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Abstract

In video-based of face recognition applications, the
What-and-Where Fusion Neural Network (WWFNN) has
been shown to reduce the generalization error by accu-
mulating a classifier’s predictions over time, according to
each individual in the environment. In this paper, three
ARTMAP variants – fuzzy ARTMAP, ART-EMAP (Stage 1)
and ARTMAP-IC – are compared for the classification of
faces detected in the WWFNN. ART-EMAP (stage 1) and
ARTMAP-IC expand on the well-known fuzzy ARTMAP by
using distributed activation of category neurons, and by
biasing distributed predictions according to the number
of time these neurons are activated by training set pat-
terns. The average performance of the WWFNNs with
each ARTMAP network is compared to the WWFNN with
a referencek-NN classifier in terms of generalization er-
ror, convergence time and compression, using a data set
of real-world video sequences. Simulations results indicate
that when ARTMAP-IC is used inside the WWFNN, it can
achieve a generalization error that is significantly higher
(about 20% on average) than if fuzzy ARTMAP or ART-
EMAP is used. Indeed, ARTMAP-IC is less discriminant
than the two other ARTMAP networks in cases with com-
plex decision bounderies, when the training data is limited
and unbalanced, as found in complex video data. However,
ARTMAP-IC can outperform the others when classes are
designed with a larger number of training patterns.

1. Introduction

Face recognition has received considerable attention
over the past decade because of the wide range of commer-
cial and law enforcement applications and the availability
of affordable technology. In addition, face acquisition does
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not depend on the cooperation of individuals. As a result,
face recognition remains a powerful tool in spite of the ex-
istence of other very reliable characteristics for biometric
recognition such as iris scans and fingerprint analysis [13].

As shown in Fig.1, a video-based face recognition sys-
tem applied to the identification of individuals will first per-
form segmentation to locate and isolate regions of interest
(ROI) in successive video frames. Then, invariant and dis-
criminant features will be extracted from the ROIs, and used
by the recognition system to assign a class label to individ-
uals. Face recognition from video is however a very chal-
lenging problem since frames provided by video sequences
are typically low quality and generally small. Furthermore,
images acquired in uncontrolled environments presents sev-
eral technical challenges such as change in illumination,
poses and occlusion.

A typical approach to recognizing faces in video consist
in applying techniques developed for static images, once
face detection has been performed. Over the last few years,
several techniques have been proposed to recognize faces
in static images. These approaches yield a high level of
accuracy when operational environments are said to be con-
strained, where many assumption may be made about pose,
illumination, facial expression, orientation and occlusion to
provide accurate recognition. However, the performance
of these techniques can degrade considerably when applied
in unconstrained environments, as found in many video
surveillance applications. This may be tied to the limited
amount of training data from which recognition systems are
designed.

More recently, some authors [1, 7, 11, 14] have at-
tempted to exploit both spatial and temporal information
contained in video sequences to provide a higher level of
accuracy in unconstrained environment. For instance, a
time series states space has been proposed by Zhouet al.
[14] to fuse temporal information in video, which simul-
taneously characterizes the kinematics and identity of in-
dividuals in a probabilistic framework. A distributed sen-
sor network (DSN) is proposed by Foresti [7] as a solution
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Figure 1. General system for face recognition in video

to the problem of partial occlusion that occurs in dynam-
ics environments. Li and Chellappa [11] have introduced a
face verification system from video sequences that exploits
the trajectories of Gabor facial features. Finally, Barry
and Granger [1] have applied the What-and-Where fusion
neural network (WWFNN) to video-based face recognition.
The WWFNN performs recognition by accumulating the re-
sponses of a classifier over time according to each individ-
ual in the environment. The prediction of the WWFNN is
therefore the result of one or multiple responses by the clas-
sifier. From previous experiments on real video data [1],
such accumulation has been shown to significantly reduce
the generalization error.

In previous work, a particular realization of the
WWFNN was considered for video-based face recognition.
It used the fuzzy ARTMAP neural network for classifica-
tion, and a bank of Kalman filters for tracking. This pa-
per compares three ARTMAP variants – fuzzy ARTMAP,
ART-EMAP (Stage 1) and ARTMAP-IC – for classification
of faces detected in video sequences within the WWFNN.
ARTMAP refers to a family of neural network architectures
that can perform fast, stable, on-line, supervised or unsu-
pervised, incremental learning, and classification. An at-
tractive feature of ARTMAP neural networks is the ability
to learn new data incrementally, without having to retrain
on all cumulate training data, as would be the case with the
Multi-Layer Perceptron. ARTMAP networks can also rep-
resent individual class by one or more prototypes, and lend
themselves well to high speed processing, which make them
suitable for both resource-limited and real-time face appli-
cations.

