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Abstract. Face recognition performance has always been influenced by the various facial expressions a subject may 

achieve. In this paper, we investigate face as a biometric under expression variation using Biologically Inspired 

Features (BIFs). We apply biologically inspired features, derived from a feed forward model of object recognition 

pathway in visual cortex for expression invariant face recognition problem. In this work, our goal is to understand 

whether features motivated by a model of visual cortex are robust for human identification under expression 

variation. Experimental results show that the model achieves high recognition percentage even for large expression 

variations. 
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1   Introduction 

Face recognition technique is a computer application for automatically identifying or verifying human subjects using 

information characterizing their faces. Since Kanade attempted to design an automatic face recognition system in 1973 

[1], many researchers have investigated face recognition, and different algorithms have been developed to tackle the 

problem of face recognition.  Among various face recognition approaches, holistic appearance-based approaches, which 

started from the work of Turk and Pentland [2], have been dominating the face recognition research. However, face 

appearance varies drastically under various circumstances such as illumination, pose and facial expression variations. 

Such variations make the appearance-based face recognition difficult.One of the pivotal difficulties in face recognition 

is how to handle the variability in appearance due to changes in facial expression [3].  Expression invariant 

recognition ability is crucial to a face recognition system because in general it is very difficult, if not impossible, to 

restrict and to control a person’s facial expression when receiving face images, such as in video surveillance.   

Numerous previous investigations have attempted to recognize human subjects across various expressions. Liu et al. 

[4] investigated facial asymmetry as a biometric under expression changes. They defined and measured two types of 

asymmetric facial information: density difference and edge orientation that are easily determinable from facial images 

and videos. They indicated that this information could obtain individual differences, which are stable to the changes of 

facial expressions. Bronstein et al. [5] proposed a 3D face recognition approach based on geometric invariants 

introduced by Elad and Kimmel [6] which was invariant to the facial expression by introducing the isometric-invariant 

representation of the facial surface. Li et al. [7] used Active Appearance Model (AAM) to recognize human 

subjects with varying face expression. They fit the Active Appearance Model to the input image and warped to the 

reference image frame to remove the geometry information. In AAM, face texture can be warped to the mean shape to 

acquire shape-normalized faces. However, the texture information still included expression features, even though their 

approach was better than previous ones. Lee and Kim [8] presented an approach of expression-invariant face 

recognition that transforms an input face image with an arbitrary expression into its corresponding neutral facial 

expression image. Bronstein et al. [9] presented an empirical justification for treating human faces as deformable 

surfaces in the context of Riemannian geometry. They demonstrated (based on previous results) how an expression-

invariant representation of the face can be given by a canonical form, which is an invariant of a given surface under 

isometries. The resulting representation was demonstrated to be useful for 3D face recognition.  Several approaches 

have been proposed for this purpose [10, 11]. Such models are usually very complicated and therefore, unsuitable for 

face recognition implementation, where real time or near-real time performance is required. This is because the 

construction of 3D image itself is either much expensive or time consuming to be used in real world applications. 

Understanding how visual cortex recognizes objects is a critical question for neuroscience. Building a system that 

emulates object recognition in cortex has always been an attractive idea. Recent works [12, 13, 14] have shown that a 
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Model Layer RF Size Description 

Classification 

Units 

S4 7°  

C3 7° 6 Bands (1 to 6), 2000 Features 

C2b 7° 6 Bands (1 to 6), 2000 Features 

S3 1.2°-3.2° 2000 3-by-3 Patches 

S2b 0.9°-4.4° 2000 3-by-3, 5-by-5, 7-by-7, 9-by-9 Patches (500 per size) 

C2 1.1°-3° Pooling over bands (1,2), (3,4) & (5,6) 

S2 0.6°-2.4° 3-by-3 Filters in -45°,0°,45°,90° 

C1 0.4°-1.6° 6 Bands (1 to 6) 

S1 0.2°-1.1° Gabor Orientations: -45°,0°,45°,90° 

Input Image 

 

computational model based on our knowledge of visual cortex can be competitive with the best existing computer 

vision systems on some of the standard recognition datasets.  Their system follows a recent theory of the feed forward 

path of object recognition in cortex that accounts for the first 100-200 milliseconds of processing in the ventral stream 

of primate visual cortex [14]. 

2   Detailed Design and Implementation of Model 

The printing Object recognition in cortex is mediated by the ventral visual pathway running from primary visual cortex , 

V1, through extrastriate visual areas V2 and V4 to inferotemporal cortex  , IT, and then to prefrontal cortex (PFC) 

which is involved in linking perception to memory and action [15-17]. In this section, we will briefly describe a feed-

forward model of the primate visual object recognition pathway. In its simplest form, the standard model consists of 

four layers of computational units where simple S units alternate with complex C units. The S units combine their 

inputs with Gaussian-like tuning to increase object selectivity. The C units pool their inputs through a maximum 

operation, thereby introducing invariance to scale and translation [12]. The sketch of the model is depicted in Fig. 1. 

