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Abstract: 

Automatic continuous affective state prediction from naturalistic facial expression is a very challenging research topic but very 

important in human–computer interaction. One of the main challenges is modeling the dynamics that characterize naturalistic 

expressions. In this paper, a novel two-stage automatic system is proposed to continuously predict affective dimension values 

from facial expression videos. In the first stage, traditional regression methods are used to classify each individual v ideo frame, 

while in the second stage, a time -delay neural network (TDNN) is proposed to model the temporal relationships between 

consecutive predictions. The two-stage approach separates the emotional state dynamics modeling from an individual emot ional 

state prediction step based on input features. In doing so, the temporal information used by the TDNN is not biased by the high 

variability between features of consecutive frames and allows the network to more easily explo it the slow changing dynamics 

between emotional states. The system was fu lly tested and evaluated on three different facial expression video datasets. Our 

experimental results demonstrate that the use of a two-stage approach combined with the TDNN to take into account previously 

classified frames significantly improves the overall performance of continuous emotional state estimation in naturalistic facial 

expressions. The proposed approach has won the affect recognition sub -challenge of the Third International Audio/Visual 

Emot ion Recognition Challenge. 
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I.INTRODUCTION 

 

Emot ional expressions are very important in human 

communicat ion. They mediate interaction between people, 

enrich and often clarify the meaning of words or sentences and 

help regulate tension. They also act as an important regulatory 

loop on oneself. Evidence has shown that, when portraying an 

expression through either our face or our body, our emotional 

state is also biased in the direction of the expressed emotion. 

As interactive technology becomes ubiquitous in our society 

and takes on social companionship and coaching roles in 

“serious” tasks, it is crit ical that it is endowed with the 

capability to read people’s emotional expressions in order to 

react or adapt appropriately. The work proposed in this paper 

aims to advance the state of the art in the recognition of 

continuous naturalistic affective expressions by taking into 

account their temporal dynamics. Since the emergence of the 

field of affective computing much attention has been dedicated 

to create systems that could recognize affective expressions. 

Work has focused on most modalities that people and animals 

consciously or unconsciously use to communicate or detect 

emotions: vocal body expressions touch behaviors 

physiological and neurological activation patterns or media-

mediated expressions. Initially, the field has focused on acted 

or stereotypical expressions and on very controlled 

environmental conditions . The datasets created and used to 

develop such systems typically contained well-defined, 

separate acted expressions. Today, however, we are assisting to 

an increasing attempt to shift to expressions that reflect or are 

closer to those encountered in real-life situations. This shift is 

due in part to the successful results obtained on controlled and 

acted expressions, but also to the fact that sensing technology 

has entered our everyday life and is now embedded in many 

forms of technology. This, in turn, requires modeling the 

variability and richness found in everyday emotional 

expressions and also the fact that these are not presegmented 

but need to be continuously tracked over time. Even if most of 

the work is still done in a controlled environment, applicat ions 

are emerging built on real-life situations. For example, the 

work by  attempts to continuously monitor facial expressions 

and body movement to provide continuous and more objective 

measures of clinical conditions. Engagement in computer 

games is continuously achieved byreading the emotional state 

of the player  and consequently adapting the game according to 

the available cognitive resources or the type of experience the 

player is looking for in that moment. There is also growing 

interest in stretching the challenge by considering no controlled 

environments since real-life applicat ions need to work in such 

environments. Another change that is occurring in the field of 

automatic emotion recognition is the shift in  what needs to be 

modeled. Given the init ial focus on stereotypical expressions, 

most of the work focused on modeling an emotional space 

consisting of discrete basic states such as anger, disgust, fear, 

happiness, sadness, and surprise. However, naturalistic 

expressions present a bigger challenge to the research 

community because they are less stereotypical and not always 

full-fledged expressions. In addition, the dynamic of these 

expressions is more complex and changes more slowly than 

acted expressions. The discrete emotional space has shown to 

be too limited to capture the complexity and variety of these 

expressions. The field is now moving toward a continuous 

space characterized by emotional dimensions. A continuous 

space not only allows for a more complete description of a 

complex emot ional state but also leads itself better to 

continuous tracking and classification of expressions and their 

temporal dynamics. 

