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ABSTRACT

The need for age and gender classifications and estimations has become a paramount research areas due to
immense applications that are required for their usage. The applications such as forensic, social media and security
to mention but view have widen researchers’ scope and these have brought an impressive researches in this area.
This paper was not an exception as it was considered to relatively solve some of the challenging problems in
human age forgery and gender misclassification. This research work is aimed at developing a model where age
and gender can be classified using Convolutional Neural Network (CNN) with the objectives of implementing the
model and carried out several evaluation methods. With deep studied of CNN architecture, we got a new idea
which we used in the implementation of this work. We present our Two-in-one Convolutional Neural Network that
can multitask and classified the two tasks as a single task which other traditional algorithms cannot perform. With
our local dataset, a Multi-task CNN Algorithm was used for the development of the model while MATLAB 2018a
was used as the Simulation tool. The results generated from our model was impressive and outperform some other
results gotten from the well-known datasets.

Keywords: Age, Gender, Convolutional Neural Network, Classification.

Journal Reference Format:

0jo, A.l. (2021): Facial Analysis Model for Age and Gender Classifications Using Convolutional Neural Network (CNN). Journal of Behavioural Informatics,
Digital Humanities and Development Research. Vol. 7.No. 1, Pp 57-72  Article DOI No - dx.doi.org/10.22624/AIMS/BHI/V7N1P6

Available online at https://www.behaviouralinformaticsjournal.info

1. INTRODUCTION

Face analysis is one of the currently glowing area of research with applications to emotion prediction, biometric
security, face recognition and identification etc. (Ranja, Sankaranrayanan and Chellapa, 2016). Analysing human
faces is one of the major task in computer vision and image processing (Terhorst, Huber, Kolf, Zelch, Damer,
Kirchbucher and Kuijper, 2019) due to the numerous variations of human expressions that can be challenging.
Though challenging, is still one of the substantial biological traits for identification and recognition (Gan, 2018) and
also proves reliable for age and gender classifications and prediction. Past methodologies for classifying facial
images were based on some of the traditional algorithm (Levi and Hassner, 2015) such as Principal Components
Analysis (PCA), Linear Discriminant Analysis (LDA), K- nearest Number (KNN), Elastic Bunch Graph Matching
(EBGM), Independent Component Analysis (ICA), Artificial Neural Network (ANN) etc. which have helped to
evaluate or match some human traits with the existing stored data in the computer. These algorithms implement
efficient model which are explored in different areas of application such as banking, security firms etc. Amongst
the numerous facial algorithm used for face detection, verification, recognition and emotion classifier which
emerges lately is one of the powerful solution to some problems generated by other facial algorithms.
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These problems include dimensionality problem, bled source separation, unconstrained face detection and others
(Kamencay, Benco, Mizdos and Radil, 2017).. This research works use Convolutional Neural Network (CNN) also
called CovNet as one of the Deep Learning Algorithm a type of Neural Network Algorithm (ANN) for the
implementation of this facial analysis classification for age and gender. CNN methods have proved efficient and
effective by eliminating the shortcomings resulted from other facial algorithms.

2. LITERATURE REVIEW

2.1 Age and Gender Classifications

Age and gender are an important parameters for classifying human beings. Several factors may affect aging such
as health, gene and way of living. Contrary to this, gender may include modernisation and socialisation. Several
works have been done on Age and Gender Classifications with the use of different techniques. Kaur (2017) used
SIFT and morphological algorithm techniques to search for the key features from the images. These key features
are colour and texture of the images, these are then used to detect age and gender while SVM is used as a
classifier. Diri, Onuodu and Kabari (2019) considered the use of a hybrid features extraction in their paper, this
include combination of Active Appearance Model (AAM), Local Binary Pattern (LBP) and Gabon Filter. The AAM
is used as a global facial features extraction for facial shapes, the skin texture feature is extracted by LBP, the
wrinkle is extracted by Gabor filter and age classification utilized SVM. While, Zhang, Tan, Li, and Qiao (2016) in
their paper proposed a deep model that is composed of GNet and SNet for the gender and smile classification
tasks which was leverage on the Multi-task Learning and general-to-specific fine-tuning scheme of model’s
performance.

3. METHODOLOGY

3.1 Description of Data
The dataset use in this study was a local dataset of different faces. This dataset has a range of age classes.

