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Abstract. The aim of this work is to carry out a comparative study of face-
recognition methods for Human-Robot Interaction (HRI) applications. The ana-
lyzed methods are selected by considering their suitability for HRI use, and 
their performance in former comparative studies. The methods are compared 
using standard databases and a new database for HRI applications. The com-
parative study includes aspects such as variable illumination, facial expression 
variations, face occlusions, and variable eye detection accuracy, which directly 
influence face alignment precision. The results of this comparative study are in-
tended to be a guide for developers of face recognition systems for HRI, and 
they have direct application in the RoboCup@Home league. 
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1   Introduction 

Face analysis plays an important role in building HRI (Human-Robot Interaction) inter-
faces that allow humans to interact with robot systems in a natural way. Face informa-
tion is by far the most used visual cue employed by humans. There is evidence of 
specialized processing units for face analysis in our visual system [1]. Face analysis 
allows localization and identification of other humans, as well as interaction and visual 
communication with them. Therefore, if human-robot interaction could achieve the 
same efficiency, diversity, and complexity that human-human interaction has, face 
analysis could be extensively employed in the construction of HRI interfaces. 

Currently, computational face analysis is a very lively and expanding research 
field. Face recognition, i.e. the specific process for determining the identity of an in-
dividual contained in an image area which has been already identified as containing a 
face (by a face detection system) and already aligned (by a face alignment process 
which usually includes eye detection), is a functional key for personalizing robot ser-
vices and for determining robot behaviors, usually depending on the identity of the 
human interlocutor. Many different face recognition approaches have been developed 
in the last few years [2][3][4], ranging from classical Eigenspace-based methods (e.g. 
eigenfaces [5]), to sophisticated systems based on thermal information, high-
resolution images or 3D models. Many of these methods are well suited to specific 
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requirements of applications such as biometry, surveillance, or security. HRI applica-
tions have their own requirements, and therefore some approaches are better suited for 
them. It would be useful for developers of face recognition systems for HRI to have 
some guidelines about the advantages of some methodologies over others. 

In this general context, the aim of this paper is to carry out a comparative study of 
face-recognition methods. This research is motivated by the lack of direct and detailed 
comparisons of these kinds of methods under the same conditions. The result of this 
comparative study is a guide for the developers of face recognition systems for HRI. 
We concentrated on methods that fulfill the following requirements of standard HRI 
applications: (i) Full online operation: No training or offline enrollment stages. All 
processes must be run online. The robot has to be able to build the face database from 
scratch incrementally; (ii) Real-time operation for achieving user interaction with low 
delays: The whole face analysis process, which includes detection, alignment and 
recognition, should run at least at 3fps, with 4-5fps recommended; and (iii) One single 
image per person problem: One good-quality face image of an individual should be 
enough for his/her later identification. Databases containing just one face image per 
person should be considered. The main reasons are savings in storage and computa-
tional costs, and the impossibility of obtaining more than one good-quality face image 
from a given individual in certain situations. In this context, good-quality means a 
frontal image with uniform illumination, adequate image size, and no blurring or arti-
facts due to the acquisition process (e.g. interlaced video), open eyes, and no extreme 
facial expression. 

This study analyzes four face-recognition methods (Generalized PCA, LBP Histo-
grams, Gabor Jet Descriptors and SIFT Descriptors), which were selected by consid-
ering their fulfillment the requirements mentioned above, and their performance in 
former comparative studies of face recognition methods [7][8]. Those comparative 
studies evaluate face recognition methods from a general-purpose point of view; [7] 
addresses eigenspace-based methods (holistic), while [8] addresses local matching 
approaches. The study analyzed aspects such as variable illumination, facial expres-
sion variations, face occlusions, and variable eye detection accuracy. Aspects such as 
scale, pose, and in-plane rotations of the face were not included in this study because 
it was assumed that the robot is mobile, and the active vision allows it to obtain faces 
with appropriate scales and rotations. The study is carried out in two stages. In the 
first stage, the FERET [14] fa and fc sets are considered. The original images are al-
tered by including occlusions of some face areas, and by adding noise in the annota-
tions of eye positions. In the second stage the new database UCHFaceHRI, especially 
designed for HRI applications, is employed.  