The performance of ARTMAP neural networks are as-
sessed through computer simulation on complex real-world
video data. The data set has been collected by the National
Research Council of Canada [8], and corresponds to video
sequences that display the face of a single person under dif-
ferent scenarios such as partial occlusion, pose, facial ex-
pression, motion, resolution and proximity. The average
performance is assessed in terms of resources required dur-
ing training and the generalization error during operation.
A WWFNN with k-Nearest-Neighbor classifier is also in-
cluded for reference.

This paper is organized as follow. In Section 2, the
WWFNN applied to face recognition is briefly described.
In Section 3, the ARTMAP neural network and the three
variants considered in this study are briefly reviewed. In
Section 4, the experimental methodology (data set, proto-
col and performance measures) employed to evaluate and
compare performance are presented. Finally, in Section 5,
simulations results are presented and discussed.

2. What-and-Where Fusion Neural Network

The What-and-Where fusion neural network [1] applied
to face recognition from video is presented in Fig.2. It is
composed of 3 modules: a classifier, a tracker and an evi-
dence accumulation module.

During operations, the recognition system receives infor-
mation provided by ROIs of successive video frames, which
is then partitioned into two data streams calledWhat and
Where, and fed to the classification and tracking systems,
respectively. TheWhatparameters of an ROI characterizes
the intrinsic properties of a face. In this paper, theWhat
parameters are represented by the vectorized form of ROIs,
I = [I1, . . . , Il, . . . , Ip], whereIi correspond to the gray
level intensity of a pixel, and wherep = wxh is the total
number of pixels in a ROI of heighth and of widthw. In
contrast, theWheredata stream of an ROI indicates the po-
sition of the face in an environment, and it is represented by
a vectorb = [C,S], whereC andS are the centroid and the
size of the blob. The centroidC(x, y) of a blob in a frame
is defined by its 2D spatial coordinates,x andy, and the
sizeS(w, h) of a blob by its widthw and its heighth. It is
important to note that theWhereparameters are useless for
face identification but necessary to resolve ambiguity such
as occlusion in complex scene.

For each ROI, the evidence accumulator receives the out-
put activation patternyab from the classifier and the track
numberh furnished by the tracking sub-system. Based on
these two responses, the accumulator will provide the most
likely identityye of the faces detected in a scene. The track-
ing system usesWhereparameters to pursue faces in a given
scene, over successive frames. While color information, ap-
pearance, shape and facial features have been used to track
faces in video, a blob-based tracking scheme has been used
to pursue faces in this work. A new track is initialized for
each newly-detected blob, and deleted whenever a person
leaves the scene. The tracking system computes the most
likely position of each face in the next frame according
to previous observations. For each new frame, the tracker
computes the distance between estimated and actual blob
coordinates, and then provides the track numberh associ-
ated with that face.

Prior to operations, a neural network classifier is trained
in supervised learning mode with a representative data set.
This data set consists of a variety of ROIs extracted from



Figure 2. A What-and-Where fusion neural network for face
recognition.

video frames for each individual. During operations, the
classifier usesWhatparameters to predict the class associ-
ated with an input ROI. The outputyab is a binary pattern
of activity.

Predictions of the What-and-Where fusion neural net-
work are provided via evidence accumulation. The accumu-
lation module exploits the result of the tracking module to
accumulate the responses of neural network classification.
That is, the evidence accumulation module accumulate the
classifier’s responses over time according to each track. The
prediction provided by the What-and-Where fusion neu-
ral network are therefore the result of one or multiple re-
sponses by the classifier. Evidence accumulation is imple-
mented by means of identical evidence accumulation fields
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Figure 3. ARTMAP neural network.

3. Classification with ARTMAP Networks

ARTMAP network self-organize stable recognition cat-
egories in response to arbitrary sequences of input pat-
terns [2]. The ARTMAP is often applied using the sim-
plified version shown in Fig.3. It is obtained by combin-
ing an ART unsupervised neural network with a map field.
The ART neural network consists of two fully connected
layers of nodes: anM node input layer,F1, and anN

node competitive layer,F2. A set of real-valued weights
W = {wij ∈ [0, 1] : i = 1, 2, ...,M ; j = 1, 2, ..., N} is
associated with theF1-to-F2 layer connections. EachF2

nodej represents a recognition category that learns a pro-
totype vectorwj = (w1j , w2j , ..., wMj). TheF2 layer is
connected, through learned associative links, to anL node
map fieldF ab, whereL is the number of classes in the out-
put space. A set of binary weightsWab = {wab

jk ∈ {0, 1} :
j = 1, 2, ..., N ; k = 1, 2, ..., L} is associated with theF2-
to-F ab connections. The vectorwab

j = (wab
j1 , wab

j2 , ..., wab
jL)

links F2 nodej to one of theL output classes.
During training, ARTMAP classifiers perform incre-

mental supervised learning of the mapping between train-
ing set vectorsa = (a1, a2, ..., am) and output labelst =
(t1, t2, ..., tL), wheretK = 1 if K is the target class la-
bel fora, and zero elsewhere. The following algorithm de-
scribes the operation of an ARTMAP classifier in learning
mode:

