive with
change in environment influencing the process
iception[2].A simplified model of cast component of
impeller design process planning was done, for non
destructive  inspection & time bound nondestructive
surface defect activity tracing micro porosities ,if any.
Roelofsen et al. claimed that defect detection process
planning takes place on multiple levels of abstraction,
including the cast product development level and during
the operational level of its maintenance activities. The
model stated uses smart material using NiTinol material
wire sensors in nanoindendation module for defect
detection of cast part ,for test precision for performance-
level objectives. With constant heating and cooling cycles
influenced the cast microstructure and chemical
composition it formed[3].As shown in figure:1
Nanoindendation test machine and its schematic diagram
traces defects of surface cast part respectively, monitoring
progress in response to unexpected or adverse surface
microporosities controlling the cast surface defect at initial
level before part component fabrication which reduces part
component rejection and scales up quality part production.
When measuring at elevated temperatures, the cast sample
and indented were preserved at minimum 23 °C for the
indentation . Mismatch were kept minimalistic to avoid
drift of thermal in excessive range, thus contraction and
expansion of the sample mistake was avoided so as to
avoid indenter or instrument giving inaccurate result. The
consistency between the performance and plan levels of
description of data in inception of indendation was
matched with NiTinol sensors grippers. This was
challenging when planning cast defect module framework
design processes, because such processes were
characterized and controlled by pseudoelastic properties
tracing of impellor defect part so as to control uncertain
task ordering performing many design iterations and
required frequent re-planning to respond to unexpected
defect dimensions and area variation
1.2. Experimental Cast  Design testing by Nano

Indendation Machine in simplified model

Defect  Casting result zone  obtained by
Nanoindendation testing pinpointed major key challenges
in precast design practice assessing further with Nitinol
pseudo elastic zone identification. The approach of testing

casting module used vacuum environment with
temperature range which was maintained 850°C without
oxidant sample of sand cast impeller part maintaining
thermal drift range by this test.

a) —

b)

d)

Figure 1. (a) Schematic representation of Specimen testing(b)
Nanoindendation testing Machine(c)Impellor part (d) micro
structure analysis after Nanoindendation testing

Test of sample determined by indendation, scratch, wear
and friction of cast part . The results showed SuN — 324 mN
load range. The micro cantilever bending during this tests
facilitated mechanical properties check during varied
deformation process.For changing deforming mechanics
check in cast melt pool improvised gas flow in gas in
process was assertive for transition temperature flow with
added sensors of NiTinol[4].Surface scratch test was
tracked at scan speed of 5pm/s using low contact force to
analyse topography. After 324 mN load at 2.45mN/s,
graphically plastic with green line and elastic with white
line is shown in figure:2, however frictional force is
measured throughout the test to identify indepth surface
irregularities
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a)

b)

c) Nitinol i ' I
i ]

Figure 3. (a) Stress analysis zone highlighted after
nanoidendation zone(b) Graphical analysis (c)NiTinol Wire
sensors for tracing peudoelastic zone for detecting depth of cast
defect

1.3. Testing of cast impeller part:

Iteration in 64 nos..identified as a defining aspect of the
cast design process using Nitinol wire sensors used in the
machine gripper probe.Overcoming the main constraint of
sensors that it cannot read the beams spot for tracing defect
from the distance it starts overlapping due to interference
peak intensities was overcome using NiTinol sensors.[5].
Non-indentation technique used did not however provided
any way of expressing iteration in worn parts, other than
its durability, compressible & fatigue sustenance in
multiple cycles of process which helped indicating its
compatibility with other parts through inspection
procedure during final cast fabrication. The uncertainty
associated with the occurrence of surface defect in cast
part with its susceptibility was identified in iteration
n0.63.1t provided simple metrics which identified surface
accords.This approach required a cast part to undergo
inducement of mechanical stress within NiTinol wire used
as sensors as shown in figure:4a the schematic
Nanoindendation arm gripper with NiTinol sensors is used
and its CAD module is shown in figure 4c .

a) Nancindendation Machine Module for casting defect
[ {(F
teg— |
e T |
| 12

b

b)

ROBOTIC ARM GRIPPER

¢)

Figure 4. a)NanoIndendation Machine Module(b) ArmGripper
Mechanism of Testing machine.(c) CAD Model of gripper and
cast part with its graphical analysis.