As in [7][8] we consider illumination compensation as an independent preprocessing 
step. Illumination compensation will help every face-recognition method. Nevertheless, 
it is important to note that the analyzed face-recognition methods are illumination in-
variant to some degree, due to the use of quasi-illumination invariant features such as 
LBP (Local Binary Pattern), Gabor jets and SIFT (Scale-Invariant Feature Transform). 
This study has direct application in the RoboCup@Home league, where face recogni-
tion is an important tool. 

This paper is structured as follows. The methods under analysis are described in 
section 2. In sections 3 and 4 the comparative analysis of these methods is presented. 
Finally, conclusions of this work are given in section 4. 
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2   Methods under Comparison  

As mentioned above, the algorithm selection criteria are their fulfillment of the de-
fined HRI requirements, and their performance in former comparative studies of face-
recognition methods [3][7][8]. The first issue is that most of the holistic methods, 
which are normally based on eigenspace-decompositions, fail when just one image 
per person is available, mainly because they have difficulties building the required 
representation models. However, this difficulty can be overcome if a generalized face 
representation is built, for instance using a generalized PCA model. Thus, as a first 
selection, we decided to analyze a face-recognition method based on a generalized 
PCA model. In general terms, local-matching methods behave well when just one 
image per person is available, and some of them have obtained very good results in 
standard databases such as FERET. Taking into account the results of [8], and our 
requirements of high-speed operation, we selected two methods to be analyzed. The 
first one is based on the use of histograms of LBP features, and the second one is 
based on the use of Gabor filters and Borda account classifiers. Finally, we realized 
that local interest points and descriptors (e.g. SIFT) have been used successfully for 
solving some similar wide baseline-matching problems as fingerprint verification 
[12], and as a first stage of a complex face-recognition system [13]. Therefore, we 
decided to test the suitability of a SIFT-based face recognition system.  

Thus, the methods under comparison are: 

- Generalized PCA. We have implemented a face-recognition method that uses 
PCA as a projection algorithm, the Euclidian distance as a similarity measure, and 
modified LBP features [10] for achieving some degree of illumination invariance. In 
particular we used a generalized PCA approach, which consists on building a PCA 
representation in which the model does not depend on the individuals to be included 
in the database, i.e. on their face images, because the PCA projection model is built 
using a set of images that belongs to different persons. This allows applying this 
method in a case when just one single image per person is available. Our PCA model 
was built using 2,152 face images obtained from different face databases and the 
Internet. For compatibility with the results presented in [7], the model was built using 
face images scaled and cropped to 100x185 pixels, and aligned using eye information. 
We analyzed the validity of this generalized PCA representation by verifying that the 
main part of the eigenspectrum, i.e. the spectrum of the ordered eigenvalues, is ap-
proximately linear between the 10th and 1,500th components (we carried out a similar 
analysis to the one described in [9]). The RMSE [7] was used as a criterion to select 
the appropriate number of components to be used. To achieve a RMSE between 0.9 
and 0.5, the number of employed PCA components had to be in the range of 200 to 
1,050. Taking into account these results, we choose to implement two flavors of our 
system, one with 200 components and one with 500. 

