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The ANNIGMA-Wrapper Approach to Fast Feature tures by relevance. This makes it unnecessary to traineural nets
Selection for Neural Nets for each branching point. A huge improvement in speed is now real-
ized. In real-world applications, fewer features means fewer costs to
Chun-Nan Hsu, Hung-Ju Huang, and Dietrich Schuschel  build sensors and to run systems. This paper also reports two successful
real-world applications of the ANNIGMA-wrapper approach in heli-

) . copter maintenance.
Abstract—This paper presents a novel feature selection approach

for backprop neural networks (NNs). Previously, a feature selection

technique known asthe wrapper modelvas shown effective for decision Il. THE ANNIGMA-W RAPPERAPPROACH
trees induction. However, it is prohibitively expensive when applied to . . .
real-world neural net training characterized by large volumes of data and A. An Approximate Metric for Total Gain

hmaﬂy I?aﬂlf”e ghoﬁfs_»- IOUV aplpro’il(}h intCOFI{JOfates aWEigh; ana'YSi,S'bil_S‘?d The heuristic called ANNIGMA ranks features by relevance based
Pl el il nurl et put e mes T ABDTONTELO o e weighis asociaed with e eatres. The reasoring behind i
feature selection feasible for neural net applications. Experimental results N€Uristic is that neural net weights can be viewed as representing the
on standard datasets show that this approach can efficiently reduce the gain of the input signal to the output node. Input signals that are noisy
number of features while maintaining or even improving the accuracy. We  or irrelevant to the output will have a high error rate if they have high
also report two successful applications of our approach in the helicopter agsociated weights. Therefore, training algorithms must reduce their
maintenance applications. weights such that they do not contribute to the output. In a similar
Index Terms—Curse of dimensionality, feature selection, neural net- manner, the weights of relevant and noise-free signals will be increased.
works (NNs), wrapper model. The equation for a two-layer neural net with the first layer having a
logistic activation functiorS () = (1/1 + exp(—=)) and the second
l. INTRODUCTION layer having a linear output is
Selection of relevant features is of primary importance to the suc- } . .
cess of a neural net. The goal is to find the minimum subset of fea- Ok = Ly x Z S <Z Ai x W”) X Wik
tures that yield the highest accuracy. This problem is especially severe ! !
when real-world applications are attempted and human selection of fedeere:, j. & are the input, hidden, and output layers node indexes,
tures is not available, desirable, or dependable. There are two modelpectivelyL is the second layer linear multiplier valu¢;s the input
of feature subset selection. In the filter model, the features are filteredde (feature)() is the output node; ant¥ is the weight between
independently of the induction algorithm. This filtering is done as the layers. The outpud;. as a function of a single input; can be
pre-processing step. In contrast, the wrapper model [1] wraps aroungbressed as
the induction algorithm, searching the feature subset space guided by
the performance of the induction algorithm. Ok = Li x Y 8(Ay x Wij + Cij) x W, 1)
Since the filtering model ignores the effect of the feature subset on J
the performance of the induction algorithm, many researchers hayigere C;; represents the constant value of all the other inputs, in-
pointed out that it may not be as effective and general as the Wrappg[ding biasesC’; here acts as a “setpoint” on the logistic function
model [1]-[3]. They make the point that feature subset selection Mygfrve. This equation, with all of the inputs processed through the lo-
take into account the biases of the induction algorithm in order to PJistic function, is too complex to analyze directly. An approximation
form well. However, since in the wrapper model, a large number ghn he made of the total relative gaihof a particular input node
training is required to search for the best performing feature subsgfq particular output nodg. The approximation substitutes a linear
it can be prohibitively expensive for neural net applications. Marctor for the logistic activation function. The approximation’s error is
search strategies were proposed to speed up the search, including&ll;ced when the inputs are all in the same range. If we substitute a

climbing [3], compound operators [2], randomized algorithms [4], etgnear factorF for the activation function, we have

However, when applied to neural net application, at each branching

point of the search, these approaches still need to traireural nets Ok =2 Li x Z F x (A; x Wi; + Cij) x Wi, (2)
with cross validation to select the next feature subset, wheig the j

branching factor. This can be prohibitively expensive in real-world aRhe local gainL G is defined to be
plications. A directed feature subset search is needed for neural nets.

