
 

PREDICTION	OF	CASTING	DEFECTS	THROUGH	ARTIFICIAL	
NEURAL	NETWORK	

ABSTRACT	

India	 is	 the	 second	 largest	 casting	 component	 producer	 in	 the	world	 after	 China.	 So,	

foundries	represent	important	sector	of	the	manufacturing	industry.	Casting	process	is	

the	 most	 widely	 used	 process	 in	 manufacturing	 industries	 especially	 in	 automobile	

products.	 Systematic	 analysis	 and	 identification	 of	 sources	 of	 product	 defects	 are	

essential	 for	successful	manufacturing.	Foundry	industry	suffers	from	the	poor	quality	

and	productivity	due	the	large	number	of	process	parameter.	Since	the	quality	of	casting	

parts	is	mostly	influenced	by	process	condition,	how	to	determine	the	optimum	process	

condition	 becomes	 the	 key	 to	 improving	 part	 quality.	 The	 industry	 generally	 tries	 to	

eliminate	the	defects	by	trial	and	error	which	is	an	expensive	and	error‐prone	process.	

But	it	takes	too	much	time	and	man	power.	Now	a	day	commercial	techniques	are	used	

to	 simulate	 casting	 process.	 Simulation	 software	 only	 gives	 validation	 of	 results.	

Improvement	in	casting	quality	is	the	process	of	finding	the	root	cause	of	occurrence	of	

defects	such	as	sand	drop,	blow	hole,	leakage	and	bad	mould	in	the	rejection	of	casting	

and	taking	necessary	steps	to	reduce	the	defects	and	hence	rejection	of	casting.	In	this	

dissertation	 work,	 for	 improvement	 in	 casting	 quality,	 the	 artificial	 neural	 network	

technique	 is	 use	 for	 the	 optimize	 the	 sand	 and	moulding	 related	 parameters	 such	 as	

green	compression	strength	 (GCS),	permeability,	moisture	percent,	metal	 composition		

and	metal	temperature.	The	neural	network	was	trained	with	parameters	as	inputs	and	

the	 presence/absence	 of	 defects	 as	 outputs.	 Artificial	 neural	 network	 is	 used	 for	 the	

optimization	casting	parameters	by	using	MATLAB	software.	The	results	 indicate	 that	
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selected	 process	 parameter	 significantly	 affect	 the	 casting	 defect	 and	 causes	 the	

rejection.	

INDEX	 TERMS:	 Artificial	 neural	 network	 (ANN),	 Casting	 defects,	 Optimization	 and	

Casting	process.	

1. INTRODUCTION		

Metal	 casting	 has	 been	 a	 primary	

manufacturing	 process	 for	 several	

centuries	during	BC	and	is	so	even	today	

in	 the	 21st	 century.	 Today,	 its	

applications	 include	 automotive	

components,	 spacecraft	 components	

and	 many	 industrial	 and	 domestic	

components.	 The	 principle	 of	

manufacturing	 a	 casting	 involves	

creating	 a	 hollow	 shape	 of	 the	metallic	

component	 to	 be	 made	 inside	 a	 sand	

mould	and	then	pouring	the	liquid	metal	

directly	 into	 the	 sand‐shaped	 mould.	

Casting	 is	 a	 very	 versatile	 process	

capable	 of	 being	 used	 in	 mass	

production	 items	 in	 very	 large	 shaped	

pieces,	with	intricate	designs	and	having	

properties	 unobtainable	 by	 any	 other	

methods.	 The	 major	 activities	 involved	

in	 making	 a	 casting	 are	 moulding,	

melting,	 pouring,	 solidification,	 fettling,	

cleaning,	 inspection	 and	 elimination	 of	

defective	castings	[1].	

Foundry	 industry	 suffers	 from	 poor	

quality	and	productivity	due	to	the	large	

number	 of	 the	 process	 parameters.	

Global	 buyers	 demand	 defect‐free	

castings	 and	 strict	 delivery	 schedule,	

which	 foundries	 are	 finding	 it	 very	

difficult	 to	 meet.	 Casting	 defects	 result	

in	increased	unit	cost	and	lower	morale	

of	shop	floor	personnel.		

Casting	 process	 is	 also	 known	 as	

process	 of	 uncertainty.	 Even	 in	 a	

completely	 controlled	 process,	 defects	

in	 casting	 are	 found	 out	 which	

challenges	 explanation	 about	 the	 cause	

of	casting	defects.	The	complexity	of	the	

process	is	due	to	the	involvement	of	the	

various	 disciplines	 of	 science	 and	

engineering	 with	 casting.	 The	 cause	 of	

defects	is	often	a	combination	of	several	

factors	 rather	 than	 a	 single	 one.	 It	 is	

important	 to	 correctly	 identify	 the	

defect	 symptoms	prior	 to	 assigning	 the	

cause	 to	 the	 problem.	 False	 remedies	

not	 only	 fail	 to	 solve	 the	problem,	 they	

can	confuse	the	issues	and	make	it	more	

difficult	to	cure	the	defect	[2].	

The	 metal	 casting	 is	 one	 of	 the	 basic	

manufacturing	 processes.	 The	 purpose	

of	 process	 development	 is	 to	 improve	

the	 performance	 characteristics	 of	 the	
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process	 related	 to	 customer	 needs	 and	

expectations.	 The	 process	 development	

can	 be	 achieved	 through	

experimentation	 and	 the	 aim	 is	 to	

reduce	 and	 control	 variation	 of	 a	

process.	 Subsequently,	 decisions	 must	

be	 made	 concerning	 which	 parameter	

affects	 the	 performance	 of	 the	 process.	

By	 properly	 adjusting	 the	 factors,	 the	

variations	 of	 the	 process	 are	 reduced	

thereby	the	losses	can	be	minimized	[3].	

Casting	 defect	 analysis	 can	 be	 carried	

out	by	using	techniques	like	cause‐effect	

diagrams,	design	of	experiments,	casting	

simulation,	 if‐then	 rules	 (expert	

systems)	and	artificial	neural	networks.	

Among	 all	 these	 different	 techniques	

mentioned	 above,	 artificial	 neural	

network	techniques	are	proposed	to	use	

for	 analysis	 of	 casting	 defects	 and	

improve	the	casting	quality.	