1. Initialization: Initially, all the neurons ofF2 are un-
committed, all weight valueswij are initialized to 1,
and all weight valueswab

jk are set to 0. Values of pa-
rametersα, ǫ, β andρ̄ are also set.

2. Complement coding: When a training pair(a, t) is
presented to the network,a undergoes preprocessing,
and yields patternA = (A1, A2, ..., AM ′). The vigi-
lance parameterρ is reset to its baseline valuēρ.

3. Prototype selection: PatternA activates layerF1

and is propagated through weighted connectionsW



to layer F2. Activation of nodej in the F2 layer
is determined by thechoice function. The F2 layer
produces a binary, winner-take-all pattern of activity
y = (y1, y2, ..., yN ) such that only nodej = J with
the greatest activation value remains active(yJ = 1).
NodeJ propagates its prototype vectorwJ back onto
F1 and thevigilance testis performed. This test com-
pares the degree of matching betweenwJ andA to the
vigilance parameterρ ∈ [0, 1]. If this test is satisfied,
nodeJ remains active and resonance is said to occur.
Otherwise, the network inhibits the activeF2 node and
searches for another nodeJ that passes the vigilance
test. If such a node does not exist, an uncommittedF2

node become active and undergoes learning (Step 5).

4. Class prediction: Patternt is fed directly to the map
field F ab, while theF2 activity patterny is propagated
to the map field via associative connectionsWab. The
latter input activatesF ab nodes according to thepre-
diction function, and the most activeF ab node K

yields the class prediction(K = k(J)). If node K

constitutes an incorrect class prediction, amatch track-
ing signal raises vigilance just enough to induce an-
other search amongF2 node (Step 3). This search con-
tinues until either an uncommittedF2 node becomes
active (learning ensues at Step 5), or a nodeJ that has
previously learned the correct class predictionK be-
comes active.

5. Learning: Learning inputa involves updating pro-
totype vectorwJ , and, if J corresponds to a newly-
committed node, creating a permanent associative link
to F ab. A new association betweenF2 nodeJ andF ab

nodeK(k(J) = K) is learned by settingwab
jk = 1 for

k = K, whereK is the target class label fora.

Once the weights(W andWab) have converged for the
training set patterns, ARTMAP can predict a class label for
an input pattern by performing Steps 2, 3 and 4 without any
testing. A patterna that activates nodeJ is predicted to
belong to the classK = k(J).

Although the first ARTMAP [2] classifier is limited to
processing binary-valued input patterns, the ART-EMAP
(stage 1) [4], ARTMAP-IC [3] and fuzzy ARTMAP [5] can
process both analog and binary-valued input patterns by em-
ploying fuzzy ART as the ART network. With the fuzzy
ART network, the input patterns goes through a transforma-
tion called complement coding, which doubles their num-
ber of components and becomes therefore,A = (a,ac) =
(a1, a2, ..., aM ; ac

1
, ac

2
, ..., ac

M ), whereac
i = (1 − ai), and

ai ∈ [0, 1]). With complement coding and fast learning
(β = 1), fuzzy ART represents categoryj as hyperrectan-
gleRj that just encloses all the training patternsa to which
it has been assigned.

ART-EMAP (stage 1) and ARTMAP-IC are extensions
of fuzzy ARTMAP that produce a binary winner-take-all
patterny when training, but uses distributed activation of
codedF2 nodes when testing. ARTMAP-IC is more ex-
tended by biasing distributed test set predictions according
to the number of timesF2 nodes are assigned to training set
patterns2. Table 1 presents the equations used by the three
ARTMAP networks for different steps of the algorithm.