 

II.TIME DELAY NEURAL NETWORK 

 

TDNN is an artificial neural network model developed in the 

1980s in which all the neuron-like un its (nodes) are fu lly  

connected by directed connections. Each unit has a time-
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varying real-valued activation and each connection has a 

modifiable real-valued weight. It has two special layers: 

 

1) Hidden layer and 2) output layer, in which the nodes are 

time-delay neurons (TDNs) as shown in Fig and described in 

the following. It can be seen that both the inputs at current 

Time step t and previous time steps t − d, with d = 1, . . . ,N 

Contribute to the overall outcome of the neuron. A single TDN 

can be used to model the dynamic nonlinear behavior that 

characterizes series inputs. A TDNN can be trained by using 

traditional methods for forward-feedback neural networks such 

as the Levenberg–Marquardt algorithm. In the Levenberg–

Marquardt algorithm, the training process optimizes the 

weights W through iterations on the basis of the input time 

series X(t) and the known labels Y(t) for t = 1, · · · , T, where T 

is the length of the sequence. During the testing process, the 

weights of the neural network are fixed and a predicted label is 

produced based on the input feature vectors only. Due to the 

delay property in the TDN nodes, the model can capture the 

dynamic behavior between consecutive elements of a sequence. 

 

 
Figure.1.TDN time delay neuron  

 

 Sing le TDN has M inputs (I1(t), I2(t), . . . , IM(t)) and one 

output (O(t)) where these inputs are time series with time step 

t. For each input Ii(t) and i = 1, 2, . . . ,M, there is one bias 

value bi, N delays  storing the previous inputs Ii(t−d) with d = 

1, . . . ,N, and the related N independent unknown weights 

(wi1,wi2, . . . ,wiN ).F is the transfer function f (x) which is a 

nonlinear sigmoid function here. A single TDN node can be 

represented. 

 
Figure .2. TDN out put 

 

Where wjid and vrjd are, respectively, the weight of the hidden 

node Hj and of the output node Or with b ji and cri, the 

respective bias values. As seen from (2) and (3), the TDNN is a 

fully-connected forward-feedback neural network model with 

delays in the nodes of the hidden and output layers. The 

number of delay for the nodes in the output layer is  N1 and that 

for the hidden layer is N2. It is called distributed TDNN if the 

delay parameter N varies between nodes. For supervised 

learning in discrete time settings, the training set sequences of 

real-valued input vector are the sequences of activations of the 

input nodes, with one input vector at a time. At any given time 

step, each no input unit computes its current activation as a 

nonlinear function of the weighted sum of the activations of all 

units from which it receives connections. In supervised 

learning, the target labels at each time step are used to compute 

the error. For each sequence, its error is the sum of the 

deviations of the activations computed by the network at the 

output nodes from the corresponding target labels. For a 

training set, the total error is the sum of the errors computed for 

each individual input sequence. Train ing algorithms are 

designed to minimize this error.  

 

III. Two-Stage Emotional Dimension estimation System 

 

Following the approach used in we propose to integrate the 

TDNN into two-stage architecture to predict the emotional 

state of a person along an affective dimension. We first 

describe the overall two-stage architecture and the rational for 

it and then briefly present the algorithms used for the first-stage 

prediction. We then present the three datasets  used to evaluate 

the architecture. 

 
System Overview- TDNN is a good candidate for real-time 

affective state prediction at unit level. It captures the dynamic 

relationship existing between consecutive units of expressions 

and utilizes it to improve the recognition performance. 

However, since facial expression features are generally very 

high dimensional, the TDNN model will have a large number 

of inputs and hence a large number of weights to be trained. 