	

	

	

	

	

	

Figure	1:	Steps	involved	in	casting	process	

	

The	 first	 step	 in	making	 a	 casting	 is	 to	

make	a	hallow	cavity	inside	sand	mould	

such	that	the	shape	of	the	hallow	cavity	

inside	the	sand	mould	would	be	similar	

to	that	of	the	component	which	is	going	

to	 be	 manufactured.	 This	 process	 is	

known	as	‘moulding’.	The	second	step	is	

‘melting’,	 which	 involves	 melting	 the	

solid	 charge	metal	 inside	a	 furnace	and	

making	 the	 liquid	metal	 free	 from	slags	

and	any	dissolved	gases.	The	 third	step	

is	 ‘pouring’,	which	 involves	pouring	 the	

molten	metal	inside	the	sand	mould	and	

allowing	 the	 liquid	 metal	 to	 solidify	

inside	the	mould,	thus	making	the	metal	

to	 take	 the	 shape	 of	 the	 mould	 cavity.	

The	 fourth	 step	 is	 the	 ‘fettling’	process,	

in	 which	 the	 sand	 mould	 is	 broken	

(after	 solidification	 of	 the	 casting)	 and	

the	 solidified	 casting	 is	 taken	 out.	 The	

casting	 is	 also	 cleaned	 with	 water,	

pressurized	 air,	 etc.	 The	 fifth	 step	 is	

‘inspection’	 that	 includes	 identification	

of	 defective	 castings	 through	 different	

techniques	and	ensuring	quality	control.	

The	 sixth	 step	 is	 ‘elimination/dispatch’,	

which	 includes	 recycling	 of	 defective	

castings	 for	 re‐melting	 and	 passing	 on	

the	sound	castings	for	shipping.	

Out	of	the	several	stages	involved	in	the	

casting	process,	 ‘moulding’	and	melting’	

processes	constitute	the	most	important	

Moulding Melting 

Pouring

Fettling 

Inspection

Dispatch 
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stages,	 as	 the	 parameters	 of	 these	 two	

processes	mostly	determine	 the	quality	

of	the	casting.	The	moulding	parameters	

like	 moisture	 percent,	 permeability,	

green	 compression	 strength	 (GCS),	

green	 shear	 strength	 (GSS)	 affect	 the	

quality	of	the	finished	casting.	Similarly,	

melting	 parameters	 like	 liquid	 metal	

temperature,	 carbon	 percent	 in	 liquid	

metal	 (C),	 manganese	 percent	 in	 liquid	

metal	 (Mn),	 silicon	 percent	 in	 liquid	

metal	(Si),	sulfur	percent	in	liquid	metal	

(S),	 phosphorus	percent	 in	 liquid	metal	

(P)	 and	 chromium	 percent	 in	 liquid	

metal	(Cr)	also	determine	the	quality	of	

the	finished	casting.	Improper	control	of	

moulding	 and	 melting	 parameters	

results	 in	 defective	 castings,	 which	

substantially	reduces	the	productivity	of	

a	foundry	industry	[1].	

Hence,	 in	 the	present	study,	an	attempt	

has	been	made	to	prevent	the	defects	in	

castings	 by	 predicting	 them	 just	 before	

the	‘pouring’	stage	using	artificial	neural	

networks.	 The	 moulding	 and	 melting	

parameters	 of	 castings	 ware	 collected	

from	 a	 Suyesh	 Iron	 &	 Steels	 Pvt.	 Ltd.	

foundry	 and	 the	 same	 were	 fed	 as	

inputs	 to	 a	 back‐propagation	 neural	

network.	 The	 natures	 of	 the	 castings	

(‘sound’	 or	 ‘defective’)	 were	 fed	 as	

outputs	to	the	network.	After	successful	

training,	 the	 network	 was	 able	 to	

predict	the	chances	of	various	defects	in	

the	castings	that	were	about	to	be	made.	

In	 case	 the	 network	 has	 predicted	 the	

chance	 of	 a	 particular	 casting	 defect,	

then	 the	 possible	 causes	 for	 the	

particular	 defect	 are	 to	 be	 investigated	

and	 necessary	 measures	 have	 to	 be	

taken	 so	 as	 to	 prevent	 the	 defect	 that	

was	predicted	by	the	neural	network.	

2. RECENT	THEORIES	

Recent	 theories	 give	 detail	 information	

about	present	practices	used	in	different	

foundries	 and	 results	 of	 advanced	

researches	all	over	the	world.	It	is	one	of	

the	important	steps	to	be	followed	while	

carrying	 out	 dissertation	 work.	

Literature	 review	 not	 only	 gives	 the	

history	of	a	particular	problem	but	also	

provides	results	of	recent	researches	on	

the	 same.	 At	 present,	 other	 than	 the	

artificial	neural	networks	(ANN),	casting	

defect	 analysis	 is	 carried	 out	 using	

techniques	 like	 historical	 data	 analysis,	

cause‐effect	 diagrams,	 if‐then	 rules	

(expert	systems),	simulation	and	design	

of	experiment.	

An	 artificial	 neural	 network	 is	

computational	 model	 of	 the	 human	

brain,	 where	 information	 processing	 is	

distributed	 over	 some	 interconnected	
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processing	elements,	 called	nodes	 (also	

called	 neurons).	 They	 are	 structured	 in	

some	 layers.	 These	 layers	 are	 called	 as	

input,	 output	 and	 hidden	 layers	 and	

they	have	been	operated	parallel	to	each	

other.	 The	 outputs	 of	 the	 node	 in	 one	

layer	 are	 transmitted	 to	nodes	of	 other	

layer	 through	 connections.	 While	

transmitting	 outputs	 from	 one	 layer	 to	

another	via	some	connections,	they	may	

be	 amplified	 (if	 necessary)	 through	

weight	 factors.	 The	 net	 input	 to	 each	

node	(other	than	input	node)	is	net	sum	

of	 the	 weighted	 output	 of	 the	 nodes	

feeding	that	node	[1].	