3.2 Image Acquisition

The image dataset consists of 490 facial images with two different facial emotions. Five different augmentations
were performed on the images in other to populate the dataset and also to extract many features. Table 3.1 shows
the total number of the males and females in each of the age bracket.

Table 3.1: Number of images for both males and females

Group Label Age Bracket | Number of Males Number of Females Number of Classes
A 0-3 6 4 10
B 4-7 15 11 26
c 8-12 13 16 29
D 13-17 10 14 24
E 18-24 17 13 30
F 25-29 5 5 10
G 30-34 13 9 22
H 35-39 7 11 18

| 40 - 44 4 6 10
J 45 - 49 21 8 29
K 50 - 54 13 10 23
L 55 - 59 4 1 5

M 60-70 4 4 8

N 71-80 1 - 1
TOTAL 133 112 245
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Fig. 3.1 Sample Untrained Faces

3.3 Feature Extraction

Feature extraction is the process of recognizing relevant parts or areas in the facial images that will enhance in
classifying of the age and gender. The features from the pre-processed images were extracted, the CNN itself
extracts the features and learn (deep learning). The features are extracted from an entire face by the help of a
kernel called convolutional filters or filters for short, these filters convolve round the pixel values generated by the
input images known as feature maps. The MTL-CNN model is to recognize two different attributes simultaneously
in an input image. This approach is aimed at saving both the processing time and system memory. A MTL
framework is used in training a CNN model to simultaneously classify the age and gender attributes of an input
image instead of training separate CNNs for each attribute. The dataset is divided into two; these are ratio 70:30.
The 70% is used for the training while the remaining 30% is used for testing.

3.4 Age Estimation
The MTL-CNN model is to predict the age of the facial image. The loss function used in training for age detection,
L, is a linear combination of the Euclidean loss and Gaussian loss functions given as:

== a)%(y —-d)?’+a (1 —exp (— OHUZ)) (3.1)

202

where y is the predicted age, d is the actual age and ¢ is the standard deviation of the annotated age value. «
is increased to 1 from the initial 0 value during the training.

3.5 Gender Recognition
The MTL-CNN model is to recognize the gender of the facial image. The loss function used for gender attribute,
Lg, is the cross-entropy loss given as:

Ly =—(1—G)log(1— P;) — Glog(Pg) (3.2)
where G = 0 for male and 1 for female. The P;; is the predicted probability that the facial image is a female.

3.6 System Model

The system overview is shown in Figure 3.1 for the classification of a face image by gender and age, the first
step is to acquire the raw input image of a particular resolution/size in RGB format by a digital camera. The raw
image is then passed into the system to crop out the facial region into resolution/size 227x227x3.
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The cropped facial image is augmented so that useful features can be extracted from the images. After the feature

extraction, images are tested and the tested images are then passed into the trained Two-in-One CNN classifier.
The CNN classifier uses the softmax function to predict and display the attributes of gender and age on the test
facial image.

Cropping Augmentation Feature Extraction Train Classifier

Test Classifier
Displayed Classifications

Age & Gender

Figure 3.2 System Model
4. RESULT AND DISCUSSION

The table 4.1 shows the system requirements for the PC used for the simulation and the CNN training parameter
with the description of each of the parameter.

Table 4.1: CNN training parameters for Two-in-one

Parameter Specification

Size of input image 227-by-227-by-3

Number of convolution layers 5

Number of fully connected layers 3

Activation function Softmax

Optimizer Stochastic gradient descent
Momentum 0.9

Maximum epoch 100

Batch size 64

Learning rate 0.00001

PC used for simulation 64-bit OS, Core i5-5200U CPU @ 2.2GHz, 4GB RAM
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4.1 Result of the Implemented Two-in-one Classification (Age and Gender)

Table 4.2: Categorization of Data for Two-in-one (Gender & Age) Classification

Training Class

Gender (Female/Male), Age range

1. Female, {0 - 3}

2. Male, {0-3}

3. Female, {4 - 7}

4. Male, {4-7}

5. Female, {8 - 12}

6. Male, {8-12}

7. Female, {13 - 17}

8. Male, {13-17}

9. Female, {18 - 24}

10. Male, {18 - 24}

1. Female, {25 - 34}

12. Male, {25 - 34}

13. Female, {35 - 44}

14, Male, {35 - 44}

15. Female, {45 - 49}

16. Male, {45 - 49}

17. Female, {50 - 59}

18. Male, {50 - 59}

19. Female, {60 and above}
20. Male, {60 and above}
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Table 4.3: Testing of the Created CNN model for Two-in-one Detection
1=>Female, {0 - 3} ... 20 => Male {60 and above}