This increases the model’s complexity and the compu tational 

time. In addition, features between consecutive frames may 

show high variability due not only to change in emotional 

expressions but also to other factors such as head pose or 

illumination. To overcome these problems, a two -stage system 

is proposed in this paper. In the first stage, a standard basic 

regression method is used to produce an initial predict ion of the 

affective dimension level based on the highly variable and 

high-dimensional input features. Then, in the second stage, a 

TDNN is used to improve the accuracy of the prediction by 

taking into account past observations. This process mimics the 

method proposed in with the difference that the new approach 

allows for real-time classification as it does not need to process 

the full sequence of observations to classify a unit of 

expression. It only requires a subset of the previous 

observations. This allows the recognition model to be used in 

real-life situations where prediction can be based only on 

already seen instances. In addition, by using a regression 

method at the first stage, the model is able to deal with 

continuous labels rather than just binary or discrete ones. This 

is an important requirement as real-life applications deal with 

complex emot ional states that are better captured by continuous 

affective dimensional spaces. The problem to address is hence 

a regression problem rather than a classification one. The over 

view of the proposed dimensional affective state prediction 

system. In the first stage, basic regression methods can be used 

for a first prediction of affective dimension value for the unit of 

expression in input.The second stage is performed by a TDNN, 

where the predict ion is updated by taking into account the label 

assigned to the previous frames by the first-stage prediction. 

For the basic regression step, any standard regression method 

can be used, such as k-nearest neighbor (k-NN) and SVR. 
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During the training process, two models are produced. The first 

one is a direct output of the first-stage training process and can 

be directly used to make inferences. The output of this first-

stage mode is used to train the TDNN-based model. These two 

models are both built using the same train ing dataset. Once the 

two models have been trained, they can be used in tandem as a 

two-layered system where the predicted values are produced 

continuously as units of sequences of expressions are received. 

 
Data Recording and Labeling- The inputs to the system are 

continuous streams of data representing continuous levels of 

affective expressions. Whilst the system is independent on the 

modality used to recognize the affective state of a person, we 

tested our system on three video datasets of facial expressions 

that were continuously labeled over time by mult iple raters. 

The labels used are continuous values over two or four of the 

following affective dimensions (according to the dataset): 1) 

arousal; 2) expectation; 3) power; and 4) valence. These 

dimensions are well recognized in the psychological literature 

and account for most of the variability between everyday 

emotion categories. Arousal is the individual’s global feeling 

of dynamis m or lethargy, including mental and physical 

activity. Expectation also subsumes various concepts such as 

expecting, anticipating, and being taken unaware. The power 

dimension combines two related concepts: 1) power and 2) 

control. It relates to the social experience of dominance and is 

also characterized by vocal and action tendency responses. The 

valence dimension indicates the overall positive or negative 

feeling of an individual toward the object which is the focus of 

his/her affective state. Each frame of a video is hence labeled 

with a vector of real values, one for each affective d imension. 

The ranges of values change in accordance with the affective 

dimension labeled and the protocol used in labeling the dataset. 

 
Feature Extraction-Whilst the framework is independent of 

the modality used and accepts any type of input features, for 

completeness, we briefly describe here some of the image 

features that were purposely developed for testing, or provided 

with the selected datasets. 

 
LBP: The local binary pattern (LBP) operator is defined as a 

gray-scale invariant texture measure derived from a general 

definit ion of texture in a local neighborhood. It has since been 

found to be a powerful feature for texture classification. In this 

paper, only the basic LBP descriptor is used and the feature 

vector has a dimension of 256. 