M.	 Perzyk	 et	 al.	 [4]	 studied	 that	

defects	in	 castings	 often	 appear	

unexpectedly	 and	 it	 is	 difficult	 to	

identify	 their	 source	 as	 they	 can	 be	

brought	 about	 by	 a	large	 number	 of	

randomly	 changing	 production	

parameters.	ANN	was	used	for	detection	

of	 the	 causes	 of	 gas	 porosity	 defects	 in	

steel	 castings.	 The	 applied	 procedure	

included	systematic	storing	of	two	types	

of	 information:	 about	 the	 process	

parameters,	 materials	 used	 and	 even	

employees	 involved	 in	 the	 production	

(as	 the	 network	 inputs)	 and	 about	 the	

appearance	 of	 a	 given	 defect	 (as	 the	

network	 output).	 The	 trained	 network	

was	 able	 to	 detect	 interdependences	

among	various	factors	influencing	water	

vapour	pressure	 in	 the	mould	and	 thus	

to	 indicate	 the	 most	 probable	 cause	 of	

porosity.	

Karunakar	 and	 Datta	 [1]	 have	 applied	

back	 propagation	 neural	 networks	 for	

analysis	 and	 prediction	 of	 casting	

defects.	 In	 this	 paper	 they	 had	 applied	

the	neural	network	to	the	metal	casting	

for	prediction	of	casting	defects	such	as	

cold	shut,	sand	drop,	slag	inclusions	and	

microstructure	related	defects.	

Jiang	 Zheng	 et	 al.	 [5]	 this	 study	

represent	 systematic	 approach	 to	 high‐

pressure	 die	 casting	 is	 a	 versatile	

process	for	producing	engineered	metal	

parts.	 There	 are	 many	 attributes	

involved	 which	 contribute	 to	 the	

complexity	of	the	process.	It	is	essential	

for	 the	 engineers	 to	 optimize	 the	

process	 parameters	 and	 improve	 the	

surface	 quality.	 However,	 the	 process	

parameters	 are	 interdependent	 and	 in	

conflict	 in	 a	 complicated	 way	 and	

optimization	 of	 the	 combination	 of	

processes	 are	 time‐consuming.	 In	 this	

work,	 an	 evaluation	 system	 for	 the	

surface	 defect	 of	 casting	 has	 been	

established	 to	 quantify	 surface	 defects,	

and	 artificial	 neural	 network	 was	

introduced	to	generalize	the	correlation	

between	surface	defects	and	die‐casting	
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parameters,	 such	 as	mold	 temperature,	

pouring	 temperature,	 and	 injection	

velocity.	 It	 was	 found	 that	 the	 trained	

network	 has	 great	 forecast	 ability.	

Furthermore,	 the	 trained	 neural	

network	was	 employed	 as	 an	 objective	

function	to	optimize	the	processes.		

3. INTRODUCTION	TO	ANN	

Neural	 networks,	 which	 are	 simplified	

models	of	the	biological	neuron	system,	

is	 a	 massively	 parallel	 distributed	

processing	 system	 made	 up	 of	 highly	

interconnected	 neural	 computing	

elements	 that	 have	 the	 ability	 to	 learn	

and	 thereby	 acquire	 knowledge	 and	

make	 it	 available	 for	 use.	 The	 neural	

network	 could	 predict	 cracks,	 misruns	

and	 air‐locks	 accurately	 in	 most	 of	 the	

cases.	 The	 neural	 network	 could	 also	

predict	 other	 defects	 successfully	 [6].	

ANNs	are	widely	accepted	as	technology	

offering	 an	 alternative	way	 to	 simulate	

complex	and	 ill‐defined	problems.	They	

have	been	used	in	diverse	application	in	

control,	 robotics,	 pattern	 recognition,	

forecasting,	 power	 system,	

manufacturing,	 optimization,	 signal	

processing	 etc.	 they	 are	 particularly	

useful	 in	 system	 modeling.	 A	 neural	

network	 is	 computational	 structure	

consisting	 of	 number	 of	 highly	

interconnected	 processing	 unit	 called	

neuron.	The	neuron	sum	weighted	input	

and	applies	linear	or	non	linear	function	

to	 the	 resulting	 sum	 to	 determine	 to	

output	 and	 the	 neuron	 are	 arranged	 in	

layer	 and	 are	 combined	 though	

excessive	connectivity	[7].	

Identification	 and	 control	 are	 the	 two	

fundamental	tasks	of	solving	a	problem.	

The	 identification	 and	 control	 of	

nonlinear	 systems	 are	 still	 challenging	

tasks.	 Recently,	 considerable	 effort	 has	

been	 invested	 in	 the	 use	 of	 artificial	

neural	 networks	 (ANN)	 for	 nonlinear	

control	and	identification.	Both	practical	

and	theoretical	results	establish	the	use	

of	 neural	 control	 as	 one	 of	 the	 most	

promising	 areas	 of	 neural	 network	

applications.	 Neural	 networks	 have	 the	

ability	 to	 learn	 from	 their	 environment	

and	adapt	to	it	in	an	interactive	manner	

similar	 to	 their	 biological	 counterparts.	

A	 very	 important	 feature	 of	 these	

networks	 is	 their	 adaptive	 nature,	

where	 ‘learning	 by	 example’	 replaces	

‘programming’	 in	 solving	 the	problems.	

This	 feature	makes	 such	 computational	

models	 very	 appealing	 in	 application	

domains	 where	 one	 has	 little	 or	 an	

incomplete	 understanding	 of	 the	

problem	 to	 be	 solved,	 but	 where	

training	 data	 are	 readily	 available.	

Neuro‐computing	can	play	an	important	
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role	 in	 solving	 certain	 problems	 in	

science	 and	 engineering	 that	 would	

otherwise	be	difficult	to	solve,	problems	

such	 as	 pattern	 recognition,	

optimization,	 event	 classification,	

control	 and	 identification	 of	 nonlinear	

systems,	 and	 statistical	 analysis,	 etc.	 In	

addition	 to	neural	network’s	usefulness	

in	 solving	 complex	nonlinear	problems,	

they	are	attractive	 in	view	of	 their	high	

execution	 speed	 and	 their	 relatively	

modest	 computer	 hardware	

requirements	[1].		

4. PROBLEM	DESCRIPTION	

The	data	is	collected	from	Suyesh	iron	&	

steel	 Pvt.	 Ltd.	 Foundry	 for	 give	 the	

training	 to	 artificial	 neural	 network.	