4. Experimental Methodology

In order to compare the performance of WWFNNs us-
ing fuzzy ARTMAP, ART-EMAP (stage 1) and ARTMAP-
IC classifiers, computer simulations were performed using
a complex real-world data base of video streams. Prior to
simulation trials, this dataset was normalized using the min-
max technique, and partitioned into two parts – training and
test subsets. Each subset contains an equal proportion of
images from each class. The experimental protocol used
in this paper is 10-fold cross validation. This strategy par-
tition the training subset into 10 equal subsets. Over 10
trials, each fold is successively used as a validation subset,
while the 9 remaining folds are used for training. Fuzzy
ARTMAP, ART-EMAP (stage 1) and ARTMAP-IC neural
networks are trained using the particle swarm optimization
learning strategy [9]. This learning strategy select the net-
work parameters values to minimize generalization error.
The 4-dimensional search space for PSO learning strategy
was set to the following range:β ∈ [0, 1], α ∈ [0.00001, 1],
ρ̄ =∈ [0, 0.999], andǫ =∈ [−1, 1]. Each simulation trial
was performed with 60 particles, and ended after 100 itera-
tions, or when the best particle position remains unchanged
for 5 consecutive iterations. Finally, a bank of Kalman fil-
ters was used for tracking faces in the WWFNN.

Average results, with corresponding standard error, are
always obtained, as a result of the 10 independent simu-
lation trials. The non-parametrick-Nearest-Neighbor (k-
NN) [6] classifier is included for reference. For each com-
puter simulation, the value ofk employed withk-NN was
selected among 1 through 10, using 10-fold validation. Dur-
ing each simulation trial, the performance of thek-NN clas-
sifier, the fuzzy ARTMAP, the ART-EMAP (stage 1) and
the ARTMAP-IC neural networks are compared from a per-
spective of different ROI scaling sizes. To assess the impact
on performance of ROI normalization, the size of the ROI
containing the face furnished by the detection is scaled us-
ing a bi-linear interpolation, from an ROI of10x10 to an
ROI of 60x60.

The dataset used for computer simulations was collected
by the National Research Council (NRC) [8]. It contains 22

2ARTMAP-IC also involves Negative Match Tracking(MT
−), where

the match tracking parameters takes small negatives values,ǫ ≤ 0. MT
−

has not been included in this study since it has been associated to a higher
generalization error in some applications [10].



Table 1. Equations used by the three ARTMAP networks:| · | is the norm operator(|wj | ≡
∑

2M

i=1
|wij |), ∧ is the fuzzy AND operator

((A ∧ wj)i ≡ min(Ai, wij)), α is thechoice parameter, β is the learning rate parameter, ǫ is thematch tracking parameter, ρ̄ is the
baseline vigilance parameter, Q is the number ofF2 category with the greated activationTj , andcj is the number of training pattern that
activateF2 nodej.

Algorithmic step Training Testing
phase phase

1. Initialization: α > 0, β ∈ [0, 1], ρ̄ = 0, ǫ = 0+ N/A

2. Complement coding: A = (a,ac)(M′ = 2M) A = (a,ac)(M′ = 2M)

3. Prototype selection:

- choice function Tj(A) = |A ∧ wj |/(α + |wj |) Tj(A) = |A ∧ wj |/(α + |wj |)

- vigilance test |A ∧ wj | > ρM N/A

- F2 activation yj = 1 only if j = J yj = 1 only if j = J

4. Class prediction:

- prediction function
- FAM Sab

k (y) =
∑N

j=1
yjw

ab
jk Sab

k (y) =
∑N

j=1
yjw

ab
jk

- ART-EMAP Sab
k (y) =

∑N

j=1
yjw

ab
jk Sab

k (y) =
∑

j∈Q wab
jk Tj

∑

L
k=1

∑

j∈Q wab
jk

Tj

- ARTMAP-IC Sab
k (y) =

∑N

j=1
yjw

ab
jk Sab

k (y) =
∑

j∈Q wab
jk cj Tj

∑

L
k=1

∑

j∈Q wab
jk

cj Tj

- match tracking ρ′ = (|A ∧ wJ |/M) + ǫ N/A

5. Learning:

- prototype update w′

J = β(A ∧ wJ) + (1 − β)wJ N/A

- instance counting cJ = cJ + 1 N/A

video sequences captured with an Intel webcam mounted on
a computer monitor. Each sequence have an average dura-
tion of 12 seconds, and contains an average of 300 frames.
It contains the face of one among eleven individuals sitting
in front of a computer and exhibiting a wide range of fa-
cial expressions, pose and motions. The detection process3

yields 300 ROIs - between 29x18 and 132x119 ROIs per
individual. There are two sequences per individual, one
dedicated to training and the other to testing. The video
sequences are taken under approximately the same illumi-
nation conditions (no sunlight, only ceiling light evenly dis-
tributed over the room), the same setup and almost the same
background, for all persons in the data base. Furthermore,
the video capture have two different resolutions 160 x 120
and 320 x 240 and each face occupies between1

4
to 1

8
of the

image. Finally, this dataset contains a variety of challenging

3Note that faces in frames were detected using the Haar coefficient ap-
proach [12].

scenarios such as low resolution, motion blur, out of focus
factor, facial orientation, facial expression and occlusion.

