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Abstract. This pap er describ es a Decision Supp ort System (DSS) for

the heat treating of materials built using arti�cial in telligence. Heat

treating encompasses the con trolled heating and co oling of materials

to ac hiev e desired prop erties. Data gathered during heat treating is a

source of kno wledge useful in making decisions. This kno wledge disco v-

ered through data mining is used to build a DSS that helps materials

scien tists conduct studies to impro v e heat treating pro cesses. The data is

also used to dra w graphs based on whic h material microstructures can b e

predicted. A ma jor c hallenge here is accurately estimating microstruc-

tures at di�eren t p oin ts on a graph under v arying conditions of in terest.

Another big c hallenge is sim ulating exp ert judgmen t while mining o v er

simple and complex data t yp es, b y incorp orating domain-sp eci�c facts

in the mining pro cess. Our w ork is one of the �rst to in tegrate kno wledge

disco v ery and data visualization in to one system for supp orting materials

science pro cesses.
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1 In tro duction

Areas of arti�cial in telligence ha v e applications in sev eral domains, pro viding

motiv ation for further researc h. The w ork describ ed in this pap er is an exam-

ple of suc h an application. It is a Decision Supp ort System (DSS) [1] called

Quenc hMiner

T M

built with the goal of optimizing the pro cesses in heat treat-

ing, using data mining [2] and data visualization [3] tec hniques.

Application Domain. He at T r e ating is a �eld in Materials Scienc e [4].

It in v olv es the con trolled heating and co oling of metals and other materials

to ac hiev e sp eci�c mec hanical and thermal prop erties. Quenching , i.e., rapid

co oling, is an imp ortan t step in the heat treating op erations [5]. The setup used

for quenc hing [6] at the Cen ter for Heat T reating Excellence (CHTE), at WPI

is sho wn in Figure 1. The material b eing quenc hed is called the part, prob e or

w orkpiece. The co oling medium is called the quenc han t.

?

This w ork is supp orted b y the Cen ter for Heat T reating Excellence (CHTE) and

its mem b er companies, and b y the Departmen t of Energy - O�ce of Industrial

T ec hnology (DOE-OIT) Aw ard Num b er DE-F C-07-01ID14197.
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Fig. 1. CHTE Quenc hing Setup

Motiv ation. Data obtained from quenc hing exp erimen ts is a source of kno wl-

edge useful in making decisions. F or instance, if exp erimen tal observ ations indi-

cate that, "Exc essive agitation of the quenchant implies gr e ater distortion of the

p art" , then this rule could b e used to computationally estimate distortion when

agitation is kno wn. This assists in making decisions ab out selecting quenc hing

conditions for optimal p erformance. This is an example of rule-based data min-

ing [2] for decision supp ort [1]. There are also decisions based on graphs and

c harts. F or example, a material has di�eren t microstructural c haracteristics at

di�eren t p oin ts on a c o oling curve [5]

1

. These in
uence its prop erties, whic h

in turn a�ect decisions ab out selection of materials. The abilit y to visualize mi-

crostructures at v arious regions on a graph is th us imp ortan t. The need to mine

and visualize data and use this to supp ort decision making serv es as motiv ation

for Quenc hMiner

T M

.

Challenges. The visualization of microstructure under di�er ent quenc hing

conditions is a c hallenging task. This augmen ts state-of-the-art tec hniques, and is

b eing addressed in our researc h. Another c hallenge is predicting co oling curv es

and related curv es obtained from quenc hing exp erimen ts, in addition to esti-

mating parameters suc h as distortion. This is b eing addressed in our ongoing

researc h on graph-based data mining.

2 Decision Supp ort in Heat T reating

A De cision Supp ort System is de�ned as a system in whic h one or more comput-

ers and computer programs assist in decision making b y pro viding information

[1]. Quenc hMiner

T M

pro vides decision supp ort in heat treating b y ac hieving the

follo wing goals.

1

A co oling curv e is the graph of temp erature v ersus time plotted during a quenc hing

exp erimen t, whose slop es at di�eren t p oin ts giv e the co oling rates.



P arameter Estimation. The system estimates parameters of in terest suc h

as co oling rate and distortion tendency [5] giv en the quenc hing input conditions,

without p erforming the exp erimen t. This supp orts decisions ab out the selec-

tion of quenc han ts, parts and quenc hing conditions in the industry to ac hiev e a

desired output.

Microstructure Prediction. It also predicts and visualizes microstructure

at di�eren t p oin ts along a co oling curv e [5]. Since the microstructure determines

prop erties suc h as hardness, its prediction assists in making decisions ab out

selecting materials for sp eci�c pro cesses.