This	foundry	is	making	components	like	

side	frame,	bolster,	yoke,	etc.	The	major	

defects	occurred	in	this	foundry	are	hot	

cracks,	misrun,	scab,	blowholes,	air	lock	

and	leakage.	Hence,	an	attempt	has	been	

made	to	predict	these	five	defects	using	

a	 back‐propagation	 neural	 network	

before	 the	 pouring	 stage,	 which	 is	 the	

third	step	of	the	casting	process.	Before	

dealing	 with	 the	 problem,	 study	 of	 the	

defects	which	 is	 occurred	 in	 foundry	 is	

given	 below.	 Hot	 cracks	 are	 formed	

because	of	casting	is	hot	and	may	occur	

during	 cooling	 in	 the	 mould,	 during	

knocking‐out	hot	or	during	cooling	after	

hot	 knock‐out.	 Hot	 cracking	 can	 also	

occur	 in	 the	 event	 of	 uneven	 cooling	

conditions.	Misrun	generally	takes	place	

when	 the	 pouring	 temperature	 and	 the	

pouring	speed	drastically	decrease.	This	

defect	 arises	 especially	when	 the	metal	

in	the	ladle	is	about	to	be	exhausted	and	

hence	 the	 small	 amount	 of	 metal	 at	

comparatively	 lower	 temperature	

present	 inside	 the	 ladle	 flows	 into	 the	

mould	 with	 considerably	 low	 speed.	

Pouring	 temperature,	 however,	 exert	

the	major	influence	on	misrun	[8,	9].		

Scabs	occur	as	a	result	of	the	formation	

of	a	shell	of	dried	sand	on	the	hot	mould	

surface.	A	scab	is	formed	when	a	portion	

of	 the	 mould	 face	 lifts	 due	 to	 thermal	

expansion	 and	 liquid	 metal	 flows	

underneath	 in	 a	 thin	 layer.	 Scabbing	

generally	takes	place	if	(a)	pouring	time	

is	 comparatively	 high,	 (b)	 excessive	

moisture	 or	 volatile	 matter	 content	

present	in	the	mould,	(c)	sand	grain	size	

distribution	 being	 non‐uniform,	 (d)	

mould	 having	 low	 green	 strength,	 (e)	

comparatively	 low	 active	 clay	 content	

and	/	or	high	dead	clay	content	and	 (f)	

low	permeability	of	mould	[10].		

Blowholes	originate	from	a	spontaneous	

evaporation	 of	 the	 water	 present	 in	 a	

thin	 surface	 layer	 of	 the	 mould.	 Iron	

oxide	implanted	on	the	mould	wall	often	
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results	 in	 blowholes.	 Carbon	monoxide	

gas	 produced	 by	 the	 reaction	 of	 fluid	

slag	 from	 furnace	 or	 ladle	 with	 carbon	

in	 the	 iron	 may	 also	 result	 in	 the	

formation	 of	 blowholes.	 Air	 lock	 may	

generally	arise	as	a	result	of	entrapment	

of	the	air	within	the	mould	by	the	liquid	

metal	due	to	a	faulty	gating	system.	

The	shop	floor	in	this	foundry	recorded	

four	moulding	properties,	namely	green	

compression	 strength,	 green	 shear	

strength,	 mould	 permeability	 and	

moisture	 percent	 in	 mould	 for	 each	

component.	 The	 shop	 floor	 also	

recorded	 seven	 melting	 parameters	

namely	 carbon	 percent	 in	 charge,	

manganese	 percent	 in	 charge,	 silicon	

percent	 in	 charge,	 sulfur	 percent	 in	

charge,	 phosphorus	 percent	 in	 charge,	

chromium	percent	in	charge	and	molten	

metal	temperature	for	each	component.	

The	data	 is	 regarding	 the	nature	of	 the	

casting.	 i.e.	 either	 sound	or	defective.	 If	

the	 nature	 of	 casting	 is	 defective,	 were	

also	recorded.	The	above	moulding	and	

melting	 parameters	 for	 different	

components	 that	 were	 collected	 from	

the	said	foundry.	In	case	the	casting	was	

defective,	 the	 nature	 of	 defect	 is	 note	

down	in	the	remarks	column.	

	

5. IMPLEMENTATION	OF	ANN	

Implement	the	artificial	neural	network	

for	 prevent	 the	 casting	 defects	 such	 as	

crack,	 misrun,	 blowholes,	 scab	 and	

airlock.	 Prevent	 the	 casting	 defects	 by	

predicting	them	just	before	the	pouring	

stage	 using	 artificial	 neural	 network.	

Artificial	 neural	 network	 are	 several	

different	 type	 of	 algorithm	 but	 in	 this	

paper	 back‐propagation	 algorithm	 is	

used.	 In	 back‐propagation	 algorithm	

initially	 weight	 are	 calculated,	

consequently	 output	 are	 calculated	

randomly.	 However,	 these	 calculated	

outputs	 compare	 with	 the	

actual/desired	 output	 by	 the	 neural	

network	and	error	is	transmitted	to	the	

initial	 layer,	 which	 result	 in	 correction	

of	 the	 weights.	 The	 training	 iteration	

process	may	 be	 terminated	 either	 by	 a	

convergence	 limit	or	 simply	by	 limiting	

the	total	number	of	iterations.	The	steps	

of	 the	 ANN	 calculation	 during	 training	

using	back‐propagation	algorithm	are	as	

follows.	

Step	 1:	 The	 network	 synaptic	 weights	

are	initialized	to	small	random	values.	

Step	 2:	 From	 the	 set	 of	 training	

input/output	 pairs,	 an	 input	 pattern	 is	

presented	 and	 the	network	 response	 is	

calculated.	
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Step	3:	The	desired	network	response	is	

compared	with	 the	actual	output	of	 the	

network,	 and	 all	 the	 local	 errors	 to	 be	

computed.	