The average performance of classifiers was assessed in
terms of resources required during training and its gener-
alization error on the test set. The amount of resources re-
quired during training is measured by compression and con-
vergence time.Compressionrefers to the average number
of training patterns per category prototype created in the
competition layer F2.Convergence timeis the number of
epochs required to complete learning for a learning strategy.
It does not include presentations of the validation subset
used to perform hold-out validation.Generalization error
is estimated as the ratio of incorrectly classified test subset
patterns over all test set patterns. The combination of com-
pression and convergence time provides useful insight into
the amount of processing during the training phase to pro-
duce its best asymptotic generalization error. Compression
is directly related to memory resources required for recog-



nition, and to the computational time during operation.

5. Simulations Results

Fig.4 presents the average performance of fuzzy
ARTMAP, ART-EMAP (stage 1) and ARTMAP-IC neu-
ral networks andk-NN classifier, alone and within the
WWFNN, as a function of the ROI scaling size. Simulation
trials (not presented in this paper) have shown that, with
this dataset, the Q-max rule [3] for distributingF2 layer ac-
tivation in ART-EMAP and ARTMAP-IC classifiers gives
better results than the threshold rule [4]. The choice ofQ

that was found to give good results for the video data is
Q = min

⌈

Nc

L
, 3

⌉

, whereL = 11 is the number of classes
andNc is the number of committedF2 nodes. In particu-
lar, higher values ofQ tend to degrade performance con-
siderably. Fig.4(a) indicates that fuzzy ARTMAP and ART-
EMAP perform better than ARTMAP-IC for this data set,
and yield an average generalization error of about 13% over
ROI size, in comparison to 22% for ARTMAP-IC. Thek-
NN yields the lowest average generalization error of about
12%. On average, the three ARTMAP networks converge
after about 552 epochs of the PSO training strategy (60 par-
ticles x 9.2 iterations x 1 epoch) and, give a compression
that varies between 15 (for an ROI of 10x10) and 50 (for an
ROI of 60x60) training patterns perF2 nodes. ARTMAP
networks represent a good alternative when the amount of
ressouces and computational time is limited. For example,
with an ROI of 60x60, ARTMAP corresponds to about 40
times less memory and matching operations comparatively
to k-NN.

The WWFNN allows to achieve an average generaliza-
tion error that is significantly lower than one of the clas-
sifiers alone. This error is about 6% for fuzzy ARTMAP
and ART-EMAP, which correspond to a 50% improvement
in accuracy over these networks alone when the ROI scal-
ing size is 60x60. In contrast, the generalization error tends
toward 1% fork-NN as the ROI size grows. Finally, the
WWFNN with ARTMAP-IC yields an error of about 10%.
This lower accuracy of ARTMAP-IC is cause by the use
of the frequency information (cj values) when computing
predictions. Note that the dataset used to evaluate the per-
formance is unbalanced (i.e., the training set has a different
number of ROIs per class, due to the limitations in the de-
tection process).

Tables 2 and 3 reveal that ARTMAP-IC tends to favor
classes with more training patterns. These tables present
the average confusion matrices associated withk-NN, fuzzy
ARTMAP, ART-EMAP and ARTMAP-IC classifiers alone
(Table 2), and when used inside the WWFNN (Table 3). In
these tables, most of the test patterns are assigned to classes
3, 5, 7 and 10, have at least 160 training patterns. Note that
in Table 2, for the classes 2 and 8, the average generalization
error per class are 81% and 42.1%, respectively, and both
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Figure 4. Average performance of fuzzy ARTMAP, ART-
EMAP, ARTMAP-IC andk-NN classifiers, alone and within the
WWFNN, versus the ROI scaling size for all NRC training data.
Note that fuzzy ARTMAP, ART-EMAP and ARTMAP-IC provide
the same compression and convergence time. (error bars are stan-
dard error).

have been trained with less than 100 patterns. However,
given the cost of data collection process, and shortcomming
of face detection (segmentation) algorithms, limited and un-
balanced data sets may be common. Moreover, the data set
used for training is relatively small when one considers the
complexity of the environment, and the number of features
typically used with video data. Biasing class predictions in
video data with unbalanced training data classes does not
appear to yield any performance improvement.

