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Abstract. The design of image-based soft-biometrics systems highly depends 
on the human factor analysis. How well can human do in gender/ethnicity rec-
ognition by looking at faces in different representations? How does human rec-
ognize gender/ethnicity? What factors affect the accuracy of gender/ethnicity 
recognition? The answers of these questions may inspire our design of com-
puter-based automatic gender/ethnicity recognition algorithms. In this work, 
several subjective experiments are conducted to test the capability of human in 
gender/ethnicity recognition on different face representations, including 1D face 
silhouette, 2D face images and 3D face models. Our experimental results pro-
vide baselines and interesting inspirations for designing computer-based face 
gender/ethnicity recognition algorithms.  
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1   Introduction 

Humans are quite accurate when deciding the gender of a face even when cues from 
makeup, hairstyle and facial hair are minimized [1]. Bruce et al. showed that cues 
from features such as eyebrows and skin texture play an important role in decision 
making as the subjects were less accurate when asked to judge a face based solely 
upon its 3D shape representation compared to when 2D face images (with hair con-
cealed and eyes closed) were present.  According to [1], the average male face differs 
from an average female face in 3D shape by having a more protuberant nose/brow 
and more prominent chin/jaw.  

The results from [2] shows that both color and shape are vital for humans in decid-
ing the gender and ethnicity from a 2D face image. Color was more important factor 
in gender decisions while shape was more important in deciding ethnicity. However, 
when the both sources of information were combined, the dominant source depended 
on viewpoint. Shape features proved to be more important in angled views while the 
color in full-face view. 
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Males, females and different ethnicities also differ in silhouetted face profile, 
which can be represented in 1D stimulate. For instance, the ridge of the bone above 
the eye is more pronounced in males [3]. Also the forehead in case of males is back-
ward sloping while that of the females tends to be more vertical. The female nose 
tends to be more concave and straighter. The distance between top lip and base of the 
nose is usually longer in males. The chins of males are much taller than in females.  

Overall, humans are able to determine the facial categorization by 3D, 2D and 1D 
cues or their combination. Different to the case of humans, gender and ethnicity rec-
ognition present two of the major challenges of human face analysis in human com-
puter interface researches. Gender recognition is useful in face recognition as it can 
reduce the problem to matching the face with almost half of the database (if both the 
genders have equal probability of occurrence in the database). Ethnicity identification 
will reduce the problem even further. Gender and Ethnicity recognition can also be 
useful in Human Computer Interface (HCI). The computer shall adapt to the person’s 
gender and ethnic group in terms of speech recognition or offering the person options 
which is more specific and useful to a particular gender or ethnicity. 

The earliest technique for gender classification was based upon neural networks 
[4]. SEXNET, a fully connected two-layer network, was incorporated in [5] to iden-
tify gender from face. A PCA based representation along with radial basis functions 
was employed by Abdi et al. [6]. A mixed approach based upon collection of neural 
networks and decision trees was employed by Gutta et al. [7].  In [8], a multi-layered 
neural network is used to identify gender from multi-resolution face images. Better 
performance has also been claimed by O’ Toole et al. [9] using PCA and neural net-
works. In [10], Jain et al. used Independent Component Analysis (ICA) to represent 
each frontal face image as a low-dimensional feature vector for gender identification. 
They reported superior performance of their approach using support vector machine 
in ICA space with a 96% accuracy rate. In [11], a skin-color based approach has been 
employed for gender identification. 

2   Setup of Subjective Experiments 

2.1   Test Face Samples 

The face data used in the subjective experiments were collected by our group with Cy-
berware 3D laser scanner [12]. We randomly selected 100 3D face data samples with 
balanced ethnicities. Some examples of the face representations are shown in Fig. 1.  
The gender and ethnic groups’ distribution of the face data are shown in Fig. 2. 

 

Fig. 1. Different face representations of different faces: silhouette, 2D image, and 3D model 
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Fig. 2. Gender and ethnics group distribution of the test face 

These 100 face data were randomly divided to 3 groups and each group was shown 
either in silhouette, 2D Face Images or 3D face models representation to each subject. 
The partition of the data is shown in Table 1. 

Table 1. The partition of the test face data 

Sample Groups Number of Samples 

SaG#1 33 (#1~#33) 
SaG#2 33 (#34~#66) 

SaG#3 34 (#67~#100) 
Total: 100 

2.2   Subjects 

Twenty-one graduate students attended the experiments as subjects. They belonged to 
either “East and South East Asian” or “Indian” or “White” ethnic category. We ran-
domly divided these subjects to 3 groups as shown in Table 2. 