2.1 Image layer 

 

The input to the model is an image and we convert the input image to gray-value image. In this layer an input image is 

transformed into an image-pyramid with ten scales. For creating the pyramid, the shorter edge is scaled to 140 pixels 

while maintaining the aspect ratio, then using bicubic interpolation, an image pyramid of ten scales, each a factor of 2
1/4

 

smaller than the previous is created.  

2.2 S1 and C1 Layers  
  

Image layer is first analyzed by a multi-dimensional array of simple S1 units which correspond to the classical V1 

simple cells of Hubel & Wiesel [18]. Mathematically, the weight vector w of the S1 units takes the form of a Gabor 

function which has been shown to provide a good model of simple cell receptive fields [19] and can be described by the 

following equation: 

                                  
2 2 2
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                             (1) 

Where   X xcos ysin   and        Y x sin ycos    and     varies between 0 and    . All three parameters   

 (aspect ratio),     (effective width), and  λ  (wavelength)  are set to   =0.3, σ = 0.0036 * RF size + 0.35 *RF size + 

0.18 and λ = σ/0.8 (σ= 3.5 λ =2.8). Finally, the components of each filter are normalized so that their mean is 0 and the 

sum of their squares is 1. The response of a patch of pixels X to a particular S1 filter G is given by: 
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Fig 1. Sketch of the model. There is an increase in invariance to position and scale, and in parallel, an increase in the size of the 

receptive fields as well as in the complexity of the optimal stimuli for the neurons. 
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The next C1 level corresponds to striate complex cells of Hubel and Wiesel [20]. This layer pools nearby S1 units (of 

the same orientation) to reach position and scale invariance over larger local regions, and as a result can also subsample 

S1 to reduce the number of units. The value of a C1 unit is simply the value of the maximum S1 units (of that 

orientation) that falls within a max filter. Similarly, position invariance is increased by pooling over S1 cells at the same 

preferred orientation but whose receptive fields are centered on neighboring locations.  

The resulting C1 layer is smaller in spatial extent and has the same number of feature types (orientations) as S1. This 

layer provides a model for V1 complex cells. As a result, the size of the receptive fields increases from S1 to C1 layer 

(0.2-1.0 to 0.4-2.0 degree). Similarly the effect of the pooling over scales is a broadening of the frequency bandwidth 

from S1 to C1 units which is in agreement with physiological evidences [15]. 

The Gabor filters parameters were tuned in a way that the tuning properties of the corresponding S1 units match 

closely to those of V1 parafoveal simple cells [14]. Similarly the pooling parameters at the next stage were adjusted so 

that the tuning and invariance properties of the corresponding C1 units match closely to those of V1 parafoveal complex 

cells. 

 

2.3 S2 and C2 layers 

At the S2 layer, units pool the activities of retinotopically organized complex C1 units at different preferred orientations 

over a 3×3 neighborhood of C1. As a result, the complexity of the preferred stimuli is increased: At the C1 level units 

are selective for single bars at a particular orientation, whereas at the S2 level, units become selective to more complex 

patterns (such as the combination of oriented bars to form contours or boundary) conformations. Receptive field sizes at 

the S2 level range between 0.6−2.4 degrees.  

At the C2 Layer, units pool over S2 units that are tuned to the same preferred stimulus (they correspond to the same 

combination of C1 units and therefore share the same weight vector w) but at slightly different positions and scales. C2 

units are therefore selective for the same stimulus as their afferent S2 units. Yet they are less sensitive to the position 

and scale of the stimulus within their receptive field. Receptive field sizes at the C2 level range between 1.1−3.0 

degrees. 

2.4 C3 and S3 layers 

Beyond S2 and C2 stages, the same process is iterated once more to increase the complexity of the preferred stimulus at 

the S3 layer (possibly related to Tanaka’s feature columns in TEO [17]), where the response of C2 units with different 

selectivities are combined with a tuning operation to yield even more complex selectivities. In the next stage (possibly 

overlapping between TEO and TE), the complex C3 units, obtained by pooling S3 units with the same selectivity at 

neighboring positions and scales, are also selective to moderately complex features as the S3 units, but with a larger 

range of invariance. The S3 and C3 layers provide a representation based on broadly tuned shape components. 