In this paper’s approach, the feature subset search is accelerated by a AOy
heuristic calledartificial neural net input gain measurement approx- AA;
imation (ANNIGMA) ANNIGMA ranks neural net features by rele-

vance. Following each training, the ANNIGMA heuristic ranks the fea>"c€ L« andI" are common factors to ANNIGMA's numerator and
denominator, they can be dropped in the calculatioh@f i.e.

LG = . 3
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TABLE | pm———
SAMPLE RECORDS OFSYNTHESIZED DATA SET
Train rainin;
Random | XOR Sum < 2 Target Legond o ets
Feature
. subset
Ay As | A3 | Ag | As | 4s O [ :oaein =8 J_
Rand(O,l) 1 1 1 1 1 0 D : Data out neural nets
Rand(0,1 0 0 1 1 0 0 : Process
2d@.) i P B
Ra.nd(O,l) 1 0 0 0 1 1 e : Program flow ]
Rand(0,1) | 0 | 1T | O | 1|0 1 1|
Feature subset  — JANNIGMA,
Ran d (0’1) 0 1 1 0 0 1 selection heuristic ranking
Fig. 2. Program and data flow in the ANNIGMA-wrapper algorithm.
Relevance Relevance of Attributes by Training Iteration

100

Q0

based on the ANNIGMMA evaluation of each feature and the clas-
sification performance of the neural network (NNs) using this subset
of features. How candidate feature subsets are actually generated and
evaluated is realized by the box “feature subset selection heuristic” at
the bottom of Fig. 2. Feature subset selection heuristic is instantiated
by a search strategy which will be described in detail in the next sec-
tion.

- 4 The inner loop calledhe training cyclecorresponds to the first and
Attribute second boxes on the program flow path in Fig. 2. Each of the training
cycles takes the candidate feature set as the input and estimates the error
rate of a trained neural net using the test data subset. The error rate is
estimated by tenfold cross validation as follows. There is an additional
B. An lllustrative Example of the ANNIGMA Heuristic “holdout” set of data for final performance testing which is not used

Fig. 1. ANNIGMA output by training iteration.

We synthesized a small dataset to test and illustrate the predictlﬂferi' b h h of th flow i lcul
power of ANNIGMA heuristic. The dataset for this example has bi- '(I'; € nextk'ox onft he 2at of the fpirogran; ow 'Sf tﬁ calculate ?dN_
nary valued features that satisfy the normalization requirement of { é MA rankings of the features. After each run of the cross valida-

ANNIGMA heuristic. The dataset contains six columns of input fezﬂon is completed, (,5) is evaluated for ea(?h feature as described in Sec-
tures (4,—A¢) and one column of target outpui®y). Table | shows tion 1I-A. The resulting ANNIGMA score is then weighted b_y the test
sample records of our synthesized data error rate [i.e., ANNIGMA_score * (1-test_error_rate)]. This ensures

Under uncorrupted conditions, the target outpuiand the meta-sig- that the better performing neural nets have proportionately greater in-

nals XOR and SUM< 2 must agree, and other combinations of featurd/€nce on the final ranking of features. The resulting err_or-weighted
are not possible [.eX OR( Az, As) = (As + As + As < 2) = O1]. ANNIGMA scores are averaged far runs to produce the final score

To simulate situations where noise exists along with redundancy, {ﬁé ea_ch feature and the_ANNIGMA ra_nklng. we cpmpared the results
fourth feature @) was corrupted by flipping the bit with a 20% prob-Of welghted and nonweighted cases in our experiments. As expected,
ability [i.e., the value ofd, is replaced by its complement with twentythe weighted case performed better [5].