Step	 4:	 The	 weights	 preceding	 each	

output	 node	 are	 updated	 according	 to	

the	following	update	formula:		

Δwij(t)=	ηδioi	+	αΔwij(t‐1)																			(1)	

Where,	

η	‐	Learning	rate	

δ	–	Local	error	gradient	

α	‐	Momentum	coefficient	

oi	–	Output	of	ith	input	

wij	represents	the	weight	connecting	the	

ith	 neuron	 of	 the	 input	 vector	 and	 the	

jth	 neuron	 of	 the	 output	 vector.	 The	

local	error	gradient	calculation	depends	

on	 whether	 the	 unit	 into	 which	 the	

weights	feed	is	in	the	output	layer	or	the	

hidden	layers.	Local	gradients	in	output	

layers	are	the	product	of	the	derivatives	

of	 the	network’s	error	 function	and	 the	

units’	 activation	 functions.	 Local	

gradients	 in	 hidden	 layers	 are	 the	

weighted	 sum	 of	 the	 unit’s	 outgoing	

weights	 and	 the	 local	 gradients	 of	 the	

units	to	which	these	weights	connect.	

Step	5:	The	 cycle	 (step	 2	 to	 step	 4)	 is	

repeated	 until	 the	 calculated	 outputs	

have	converged	sufficiently	close	 to	 the	

desired	outputs	or	an	iteration	limit	has	

been	reached.	

A	 processing	 element	 accepts	 one	 or	

more	 signals,	 which	 may	 be	 produced	

by	 other	 processing	 elements.	 The	

various	 signals	 are	 individually	

amplified,	 or	 weighted,	 and	 then	

summed	together	within	the	processing	

element.	The	resulting	sum	is	applied	to	

a	 specific	 transfer	 function,	 and	 the	

function	 value	 becomes	 the	 output	 of	

the	 processing	 element.	 Transfer	

function	 used	 in	 the	 back‐propagation	

network	is	known	as	‘sigmoid	function’,	

which	is	shown	below.	

F(s)	=	1/	(1+e‐s)																					 	 (2)	

Where,	 s	 is	 the	sum	of	 the	node	 inputs.	

Clearly	the	node	output	will	be	confined	

to	the	range	0	<	f(s)	<	1.	

Pre‐processing	of	 input	 signals	prior	 to	

input	 to	 the	 neural	 network	 is	 carried	

out	as	follows.	All	input	and	output	data	

are	scaled	so	that	they	are	confined	to	a	

subinterval	 of	 [0...1].	 A	 practical	 region	

for	 the	 data	 is	 chosen	 to	 be	 [0.1	 ....0.9].	

In	 this	 case	 each	 input	 or	 output	

parameter	X	is	normalized	as	Xn	before	

being	 applied	 to	 the	 neural	 network,	

according	 to	 the	 following	 equation,	

shown	below				
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												(3)	

Where,	 Xmax	 and	 Xmin	 are	 the	

maximum	 and	 minimum	 values,	

respectively,	 of	 the	 data	 parameter	 X.	

The	 network	 starts	 calculating	 its	

output	 values	 by	 passing	 the	 weighted	

inputs	to	the	nodes	in	the	first	layer.	The	

resulting	node	outputs	of	 that	 layer	are	

passed	on,	through	a	new	set	of	weights,	

to	 the	second	 layer,	and	so	on	until	 the	

nodes	 of	 the	 output	 layer	 compute	 the	

final	outputs.	

5.1	TESTING	OF	ANN	

The	 four	 mould	 properties	 and	 the	

seven	melting	parameters	mentioned	in	

the	 previous	 sections	 were	 fed	 to	 the	

neural	network	as	inputs.	The	natures	of	

the	 castings	 (sound	 or	 defective)	 were	

fed	 as	 outputs.	 The	 ‘presence’	 and	

‘absence’	of	each	defect	was	inputted	to	

neural	 network	 by	 the	 indication	 of	 ‘1’	

and	 ‘0’,	 respectively.	 The	 data	 were	 N	

scaled	 between	 0.1	 and	 0.9	 as	 per	 Eq.	

(3),	 before	 feeding	 to	 the	 network.	 A	

back‐propagation	 neural	 network	 was	

constructed	 for	 the	 present	 task.	 The	

network	 used	 one	 hidden	 layer	 and	 23	

hidden	neurons.	The	inputs	and	outputs	

that	 were	 used	 to	 train	 the	 neural	

network	are	shown	below.		

INPUT	PARAMETERS:	

 Green	compression	strength	(N/m2)	

 Green	shear	strength	(N/m2)	

 Permeability	

 Moisture	content	

 Carbon	percent	in	charge	

 Manganese	percent	in	charge	

 Silicon	percent	in	charge	

 Sulfur	percent	in	charge	

 Phosphorus	percent	in	charge	

 Chromium	percent	in	charge	

 Molten	metal	temperature	in	Celsius	

OUTPUT	PARAMETERS:		

Presence	/	Absence	of	defect	

Eighty‐four	 samples	 of	 data	 were	

collected	 from	 the	 shop	 floor	 and	 the	

same	 have	 been	 used	 to	 carry	 out	 the	

present	 investigation.	 The	 first	 65	

samples	 were	 used	 for	 training	 the	

network	and	 the	 remaining	19	 samples	

were	reserved	exclusively	for	testing	the	

accuracy	of	 the	 trained	network.	 In	 the	

neural	 network	 program,	 momentum	

rate	was	set	as	0.7	and	 learning	rate	as	

0.5.	 The	 error	 goal	 was	 set	 as	 0.01.	

Other	 network	 architectures	 were	 also	

tried	 with	 two	 and	 three	 hidden	

neurons,	 respectively,	 but	 the	 one	with	

single	 hidden	 layer	 gave	 comparatively	

better	results	with	an	optimum	training	

time.	 The	 program	 was	 run	 using	
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MATLAB	 neural	 networks	 toolbox	 and	

the	network	converged	to	the	error	goal	

of	0.01	after	4000	iterations.	Error	goals	

smaller	 than	 0.01	 were	 also	 tried	 but	

they	 resulted	 in	memorizing	 of	 data	 by	

the	 neural	 network	 rather	 than	

capturing	 the	 generality	 of	 inputs	 and	

outputs.	 After	 training	 was	 over,	 the	

network	was	tested	for	its	accuracy.	The	

input	parameters	of	the	19	samples	that	

were	 not	 used	 in	 training	 the	 neural	

network	 were	 fed	 to	 the	 trained	

network	and	 the	network	was	asked	 to	

predict	the	possible	outputs	(presence	/	

absence	of	each	defect).	Apart,	from	the	

above	 19	 samples,	 the	 inputs	 of	 the	 65	

samples	(used	for	training	the	network)	

were	 also	 fed	 to	 the	 trained	 neural	

network	and	 the	network	was	asked	 to	

predict	the	possible	outputs	(presence	/	

absence	 of	 each	 defect).	 The	 trained	

neural	 network	 predicted	 the	 presence	

of	 each	 defect	 by	 a	 decimal	 close	 to	 ‘1’	

and	its	absence	by	a	decimal	close	to	‘0’.	