Test Image ID Actual or ground truth All-in-one (Predicted by CNN)
1 1 1
2 1 1
3 10 10
4 10 18
25 15 15
26 18 18
27 18 18
28 2 2
29 20 20
45 16 16
46 8 13
47 19 19
66 4 4
67 5 7
68 2 2
125 1 11
126 7 7
127 3 3
220 18 18
221 4 4
243 5 5
243 8 8
244 9 13
245 9 9
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Table 4.4 Results Of The Created CNN Model For Two-In-One Detection

All-in-One | # of | True False Precision | Recall (%) | Accuracy | F1-score
Class images | Positive Negative | (%) (%) (%)
tested
1 5 5 0 100 100 100 100
2 4 3 1 100 100 99.5918 100
3 4 4 0 100 100 100 100
4 6 5 1 71.4286 99.1632 98.7755 83.0413
5 7 6 1 100 100 99.5918 100
6 6 6 0 60 98.3264 98.3673 74.5243
7 4 2 2 40 98.7552 97.9592 56.9378
8 8 5 3 71.4286 99.1561 97.9592 83.0389
9 7 5 2 100 100 99.1837 100
10 7 4 3 66.6667 99.1667 97.9757 99.1667
1 8 3 5 75 99.5781 97.551 85.5589
12 7 3 4 75 99.5798 97.9592 85.5596
13 6 3 3 25 96.2343 95.102 39.689%4
14 6 3 3 50 98.7448 97.551 66.3854
15 8 4 4 40 97.4684 95.9184 56.7219
16 6 3 3 100 100 98.7755 100
17 6 4 2 100 100 99.1837 100
18 7 7 0 38.8889 95.3782 95.5102 55.2503
19 6 3 3 100 100 98.7755 100
20 7 4 3 100 100 98.7755 100
Average 71.05539 | 98.95842 | 97.99365 80.96793
Table 4.5: Comparison of The Training Set And Testing Set
Training set Testing set
Number of images 578 245
Testing time (s) 5524 17.2076
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Table 4.6: Precision Versus Accuracy and True Positive Rate versus False Positive Rate

Recall Precision False Positive Rate True Positive Rate
0.0000 1.0000 0.0000 0.0000
0.2000 1.0000 0.0000 0.1973
0.4000 0.9901 0.0000 0.3760
0.6000 0.9709 0.0000 0.5440
0.8000 0.9371 0.0000 0.6880
1.0000 0.8855 0.0000 0.8032
1.0000 0.8180 0.0042 0.8880
1.0000 0.7409 0.0083 0.9440
1.0000 0.6627 0.0125 0.9760
1.0000 0.5896 0.0167 0.9920
1.0000 0.5260 0.0208 0.9984
1.0000 0.4736 0.0250 1.0000
1.0000 0.4311 0.0292 1.0000
1.0000 0.3958 0.0333 1.0000
1.0000 0.3660 0.0375 1.0000
1.0000 0.3405 0.0417 1.0000
1.0000 0.3183 0.0458 1.0000
1.0000 0.2990 0.0500 1.0000
1.0000 0.2818 0.0542 1.0000
1.0000 0.2666 0.0583 1.0000
1.0000 0.2529 0.0625 1.0000
1.0000 0.2406 0.0667 1.0000
1.0000 0.2295 0.0708 1.0000
1.0000 0.2193 0.0750 1.0000
1.0000 0.2100 0.0792 1.0000
1.0000 0.2015 0.0833 1.0000
1.0000 0.1936 0.0875 1.0000
1.0000 0.1864 0.0917 1.0000
1.0000 0.1796 0.0958 1.0000
1.0000 0.1734 0.1000 1.0000
1.0000 0.1675 0.1042 1.0000
1.0000 0.1621 0.1083 1.0000
1.0000 0.1570 0.1125 1.0000
1.0000 0.1522 0.1167 1.0000
1.0000 0.1476 0.1208 1.0000
1.0000 0.1434 0.1250 1.0000
1.0000 0.1394 0.1292 1.0000
1.0000 0.1356 0.1333 1.0000
1.0000 0.1320 0.1375 1.0000
1.0000 0.1286 0.1417 1.0000
1.0000 0.1254 0.1458 1.0000
1.0000 0.1223 0.1500 1.0000
1.0000 0.1194 0.1542 1.0000
1.0000 0.1166 0.1583 1.0000
1.0000 0.1139 0.1625 1.0000
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Table 4.7: Accuracy and Loss versus Epoch