2.1 Design of System
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Fig. 2. Quenc hMiner

T M

Arc hitecture

The DSS is designed using the arc hitecture sho wn in Figure 2. The quenc h-

ing data suc h as exp erimen tal details, and related data suc h as literature, are

in tegrated in to a quenc hing data mart [7]. A Data Mart is a rep ository of data

gathered from op erational and other sources, designed to serv e a particular com-

m unit y of kno wledge w ork ers [8]. In this case, the fo cus is on the heat treating

comm unit y .

The data mining comp onen t disco v ers kno wledge using the data in the quenc h-

ing data mart. The kno wledge, mainly rules represen ting tendencies, p opulates

the kno wledge base, forming domain exp ertise in heat treating. The decision

making unit has the logic of an inference engine in an Exp ert System [9]

2

. In

other w ords, this unit has the abilit y to reason using the rules in the kno wledge

base.

The data visualization comp onen t extracts quenc hing data and mo dels it for

e�ectiv e presen tation. This primarily fo cuses on estimating the microstructure of

the part during v arious stages of quenc hing, thereb y helping users to understand

the b eha vior of the part.

The users in teract with the system through a w eb in terface. This enables

w orldwide access to the authorized users of Quenc hMiner

T M

.

2

An Exp ert System is a computer program that represen ts and reasons with kno wl-

edge of some sp ecialist sub ject with a view to solving problems or giving advice.



3 Data Mining and Kno wledge Disco v ery

Data Mining [2] is the pro cess of disco v ering in teresting patterns and trends

in large data sets for guiding future decisions. Data mining th us leads to the

disco v ery of kno wledge from ra w data. Man y p eople treat data mining as a

synon ym for a p opularly used term Know le dge Disc overy in Datab ases or KDD .

After studying a v ariet y of data mining tec hniques in detail, it w as determined

that the most relev an t to mining n umeric and c haracter data from quenc hing

exp erimen ts is Asso ciation A nalysis [10].

3.1 Asso ciation Analysis

Asso ciation A nalysis is the disco v ery of Asso ciation R ules [10] sho wing attribute-

v alue conditions that o ccur frequen tly together in a giv en set of data. F or ex-

ample, the results of sev eral exp erimen ts ma y indicate that if the quenc han t has

lo w viscosit y and if the agitation v elo cit y in the setup is high, then the part co ols

faster. This is con v erted in to an asso ciation rule as follo ws.

Lo w Viscosit y

^

Excessiv e Agitation-V elo cit y = > F ast Co oling-Rate

Rules suc h as this are useful for decision supp ort in Quenc hMiner

T M

. The

Apriori algorithm [10] has b een used for asso ciation analysis of heat treating

data. This is based on the Apriori pr op erty whic h states that, "A l l nonempty

subsets of a fr e quent itemset must also b e fr e quent" [10]. This is used to prune

infrequen t itemsets b y eliminating their infrequen t subsets while mining o v er

data. F requen t itemsets are lik ely to lead to rules.

Metrics called c on�denc e and supp ort are used to determine the signi�cance

of the rules. These are de�ned based on probabilit y of o ccurrence [2,10].

Con�dence(A= > B) = P(B j A) : probabilit y of B giv en that A o ccurs.

Supp ort(A= > B) = P(A U B) : probabilit y of A and B across all itemsets.

These measures are used to de�ne priorities for rules. Priorities indicate the

relativ e imp ortance of rules in decision making.

3.2 Challenges in Data Mining

Estimating co oling curv es and other related curv es, in addition to predicting

parameters suc h as co oling rate, is an issue of in terest to users. This in v olv es

mining o v er graphs and c harts and is more c hallenging than mining o v er n umeric

and c haracter data. This is part of our ongoing researc h and is b eing addressed

through domain-t yp e-dep enden t data mining o v er complex data t yp es, in this

case, graphs obtained from quenc hing exp erimen ts.
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4 Analysis using Disco v ered Kno wledge

The system arc hitecture of the decision making unit is sho wn in Figure 3. This

uses rule in terpreters. A R ule Interpr eter is a subsystem that is designed to apply

a giv en set of rules to p erform analysis and mak e decisions [9].

F orw ard Chaining. The rule in terpreter tec hnology used here is forw ard

c haining. F orwar d Chaining is a metho d that �nds ev ery conclusion p ossible

based on a giv en set of premises, [9,11]. In this approac h, inference rules are

applied to kno wledge, leading to new assertions. This pro cess rep eats forev er

un til some stopping criterion is met. The system stores the facts in a memory

called the w orking memory , in our con text, the facts b eing the quenc hing input

conditions. The rules are stored in a kno wledge base. In eac h cycle, the system

computes the subset of rules whose left hand side is satis�ed b y the curren t

con ten ts of the w orking memory . Certain left hand side conditions ma y b e treated

as pr e dic ates
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. The system then decides whic h of these rules should b e executed.