5.2	DISCUSSIONS	

The	predictions	 of	 the	defects	made	by	

the	 back‐propagation	 neural	 network	

are	 satisfactory	 in	 most	 of	 the	 cases.	

However,	 the	 neural	 network	 did	 not	

predict	 ‘1’	or	‘0’	precisely	to	predict	the	

presence	 or	 absence	 of	 a	 defect,	 but	 a	

decimal	 value	 closer	 to	 them.	 In	 the	

present	 analysis,	 if	 the	 decimal	 value	

was	 higher	 than	 0.5	 for	 the	 occurrence	

of	 a	 defect,	 then	 the	 prediction	 was	

treated	as	good	and	if	the	decimal	value	

was	 lower	than	0.5,	 then	the	prediction	

was	 treated	 as	 poor.	 In	 Tables	 1	 an	

accurate	and	good	prediction	of	a	defect	

is	highlighted	as	bold	decimal,	where	as	

an	 inaccurate	 and	 poor	 prediction	 is	

highlighted	as	underlined	bold	decimal.		

Among	 all	 the	 predictions,	 predictions	

of	 crack	 and	 misrun	 seem	 to	 be	 most	

accurate	 and	 good	 and	 the	 predictions	

are	 correct	 in	 all	 the	 cases.	 Predictions	

of	 scab	 were	 accurate	 in	 most	 of	 the	

cases	 except	 in	 sample	 number	 55	 in	

which	 the	prediction	decimal	happened	

to	be	little	lower	than	0.5,	resulting	in	a	

weak	 prediction.	 Furthermore,	 other	

decimal	values	of	the	prediction	for	this	

defect	 were	 not	 very	 close	 to	 ‘1’,	 as	 in	

the	 case	 of	 predictions	 of	 crack	 and	

misrun.	However,	they	were	still	higher	

than	0.5,	which	makes	the	prediction	of	

the	 network	 acceptable.	 Predictions	 of	

air‐lock	 were	 accurate	 in	 most	 of	 the	

cases	 except	 in	 sample	 number	 23,	 in	

which	 the	 network	 predicted	 the	

occurrence	 of	 air‐lock	 when	 the	 actual	

casting	was	a	sound	one.		
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Coming	 to	 the	 blowhole,	 the	 network’s	

prediction	was	 not	 very	 good	 as	 in	 the	

case	 of	 the	 other	 defects.	 In	 sample	

number	 36,	 the	 network	 predicted	 the	

occurrence	 of	 blowhole	 by	 a	 decimal	

little	 lower	 than	0.5.	 In	 sample	number	

69	also	the	occurrence	of	blowhole	was	

predicted	by	a	decimal	 little	 lower	than	

0.5.	 In	 sample	 number	59,	 the	 network	

predicted	the	occurrence	of	misrun	and	

blowhole	 when	 the	 casting	 actually	

possessed	only	misrun.	This	may	be	due	

to	the	fact	that	the	neural	network	could	

not	 learn	 the	 generality	 of	 this	 defect,	

due	to	the	incorrect	entry	of	data	in	the	

shop	floor.		

It	 should	 not	 be	 overlooked	 that	 the	

sound	castings	were	predicted	as	sound	

in	 all	 the	 cases,	 which	 would	 further	

make	 the	 network’s	 prediction	 more	

accurate	 and	 acceptable.	 Though	 the	

present	work	on	modelling	makes	use	of	

rather	 limited	 data	 obtained	 from	 a	

single	foundry	and	this	exercise	has	not	

been	 tried	 with	 data	 from	 another	

industry,	it	is	still	felt	that	the	work	has	

fairly	 conclusively	 demonstrated	

usefulness	 and	 capability	 of	 ANN	

modelling.	 However,	 the	 present	 work	

predicts	 and	 thereby	 prevents	 the	

casting	 defects	 just	 before	 the	 castings	

are	 about	 to	 be	 made,	 by	 the	 use	 of	

artificial	neural	networks.		

6. CONCLUSIONS	

The	 ANN	 is	 the	 effective	 technique	 in	

shop	 floor	 for	 the	 prediction	 of	 casting	

defects	in	foundry,	it	warns	the	foundry‐

man	 whenever	 a	 defective	 casting	 is	

about	 to	 be	 manufactured.	 Thus,	 ANN	

minimizes	 the	 defective	 castings	 and	

increases	 productivity.	 The	 neural	

network	 has	 to	 be	 trained	 using	 shop	

floor	data.	The	number	of	hidden	layers	

and	 hidden	 neurons	 should	 be	 fixed	

optimally	 and	 this	 task	 requires	 time	

and	skill.	However,	this	is	a	onetime	job	

that	 is	 to	 be	 done	 in	 the	 beginning,	

during	the	training	of	the	network.	After	

the	 training	 and	 testing	 tasks	 are	

completed	 successfully,	 the	 weights	 of	

the	 trained	network	are	 to	be	stored	 in	

the	computer.	At	the	time	of	a	casting	is	

going	 to	 be	 manufactured,	 the	 data	

related	to	mould	properties	and	molten	

metal	are	to	be	fed	to	the	trained	neural	

network	and	the	neural	network	would	

predict	 the	 nature	 of	 the	 casting	

(whether	 sound	 or	 defective).	 If	 the	

predicted	 nature	 of	 the	 casting	 is	

‘sound’,	 then	 the	 remaining	 steps	 of	

casting	 Process	 like	 pouring,	 fettling,	

etc.,	 are	 to	be	 carried	out.	On	 the	other	

hand,	 if	 the	 neural	 network	 has	
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predicted	 some	 defect,	 then	 the	 take	

some	 action	 on	 mould	 properties	 and	

molten	 metal	 and	 again	 reset	 the	

parameter	 and	 check	 by	 trained	 neural	

network.	

