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Abstract. In this pilot study, a neural architecture for temporal emotion recog-
nition from image sequences is proposed. The investigation aims at the develop-
ment of key principles in an extendable experimental framework to study human
emotions. Features representing temporal facial variations were extracted within
a bounding box around the face that is segregated into regions. Within each re-
gion, the optical flow is tracked over time. The dense flow field in a region is
subsequently integrated whose principal components were estimated as a repre-
sentative velocity of face motion. For each emotion a Fuzzy ARTMAP neural
network was trained by incremental learning to classify the feature vectors re-
sulting from the motion processing stage. Single category nodes corresponding
to the expected feature representation code the respective emotion classes. The
architecture was tested on the Cohn-Kanade facial expression database.

1 Introduction

The automated analysis of human behavior by means of computational vision tech-
niques is a research topic that gained increased attention. Several approaches were pro-
posed. For example, Mase [1] utilized the Facial Action Coding System (FACS) to de-
scribe expressions based on the extracted muscle motions. Bascle et al. [2] tracked facial
deformations by means of face templates generated from B-spline curves. Key-frames
were selected to represent basic face expressions. Most similar to our own approach,
Essa and Pentland [3] extracted spatio-temporal energy of facial deformations from im-
age sequences that define dense templates of expected motions. Observed expressions
of a human face were classified according to the most similar average motion pattern
using a Bayesian classifier.

Unlike previous approaches, we propose a neural network architecture that aims
at a framework for emotion recognition based on integrated velocities (amount and
direction of motion) in different sectors of a human face. We introduce a simple frame-
work for fast incremental neural network learning to classify different emotions. The
architecture is extendable to serve as a tool of experimental investigation. For example,
the architecture is flexible to allow the incorporation of features that represent tempo-
ral coordination of emotions. In this pilot study, we utilize a supervised principle of
incremental allocation of categories to represent different emotions. We evaluate the
proposed network using a database of image sequences from facial expressions [4] and
demonstrate the discriminative power of the network.



2 Framework for Temporal Emotion Classification

2.1 Extracting Facial Features

In order to pursue the analysis of facial expressions, we calculate optical flow features
using a mechanism of local 2D motion integration proposed by Lucas and Kanade [5].
In order to reduce the dimension of the resulting optical flow data, the first frame in
a sequence is labeled manually by drawing a bounding box around the face ranging
from the top of the eyebrows down to the bottom of the chin. The bounding box is
then subdivided into tiles of possibly varying size. In the first approach, we segregate
the bounding box into two halves by a central (almost) vertically oriented symmetry
line through the nose region. Horizontal separator lines that were manually adjusted to
pass through the pupils and through the mouth further segregate the two halves. This
finally leads to six facial regions Rk (see Fig. 1, left). The second approach divides the
bounding box into rectangles of equal size, Rr

k, irrespective of facial components and
their orientation.

In order to minimize compute time, the Lucas-Kanade algorithm is first applied on
an equidistant grid G0 =
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in the first image pair of a sequence. This
grid is warped by using the calculated flow vectors. The gray levels of new resulting
pixel set G1 =
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is taken as input data for flow estimation in the next
image pair. The difference uj = gN−2

j −g0
j represents the optical flow for correspond-

ing grid points of the image pair (Ij , Ij+1). The optical flow in a whole sequence is
finally described by G = (G0, . . . , GN−2).

To represent the optical flow of facial deformations, a feature vector w k is calculated
in each region Rk. Flow estimates must be integrated over a sequence of images of
variable length. In order to extract flow features invariant to sequence length, a vector
of tracked motion is calculated for each grid-point by uj = gN−2

j − g0
j . For all vectors

within a face region Rk (or Rr
k) we apply a principal component decomposition (PCA)

for data reduction. Finally we project
∑

j∈Rk
uj onto the first principal component

which leads to individual feature vectors wk and the feature set F1 = (w1, . . . ,w6)
(or, F2 for the equi-size tessellation) (see Fig. 1 right).

Fig. 1. Left: Tracked flow
vectors on an equidistant
grid. Right: Spatial integra-
tion of tracked flow vectors
leading to the six feature vec-
tors in feature set F1.