Table 2. The partition of the subjects 

Subject Groups Number of Subjects 
SuG#1 8 
SuG#2 6 
SuG#3 7 
Total: 21 

2.3   Experiments 

In the subjective experiments, each subject group was shown three different sample 
groups in different face representations as shown in Table 3. In this manner, each sub-
ject labeled 100 faces, which were grouped into three groups and shown in profile sil-
houette, 2D Frontal Image or 3D respectively. Each face was shown in three different 
representations to different subjects, but different representations of a face did not ap-
pear in the same test set for a subject. Each face representation was labeled by at least 
six subjects. 
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Table 3. The task assignment of different subject groups 

Subject Groups Silhouette 2D texture 3D 
SuG#1 SaG#3 SaG#2 SaG#1 
SuG#2 SaG#1 SaG#3 SaG#2 
SuG#3 SaG#2 SaG#1 SaG#3 

Each subject was requested to provide his/her gender and ethnic group information 
before the experiment. For each face shown on the screen, every subject was asked to 
judge its gender and ethnicity and specify his/her confidence level of the answer. For 
gender, the answers could be male or female. For ethnicity, the answers could be one 
of the following: Black (African or African American), East and Southeast Asian 
(Chinese, Japanese, Korean, Vietnamese, Filipino, Singaporean ... American Indian), 
South Asian (Indian, Pakistani ...), White (Caucasian, Hispanic/Latino, Middle East-
ern). And the confidence level of above answers could be “Purely guess”, “Not sure”, 
“Kind of sure” or “Pretty sure”.  A screen shot of the experiment program interface is 
show in Fig. 3, where a profile face is shown. 

 

Fig. 3. The experiment program interface 

Table 4. Overall accuracy of gender/ethnicity recognition 

Gender Ethnicity Accuracy(%) 
Mean StdDev Mean StdDev 

Silhouette 57.63% 9.43% 45.08% 18.75% 
2D Image 89.41% 6.14% 80.40% 13.52% 

3D 92.29% 4.93% 86.00% 12.85% 
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3   Experimental Results 

3.1   Performance Comparison on Different Face Representations 

Most of the subjects finished labeling the 100 face samples in 20 minutes. The median 
time they spent was 896 seconds. Here we didn’t use average time because average 
number is sensitive to outliers. The accuracy of gender and ethnicity recognition was 
calculated as the ratio between the number of correctly recognized face samples and 
the total sample number. The overall accuracies of gender recognition on different 
face representations are shown in Table 4. 

It can be seen from these experimental results that gender recognition by human 
based on silhouette is only a little bit better than chance, which is lower than the accu-
racy claimed in [13]. On the other hand, ethnicity recognition based on silhouette is 
significantly above chance. Based upon 2D Image and 3D information, both gender 
and ethnicity recognitions are pretty accurate. The confusion matrices on gender rec-
ognition of different face representation are shown in Table 5. We can see that male 
faces are better recognized than female faces. As [13] suggested, the reason is that 
male faces have larger variances on shape and appearances.  

The confusion matrices on ethnicity recognition are shown in Table 6. From the 
confusion matrices on ethnicity, we can see that: Based on silhouette (1D shape), 
Indians are similar to White and East Asian people; Based on 2D image (texture), 
Black and Indian are not well separated; Based on 3D information (shape and tex-
ture), Black and Indian are better recognized.  

Table 5. Confusion matrices on gender recognition based on different face representations 

 Recognized As 
Profile Silhouette Male Female 

Male 63.73% 36.27% GroundTruth 
Female 52.03% 47.97% 

2D Frontal Face Image Male Female 
Male 94.78% 5.22% GroundTruth 

Female 18.77% 81.23% 
3DFace(Shape+Texture) Male Female 

Male 95.33% 4.67% GroundTruth 
Female 12.55% 87.45% 

The confusion matrices of the ethnicity recognition accuracy with respect to the 
subjects from different ethnic group are compared in Table 7. It can be clearly seen 
that subjects from different ethnic groups recognize the faces of their own ethnic 
group more accurately. 
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Table 6. Confusion Matrices on ethnicity recognition based on different face representations 

 Recognized As 
Profile Silhouette White EastAsian Indian Black 

White 64.31% 17.56% 13.47% 4.67% 
EastAsian 25.13% 48.55% 11.71% 14.61% 

Indian 47.97% 26.26% 17.67% 8.09% 

Ground 
Truth 

Black 8.75% 14.39% 21.87% 54.99% 
2D Frontal Face Image 

White 83.14% 8.70% 8.17% 0.00% 
EastAsian 5.04% 92.74% 1.68% 0.55% 

Indian 13.24% 5.97% 60.28% 20.51% 

Ground 
Truth 

Black 1.10% 2.72% 14.05% 82.14% 
3D Shape + Texture 

White 90.58% 7.07% 2.34% 0.00% 
EastAsian 3.45% 95.38% 1.16% 0.00% 

Indian 14.86% 2.28% 75.43% 7.43% 

Ground 
Truth 

Black 1.13% 2.21% 13.32% 83.34% 

Table 7. Confusion Matrix of different subject ethnic group based on 3D face representation 

 Recognized As 

Indian subjects: White EastAsian Indian Black 

White 100.00% 0.00% 0.00% 0.00% 

EastAsian 5.57% 94.43% 0.00% 0.00% 

Indian 0.00% 0.00% 100.00% 0.00% 

Groud 
Truth 

Black 0.00% 0.00% 3.34% 96.66% 
Chinese subjects: 