TABLE	‐1:	PREDICTED	DEFECT	BY	NEURAL	NETWORK	

Sr.	

No	

Name	of	

casting	

Predicted	defects Actual	defects

Crack	 Misrun	 Scab	 Airlock	
Blowhol

e	

Cr
ac
k
	

M
is
ru
n
	

Sc
ab
	

A
ir
lo
ck
	

B
lo
w
h
ol
e	

1	 Side	Frame	 ‐0.0616	 0.0035	 ‐0.0160 ‐0.1245 0.0153 0 0	 0	 0	 0

2	 Side	Frame	 0.0250	 ‐0.0057 ‐0.0069 ‐0.0403 ‐0.1249 0 0	 0	 0	 0

3	 Side	Frame	 ‐0.0280	 ‐0.0015 0.0021 ‐0.1198 0.0191 0 0	 0	 0	 0

4	 Side	Frame	 ‐0.0374	 ‐0.0073 ‐0.0024 ‐0.0029	 0.0766 0 0	 0	 0	 0

5	 Side	Frame	 0.0000	 ‐0.0163 0.0036 ‐0.0211 ‐0.0051 0 0	 0	 0	 0

6	 Side	Frame	 ‐0.0062	 ‐0.0144 ‐0.0009 0.5767 ‐0.0968 0 0	 0	 1	 0

7	 Side	Frame	 ‐0.0168	 1.0264	 0.0663 ‐0.0020 ‐0.0432 0 1	 0	 0	 0

8	 Side	Frame	 ‐0.0696	 0.0375	 ‐0.0008 0.0512 0.1545 0 0	 0	 0	 0

9	 Side	Frame	 ‐0.0132	 0.0939	 0.0017 0.8675 0.0075 0 0	 0	 1	 0

10	 Side	Frame	 ‐0.0507	 0.9949	 ‐0.0105 ‐0.1250 0.0026 0 1	 0	 0	 0

11	 Side	Frame	 0.0422	 ‐0.0059 ‐0.0057 ‐0.0792 ‐0.0898 0 0	 0	 0	 0

12	 Side	Frame	 ‐0.0276	 ‐0.0034 ‐0.0343 ‐0.0150 ‐0.0020 0 0	 0	 0	 0

13	 Bolster	 ‐0.0829	 0.0193	 ‐0.0041 ‐0.0714 0.5724 0 0	 0	 0	 1

14	 Bolster	 ‐0.0882	 ‐0.0074 0.7539 ‐0.0586 ‐0.0413 0 0	 1	 0	 0

15	 Bolster	 0.9276	 0.0064	 ‐0.0006 ‐0.1249 0.0024 1 0	 0	 0	 0

16	 Bolster	 0.0384	 ‐0.0018 0.0001 0.0053 ‐0.0480 0 0	 0	 0	 0

17	 Bolster	 0.0371	 0.0033	 ‐0.0211 ‐0.0266 0.0083 0 0	 0	 0	 0

18	 Bolster	 ‐0.0171	 ‐0.0056 0.0030 ‐0.0236 0.0187 0 0	 0	 0	 0
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19	 Bolster	 ‐0.0064	 ‐0.0103 0.0054 ‐0.0544 ‐0.1224 0 0	 0	 0	 0

20	 Bolster	 ‐0.0369	 ‐0.0003 ‐0.0059 ‐0.0261 ‐0.0564 0 0	 0	 0	 0

21	 Bolster	 ‐0.0003	 0.0057	 ‐0.0062 ‐0.1250 0.0490 0 0	 0	 0	 0

22	 Bolster	 ‐0.0111	 ‐0.0124 0.0059 0.1245 0.1084 0 0	 0	 0	 0

23	 Bolster	 0.0103	 0.0029	 ‐0.0085 .05062 ‐0.1249 0 0	 0	 0	 0

24	 NTT	Body	 0.0330	 ‐0.0118 0.7463 0.0218 ‐0.1204 0 0	 1	 0	 0

25	 NTT	Body	 0.9923	 ‐0.0028 0.0595 0.0217 ‐0.1191 1 0	 0	 0	 0

26	 NTT	Body	 0.0127	 0.0062	 ‐0.0098 0.0159 0.0068 0 0	 0	 0	 0

27	 NTT	Body	 ‐0.0312	 ‐0.0004 ‐0.0006 0.0962 0.0182 0 0	 0	 0	 0

28	 NTT	Body	 ‐0.1179	 0.0565	 0.0016 ‐0.0895 0.0213 0 0	 0	 0	 0

29	 NTT	Body	 ‐0.0245	 ‐0.0126 ‐0.0060 ‐0.1052 0.0028 0 0	 0	 0	 0

30	 NTT	Body	 0.0018	 ‐0.0009 0.0123 0.0327 ‐0.0435 0 0	 0	 0	 0

31	 NTT	Body	 0.0094	 0.0082	 ‐0.0039 ‐0.0185 0.5028 0 0	 0	 0	 1

32	 NTT	Body	 ‐0.0779	 0.0117	 1.0027 ‐0.0319 0.2725 0 0	 1	 0	 0

33	 NTT	Body	 ‐0.0805	 ‐0.0104 ‐0.0030 0.1223 ‐0.0998 0 0	 0	 0	 0

34	 NTT	Body	 0.0150	 0.0017	 ‐0.0037 ‐0.0182 ‐0.0587 0 0	 0	 0	 0

35	 NTT	Body	 0.0123	 ‐0.0001 ‐0.0035 ‐0.0396 0.0712 0 0	 0	 0	 0

36	 NTT	Body	 0.0346	 0.0209	 0.0192 0.0265 0.4434 0 0	 0	 0	 1

37	 Yoke	 0.1139	 ‐0.0145 0.8529 ‐0.0504 0.0042 0 0	 1	 0	 0

38	 Yoke	 0.9826	 ‐0.0031 ‐0.0029 0.8954 0.0836 1 0	 0	 1	 0

39	 Yoke	 ‐0.0346	 0.8967	 0.0216 ‐0.0058 0.7698 0 1	 0	 0	 1

40	 Yoke	 0.0756	 0.0014	 0.7513 ‐0.1247 0.0372 0 0	 1	 0	 0

41	 Yoke	 0.0734	 ‐0.0095 ‐0.0052 ‐0.0170 0.0225 0 0	 0	 0	 0

42	 Yoke	 ‐0.0304	 ‐0.0025 0.0031 ‐0.1250 ‐0.0097 0 0	 0	 0	 0
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43	 Yoke	 ‐0.0619	 0.0147	 ‐0.0044 ‐0.0186 ‐0.0877 0 0	 0	 0	 0