 

EOH: The second texture feature is computed by using the 

edge orientation histogram (EOH) operator. The EOH is a 

simple, efficient and powerful operator that captures the texture 

informat ion of an image. It has been widely  used in a variety of 

vision applications such as hand gesture recognition and object 

tracking. In the implementation of EOH, each image is scaled 

into a 40 × 40 size image and then divided into cells of 8 × 8 

pixels. 2 × 2 cells form a block. The EOH feature is then 

computed for each cell and normalized within a block. This 

yields a 384-component vector. LPQ: The local phase 

quantization (LPQ) feature is based on computing the short-

term Fourier t ransform on local image blocks. At each pixel the 

local Fourier coefficients are computed for four frequency 

points. Then the signs of the real and imaginary parts of each 

coefficient are quantized (binary scalar) to calculate phase 

informat ion. The obtained eight bit binary coefficients are then 

represented as integers using binary coding like LBP. In this 

paper, this feature was provided by the AVEC2013 organizer, 

with face detection and normalization also used. 

First-Stage Regression- The first stage of the architecture 

performs a typical regression process to provide a first 

classification of the unit of expressions (i.e., a video frame of a 

facial expression in our test case). In this paper, we explored 

both the k-NN regression and SVR methods. The first is very 

simple but very effective. The second is typically used for its 

generalization capabilities However, the architecture is general 

and any standard regression method could be used for this 

stage. 

 
1) k-NN Regression: k-NN is a lazy learning method for 

classifying objects based on the closest training examples in 

the feature space. 

 

2) SVR: The SVR algorithm can be considered the regression 

version of the SVM algorithm. The model produced by SVR 

depends only on a subset of the training data because the cost 

function for building the model ignores any training data close 

to the model predict ion. In all our experiments, the linear 

kernel and default parameters were used for simplicity. In  

addition; no parameter optimizat ion was carried out in order to 

provide a more fair comparison between the different 

architecture. 

 

Second-Stage Prediction: TDNN Modeling- the TDNN 

architecture was used in the second-stage prediction. The 

inputs are the predicted values from the first-stage regression 

method. As the number of input and output to a TDNN can be 

any positive number, the architecture could be designed to 

model one affective dimension only or to model mult iple 

affective d imensions at the same t ime. In the latter case, the 

TDNN will output a vector of values, one for each affect ive 

dimension modeled on the basis of the prediction of the units 

along the various dimensions. The latter approach could be 

useful when a certain relat ionship is known to exist between 

affective dimensions. The affective dimensions considered here 

are supposed to have min imum redundancies in modeling 

certain affective states .In order to verify this assumption. we 

computed the Pearson correlation coefficients between the 

labels of the affective dimensions in the training set for each of 

the datasets presented below and these were overall quite low 

with only a few values reaching 0.4 . We will discuss further 

this aspect when dealing with the specific datasets. The 

implementation of the TDNN was simply achieved by using 

the TDNN function available from the MATLAB neural 

network toolbox and by experimentally setting its parameters. 

The parameters for the train ing of the TDNN were set as 

indicated in Tab le II for the video watching and AVEC2013 

datasets, and Table III for the AVEC2012 dataset. 

 

IV.EXPERIMENTAL EVALUATION 

 

To test the performance of the systems, three datasets of videos 

of facial expressions were used. The first one was an in house 

built dataset of people watching videos. The second and the 

third ones were, respectively, the AVEC2012 [36] and the 

AVEC2013 [26] audio-v ideo datasets. Whilst the first dataset 

is part of our research, the second and third datasets allow us to 

compare our results with those of the research community.  

 

Video-Watching Dataset- Facial expressions of people 

watching videos were continuously collected from a webcam 

an example of the video watched and of the facial expressions 

gathered through the video camera are shown in Figure. 
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Figure.1.vedio-watching dataset 

 

A Logitech HD Webcam C270 was used for recording the 

facial expressions of the participants. Every video clip was 

recorded at a rate of 10 frames/s and a resolution 

ofRGB24_160×120. The “motion JPEG AVI” was chosen as 

the compression format. A total of 2100 frames were recorded 

for each watching session. The dataset consists of the 

recordings of five participants watching videos, with every 

participant recorded twice for atotal of 21 000 frames. The 

videos were selected to generatea variety of emotional 

responses such a disgust, fear, surprise, happiness, and so on. 