- LBP Histograms. A local-appearance-based approach with a single, spatially en-
hanced feature histogram for global information representation is described in [11]. In 
that approach, three different levels of locality are defined: pixel level, regional level 
and holistic level. The first two levels of locality are realized by dividing the face image 
into small regions from which LBP features are extracted for efficient texture informa-
tion representation. The holistic level of locality, i.e. the global description of the face, is 
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obtained by concatenating the regional LBP extracted features. The recognition is per-
formed using a nearest neighbor classifier in the computed feature space using one of 
the three following similarity measures: histogram intersection, log-likelihood statistic 
and Chi square. We implemented that recognition system, without considering preproc-
essing (cropping, using an elliptical mask and histogram equalization are used in [11]), 
and by choosing the following parameters: (i) face images scaled and cropped to 
100x185 pixels and 203x251 instead of 130x150 pixels, for having compatibility with 
other studies [7][8], (ii) images divided in 10, 40 or 80 regions, instead of using the 
original divisions which range from 16 (4x4) to 256 (16x16), and (iii) the mean square 
error as a similarity measure, instead of the log-likelihood statistic. We also carried out 
preliminary experiments for replacing the LBP features by modified LBP features, but 
better results were always obtained by using the original LBP features. Thus, consider-
ing the 3 different image divisions and the 3 different similarity measures, we get 9 fla-
vors of this face-recognition method. 

- Gabor Jets Descriptors. Different local-matching approaches for face recogni-
tion are compared in [8]. The study analyzes several local feature representations, classi-
fication methods, and combinations of classifier alternatives. Taking into account the 
results of that study, the authors implemented a system that integrates the best choice in 
each step. That system uses Gabor jets as local features, which are uniformly distributed 
over the images, one wave-length apart. In each grid position of the test and gallery im-
age and at each scale (multiscale analysis) the Gabor jets are compared using normal-
ized inner products, and these results are combined using the Borda account method. In 
the Gabor feature representation, only Gabor magnitudes are used, and 5 scales and 8 
orientations of the Gabor filters are adopted. Face images are scaled and cropped to 
203x251 pixels. We implemented this system using all parameters described in [8] (fil-
ter frequencies and orientations, grid positions, face image size). However, after some 
preliminary experiments we realized that the performance of the system depends on the 
background, that is, on the results of the Gabor filters applied out of the face area. For 
this reason we implemented 3 flavors of this system: a first one (global) that uses the 
original grid, and two others (local1 and local2) that use reduced local grids. Consider-
ing that the methods are applied with face images cropped to 100x185 and to 203x251 
pixels, the corresponding local grids are seen in Figure 1. (Figure 1 (a)-(c) shows the 
grids for the case of faces of 203x251 pixels): 

- 100x185: local1/local2 0 ≤ x ≤ 100∧ 60 ≤ y ≤ 160/ 0 ≤ x ≤ 100∧ 50 ≤ y ≤ 170 
- 203x251: local1/local2 50 ≤ x ≤ 150∧100 ≤ y ≤ 210/ 45 ≤ x ≤ 155∧ 90 ≤ y ≤ 210 

- SIFT descriptors. Wide baseline-matching approaches based on local interest 
points and descriptors have become increasingly popular and have experienced an 
impressive development in recent years. Typically, local interest points are extracted 
independently from both a test and a reference image, and then characterized by in-
variant descriptors, and finally the descriptors are matched until a given transforma-
tion between the two images is obtained. Lowe’s system [16] using SIFT descriptors 
and a probabilistic hypothesis rejection-stage is a popular choice for implementing 
object-recognition systems, given its recognition capabilities, and near real-time op-
eration. However, Lowe’s system’s main drawback is the large number of false posi-
tive detections. This drawback can be overcome by the use of several hypothesis 
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Fig. 1. Face image of 2003x251 pixels. (a) global, (b) local1, and (c) local2 grids used in Ga-
bor-based methods. (d) Image with eye position (red dot) and square showing a 10% error in 
the eye position, (e) Image with partial occlusion. 

rejection stages, as for example in the L&R system [12]. This system has already been 
used in the construction of robust fingerprint verification systems [12]. Here, we have 
used the same method for building a face-recognition system, with two different fla-
vors. In the first one, Full, all verification stages defined in [12] are used, while in a 
second one, Simple, just the probabilistic hypothesis rejection stages are employed. 