Fig.5 shows the occurrence of prediction errors in time
associated with the WWFNN using the three ARTMAP
neural networks in this study, for an ROI size of 60x60,
and for videos 2 and video 8. The classes corresponding
to these two video are designed with fewer training pat-



terns (36 patterns for class 2 and 90 patterns for class 8)
than the other videos. In Fig.5(a)(b) and Fig.5(c)(d), the
fuzzy ARTMAP and ART-EMAP give erroneous predic-
tion on few frames. For example, as shown on Fig.5(b) and
Fig.5(d), in video 8, the individual presents abrupt motions
between frames 60 to 100. The impact of these patterns are
reduced by the WWFNN, and completely attenuated in the
case of video 2 as shown in Fig.5(a) and Fig.5(c). However,
as shown in Fig.5(e)(f), ARTMAP-IC misclassifies most of
the test patterns over time. Since WWFNN prediction is
based on the accumulation of ARTMAP-IC predictions ac-
cording to track, successive prediction errors by ARTMAP-
IC will tend to accumulate errors over time.

Although weighting predictions according to the num-
ber of training set patterns may not appropriate in certain
contexts, it may be useful when the training data is larger
and more representative of the environment. As shown in
Table 2 and Table 3, ARTMAP-IC perform better than the
two other ARTMAP networks for videos 7 and 10. The
classes defined by these two videos are designed with a high
number of training patterns. Fig.6 presents the occurrence
of errors in time associated with the WWFNN using the
three ARTMAP networks, for an ROI size of 60x60, and
for videos 7 and 10. In these two videos, the individuals
vary proximity to the camera, show different facial expres-
sion and orientation, and out of focus factor. The individ-
ual presents abrupt motions yielding partial face patterns
in video 10. As shown in Fig.6, ARTMAP-IC consider-
ably reduces the impact of this variability. For video 7,
the ARTMAP-IC prediction error is almost 0%. ARTMAP-
IC provides lower generalization than fuzzy ARTMAP and
ART-EMAP when the classes are well defined by training
data.

6. Conclusion

A particular realization of the What-and-Where Fusion
Neural Network was previously applied to face recogni-
tion in video sequences. In this paper, three ARTMAP
neural networks – fuzzy ARTMAP, ART-EMAP (Stage 1)
and ARTMAP-IC – have been compared for for classifica-
tion of detected faces within this framework. Their per-
formance has been assessed in terms of resources during
training and the generalizations error achieved during oper-
ations, through computer simulation on complex real-world
video data.

Simulations results indicate that fuzzy ARTMAP and
ART-EMAP (Stage 1) yield a significantly lower general-
izations error than ARTMAP-IC, over a wide range of ROI
scaling sizes. The distributed activation of codedF2 cate-
gory nodes has no significant effect on the test set predic-
tions on this data set, since ART-EMAP performs as well as
fuzzy ARTMAP. However, the instance counting procedure
used in the ARTMAP-IC increases the generalizations error

considerably on the video data. A more detailed analysis
of errors has revealed that this is linked to the use of lim-
ited and unbalanced training data set. In fact, ARTMAP-IC
tends to outperform the others when classes are designed
with a larger number of training patterns.
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Table 2. Average confusion matrix associated with fuzzy ARTMAP, ART-EMAP (stage 1), ARTMAP-IC andk-NN classifiers obtained on
test data for an ROI size of 60x60.

Error
True Classifiers Predicted classes per

Classes 1 2 3 4 5 6 7 8 9 10 11 class (%)

k-NN 135.7 2.1 0 0 0 0 0 1.7 0.3 0.1 2.1 4.4
fuzzy ARTMAP 110.8 1.6 0 0.8 17.9 0.2 1.5 0.6 3.1 0 5.5 22

1 ART-EMAP 108.3 1.6 0.1 0.8 17.7 0.3 1.7 1.3 3.6 0.1 6.5 23.7
ARTMAP-IC 110.7 0.2 0.3 0.9 12.1 0.3 4.4 1.1 4.3 1 6.7 22

k-NN 0 40.6 0.1 0 0 0 0.1 0 0.2 0 0 1
fuzzy ARTMAP 0 31.1 0.8 0 4.5 0 2.6 0 0.1 0 1.9 24.1

2 ART-EMAP 0.2 36.2 0.7 0 2.8 0 0.8 0 0.1 0 0.2 11.7
ARTMAP-IC 10 7.8 0.5 0 6.8 0 3.6 0.1 0.5 1.2 10.5 81

k-NN 0 0 156.1 0 0 0 0 3.9 0 0 0 2.4
fuzzy ARTMAP 0 0 158.6 0 0.7 0 0 0.6 0 0.1 0 0.9