2.5 S2b and C2b Layers 

S2b and C2b Layers may correspond to the bypass routes that have been found in visual cortex, e.g., direct projections 

from V2 to TEO (bypassing V4) [20] and from V4 to TE (bypassing TEO) [21]. S2b units combine the response of 

several retinotopically organized V1-like complex C1 units at different orientations just like S2 units. Yet their 

receptive field is larger (2-3 times larger) than the receptive fields of the S2 units. The tuning of the C2b units agree 

with the read out data from IT [22].  

2.6 Modification 

To increase the sparsity among inputs of a S2 unit, Mutch et al. [23] selected fewer number of features from C1 layer by 

choosing the most dominant response in each position instead of using all four (number of orientations) responses. This 

is in accordance with the fact that neurons in visual cortex are more selective to a subset of their inputs. Cells in visual 

cortex inhibit their less active neighbors in a winner-take-all competition. Lateral inhibition ignores non-dominant 

orientations and focuses on suppressing S1 and C1 outputs. To model this, at each location minimum and maximum 

responses, Rmin and Rmax, over all orientations are computed and for each response R, if R < Rmin +h * (Rmax 

−Rmin) then it is set to zero. Variable h is a global parameter to define the inhibition level. 

3 Experiment setup and results 

3.1. Dataset 

We used the Cohn and Kanade’s DFAT-504 dataset [24] which is consisted of 100 subjects under different expressions: 

Happy, sad, surprised, disgusted, feared, angry and neutral. Videos were recorded in analog S-video using a camera 
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located directly in front of the subject. In our simulations, we used 25 individuals of this database displaying four, five 

or six facial expressions. For each person, a set of 30 face images was selected containing the peak state of each 

emotion. Faces were aligned, cropped, and scaled based on the locations of two points in the first frame of each 

sequence. The two points were selected by a single mouse click at the center of each eye. We then normalized the 

images for illumination variations using histogram equalization method. All other procedures were fully automated. 

Three samples of the standardized images are shown in Fig. 2. 

     

 

Fig 2. Example of emotion categories(neutral and peak): neutral, anger , fear , disgust, Happiness, sadness, surprise (from left to 

right) 

3.1. Experiments 

We conducted to experiments to show the robustness of the Biologically Inspired Features (BIFs). Details of these 

experiments are described in the following: 

3.1.1 Experiment 1: Combination of Biologically Inspired Features (BIFs) 

Experiment 1 is designed to investigate the robustness of BIFs coming from the various layers of the model. We employ 

BIFs of layers C1, C2b, C2 and C3 independently and also employ the combining BIFs of the two routes: the first root 

is consisted of C1 and C2b (the right route in Fig. 1) and the second root integrates the BIFs of layers C1, C2 and C3 

(see the left route in Fig. 1). Eventually, fusion of these two independent routes is used to make another set of features 

resembling the features of the prefrontal cortex (PFC).  

To perform this experiment, we randomly selected one sample from 30 samples of each person (we have 25 persons) in 

the database and the other images were used to verify the performance of the system. The mentioned features are then 

extracted for each image and used as input vector for a Nearest Neighbor classifier. It is to be mentioned that the 

dimension of each feature set is 1500. The experiment was repeated 10 times for every randomly partitioned database. 

This process was carried out with two and three samples for training. Fig. 3a shows the average error rate.  

3.1.2 Experiment 2: Comparison of BIFs with conventional methods  
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Fig 3.  a) Error rates for classification with different feature sets (Experiment 1) 

b) Average recognition rates for three feature extractors (Experiment 2) 

In experiment 1, we saw that the combining set of features (C1, C2b, C2 and C3) yielded the best results which is 

completely consistent with biological evidences. We employed these features to solve the expression invariant face 

recognition problem. To be able to compare the robustness of these features with those commonly used to solve the 

expression problem, we repeated the first experiment but with different set of feature extractors. In this experiment we 

a 

) 

b 

) 
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use the best BIFs against two of common feature extractors: principal component analysis (PCA) and linear 

discriminant analysis (LDA). We carried out this experiment with 1, 2, 3, 4, and 5 samples for training. Fig. 3b 

compares the performance of the three feature extractor. 

4   Conclusion   

In this paper, based on the fact that humans can easily identify people with various facial expressions, we employed 

Biologically Inspired Features derived from a feed forward mechanism in the human visual systems to solve the 

expression invariant face recognition problem. The first experiment, comparing the performance of a very simple 

classifier but with different input features coming from different levels of the human visual pathway, shows that, as 

expected before, the performance when using a combination of all C layers of the hierarchy, yields the best results. This 

is in no contrast with biological evidences suggesting that the higher layers of the cortex involved in decision making, 

receive their input from almost all of the lower areas. Furthermore, the second experiment shows that, even only as a 

computational tool to solve problems such as the expression problem, BIFs can boost the performance of face 

recognition system. The results also show the applicability of these features in Small Sample Size problems (SSS) and 

even “one sample per subject” problems. 
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