44	 Yoke	 0.0032	 ‐0.0105 0.0013 ‐0.1243 ‐0.0294 0 0	 0	 0	 0

45	 Yoke	 0.0241	 ‐0.0055 ‐0.0055 ‐0.0241 ‐0.0696 0 0	 0	 0	 0

46	 Yoke	 0.0379	 ‐0.0064 ‐0.0073 0.0209 0.9634 0 0	 0	 0	 1

47	 Yoke	 0.0394	 ‐0.0022 0.0236 0.0251 0.0226 0 0	 0	 0	 0

48	 Yoke	 1.0411	 ‐0.0517 ‐0.0021 0.0024 0.0117 1 0	 0	 0	 0

49	 Side	Frame	 0.1054	 ‐0.0093 0.2009 ‐0.0226 0.3435 0 0	 0	 0	 0

50	 Side	Frame	 0.0834	 0.9177	 0.0673 ‐0.1250 0.0471 0 1	 0	 0	 0

51	 Side	Frame	 0.0105	 0.1026	 ‐0.0064 ‐0.2181 ‐0.1235 0 0	 0	 0	 0

52	 Side	Frame	 0.9054	 ‐0.0040 0.0173 ‐0.0240 0.2365 1 0	 0	 0	 0

53	 Side	Frame	 ‐0.0942	 ‐0.0086 0.0597 0.1800 0.8029 0 0	 0	 0	 1

54	 Side	Frame	 ‐0.1234	 ‐0.2091 0.0394 0.0376 0.0570 0 0	 0	 0	 0

55	 Side	Frame	 0.0685	 ‐0.0027 0.4015 ‐0.2233 0.0299 0 0	 1	 0	 0

56	 Side	Frame	 ‐0.0165	 0.2035	 0.0039 ‐0.1193 ‐0.0310 0 0	 0	 0	 0

57	 Side	Frame	 0.0670	 ‐0.0026 ‐0.0120 0.0182 0.7841 0 0	 0	 0	 1

58	 Side	Frame	 0.0113	 ‐0.0044 0.2346 0.0451 ‐0.1240 0 0	 0	 0	 0

59	 Side	Frame	 0.0954	 0.8037	 0.0089 ‐0.1250 0.5143 0 1	 0	 0	 0

60	 Side	Frame	 ‐0.0053	 ‐0.0070 ‐0.0033 0.5904 0.3066 0 0	 0	 1	 0

61	 Side	Frame	 ‐0.0200	 0.0074	 ‐0.0002 ‐0.0136 ‐0.1109 0 0	 0	 0	 0

62	 Side	Frame	 0.2543	 1.0014	 0.0075 ‐0.1122 ‐0.0116 0 1	 0	 0	 0

63	 Side	Frame	 0.0035	 ‐0.0027 ‐0.0033 ‐0.1174 ‐0.0404 0 0	 0	 0	 0

64	 Bolster	 ‐0.0626	 ‐0.0016 ‐0.0041 ‐0.0376 0.0407 0 0	 0	 0	 0

65	 Bolster	 ‐0.0037	 ‐0.0024 ‐0.0483 ‐0.0025 ‐0.0340 0 0	 0	 0	 0

66	 Bolster	 ‐0.0415	 ‐0.0025 0.0393 ‐0.0669 ‐0.0460 0 0	 0	 0	 0
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67	 Bolster	 ‐0.0377	 0.0002	 ‐0.0047 ‐0.1129 0.0086 0 0	 0	 0	 0

68	 Bolster	 0.0015	 0.0399	 ‐0.0049 ‐0.0211 0.0213 0 0	 0	 0	 0

69	 Bolster	 ‐0.1007	 ‐0.0036 ‐0.0108 ‐0.0420 0.4638 0 0	 0	 0	 1

70	 Bolster	 ‐0.0115	 ‐0.0032 0.6494 ‐0.1250 ‐0.0093 0 0	 1	 0	 0

71	 Side	Frame	 1.1834	 0.0161	 0.0007 ‐0.0445 ‐0.1093 1 0	 0	 0	 0

72	 Side	Frame	 ‐0.0326	 0.0100	 0.0013 ‐0.0923 0.1293 0 0	 0	 0	 0

73	 Side	Frame	 0.0400	 0.0564	 0.8341 0.0214 ‐0.1237 0 0	 1	 0	 0

74	 Side	Frame	 0.9602	 0.0090	 0.0011 ‐0.0101 ‐0.1029 1 0	 0	 0	 0

75	 Bolster	 ‐0.0658	 ‐0.0032 0.0044 ‐0.0231 ‐0.0246 0 0	 0	 0	 0

76	 Bolster	 0.0457	 ‐0.0053 ‐0.0046 ‐0.1241 0.0155 0 0	 0	 0	 0

77	 Bolster	 ‐0.0340	 ‐0.0062 0.0238 0.0005 ‐0.0804 0 0	 0	 0	 0

78	 Bolster	 0.0279	 ‐0.0098 0.0182 0.8427 0.0464 0 0	 0	 1	 0

79	 Bolster	 ‐0.1236	 1.0017	 ‐0.0031 0.0110 0.0047 0 1	 0	 0	 0

80	 Bolster	 0.0631	 0.0004	 0.0046 ‐0.1247 ‐0.0986 0 0	 0	 0	 0

81	 Bolster	 0.0331	 ‐0.0018 0.0056 ‐0.0131 0.7394 0 0	 0	 0	 1

82	 Side	Frame	 ‐0.0358	 ‐0.0070 1.1079 0.0163 0.8531 0 0	 1	 0	 1

83	 Side	Frame	 1.1248	 0.0154	 0.8619 0.0282 ‐0.0060 1 0	 1	 0	 0

84	 Side	Frame	 0.0018	 ‐0.0520 ‐0.0042 ‐0.0172 0.0013 0 0	 0	 0	 0
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