The stress induced by NiTinol influenced the
temperature variations change in cast impellor blade part
and therefore the properties of the super elastic deduced by
transition thermal was sensed by NiTinol which traced
region and detected crack at initial stage before pouring
cast alloy.A similar transition temperature variation
helped to find the minute range of surface irregularities.
Impellor cast parts were subjected to temperature drift
ranging between 4°C and 55°C.The NiTinol wires were
mounted in a Plexiglas loading device which was designed
to simulate and electrical resistivity formed monitoring the
phase transformations. The model formulated cast part
geometric features width, height ,pouring angle.[6].The
traces in results showed the presence of surface
irregularities in impellor cast part of the transitional
temperature pointing  toward  higher
temperatures zone areas when stresses were induced as
shown in figure:3.Six iterations were selected as shown in
figure and the one with black circle was the last iteration
experiment which was possible using NiTinol wire as it
sustained higher load and elastic limits without rupture.
Nitinol wires was used for aligning to the performance
under maximum loading.

variations
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Figure 5. (a)Nano detection of surface irregularities
(b)Temperature Transition Module (c)Graphical projection by
machine of 56th iterations and its analysis.
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Defect in 56th iterations displayed, as shown
graphically with a stress-related phase change temperature
range corresponding to the fluctuations of the temperature
expressing pseudoelastic properties more consistently than
others after using NiTinol wire detection procedure.
According to the results, the iterative behavior of the
processes, was nonetheless difficult to be the reason about
the limitations and hence it was used effectively by
working around the limitations as shown in
figure:5(a),(b),(c).

2. Monitoring in the presence of uncertainty cast
development using MATLAB & CNN
Module

In an uncertain process of cast part development, timely
inspection with an effective defect detection progress
monitoring by CNN network was developed which
identified minute defects and corrective actions taken at
metal pouring inception stage. The underlying reasons
identified in terms of the difficulties associated with
solidification defect of cast component after completion of
metal pouring. MATLAB simulation model used to show
minute cast defects rework with significant adverse effects
on cast fabrication in impeller blade, using nano inspection
which was assessed by predictability through iterations as
shown in figure 6.This method is used to achieve the
consequences, cast defect detection step by step with
fabrication and assembly compatibility monitoring with a
detailed knowledge in order to determine whether or not
the properties are retained after cast defect rework. After
this analysis was done, comparison of MATLAB and
CNN results as shown in figure6.Closed loop controller
facilitated in developing deposition height which ensures
accurate cast part [7].

L _I. dLLITNNIE LU “_“_______.____J;

Figure 6. MATLAB defect analysis result
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2.1. Comparative defect detection in Nanoindendation
yMATLAB & CNN Machinery Feature:

Nanoindendation machine equipped with sensors made
of NiTinol Wire traced the trajectory of cast component
analyzing surface detection, dirt and porosity defects in
cast component. The cast part and indentor of
nanoindendation are kept at same temperature when
indendation took place to avoid excessive thermal drift due
to contraction expansion of cast part.[8]Time dependent
deformation unloading data was used for visco elastic
modification.[9]This technique enabled to trace defects of
dirt,surface and porosity at initial stage as a result
rectification was done instantly through deployed
technique .The analysis validation is done by PP YOLO
Algorithm. Methodology starts with forming cast impeller
model. Cast component cross section detection was done
in Roboflow software for analyzing defect through reverse
mechanism of NiTinol gripper Sensors. CNN Convolution
Neural Network architecture consisting of 20 filters of size
3 layers was than used to enhance cast product defect
tracing. As this technique posses distinct advantage of
parameter sharing it facilitated in cast part specific spatial
location which was beneficial to trace minute in depth
defect. Extract metallic oxides reduced on cast surface by
oxygen affinity so not to form vacant hole in cast
material[10] YOLOV3 based on residual network formed
excessive network level preserving speed benefit with
single stage regression algorithm which enhanced
detection accuracy of cast part.[11]

a.1 Testing Parameters in Cast part:

(a)Permeability

(b)Molten Metal Temperature in Celsius

(c)Silicon present.

Output: Presence/Absence of surface defect.

a.2+Steps used in conducting CNN:

Convolutional Neural Network took defect image using
network of layers for detecting different features of cast
defect. Filters were applied with each training image at
different resolution using output of each layer as input of
subsequent next layer which enhanced brightness of
surface defect edge of impellor cast part. CNN image
multiplication is used for enhancing difference between
bright and dark image points for improving contrast for
gray adaptive factor. [12] For training the network max
epoch option was used as accuracy improved after each
epoch. For reforming structure of cast image, it was found
that from training data for encoding locations of cast part
relative to image patches.[13] Initial learning rate was
reduced and epochs number was increased to 8 Hands on
with Code. It is done by importing required library as
shown in figure 7(a) and Max pool filter applied as shown
in figure 7(b)Data visualization: Cast sample of data set
contained 7443 images comprising of defective and non
defective casting part. For this pixel was normalized in

range of 0 to 1 of value 257. Re sized image to 250*250
with batch size 64.Histogram plotted to compare between
defective and non defective setting train data to
25%.bar.Plot analyses skewness and compare between
defective and non defective casting.63% are nondefective
and remaining non-defective. Sigmoid activation function
was utilized. To reduce biasness data augmentation was
done by LiDAR based on ground level. As shown in figure
8.(a),(b) and (c).