3   Comparative Study Using Standard Databases 

We use the following notation to refer to the methods and their variations: A-B-C, 
where A describes the name of the face-recognition algorithm (H: Histogram of LBP 
features, PCA: generalized PCA with modified LBP features, GJD: Gabor Jets De-
scriptors, SD: L&R system with SIFT descriptors); B denotes the similarity measure 
(HI: Histogram Intersection, MSE: Mean square error, XS: Chi square, BC: Borda 
Count, EUC: Euclidian Distance); and C describes additional parameters of each al-
gorithm (H: Number of image divisions; PCA: Number of principal components, 
GJD: filters grid, G - Global, L1 - local1 or L2-local2; SD: verification procedure, 
full or simple). 

Face images are scaled and cropped to 100x185 pixels and 203x251, except for the 
case of the PCA method in which, for simplicity, just one image size (100x185) was 
employed (the generalized PCA model depends on the image cropping). In all cases 
faces are aligned by centering the eyes in the same relative positions, at a fixed distance 
between the eyes, which was 62 pixels for the 100x185 size images, and 68 pixels for 
the 203x251 size images.To compare the methods we used the FERET evaluation pro-
cedure [14], which established a common data set and a common testing protocol for 
evaluating semi-automated and automated face recognition algorithms. We used the 
following sets: (i) fa set (1,196 images), used as gallery set (contains frontal images of 
1,196 people); (ii) fb set (1,195 images), used as test set 1 (in fb subjects were asked for 
a different facial expression than in fa); and (iii) fc set (194 images,) used as test set 2 
(in fc pictures were taken under different lighting conditions). 

3.1   Experiments Using Annotated Eyes 

Original fa-fb test. Table 1 shows the results of all methods under comparison in the 
original fa-fb test, which corresponds to a test with few variations in the acquisition 
process (uniform illumination, no occlusions). We also use the information of the 
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annotated eyes, without adding any noise. It can be observed that: (i) The results ob-
tained with our own implementation of the methods are consistent with those of other 
studies. The best H-X-X flavors were achieved in the 203x251 face images case, a 
similar performance (97%) to that in the original work [11]. Best GJD-X-X flavors 
achieved a slightly lower performance (97.6% vs. 99.5%) than in the original work 
[8]. There are no reports of the use of the generalized PCA or SIFT methods in these 
datasets; (ii) The performance of the GJD-X-X and SD-X methods depends largely on 
the size of the cropped images. Probably because the methods use information about 
face shape and contour, which do not appear in the 100x185 images; and (iii) The best 
results (~97.5%) were obtained by the H-XS-80, GJD-BC-G and SD-S methods 
(203x251 size). Nevertheless, other H-X-X, GJD-X-X and SD-X variants also got 
very good results. Interestingly, some H-X-X variants got ~97% even using 100x185 
size images. 

Eye Detection Accuracy. Most of the face-recognition methods are very sensitive to 
face alignment, which depends directly on the accuracy of the eye detection process; 
eye position is usually the primary, and sometimes the only, source of information for 
face alignment. For analyzing the sensitivity of the different methods to eye position 
accuracy, we added white noise to the position of the annotated eyes in the fb images 
(see example in fig. 1 (d)). The noise was added independently to the x and y eye po-
sitions. Table 1 shows the top-1 RR (Recognition Rate) achieved by the different 
methods. Our main conclusions are: (i) SD-X methods are almost invariant to the po-
sition of the eyes in the case of using 203x251 face images. With 10% error in the 
position of the eyes, the top-1 RR decreases less than 2%. The invariance is due to the 
fact that this method aligns test and gallery images by itself; and (ii) In all other cases 
the performance of the methods decreases largely with the error in the eye position, 
probably because they are based on the match between holistic or feature-based repre-
sentation of the images. However, if the eye position error is bounded to 5%, results 
obtained are still acceptable (~92%) by some H-X-X variants using 100x185 face 
images. 