percent probability (i.e.P[A4 «— not(A4)] = 0.20)]. This tests the

ability of the heuristic to select the noise-free features. D. Search Strategies

The ANNIGMA scores of these features after six iterations of oyr glgorithms are based on the strategy of backward elimination
training epochs i.s given in Fig. 1.. For each of the six features (featl.[lﬁ, [3]. Backward elimination starts with a complete set of original
1-6), there are six bars representing the ANNIGMA scores, G, for eaglitures and removes features from candidate subsets during the
of six neural net training iterations. The rightmost (black) bar of eacparch. We present three versions of backward selection including
feature reflects a fully trained net and is the final score. Fig. 1 shovy§ greedy backward elimination (BE), 2) backward elimination with
that within a few training iterations, ANNIGMA correctly SUppresse%acktracking (BEB), and 3) backward stepwise elimination (BSE) for
the noisy inputsi; andA4. ANNIGMA correctly identified the XOR integrating the ANNIGMA heuristic into the wrapper model.
signal (4; and-;) as the most relevant. We obtained the same resultsg js 4 greedy version of backward elimination that runs the training
in 30 of 30 different neural net initializations. cycle to obtain the ANNIGMA rankings and the error rates with all

. . features, then starts with a set including all features. It repeatedly elim-
C. Integrating ANNIGMA Into the Wrapper Algorithm inates the next worst ANNIGMA ranked feature in each wrapper cycle

Selecting features solely based on a weight-based metric may yieftil the error rate goes up.
unreliable results. The ANNIGMA-wrapper approach integrates the BEB is a version of BE that allows for backtracking. The idea is that
ANNIGMA heuristic into the wrapper model to achieve reliable resultsf the error rate goes up, instead of terminating the feature selection, the
Fig. 2 gives an overview of the generic feature selection algorithm previous feature being eliminated is restored and the next worst ranked
the ANNIGMA-wrapperapproach. The input to this algorithm is thefeature is eliminated. The process is iterated until a performance-im-
set of all features, and their associated training data. The output of thisving elimination is found for each size of feature subsets.
algorithm is a feature subset. BSE (Algorithm 1) is designed to accelerate feature selection for

On the top level, this algorithm consists of two nested loops. Tharge datasets when BEB is too slow. The main idea is to eliminate a
outer loop, calledhe wrapper cycleselects the next subset to evaluatéarge number of seemingly irrelevant features in early cycles and adjust
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the feature subset carefully in the subsequent cycles. When the perfor- TABLE I
mance degrades, the best of the discarded features are brought back INFORMATION FOR EACH DATASET
into the candidate subset. : . -
data set data size configuration Algorithm
. . L 3P 1004-40 8+-6+logsig+ li BEB
Algorithm 1 [Backward Stepwise Elimination cesigTpuretn
(BSE)] CorrAL 64464 10+8+tansig+purelin BE
01. Run a training cycle with all fea- Monk3a 1224432 | 15+6+tansig+purelin BE
ture, calculate ANNIGMA ranking A(0) . .
02. Let error (0) = averaged error rate and Monk3b 1224432 | 8+43+purelin+purelin BE
the feature subset f(0) = all features Cancer 399+300 | 10-+12+logsig+logsig BEB
03. Let H = the set of discarded fea- Credit 490+200 | 10+10+tansig+purelin |  BE
tures, initially empty . .
04. Let cycle counter t=1 Heart(LB) | 133+67 | 10+2+purelin+purelin BEB
05. WHILE NOT termination condition Ionosphere | 200+151 | 10+22+logsig+purelin BSE
06. IF ¢t < 4 THEN LET f(¢t) = top p1% of Pi 5764192 | 1046 ; :
. t. 1 BEB
the best features in Alt—1) ma * +o+ an_SIg+ ogs{g
07. ELSE IF error (¢t—1) < minimum of pre- Vote 2184217 | 8+3+purelin+purelin BE
vious errors THEN
08. Let f(t) = top p2% of the best fea-
tures in  A(t—1) A. Dataset Description and Preparation