Only AV dimensions were used for the labeling. The Grace 

software was used by two raters to annotate all the facial 

expressions reaching interrater Pearson’s correlation values 

of0.5538 for arousal and 0.4814 for valence. The ground truth 

was computed as the average of the raters’ ratings. Detailed 

informat ion of the dataset can be found. 

 

 Table .1. Video –watching  

 

 
 

The results are shown in Table IV. The table shows that for 

both AV dimensions, SVR performs better than k-NN. It also 

shows that the best results are obtained by using the two-stage 

architecture rather than just the single-stage regression 

approach for both SVR and k-NN versions of the system. It 

provides an example of the predicted and ground truth values 

for AV dimensions for a sample v ideo record for the SVR 

version of the architecture.  The EOH feature seems to provide 

the best performance overall. Th is could be because EOH 

feature not only captures the texture in formation but also the 

spatial information. We further evaluated the performance of 

two stage architecture versus directly modeling the temporal 

relationship between the frame features, i.e., by applying the 

TDNN directly at the first level. This was tested only on the 

EOH features as these had shown better performance in Table. 

The results are reported in Table V. We can see from the first 

column that using a one-stage TDNN leads to very poor 

performance compared to a SVR approach that does not use 

temporal in formation and to the SVR+TDNN approach that 

exploits and decouples such informat ion from the low-level 

features. These results confirm that the temporal information is 

more effect ive when modeled at the semantic level rather than 

at the feature level. In addition, Table V shows a high decrease 

in computational cost when modeling the temporal relat ionship 

at semantic level rather than at feature level. For example, in  

the case of arousal, the computing speed decreases from 4833 

to 216 + 4 seconds. 

 

V.CONCLUS ION AND FUTURE WORK 

 

In this paper, a two-stage architecture that combines a simple 

regression algorithm and a TDNN was proposed for automatic 

continuous affective state prediction from facial expressions in 

naturalistic contexts. In the second stage, the dynamic temporal 

relationship on the decision level was modeled by a TDNN 

model and significant improvement in performance was 

achieved. The TDNN receives input from a regression stage 

rather than the large and highly variable input features 

describing the sequence of expressive units. This reduces the 

computational complexity and facilitates training and 

generalization capabilities. The length of history to be taken 

into account was decided experimentally. In comparison with 

the HMM-based method the proposed TDNN-based method 

can deal with regression problems instead of categorizat ion 

problems at the level of unit of expression. It also allows for a 

continuous assessment over time without having to assess all 

the sequences at once. In this paper, the proposed method was 

only tested on the facial expression image sequences. However, 

the modeling and affective dimension prediction method is 

independent of the affective dimension or affective modality 

used. However, as it was discussed above, it is possible that 

different delay parameters may be needed as different 

modalities or different affective dimensions may present 

different temporal dynamics and temporal dependencies. It was 

also found that, overall, the use of the EOH feature only  

yielded better performance than the other image features in 

most cases and for both one-stage and two-stage types of 

approach. This is interesting as it reduces modeling 

complexity. A possible reason for this is that the EOH feature 

captures not only the edge information of the image but also its 

spatial informat ion. However, the results were worse than those 

of the AVEC2012 winning system.  The main reason for this 

was probably the optimization of the features used in and 

computed using advanced methods. These results together 

suggest that a combination of a two-stage approach proposed 

here and optimized features may lead to further improvements 

in the recognition rates. In conclusion, the method proposed 

appears to be a good candidate for building automatic real-t ime 

affective state prediction systems thanks to its lower 

computational complexity during train ing and the fact that the 

predicted values depend only on past information. It is ideal for 

real-world applicat ions where the signals are imputed in 

streams and continuous affective state levels are expected to be 

predicted in streams. TDNN can be regarded as a simple model 

of deep networks; other models will be studied for facial 

expression analysis in future work.  
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