o

b)
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Figure 7. (a)CNN Layer set up for detecting casting defect
(b)Max -Pool 24@48X48 layer detect

Channel attention mechanism employed different
weights as per dimension width of cast part as per
importance enabling neural network based on specific
defect channel feature .[14] After training for 17 epochs
,wherein epochs states the number of times algorithm
visits the data set, there wasn’t substantial change in
defects subset frame. Following figure:5 shows the CNN
network with 8 convolution layers followed by Max-Pool
with fully connected at final layer, applying non linearity
ReLU. At training progression forward propagation
conducted epoch from co learning model and merged
together with integrated sequence based convolution
layer[15] Max Pool was applied for filtering input data for
casting defect. For f1-score for class 0,0.993 non-defective
and for class 1,0.995 is defective cast part result was
achieved. Network was quantized  improving the
performance to130 frames per second from 40 frames per
second image of cast part and reduced network size from
82 MB to 71 MB.As shown in figure7 (a) of CNN network
for Max Pool 22 region was used as a corresponding filter
for determining 56 iteration in pixels to filter.As shown in
figure red pixels represent positive activation and blue
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pixels represent negative activation with stride 1 and filter
size of 3x3.After performing with convolution output of
26 %26 which was later reduced by factor 2.Max pooling
reduced computational load which helped looking at larger
area which reduced parameters, reducing computational
load. While defect detection in cast was identified by
MNIST dataset which reduced overfitting as in blue
activation pixels using codes of Kera as shown in figure
8(a).
a)

Figure 8. (a) Roboflow Cast part analysis(b) Point pillion
projector (¢)Augmented technique using LASER & LiDAR for
cast defect detection in cast impellor during pouring metal

This technique was used as it benefited with lead time
reduction in aspects of the life cycles of both cast product
making and its fabrication in the production system. CNN
Model met requisite of real time inspection with a single
prepossessing unit[16]The design Implications foreseen
the existing advanced methodology of defect analysis
while making cast Impeller blade which strive to formulate
the automate one using Non indentation Spectro emission
Software. LIDAR(Light detection and ranging) which is a
line of sight instrument establishing scan locations and
resolution to allow capture of defect data which was used
for surface crack cast defect detection. point cloud data can

be acquired by a variety of LiDAR sensors, including
Velodyne®, Pandar, and Ouster sensors. The sensors
captured all surface defects which was fed to machine
learning algorithm in software.[17]Distribution perimeter
and number of defects using defect tracing type like air
hole defect is usually circular in shape based on
approximating circumference[ 18].Choosing feature aspect
with non- correlated features provided detection
data.[19]The horizontal pixels after calculation differed by
0.2 level from gray pixels locating defect in the cast
part[20] Local anomalies were than highlighted by the
reconstructed defect image after removing regular
repeated patterns of pixel textures to form the defect
area[21]. Based on point pillar detection it was observed
to be fastest and accurate results displaying in LiDAR
architecture using NiTinol sensors for pseudo image from
point cloud of pixels.[22]. These sensors captured 3-D
position information about objects in a scene, which turned
out to be useful for many applications in autonomous
driving and augmented reality domain. However, training
robust detectors with point cloud data was quite difficult
to calculate because of the sparsity of data per object,
object occlusions, and sensor noise phenomena. Deep
learning techniques have been shown to address many of
these challenges by representing robust characteristics
directly from point cloud data aspects. Methodology of
deep learning technique used for understanding 3-D object
process is PointPillars. LiDar points stored in World
Coordinate system which specified for data augmentation
data subset was chosen from selected library employing
slicing property of LiDar to find defect zone .The method
used sensor posing from Lidar frame recording using
semantic segmentation class[23].Making a similar
architecture framework to PointNet, the PointPillars
network extracts were formed displaying dense, robust
features from sparse point clouds called pillars. A 2-Ddeep
learning network with a modified SSD object detection
network was utilized to estimate joint 3-D bounding boxes,
orientations, and class predictions based on following
stages articulation:

Creating Point Pillars Object Detector,

Using the point Pillars Object Detector function to
create PointPillars object detection network. The figure
8(b)shows the network architecture of a Point Pillars
object detector. Deep Network Designer App was used to
create a Point Pillars network.