White 89.31% 8.03% 2.66% 0.00% 

EastAsian 1.74% 97.41% 0.85% 0.00% 

Indian 15.33% 2.41% 72.57% 9.70% 

Groud 
Truth 

Black 0.85% 2.59% 18.28% 78.27% 

Western subjects: 
White 90.46% 7.16% 2.39% 0.00% 

EastAsian 7.33% 90.23% 2.44% 0.00% 

Indian 14.28% 2.04% 81.63% 2.04% 

Groud 
Truth 

Black 2.86% 2.86% 5.73% 88.55% 

3.2   Performance Comparison of Different Subjects 

Among the 21 subjects, the best overall performance of gender and ethnicity recogni-
tion is 84%. And the average recognition accuracies of gender and ethnicity recogni-
tion are 79.76% and 70.48%. More detailed information about the performance of 
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different subjects is shown in Table 8, Fig. 4, Fig. 5 and Fig. 6; from which we can 
see that there is no strong correlation between the ethnic group of the subjects and 
their overall recognition performances.  

Table 8. Top ranked subjects on gender and ethnicity recognition accuracy 

Accuracy Rank Subject No. 
Gender Ethnicity Overall 

1 #7, East Asia 85.00% 83.00% 84.00% 
2 #9, White 83.00% 78.00% 80.50% 
3 #21, Chinese 79.00% 80.00% 79.50% 
4 #15, White 83.00% 75.00% 79.00% 
5 #6, Indian 86.00% 71.00% 78.50% 

Mean Accuracy of All Subjects 79.76% 70.48% 75.12% 
Std. Dev. of All Subjects 3.95% 8.45% 4.72% 

Max Accuracy of All the 21Subjects 86.00% 83.00% 84.00% 
Min Accuracy of All the 21Subjects 73.00% 47.00% 63.00% 
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Fig. 4. Performance of gender and ethnicity recognition of different subjects 
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Fig. 5. Gender recognition accuracy of different subjects on different face representations 

3.3   Improving the Performance by Combining Multiple Results  

In the end, we tried to combine the recognition results of all the subjects by majority 
vote to see whether this would improve the accuracy of gender and ethnicity recogni-
tion. Here each face sample had at least 6 votes in one representation. If there is a tie, 
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Ethnicity Recognition Accuracy of Different Subjects
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Fig. 6. Ethnicity recognition accuracy of different subjects on different face representations 

we would randomly select a result as the decision. We could either vote on the same 
representation or vote across different representations. The results of voting on same 
representation are shown in Table 9. The results of voting across different representa-
tions are shown in Table 10. 

Table 9. Combining the recognition results 

Gender Ethnicity Accuracy(%) 
Average Vote Average Vote 

Silhouette 57.63% 58% 45.08% 55% 
2D Image 89.41% 96% 80.40% 83% 

3D 92.29% 97% 86.00% 93% 

Table 10. Combining the recognition results across different representations 

Accuracy(%) Gender Ethnicity 
sil+2D+3D 94% 90% 

sil+2D 91% 83% 
sil+3D 91% 89% 
2D+3D 95% 91% 

From above results, we can observe that, 1) Voting on gender based on silhouette 
doesn’t help much. 2) Voting on ethnicity based on silhouette increases the accuracy 
about 10%; 3) Voting on gender/ethnicity based on 2D/3D also improves the accu-
racy; 4) Combining Silhouette, 2D or 3D does not improve the accuracy. These ob-
servations inspire us that if we design multiple classifiers based on different facial 
feature/representations, their result combination will be better than single classifier on 
single type of feature. 

4   Conclusions 

In this work, several subjective experiments were conducted to test the capability of 
human in gender/ethnicity recognition on different face representations. Based on 
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these results, following conclusions can be made: 1) Gender recognition based on 
silhouette is slightly better than chance, which indicates the difficulty of silhouette 
based gender recognition algorithms; 2) Ethnicity recognition based on silhouette is 
well above chance; 3) Gender/Ethnicity recognition base on 2D/3D information are 
very accurate. The more information we have, the better the accuracy is; 4) Male 
faces are better recognized than female faces; 5) Indian faces are better recognized 
based on 3D information (in balanced ethnic distribution); 6) Subjects from different 
ethnic groups recognize the faces more accurately from their own ethnic group. 

Although above conclusions are drawn from subjective experiments, i.e., the gen-
der/ethnicity recognition is performed by human subjects; computer-based automatic 
gender/ethnicity recognition algorithms can benefit from these conclusions to infer 
the effective face representations and discriminant features. That is, computers can 
“learn from human”.  Some very encouraging results have already been achieved by 
our group on silhouetted face profiles. The features used in these experiments were 
primarily shape context features [14]. In the near future, our plan is to do experiments 
on other views and come up with an improved classifier for automatic gender and 
ethnicity identification. 
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