Partial Face Occlusions. For analyzing the behavior of the different methods in re-
sponse to partial occlusions of the face area, fb face images were divided into 10 dif-
ferent areas (2 columns and 5 rows). One of these areas was randomly selected and its 
pixels set to 0 (black). See example in Figure 1 (e). Thus, in this test each face image 
of fb has one tenth of its area occluded. Table 1 shows the top-1 RR achieved by the 
different methods. The main conclusions are: (i) Some H-X-X variants are very robust 
to face occlusions (e.g. H-HI-10, H-MSE-10, H-X-80) independent of using face im-
ages of 100x185 or 203x251 pixels. The same happens with SD-X methods in the 
case of 203x251 size images; (ii) H-X-80 methods achieve a top-1 RR of about 95% 
using images of either 100x185 or 203x251 pixels; and (iii) The performance of all 
GJD-X-X variants decreases largely (in more than 20% of the RR) with face occlu-
sions. The performance of PCA-based methods decreases in about 10% of the RR. 

Variable Illumination. Variable illumination is one of the factors with strong influence 
in the performance of face-recognition methods. Although there are some specialized 
face databases for testing algorithm invariance against variable illumination (e.g. PIE, 
YaleB), we choose to use the fa-fc test set, because (i) it considers a large number of 
individuals (394 versus 10 in Yale B and 68 in PIE), and (ii) the illumination conditions 
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are more natural in the fc images. Table 1 shows the top-1 RR achieved by the different 
methods in this test. The main conclusions are: (i) The results obtained with our own 
implementation of the methods are consistent with those of other studies. The best H-
X-X flavors achieved in the 203x251 face images case, show a higher performance 
(89.7% vs. 79%) than the original work [11]. The best GJD-X-X flavors achieved a 
slightly lower performance (94.1% vs. 99.5%) than the original work [8]. There are 
no reports of the use of the generalized PCA or SIFT methods in the same database; 
(ii) Best performance is achieved by the GJD-BC-G and H-XS-80 methods, both of 
them using 203x251 images; (iii) In all cases much better results were obtained using 
larger face images (203x251); (iv) PCA-X-X and SD-X methods show a lower per-
formance in this dataset; and (v) H-X-X methods with a large number of partitions 
show better performance than variants with a low number of partitions (~89.7% vs. 
49.5%) in the case of using 203x251 images. 

Table 1. FERET fa-fb and fa-fc test. Top 1 recognition rate. Noise in eye positions and face 
occlusion is tested in some experiments. O: Original. OC: Original + Occlusion. 

100x185 203x251 

fb fb 

Noise in eye positions Noise in eye positions 
Method 

O 
2.5% 5% 10% 

OC 
fc 

O 
2.5% 5% 10% 

OC 
fc 

H-HI-10 95.7 95.1 91.4 81.8 93.7 12.9 95.1 20.1 18.7 14.7 93.1 49.5 
H-MSE-10 95.7 95.1 91.4 81.8 93.7 12.9 95.1 20.1 18.7 14.7 93.1 49.5 
H-XS-10 95.7 94.7 92.7 82.3 79.8 13.9 95.5 36.2 33.9 28.4 82.9 61.9 
H-HI-40 92.3 88.8 78.5 55.1 75.0 22.7 87.0 19.0 16.0 9.0 69.6 59.8 
H-MSE-40 92.3 88.8 78.5 55.1 75.0 22.7 87.0 19.0 16.0 9.0 69.6 59.8 
H-XS-40 92.4 86.9 76.3 54.0 74.1 21.1 90.3 38.7 32.2 20.9 71.6 60.8 
H-HI-80 96.9 96.1 91.3 74.9 95.9 49.5 97.0 32.6 30.0 21.4 94.2 83.0 