3. Overall Discussion & Conclusion

Technique used by CNN network proved to be effective
methodology for getting information prior to be cast part
manufactured. This methodology is time saving and
minimizes casting defect final product. The limitations are
that neural network trained expertise is required for using
shop floor data. For adjusting layers in CNN network and
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filters is time consuming and requires experience.
However this is one time run cost and after relative
exposure it becomes an easy task in implementation. The
data filled in network precision is of utmost importance as
results variation depends on this which determines nature
of casting. The process of pouring, fettling was carried
when network showed normal process in train graph. The
research focused to detect early stage cast defect using
neural network and its comparative analysis by
nanoindendation technique showed data variation of 2%.
Nitinol wire sensors design determined to preserve cast
component defect detection durability and lead-time
reductions in all life cycle stages of cast component
detecting by lab test machine as shown in figure9(b) and
its manufacturing processes the conclusion indicates that
the benefits are numerous and the potential is obvious. The
benefits when it comes to initial time reduction in many
aspects during the phases of both cast products process and
its production systems was measured. The design
Implications foreseen the usage of existing augmented
methodology of neural network of cast Impeller blade so
as it strive to formulate the automate one using moduled
and thus enabled to typecast program module in
Nanoindentation Spectro emission Software.

a)

b)

Figure 9. (a)CNN Inspection schematic representation
(b)NiTinol wire sensors nanoiqdentation Spectro emission lab
testing.

Lidar(Light detection and ranging) which is a line of
sight instrument establishing scan locations and resolution
to allow capture of defect data which was used for surface
crack cast defect detection. point cloud data can be
acquired by a variety of lidar sensors. The NiTinol sensors
grasped 3-D position information about cast impellor
defect surface irregularities in a scene, which can be useful
for many applications in fabrication of this blade in part
component of subset used in autonomous driving and
augmented reality. However, using training progress

report showed that robust detectors with point cloud data
proved to be challenging because of the sparsity of data per
object, its defect zone object occlusions, and NiTinol
sensor noise. Deep learning techniques were thus
employed to solve many of these challenges by using
robust feature representations directly from point cloud
data. For this, technique for 3-D object detection of defect
zone tracing in cast part PointPillars were used. Also were
used a similar architecture to PointNet, the PointPillars
network extracted dense and qualitative features from
sparse point clouds called pillars, then 2-D deep learning
network with a modified SSD object detection network
which estimated joint 3-D bounding boxes, orientations,
and class predictions thus showing defect zone traces and
surface irregularities .

PointPillars Object Detector were used
pointPillars  Object Detector function creating a
PointPillars object detection network. The figurel0 (a)
shows the architecture for PointPillars object detector
using Lidar panda dataset for slicing and as shown in
figure 10(d)epochs graphical analysis for defect zone
tracing showed areas and defect traces.

According to dynamic diffusion rate, the size of the pore
is different ,therefore, the porosity formation with higher
probability was seen when exposure time of 70 ps was
made which allowed the gases to skip the meltpool and the
pore formation shows the surface roughness measured
across a 8 m line on the surface of impellor cast part as
shown graphically in figurel1(a).The average roughness
0f2.29 nm and 4.53 nm were calculated .The results based
on the nanoindentation results detected initial pouring
stage of metal in pattern of impellor cast. The hardness of
surface was decided based on attribute to higher pore
density. Permeability of 5.12 % with cast defect 2.23% as
shown in table:1 with optimized process parameters result
detection by NiTinol sensors. This result was then used to
recast the projected part and dimensions to make part with
0.37 % defect which resulted into reducing drastic
rejection rate of cast part and thus fabrication stage,
assembly part cost and time was reduced.

in the

Table 1 :Optimum Impellor Cast part defect detection

Optimum Input Process detection by NiTinol sensors Casting

Defect

1 Permeability % 5.12

2 | Moisture Content AFS 172.13

3 Green Strength Kg/cm? 1.67

4 | Volatile Content % 3.28

5 Vent Holes Numbers 8 2.23%

6 Pouring time Second 41.5

7 | Mould Pressure Kg/cm? 5.26
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©)

d)

Figure 10. (a) &(b) Impellor cast part defect detection (c)
Report of exact dimension and located area of impellor cast part
(d) Epochs graphical analysis for exacting defect detection
zone.

a)

b)

o
e 1

e i e

S

Figure 11. (a) (b) Optimized process parameter graphical report
of cast part at initial stage of metal pouring based on data of

NiTinol wire sensors
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