2.2 Learning Emotions with Fuzzy ARTMAP

Feature vectors coding different emotions are classified using a Fuzzy ARTMAP neu-
ral network architecture [6]. Fuzzy ARTMAP is an architecture for supervised learning



composed of two Fuzzy ART networks that are linked via a map field. In order to train
this network, the feature vector in complement coding is presented to the first ART
module while the desired output is presented to the second ART module. Learning is
performed utilizing a form of hypothesis testing. When the network receives a feature
vector, it deduces the best-matching category by evaluating a distance measure against
all memory category nodes. Using the second input the network either confirms or re-
jects the hypothesis, in which case the search process is repeated for a new category
node. If the search process failed, new category nodes are dynamically allocated to
encode the input.

To test our framework, we used parts of the Cohn-Kanade Facial Expression Database
(70 persons, [4]). For each person up to 10 sequences were available, containing 3 up to
25 images. Each sequence represents one of the six basis emotions (surprise, happiness,
sadness, fear, anger, and disgust). The data, however, was rather inhomogeneous in that
it contained only few sequences for the emotions anger or disgust. Therefore, results
were unreliable and not stable in all cases. For each of the six emotions we trained one
Fuzzy ARTMAP in fast learning mode [6]. To get suitable test cases for network per-
formance evaluation, the leave-one-out cross-validation technique [7] was used. Also,
a simple perceptron was trained in order to investigate linear separability of the feature
vector.

Table 1. Error rates for test cases with F1(F2)

error N- false false
emotion rate in % seq. positive negative
happin. 11.9 (11.4) 65 16 (16) 9 (8)
sadness 13.8 (6.1) 35 9 (4) 20 (9)
surprise 3.3 (3.3) 54 5 (6) 2 (1)

anger 13.3 (13.8) 41 18 (19) 10 (10)
fear 7.2 (6.6) 8 7 (6) 8 (8)

disgust 6.1 (5.7) 7 9 (7) 4 (5)

Table 2. F1-Confusion matrix
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happiness 57 0 2 6 4 3
sadness 3 26 4 8 2 0
surprise 2 0 53 0 0 4

anger 4 3 0 31 1 2
fear 5 1 0 2 0 0

disgust 5 0 0 2 0 3

3 Results

Unlike the simple perceptron, all of the six trained neural networks were able to rep-
resent and recall the training data set without error. This indicates that the emotions
were not linear separable. Table 1 demonstrates the error-rates for the test-cases using
both feature sets1. All data was obtained with a fixed set of network parameters. Al-
though feature set F1 was derived from manually adjusted and labeled regions, feature
set F2 obtains similar results using data from a simple grid of fixed sample width.2

Table 2 shows the confusion matrix for the six learned emotions (achieved for the low-
dimensional F1 feature set). The results demonstrate quantitatively the rate of perfor-
mance along with the between-class confusions. Whether the network behavior reliably

1 Since we used six emotion classes derived from the original FACS labels, instead of classifying the FACS labels directly
(for which our approach has a too low spatial resolution), we did not investigate a quantitative comparison with other
approaches.

2 A closer look at the results demonstrates that sadness is even better encoded in F2 . We conclude that we may need to
increase the number of features in critical regions.



reproduces human confusion needs further investigation of the network performance
and processes for feature extraction. As already pointed out above, the results obtained
for fear and disgust, respectively, were unreliable due to the limited training data avail-
able.

4 Summary and Further Work

In this pilot study, we presented a framework for emotion classification based on super-
vised neural network learning using Fuzzy ARTMAP. Our approach utilizes quantized
optical flow measures that gain robustness through temporal and spatial integration.
The feature representation that encodes the velocities of gross facial regions is built
incrementally by allocating category nodes of the ART network. The computational
architecture provides a testbed of further experimental investigation of processing and
analysis of facial emotions.

The system performance can be further increased if more detailed motion features
are sampled in regions of higher spatial detail, e.g., around the eyes. This could be
achieved by automatic decomposition of regions into smaller parts if the variance of
movements in the considered region exceeds threshold. Researchers have argued that
the temporal dynamics of the expression, rather than averaged spatial deformations, is
important in expression recognition (e.g., [8]). The network can be extended by aug-
menting spatial features by time-code differentiated features. Instead of using a local-
ized category representation, a distributed self-organizing feature map may increase
the robustness of the network. It may further allow to investigate the topographic rep-
resentation of emotions and to study similarities between emotions based on distance
measures in the map.
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