09. ELSE IF error (t — 1) < mean of pre-
vious errors THEN

10. Let f(t) = top p3% of the best fea-
tures in  A(t — 1) plus the best feature in

The first column of Table Il gives the size of our experimental
datasets (in the format: training/cross validatierholdout set.) The
ratio of training and holdout set is 2:1 unless explicitly designated

H by dataset providers. Some datasets contain missing values. We
11. ELSE IF error (t—1) < maximum of pre- simply replace all missing values by the feature mean for all instances

vious errors THEN - belonging to the same class. The first four rows are artificial datasets
12. Let f(t) = top p.% of the best fea- and the rest are real-world datasets.

tures in  A(t — 1) plus the best 2 features

in H B. Experimental Procedure
13. ELSE Let f(t) = top p;% of the best

features in A(t=1) plus the best f(t—1)/2] . The_seﬁonfd column of Table Il describes the ?igral net configura-
features in H tlpns (in the format: maxwpum epochs number o |dd§n nodes
14. Update H: Sort H over the his- zldtdentlgycter: transfe_rfunctno?r?utputIa)f/_ertratr]sferfunctlon_) for”ea;ht
tory-averaged ANNIGMA scores atasetin the experiments. These configurations are empirically deter-
mined based on their cross validation errors and relative variances of

15. Run a training cycle with f(¢), calcu- _ ,

late ANNIGMA ranking A(%) the resulting ANNIGMA rankings.
16. t=t+1 The experiments are carried out as follows. For each dataset, the first
17 END WHILE and RETURNf() step is to normalize input features into the same range, usually between

0and 1. After the configuration is determined, we estimate the error rate
of the neural net with no feature selection by applying tenfold cross
The parameterg(~ps) used in Algorithm 1 are tuned for the ex-validation to train ten sets of the weights using the training set, and
periment in the pulse-echo classification domagin (= 75, p» = then testing them against the holdout set and averaging the resulting
85, p3 = pa = 90, andps = 50; see Section V). The reduction per-error rates. Next, we compare the feature selection performance of AN-
centages (lines 6, 8, 10, 12, and 13) and initial fixed reduction perigfiGMA-wrapper by applying different search strategies described in
(line 6) can be adjusted for a given application. Changes to these gaction 1I-D 30 times and report the average number of features se-
rameters may affect the efficiency of the search as well as the seleqigdled, the average error rate, and the average execution time. In each
features. In our experiments, we found that slight changes to these {9y, the elements in training set and holdout set of a testing dataset
rameters did not affect the resulting sets of selected features. are randomly selected except the dataset whose training and holdout
History-averaged score is used as a more reliable estimate of §a@have been explicitly designated by its provider. The error rate is es-
relevance of a discarded feature than the most recent score becgysgieq by averaging holdout set errors after the final feature subset is
reintroducing a discarded feature is based on an assumption that i, ed. Two different search strategies are applied to each dataset for
relevance is underestimated by the most recent score. However, Wrﬂ‘é'?formance comparisons: 1) SWB and 2) BE family. SWB is the stan-

score in the previous wrapper cycles is the most reliable is not knov‘éﬂird wrapper-backward elimination. Itis a greedy version of backward

while recomputing the score may incur huge overhead. Therefore, a . . .
. 2 . elimination for the standard wrapper feature selection, where error rates
conservative choice is to use the history-averaged score.

are the sole metric to guide the search. This approach is introduced here
for the purpose of comparisons. The fourth column of Table Il shows
which BE family algorithm is used for each dataset. We use BSE for

This section reports experiments exploring the results of using tHatasets with many features, BE for small or synthesized datasets, and
ANNIGMA-wrapper algorithm against standard artificial and real-BEB for others, mainly to maximize the utility of our computing fa-
world datasets. These datasets were obtained from the UCI Machioities. The experiments are conducted on Pentium Il 800 MHz PC'’s
Learning Repository [6]. with 128 MB memory.