H-MSE-80 96.9 96.1 91.3 74.9 95.9 49.5 97.0 32.6 30.0 21.4 94.2 83.0 
H-XS-80 96.7 95.1 90.0 71.2 94.8 50.0 97.5 67.1 62.5 46.8 96.2 89.7 
PCA-MSE-200 73.1 55.9 40.7 16.2 63.6 52.1 --- --- --- --- --- ---- 
PCA-MSE-500 76.1 60.3 42.9 16.0 64.9 57.2 --- --- --- --- --- --- 
GJD-BC-G 69.3 65.4 57.9 33.1 47.5 32.5 97.6 86.7 80.2 51.1 73.4 94.1 
GJD-BC-L1 67.1 62.8 54.6 30.3 46.2 36.6 93.2 70.6 59.6 31.2 77.7 82.0 
GJD-BC-L2 69.4 65.6 57.2 32.5 47.4 36.6 95.1 75.4 65.3 37.5 82.8 86.1 
SD-FULL 74.3 75.7 73.5 71.5 67.3 7.7 97.1 96.2 95.7 95.3 95.6 67.5 
SD-SIMPLE 73.1 75.3 73.1 71.0 68.6 5.7 97.5 96.7 96.4 96.2 95.3 63.9 

3.2   Experiments Using Automated Face and Eye Detection 

For testing the methods under more real conditions, experiments using faces and eyes 
automatically detected by a state of the art detector [15] were carried out. As in the 
former section, experiments were performed using the fa-fb and fa-fc test sets. In the 
fa and fb sets 1,183 of 1,195 face images that appear simultaneously in both sets were 
detected. In the fa and fc sets 193 of 194 face images that appear simultaneously in 
both sets were detected. That means that the maximal top-1 RR that the methods can 
achieve is 99% and 99.5% in fa-fb and fa-fc, respectively. Table 2 shows the obtained 
top-1 RR, for two different face image sizes. From these results we can conclude: (i) 
In the fa-fb experiments, the best results were obtained by the H-X-80 and SD-X 
methods, using 203x251 size images (~95%). Second best results were obtained by 
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Table 2. FERET fa-fb and fa-fc tests. Top 1 recognition rate. Experiments were performed with 
automatically detected eyes. 

100 x 185 203 x 251 
Method 

fa-fb fa-fc fa-fb fa-fc 

H-HI-10 88.9 8.8 91.9 29.0 

H-MSE-10 88.9 8.8 91.9 29.0 

H-XS-10 89.0 9.9 93.0 28.0 

H-HI-40 85.2 20.7 82.2 39.4 

H-MSE-40 85.2 20.7 82.2 39.4 

H-XS-40 84.1 18.7 84.5 43.0 

H-HI-80 92.7 30.1 94.4 52.3 

H-MSE-80 92.7 30.1 94.4 52.3 

H-XS-80 92.6 32.1 95.5 65.8 

PCA-MSE-200 60.6 47.7 --- --- 

PCA-MSE-500 64.0 51.8 --- --- 

GJD-BC-G 73.8 40.4 87.6 74.6 

GJD-BC-L1 72.9 42.0 62.3 36.3 

GJD-BC-L2 74.1 43.0 66.0 37.3 

SD-FULL 73.4 9.8 95.4 64.5 

SD-SIMPLE 73.0 8.3 95.9 62.9 

H-X-10 methods (~93%). In third place came GJD-X-X methods (~87%); (ii) In the 
fa-fc experiments, best results were obtained by the GJD-BC-G method (74.6%) using 
203x251 image sizes. Second best results were obtained by H-XS-80 and SD-X 
methods; (iii) For most of the methods, better results were obtained when using 
203x251 images. Larger variability in the results with the size of the images was ob-
served in fa-fc experiments; (iv) Interestingly, in the fa-fc experiments, when using 
100x185 images, the best results were obtained by the PCA methods. 

3.3   Computational Performance 

As already mentioned, in HRI applications it is very important to achieve real-time 
operation. In addition, the memory required by the different methods is very impor-
tant in some mobile robotics applications where memory is an expensive resource. 
Table 3 shows the computational and memory costs of the different methods under 
comparison when images of 100x185 are considered. For the case of measuring the 
computational costs, we considered the feature-extraction time (FET) and the match-
ing time (MT). In the case of measuring memory costs, we considered the database 
memory (DM), which is the required amount of memory for having the whole data-
base (features) in memory, and the model memory (MM), which is the required 
amount of memory for having the method model, if any, in memory (PCA matrices 
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Table 3. Computational and memory costs. FET: Feature Extraction Time. MT: Matching 
Time. PT: Processing Time. DM: Database Memory. MM: Model Memory. TM: Total Mem-
ory. Time measures are in milliseconds, memory measures are in Kbytes. DB sizes of 1, 10, 
100 and 1,000 faces are considered. An image size of 100x185 pixels is considered. 