3 ART-EMAP 0 0 158.1 0 0.8 0 0 0.7 0 0.4 0 1.2
ARTMAP-IC 0 0 158.4 0 0.2 0.2 0.1 1.1 0 0 0 1

k-NN 0 1.8 0 81.6 0 0.1 3.1 0 0 0.8 43.6 37.7
fuzzy ARTMAP 0 0 0 97.7 1.2 0.7 0 0 0 0 31.4 25.4

4 ART-EMAP 0 0 0 97.8 0.4 0.9 0 0 0 0 31.9 25.3
ARTMAP-IC 0.4 0.1 0 77.5 0 1 0 0 0.3 5.7 46 40.8

k-NN 0 0 0 0.1 168.2 0.2 19.9 0 5.6 0 0 13.2
fuzzy ARTMAP 0 0 1.5 0 177.8 0 10.3 0 4 0.4 0 8.6

5 ART-EMAP 0 0 0.6 0 177 0 12.4 0 4 0 0 8.8
ARTMAP-IC 0 0 1.7 0 141.8 0.2 44.8 0 5.1 0.4 0 26.9

k-NN 1.6 7.2 0 0 0.4 116.3 3.6 0.2 0.1 2.1 2.5 13.2
fuzzy ARTMAP 0 0.8 0 0.8 2.9 128.3 0.2 0 0 1 0 4.3

6 ART-EMAP 0 0.2 0 1.7 3.4 127.2 0 0 0 1.5 0 5.1
ARTMAP-IC 0 0.4 0.3 5.5 0.7 104.2 0.3 0 0.5 22.1 0 22.2

k-NN 1.9 9.6 0 0 1.6 0 178.7 1.1 1 0 0.1 7.9
fuzzy ARTMAP 1.3 0.4 0 0.2 28 0 162.6 1.1 0.4 0 0 13.5

7 ART-EMAP 0.7 0 0 0 25.1 0.2 166.2 1.5 0.3 0 0 11.6
ARTMAP-IC 1 0 0 0.1 6.6 0 184.7 1.2 0.4 0 0 4.8

k-NN 0 1.3 0 0 0 0 0 98.7 0 0 0 1.3
fuzzy ARTMAP 0 0 7.7 0 0.4 0 0.3 91.1 0.1 0.3 0.1 8.9

8 ART-EMAP 0 0 11.4 0 0.1 0 0 88.2 0.2 0.1 0 11.8
ARTMAP-IC 0 0.1 37 0 0 0 0 58.8 1.7 1.8 0.4 41.2

k-NN 4.7 0 1.1 0 0 0.1 0 0 180.3 0 1.8 4.1
fuzzy ARTMAP 0.6 0 0 0.5 0 0.3 0 0 180.1 0.9 5.6 4.2

9 ART-EMAP 0.6 0 0 0.2 0 0.4 0 0 181.7 0.6 4.5 3.4
ARTMAP-IC 1.2 0 0 0.1 0 0.6 0 0 178.8 0.7 6.6 4.9

k-NN 1 8.6 3.1 0 0 40.4 0 2.1 0 110.6 3.2 34.6
fuzzy ARTMAP 0 0.7 2.9 0 2.3 57.3 0 3.1 0 101.2 1.5 40.1

10 ART-EMAP 0 0.3 4 0 2.2 56.5 0 3.7 0.4 100.5 1.4 40.5
ARTMAP-IC 0 0.4 3.9 0 0 37.7 0 2.8 3.9 117.3 3 30.6

k-NN 0 0.4 0 0 0 0 2.1 0 0 0.1 144.4 1.8
fuzzy ARTMAP 0 0 0 0 3.5 0 7 0 0 0 136.5 7.1

11 ART-EMAP 0 0 0 0 4.6 0.1 7.2 0 0 0 135.1 8.1
ARTMAP-IC 8.6 0.1 0.1 0 1.4 0.2 30.7 0 3.8 0.1 102 30.6



Table 3. Average confusion matrix associated with a What-and-Where fusion neural network using fuzzy ARTMAP, ART-EMAP (stage
1), ARTMAP-IC andk-NN classifiers obtained on test data for an ROI size of 60x60.