The �nal step in eac h cycle is to execute the actions, represen ted in the action

functions, on the c hosen rules.

Rete. A tec hnique called R ete [11] is used to matc h the rules to the facts.

The rete matc h algorithm is an e�cien t metho d for comparing a large collection

of patterns to a large collection of ob jects. [11]. Rete compiles the memory in to

a net w ork that eliminates duplication o v er time. It ensures that the same rule

is not executed on the same argumen ts t wice. It also ensures that in case of

con
icts, it executes the rule with the highest priorit y [9]. Th us, rete impro v es

the e�ciency and accuracy of the decision making pro cess.

The logic of the decision making unit in Quenc hMiner

T M

is outlined in the

algorithm and example b elo w.

F OR y = 1 to m STEP 1

Iy .v alue = user-en try /* list of input v ariables */

F OR x = 1 to n STEP 1

Ox.name = user-select /* list of output parameters */

F OR x = 1 to n STEP 1 /* iterate through eac h o/p param. */

v1 = 0, v2 = 0 /* initialize v ariables for tendencies */

F OR y = 1 to m STEP 1

IF Ox := Iy THEN /* if o/p param. dep ends on i/p v ar. */

IF Iy .v alue = > v1 /* v1 is one extreme of tendency */

THEN v1 = v1 + wgt1 /* wgt1 is exten t of impact */

3

Predicates are prop erties of ob jects or relations b et w een ob jects that can b e used as

logical represen tations of conditions, e.g. "viscosit y-lo w" is a predicate.



ELSE IF Iy .v alue = > v2 /* other extreme */

THEN v2 = v2 + wgt2 /* up date v ar. b y w eigh t */

NEXT y

IF v1 > v2 /* c hec k whic h tendency is greater */

THEN �nal-tendency = v1

ELSE IF v1 < v2

THEN �nal-tendency = v2

ELSE �nal-tendency = a vg(v1, v2) /* balance of extremes */

Ox.v alue = �nal-tendency /* determine �nal tendency */

NEXT x

F OR x = 1 to n STEP 1 /* for eac h o/p param. */

OUTPUT Ox.v alue /* con v ey tendency to user */

Algorithm: Quenc hMiner

T M

Decision Making Unit

F OR y = 1 to 3 STEP 1 /* list of input v ariables */

quenc han tCategory = w ater, partGeometry = cylinder, partSurface = smo oth

F OR x = 1 to 1 STEP 1 /* list of output parameters */

co olingUniformit y = y es /* parameter of in terest */

F OR x=1 /* co olingUniformit y */

v1(uniform) = 0, v2(nonUniform) = 0 /* initialize tendency v ariables */

co olingUniformit y dep ends on quenc han tCategory , partGeometry , partSurface.

quenc han tCategory = w ater = > v2 = 0 + 4 = 4 /* up date nonUniform */

partGeometry = cylinder = > v1 = 0 + 4 = 4 /* up date uniform */

partSurface = smo oth = > v1 = 4 + 2 = 6 /* up date uniform */

v1 > v2 /* since v1 = 6 and v2 = 4 */

�nal-tendency = v1 /* represen ts uniform co oling */

NEXT parameter /* no more parameters */

OUTPUT co olingUniformit y = uniform /* con v ey this to user */

Example: Estimation of Co oling Uniformit y

5 Visualization of Microstructure

Data Visualization is a tec hnique to presen t a set of data in the form of graphical

depictions [12,13]. The goals of visualization include comparing sets of data,

indicating directions and the lo cations of actions or phenomena, relating v alues

and concepts, and rev ealing the features of the data.

A micr ostructur e is what one sees when an allo y sp ecimen is cut, its surface

p olished and etc hed to exp ose phases, and put under a microscop e [4]. Predicting

microstructures of the allo ys in terests materials scien tists and engineers b ecause

microstructures dictate mec hanical prop erties suc h as hardness, toughness, and

ductilit y .

5.1 Metho dology for Visualization

The arc hitecture of the visualization comp onen t is illustrated in Figure 4. Ja v a

servlets and JSP pro vide the API b et w een the database serv er and the w eb

in terface, and the mapping of the data to the visualization primitiv es. Comm u-

nication with users o ccurs through a w eb in terface, with Ja v a applets to pro vide

data sharing at minim um cost and maxim um ease of use.