PT (FET+MT) TM (DM+MM) 
Method FET MT 

1 10 100 1000
DM MM 

1 10 100 1000 

H-X-10 15 0.11 15 16 26 120 11 0 11 110 1100 11000 

H-X-40 15 0.29 15 18 44 305 41 0 41 410 4100 41000 

H-X-80 15 0.42 15 19 57 435 80 0 80 800 8000 80000 

PCA-MSE-200 170 0.02 170 170 172 190 0,8 137800 137801 137808 137878 138585 

PCA-MSE-500 360 0.02 360 360 362 380 2 137800 137802 137820 137996 139757 

GJD-BC-G 50 0.25 50 53 75 300 33 1240 1273 1572 4559 34427 

GJD-BC-L1 35 0.18 35 37 53 215 22 1240 1262 1462 3465 23490 

GJD-BC-L2 40 0.20 40 42 60 240 26 1240 1266 1498 3818 27021 

SD-X 4.7 1.03 6 15 108 1036 428 0 428 4284 42845 428451 

for the PCA case, and filter bank for the Gabor methods). We show the results for 
databases of 1, 10, 100 and 1000 individuals (face images). 

If we consider that in typical HRI applications the database size is in the range 10-
100 persons, the fastest methods are the H-X-X ones. The second fastest methods are 
the GJD-X-X ones. To achieve real-time operation with a database of 100 or fewer 
elements, all methods are suitable, except PCA-based methods. In databases of 10-
100 individuals, H-X-X and GJD-X-X are suitable since they require less than 8 
MByte of memory (they do not need to keep a model in memory). In the case of H-X-
X methods, the required memory increases linearly with the number of partitions. 

4   Comparative Study Using a Real HRI Database  

We built the UCHFaceHRI database for comparing face analysis methods in tasks 
such as face detection, face recognition, and relative pose determination using face 
information. The database contains images from 30 individuals which were taken 
under several relative camera-individual poses (see Figure 2), in outdoor and indoor 
environments. Five different face expressions were considered for the case of the 
frontal face. For the experiments reported here the following tests were carried out: 
D-I: Distance Indoor and D-O: Distance Outdoor, using images acquired in points 
P10, P11 and P12 of the distance tests (fig 2.a). D-I* and D-O*, same as D-I and D-O, 
but using only images acquired in P12. R-I: Rotation-Indoor and R-O: Rotation-
Outdoor, using images acquired in points P4, P5 and P6 of the out-of-plane rotation 
tests (Figure 2.b). E-I: Expression-Indoor and E-O: Expression-Indoor, using images 
containing 5 different face expressions, acquired at point P12 of the distance tests 
(Figure 2.a). Table 4 shows the top-1 recognition rates obtained in these tests. Main 
conclusions are: (i) In the D-I tests most of the methods show a similar performance, 
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(a) 

 
(b) 

Fig. 2. Experimental setup for image acquisition at different distances (a) and angles (b). Ar-
rows indicate the angular pose of the subjects. Distance/angle is indicated in centime-
ter/degrees. (a) Cartesian coordinates of acquisition points:  P1 (1088,90), P2 (906,180), P3 
(785,0), P4 (755,151), P5 (665,-51), P6 (574,30), P7 (514,181), P8 (423,-181), P9 (332,-61), 
P10 (272,30), P11 (181,-61), and P12 (90,0). (b) Polar coordinates of acquisition points: P1 
(90,90°), P2 (90,45°), P3 (90,30°), P4 (90,15°), P5 (90,0°), P6 (90,-15°), P7(90,-30°), P8(90,-
45°), and P9 (90,-90°). 