Error
True Classifiers Predicted classes per

Classes in WWFNN 1 2 3 4 5 6 7 8 9 10 11 class (%)

k-NN 130.1 5.2 0.8 1.7 0.8 0.1 0.8 0 0.2 0 2.3 8.4
fuzzy ARTMAP 142 0 0 0 0 0 0 0 0 0 0 0

1 ART-EMAP 142 0 0 0 0 0 0 0 0 0 0 0
ARTMAP-IC 142 0 0 0 0 0 0 0 0 0 0 0

k-NN 0 40.9 0 0 0 0 0.1 0 0.1 0 0 0.2
fuzzy ARTMAP 0 41 0 0 0 0 0 0 0 0 0 0

2 ART-EMAP 0 41 0 0 0 0 0 0 0 0 0 0
ARTMAP-IC 9.6 30.1 0.2 0 0 0 0 0 0.1 0 1 26.6

k-NN 0 0 157.6 0 0 0 0 1.9 0 0.5 0 1.5
fuzzy ARTMAP 0 0 160 0 0 0 0 0 0 0 0 0

3 ART-EMAP 0 0 160 0 0 0 0 0 0 0 0 0
ARTMAP-IC 0 0 160 0 0 0 0 0 0 0 0 0

k-NN 0 0.1 0 109 0 0.3 0 0 0 3.2 18.4 16.8
fuzzy ARTMAP 0 0 0 131 0 0 0 0 0 0 0 0

4 ART-EMAP 0 0 0 131 0 0 0 0 0 0 0 0
ARTMAP-IC 0.4 0.1 0 130 0 0 0 0 0 0 0.5 0.7

k-NN 0 0 0 0.2 179.6 0.1 10.5 0 3.6 0 0 7.4
fuzzy ARTMAP 0 0 0.3 0 193.7 0 0 0 0 0 0 0.2

5 ART-EMAP 0 0 0.5 0 193.5 0 0 0 0 0 0 0.3
ARTMAP-IC 0 0 1.6 0 192.3 0 0.1 0 0 0 0 0.9

k-NN 0 1.3 0.3 0.8 0.2 121.5 4.7 0 2.4 1.3 1.5 9.3
fuzzy ARTMAP 0 0 0 0.9 2.8 130 0 0 0 0.3 0 3

6 ART-EMAP 0 0 0 1 2.7 130 0 0 0 0.3 0 3
ARTMAP-IC 0 0.1 0.3 4.4 0.5 127.9 0 0 0.1 0.7 0 4.6

k-NN 0 0 0 0 2.1 0 191.8 0 0.1 0 0 1.1
fuzzy ARTMAP 0.4 0 0 0 20.1 0.2 173.3 0 0 0 0 10.7

7 ART-EMAP 0.5 0 0 0 19.5 0.2 173.8 0 0 0 0 10.4
ARTMAP-IC 0.5 0 0 0 4.1 0 189.4 0 0 0 0 2.4

k-NN 0 0 0 0 0 0 0 99.5 0.5 0 0 0.5
fuzzy ARTMAP 0 0 9.8 0 0 0 0 90.2 0 0 0 9.8

8 ART-EMAP 0 0 9.8 0 0 0 0 90.2 0 0 0 9.8
ARTMAP-IC 0 0.1 36.6 0 0 0 0.2 62.2 0.3 0.5 0.1 37.8

k-NN 0 0 0 0 0 0 0 0 183.9 0 4.1 2.2
fuzzy ARTMAP 0.6 0 0 0.5 0 0.3 0 0 180.1 0.9 5.6 4.2

9 ART-EMAP 0.6 0 0 0.2 0 0.4 0 0 181.7 0.6 4.5 3.4
ARTMAP-IC 1 0 0 0 0 0.6 0 0 186.3 0 0.1 0.9

k-NN 0 1.7 0.4 0 0 1 0 3.3 0.7 159.2 2.7 5.6
fuzzy ARTMAP 0 0.3 3.6 0 2 52 0 3.2 0.4 106.9 0.6 36.7

10 ART-EMAP 0 0.3 3.6 0 1.7 52.1 0 0.3 0.4 107.1 0.5 36.6
ARTMAP-IC 0 0.4 2.7 0 0 34 0 2.3 3.5 124.8 1.3 26.2

k-NN 0 0 0 0 0 0.4 0.1 0.4 0 0.2 145.9 0.7
fuzzy ARTMAP 0 0 0 0 3.3 0 4.9 0 0 0 138.8 5.6

11 ART-EMAP 0 0 0 0 3 0 4.9 0 0 0 139.1 5.3
ARTMAP-IC 7.3 0 0.1 0 0.8 0.2 27.1 0 2.4 0 109.1 25.8
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Figure 5. An example of the distribution of prediction errors over time with theWWFNN and the three ARTMAP variants alone when
using an ROI scaling size of 60x60.
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Figure 6. An example of the distribution of prediction errors over time with theWWFNN and the three ARTMAP variants alone when
using an ROI scaling size of 60x60.