The v olume fractions of what phases are presen t in the resulting microstruc-

ture can b e determined b y tracing what regions the time-temp erature curv e go es

through and for ho w long. As the co oling progresses, new phases start to form

along di�eren t regions of the curv e, and grains gro w at the same time. The
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Fig. 4. Visualization Comp onen t

c hanges in v olume fractions in the material during the co oling pro cess can b e

represen ted in t w o w a ys, a line graph and a pie c hart, as sho wn in Figures 5 and

6 resp ectiv ely . Here A and B represen t the fractions.

Fig. 5. Line Graph of V olume F ractions

Fig. 6. Pie Chart of V ol-

ume F ractions

5.2 CCT Diagrams and Time-T emp erature Data

Con tin uous co oling transformation diagrams and time-temp erature curv es are

the t w o elemen ts used in microstructure predictions. The Continuous Co oling

T r ansformation or CCT diagram of an allo y sho ws when and at what temp er-

ature the phase transitions start and end [5]. The c hemical comp osition of the

allo y is the ma jor deciding factor here. An example of a CCT diagram for a

0 : 4% C , 1 : 5% M n , 0 : 5% M o steel is sho wn in Figure 7 [14]. The lab els austen-

ite, ferrite, bainite, and p earlite are the names of steel phases. The ev olution of

the microstructures resulting from quenc hing can b e mo deled b y sup erimp osing

these time-temp erature curv es from the exp erimen t o v er the CCT diagram for

the allo y as sho wn.

5.3 Challenges in Visualization:

Time-temp erature data tak en at various lo c ations of quenc hed sp ecimens from

sev eral exp erimen ts are a v ailable from the database. This separates this pro ject

from existing to ols, as w e aim to predict microstructures under di�er ent quenc h-

ing conditions of in terest, as opp osed to existing tec hniques.



Fig. 7. CCT Diagram and Predicted Microstructures

6 P erformance Ev aluation

DSS Exp erimen ts. An example from the ev aluation of Quenc hMiner

T M

is

presen ted here. In this example, the DSS is ask ed to estimate the a v erage heat

transfer co e�cien t [15]
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, giv en the quenc hing conditions. Figure 8 sho ws the

user input for this case and Figure 9 sho ws the output estimated b y the DSS.

The system estimates that under the giv en conditions, the a v erage heat transfer

co e�cien t is lik ely to b e on the higher side. The time tak en b y the system for

pro cessing is appro ximately 1 second.

Comparison with Quenc hing Exp erimen ts. The same input conditions

as in the ab o v e example are used to run a quenc hing exp erimen t, and curv es are

plotted from its results, as sho wn in Figures 10 and 11. On studying these, a heat

treating exp ert w ould infer that, in this exp erimen t, the a v erage heat transfer

co e�cien t is on the higher side. The time tak en for all this is totally ab out 1

hour. The resulting estimation is similar to the DSS estimation.

Hence, Quenc hMiner

T M

pro vides a quic k and reasonably accurate estimate

of the parameters of in terest. Similar exp erimen ts ha v e b een p erformed on the

visualization comp onen t. F rom the exp erimen ts, the users ha v e inferred that

Quenc hMiner

T M

serv es as an e�ectiv e DSS in the heat treating domain, ac hiev-

ing an acceptable lev el of e�ciency and accuracy . F urther impro v emen ts are in

progress.

4

The heat transfer co e�cien t represen ts the heat extraction capacit y in quenc hing as

determined b y part densit y , quenc han t temp erature and other factors.



Fig. 8. User Input Fig. 9. DSS Output

Fig. 10. Co oling Rate Curv e

Fig. 11. Heat T ransfer Curv e

7 Related W ork

Our earlier w ork in this area includes Quenc hP AD

T M

[6], the Quenc han t P er-

formance Analysis Database, dev elop ed for storage and querying of quenc hing

data. Quenc hMiner

T M

, in addition to storage and retriev al, pro vides decision

supp ort. Materials databases suc h as EQUIST [16], data mining systems suc h as

WEKA [17] and data visualization systems suc h as XMD V [3] ha v e b een dev el-

op ed. Ho w ev er, to the b est of our kno wledge, Quenc hMiner

T M

is no v el, b eing an

in tegration of Know le dge Disc overy and Data Visualization for De cision Supp ort

in the He at T r e ating of Materials .

8 Conclusions

Data mining and visualization tec hniques ha v e b een applied to the heat treating

domain to build a Decision Supp ort System called Quenc hMiner

T M

. This assists

heat treating users, enabling them to retriev e data at a glance and use it to assist



decision making for optimizing pro cesses. It sets the stage for further researc h in

data mining and visualization as needed to address certain c hallenges. Rigorous

ev aluation of the system is in progress for further enhancemen t.
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