Table 4. UCHFaceHRI tests. Top 1 recognition rate. Experiments are performed with detected 
eyes. 
 

100 x 185 
Method 

D-I D-I* D-O D-O* E-I E-O R-I R-O 

H-HI-10 65.6 93.3 33.3 56.7 95.0 52.0 79.3 60.9 

H-MSE-10 65.6 93.3 33.3 56.7 95.0 52.0 79.3 60.9 

H-XS-10 72.2 93.3 34.4 46.7 92.5 50.0 79.3 56.3 

H-HI-40 63.3 90.0 32.2 53.3 77.5 40.7 49.4 29.9 

H-MSE-40 63.3 90.0 32.2 53.3 77.5 40.7 49.4 29.9 

H-XS-40 61.1 90.0 33.3 53.3 76.7 40.7 55.2 33.3 

H-HI-80 68.9 96.7 43.3 66.7 93.3 64.0 81.6 72.4 

H-MSE-80 68.9 96.7 43.3 66.7 93.3 64.0 81.6 72.4 

H-XS-80 74.4 96.7 42.2 60.0 90.0 45.3 77.0 66.7 

PCA-MSE-200 67.8 93.3 27.8 36.7 58.3 26.0 51.7 33.3 

PCA-MSE-500 68.9 93.3 33.3 50.0 62.5 30.0 51.7 35.6 

GJD-BC-F 53.3 100.0 41.1 76.7 76.7 50.7 65.5 46.0 

GJD-BC-L1 50.0 93.3 36.7 70.0 72.5 41.3 55.2 40.2 

GJD-BC-L2 53.3 93.3 38.9 73.3 74.2 48.7 63.2 43.7 

SD-FULL 66.7 83.3 7.8 10.0 75.0 4.7 67.8 4.6 

SD-SIMPLE 66.7 83.3 8.9 10.0 75.8 6.0 66.7 9.2 

except for the case of GJD-X-X. The reason seems to be the small size of the images 
obtained in P10 and P11. When these two locations are not considered (D-I* tests), the 
performance was increased largely by all methods. The best performance was obtained 
by GJD-BC-G and H-X-80 methods; (ii) When the same experiments are carried out in 
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outdoor conditions, with variable sun light (D-O and D-O*), the performance decreases 
greatly, showing that all the methods are sensitive to irregular illumination. Under these 
conditions, the best results are obtained again by GJD-X-X (70%-76.7%) and H-X-80 
(60%-66.7%) methods. Interestingly, the worse performance is shown by SD-X meth-
ods, showing that SIFT methods are very sensitive to outdoor illumination conditions; 
(iii) In the expression tests, the methods show a similar behavior to those in the occlu-
sions tests (Table 1), because in both cases the face structure is altered. Best perform-
ance, in both indoor and outdoor conditions, is achieved by H-X-10 and H-X-80. In 
indoor conditions, both methods are almost insensitive to face expressions; and (iv) In 
the out-of-plane rotations tests (R-I and R-O), all methods show sensitivity to the rota-
tion angle. The performance decreases in all cases. Acceptable results are only obtained 
by H-X-10 and H-X-80 methods (~80%). 

5   Conclusions 

In this article, a comparative study among face-recognition methods for HRI applica-
tions was presented. The analyzed methods were selected by considering their suit-
ability for HRI use, and their performance in former comparative studies. The 
comparative study includes aspects such as variable illumination, facial expression 
variations, face occlusions, and variable eye detection accuracy, which directly influ-
ences face alignment precision.  

It is difficult to select the best method, because the same method did not always 
obtain the best results in each test. However, we can say that H-X-80 methods show a 
high performance in most of the tests, being robust to alignment errors, face occlu-
sions, expression variations and out-of-plane rotations, and showing an acceptable 
behavior in variable illumination conditions. In addition, their computational and 
memory requirements are adequate for HRI use. A second interesting family of meth-
ods is the GJD-X-X, which shows excellent performance under variable illumination. 

As future work, we would like to extend this study by considering other methods 
and performing a deeper analysis of the results. 
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