Ill. EXPERIMENTAL RESULTSAGAINST UCI DATASETS
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TABLE Il
PERFORMANCE STATISTICS OF FEATURE SELECTION BY ANNIGMA-W RAPPER
NN SWB BE family Recent advances
data set F. Error% F. Error% Time F. Error% Time RD F. Error% Ref.
3P 13 9.3+£14.7 | 44431 0.5ft1.4 1165 | 3.0£0.0 0.0£0.0 175 | 5.3 | 3.0£0.0 0.0£0.0 hybrid
CorrAL 6 23+4.0| 4.0£0.2 0.0+0.2 98 | 4.0+0.2 0.0+0.2 50| 14| 4.0£0.0 12.5£0.0 INFO
Monk3a 6 10.0+5.2 | 34+16 5.1+3.4 125 | 2.3£0.7 2.9£0.8 58 | 2.2 - - -
Monk3b 15  2.840.0 | 4.4+1.1 2.84+0.0 519 | 2.2+04 2.8+£0.0 5 | 0.0 3.9+1.8 1.6+1.7 NNFS
Cancer 9 41447 | 7.2£12 3.6xl1.1 451 | 5.8+1.3 3.5+1.2 280 | 1.8 | 2.7£1.0 5.9+1.0 NNFS
Credit 15 14.1+1.7 | 13.4+1.0 14.440.8 1712 | 6.7£2.5 12.0+0.8 375 | 0.7 7.0£0.0 14.946.1 AHOC
Heart(LB) | 13 20.240.2 | 7.3+1.9 257+18 352 | 2.7+£1.2  22.3+2.0 121 | 1.0 | 5.0£0.0 19.246.5 AHOC
Ionosphere | 34 11.44+3.9 32 10.2 138065 | 9.0+2.5 9.8+1.3 342 1 13 - - -
Pima 8§ 241+5.0| 6.9+1.0 23.0+1.3 179 | 5.2+14 22.2+1.4 168 | 1.9 | 2.9+0.2 25.7+£3.3 NNFS
Vote 16 3.2£0.0 | 3.2x14 3.2%0.2 1052 | 3.3x£1.9  3.1+0.2 65| 0.1 5.0+0.0 4.3+3.5 AHOC
C. The Results Comparing the results for Monk3a with Monk3b, we see that AN-

Table Il reports the average execution time in seconds to compl&{§SMA-wrapper can identify relevant features even when they are
a feature selection task for each dataset with different algorithms. In gwltlple-valued. we alsp tr|gd to perform feature expapsmn for some
cases, the ANNIGMA-wrapper algorithms (BE family) can Completgatasets (such as Credit) which hgve nonblnar_y categorical features, but
a feature selection task in less than 10 min. ompared with SwWB, #fSults not reported here, were time-consuming and the performances
ANNIGMA-wrapper algorithms are many times faster for all dataset&'® not improved significantly.
especially for those datasets with a large number of features, such as
lonosphere (34 features).

Table 11l also reports the feature selection performance of the AN-
NIGMA-wrapper approach. The “NN” column lists the results with no Recently, many clever techniques have been proposed to improve
feature subset selection. The second column (“SWB”) reports the tae effectiveness of feature selection for neural nets, ranging from filter
sults of the standard wrapper-backward elimination. The third colunitodel-based approaches to genetic algorithms. This section compares
compare the results by using the search strategies (BE family) of #heir results with ours.

ANNIGMA-wrapper approach. For each case (except for SWB for

lonosphere), we report the average and the standard deviation of sheRecent Advances

number of features selected, the average and the standard deviation E{ficheldi and Lanzi presented an approach called AHOC [8], which
the error rates. Since it takes too much time for SWB to select features... . . ;

for dataset lonosphere, we only complete this algorithm one time 1partltlonsthe observed features into a number of groups, called factors,

Nat reflect the major dimensions of the phenomenon under considera-
lonosphere and report only that result.
We also use ANOVA with the Bonferroni procedure for multipl

tion. A genetic algorithm is used to explore the feature space originated
comparisons statistics [7]. The difference between any two error rat

IV. COMPARISONSWITH RECENT RELATED WORK

Q'Sthe factors and to determine the set of the most informative feature
configurations.

ina r:)w TUSE be at le".’lSt as large as the_value n the . Reqm_red_ .D'ﬁer'Neural network feature selector (NNFS) [9] is a method that adds a
ence” or “RD” column in order to be considered statistically significant : . . -
enalty term to the error function used to derive the weight updating

at the 90% confidence level for the experiment as a whole. An error ré)t

. S o u?e of NN training.
In boldface is significantly better than that of "NN. GADistAl [10] is a wrapper-based approach to feature selection

D. Discussion using a genetic algorithm in conjunction with a constructive NN
. . learning algorithm called DistAl [11], which is employed to evaluate
The results show that BE family perform well in general for sevef,q «iiness” of candidate feature subsets in the genetic algorithm. The

out of the ten datasets, improving the number of features or the erigy, s function is designed to combine the classification accuracy
rate over the base NN significantly. The results for 3P and CorrAL ae\d the cost of using a set of features

particularly remarkable. BEB selects the correct three features for 3PDash and Liu [12] proposed a hybrid algorithm of probabilistic

and achieves perfect classification in all 30 tests. Even the replicalgd, .y 113] and complete search to take advantage of both algorithms.
features are distinguished and eliminated. For CorrAL, BE almost "ﬂ'begins with Las Vegas filter (LVF) [4], a probabilistic feature
ways selects the correct four features, occasionally adding an irrelevait ction algorithm, to reduce the number of features and then runs

one. _ Automatic Branch & Bound (ABB), a complete search algorithm.
The results also show that feature expansion can have a negative

effect when it does not offset the cost of adding another feature. For
Monk3a, using features as-is, the correct features were selected. %’0
Monk3b, the correct features were chosen, but never the minimumrThe algorithms that are surveyed for the comparison including the
subset. Note that when using the expanded representation, thereosiginal wrapper [1], Las Vegas filter (LVF) [13], Las Vegas wrapper
aliases for each feature (e.g4 = 1 impliesa4 # 2 anda4 # 3). (LVW) [4], neural net feature selector (NNFS) [9], hybrid approach

rComparisons
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a) Features selected by Cycle
T T

(hybrid) [12], information-theoretic filter (INFO) [14], and AHOC ge-
netic algorithm (AHOC) [8] The last column of Table 11l shows these e ® i :

performance data. The comparison is made on the basis of both the 1% l"lumﬂﬁﬁiﬂnu
number of features selected and the error rates after feature selection.  ssolff[{iliiiis

a1,

It should be mentioned that results achieved by different algorithms are 20 20 % % 0% 2

not obtained with the same experimental procedure, nor did we imple- ) Numbsr of Features by Cycle

ment and rerun their algorithms but using their report literally. There- 8 N ’ . ' - ]

fore, the comparison is inherently informal. gm_ N
According to the performance data, among eight datasets, AN- 0 S N U S S S S

NIGMA-wrapper is better in six cases (3P, CorrAL, Cancer, Credit, 2 ; ; i ; H S

Pima, and Vote) in terms of the error rates. Hybrid [12] also achieves ® @ % % 10 20

perfect result for 3P, but their 3P dataset contains 12 features while 10 , . , , .
we use a 3P dataset with 13 features. For datasets Monk3b, and Heart . o [T e e .
(LB), ANNIGMA-wrapper produces the smallest feature subset but g:::”"" o ML a— AV ha AN -
higher error rates than the best of recent advances. However, we note = gl ... V.V SRR A VAN ! B E A
that the training dataset of Monk3 has 5% class noise, and the holdout = = = p s s
dataset contains the training dataset. The 12 noisy records out of a Wiepper Cycle

Fotal of 432 records resultin an expected best error rate of _2.78%. Tp;a 3. ANNIGMA-wrapper results by cycle for material 45b45.
is exactly the error rate achieved by ANNIGMA-wrapper in most of

its cases. An induction algorithm achieving a better error rate mig
overfitthe data by modeling the noise.

©) Accuracy by Cycle

ht
B. Strain Signal Prediction
The second application is the development of a system that predicts
V. APPLICATIONS IN THE HELICOPTERINDUSTRY the strain on helicop.ter rotor blades: Heli(_:opter rotor blgde repair and
) ] o replacement are major cost factors in helicopter operations. However,
This section reports two successful applications of the ANNIGMApey are essential to assure helicopter safety. Current industry standard
wrapper approach in the helicopter industry. to measure the fatigue life is based on a fixed number of operating hours
assuming most severe operation. This is an inefficient because perfect
A. Pulse-Echo Experiment blades may be mistakenly scrapped. A proposed solution is to track the

This system classifies ultrasonic pulses that are used to inspect pa#gins on the blades to calculate fatigue damage [15], [16]. However,
formed of laminated composite materials. In this system, the inspectibif not feasible to directly measure strains on production helicopters
process consists of sending a short ultrasonic pulse into the matefa to the high expense of a sensor/monitoring system, and the un-
under the test. These echo signals are collected and digitized by an Agiiability of a strain sensor mounted on a rotor blade. We attempt to
converter. Any change in the materials propagation speed for sofifive this problem through a neural net trained to predict strain from
within the sample will result in an echo being sent back toward tigher easily obtainable helicopter signals. The neural nets in this ap-
transducer that initiates the test pulse. Material failures are associaRég@ation is to approximate the strain gauge reading mounted on the
with echo signal shapes. helicopter blades as a function of the given sensory inputs. Initially,

The digitized waveform is converted into 192 features. The systefd sensors from among thousands available on the helicopter were se-
must classify these digitized waveforms into “good” and “bad” catected by flight dynamics experts. We have 197 sets of training datasets
egories. An existing system uses a wavelet-compression approackl{g bytes large total). Each set contains the sensory data collected from
select top 25 features. 3- to 19-s periods.

In this experiment, the ANNIGMA-wrapper algorithm uses all 192 Due to very large size of the datasets, the first wrapper cycle takes
features as its initial feature set. One cycle takes about 1 min on a P&p0 h of exclusive run-time on a 200 MHz Pentium Pro-based com-
tium-Pro 200MHz equipped computer. Fig. 3(a). shows the featur@dter. After three wrapper cycles, ANNIGMA-Wrapper selects 19 fea-
selected as the ANNIGMA-wrapper algorithm progressed for materfaires from 41 and reduce the error rate from 17.3%to 16.3%. The fourth
“45b45.” Fig. 3(b). shows the number of features selected by a wrap¥€le yields 13 features but the error rate jumps to 77.4%. The impli-
cycle. The associated performance is presented in Fig. 3(c). The acgfion of these results is that the information content in the 13 selected
racies are based on 150 pulse-echo waveform that were not used irff@@éures is insufficient compared to thatin the 19 features. These 19 sig-
training. When this ANNIGMA-wrapper algorithm was run, stopping‘a|3 are therefore recommended for further system development. The
criteria was turned off. It can be seen that cycles after cycle 48 are fibit Wrapper cycle was rerun to check the reliability of the ANNIGMA
necessary. heuristic. We found that the top ten high-ranking features were within

The existing system, using the top 25 wavelet coefficients, achieviP ranks of differences between two runs [5].

97% accuracy. The ANNIGMA-wrapper algorithm, used only ten of
these coefficients to achieve 99% accuracy. The intersection of the two VI. CONCLUSIONS

sets of coefficients contains only two members. The result suggestsn this paper, we have presented a new approach to selecting features
that the set of wavelet coefficients contains a large number of redundgjit neural nets called ANNIGMA-wrapper that makes the wrapper
relevant features. The ANNIGMA-wrapper approach manages to selffddel feature selection tractable in real-world neural net applications.
a smaller set of features while achieving a slightly better accuracy. Experimental results against standard datasets from UCI repository
show that our simple approach performs well for datasets with various
ITable 11l does not include the results of GADistAl because they reporte‘ﬂqarac'[ens“cs’ and the ANNIGMA-wrapper approach was successfully

tenfold cross validation results rather than the results for holdout data. ThaRplied to two real-world neural net applications in the helicopter
results may not be comparable with other approaches. industry.
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