Epoch Training Accuracy | Testing Accuracy | Training Testing
(%) (%) Loss Loss
1 1.5625 4.0816 4.1712 3.8042
2 1.5625 4.8980 3.8541 3.6744
3 20.3125 12.2449 3.0870 3.3436
4 25.0000 13.0612 2.8193 3.0644
5 28.1250 20.0000 2.7058 2.9082
6 35.9375 27.7551 2.3751 2.6406
7 50.0000 26.9388 1.7366 2.5417
8 51.5625 35.5102 1.6903 2.3118
9 60.9375 35.1020 1.1608 2.3807
10 65.6250 39.1837 1.1358 2.0556
11 70.3125 42.8571 1.0649 1.9814
12 71.8750 44.0816 0.8890 2.0323
13 70.3125 47.3469 1.0267 1.9001
14 78.1250 49.3878 0.7223 1.6836
15 84.3750 55.5102 0.6368 1.6330
16 78.1250 54.6939 0.7546 1.6686
17 78.1250 50.6122 0.5435 1.5967
18 82.8125 54.2857 0.4877 1.7688
19 73.4375 56.3265 0.7189 1.6803
20 75.0000 58.7755 0.6971 1.4579
21 92.1875 53.4694 0.3613 1.6567
22 82.8125 57.9592 0.4948 1.6084
23 87.5000 57.5510 0.4406 1.5924
24 84.3750 62.8571 0.4046 1.4534
25 82.8125 61.2245 0.4883 1.4666
26 92.1875 63.2653 0.2601 1.5399
27 92.1875 68.1633 0.2106 1.5067
28 89.0625 67.3469 0.3826 1.6244
29 85.9375 68.5714 0.3518 1.3615
30 96.8750 66.1224 0.1813 1.5992
31 90.6250 63.2653 0.3018 1.5320
32 95.3125 66.9388 0.1854 1.5938
33 93.7500 64.0816 0.1998 1.5362
34 95.3125 64.0816 0.1367 1.5604
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Table 4.8: Table for epoch and training parameters

Epoch | lteration ;I'sr:::r::gs';'lme Elapsed Mini-batch Loss x;tht::z;h(% ) ::f: Learning
1 1 0.05 4.1712 1.5625 0.001
2 10 177.21 3.8541 1.5625 0.001
3 20 198.32 3.0870 20.3125 0.001
4 30 542.12 2.8193 25.0000 0.001
5 40 706.35 2.7058 28.1250 0.001
6 50 789.41 2.3751 35.9375 0.001
7 60 876.52 1.7366 50.0000 0.001
8 70 951.81 1.6903 51.5625 0.001
9 80 1539.42 1.1608 60.9375 0.001
10 90 1548.65 1.1358 65.6250 0.001
11 100 2181.05 1.0649 70.3125 0.001
12 120 2345.62 1.0267 70.3125 0.001
13 130 2699.12 0.7223 78.1250 0.001
14 140 3041.21 0.6368 84.3750 0.001
15 150 3516.18 0.7546 78.1250 0.001
16 160 3645.50 0.5435 78.1250 0.001
17 170 3646.25 0.4877 82.8125 0.001
18 180 3774.71 0.7189 73.4375 0.001
19 190 3926.13 0.6971 75.0000 0.001
20 200 4132.08 0.3613 92.1875 0.001
21 210 4213.47 0.4948 82.8125 0.001
22 220 4405.13 0.4406 87.5000 0.001
23 230 4450.45 0.4046 84.3750 0.001
24 240 4530.09 0.4883 82.8125 0.001
25 250 4722.29 0.2601 92.1875 0.001
26 260 5037.38 0.2106 92.1875 0.001
27 270 5079.42 0.3826 89.0625 0.001
28 280 5092.37 0.3518 85.9375 0.001
29 290 5193.59 0.1813 96.8750 0.001
30 300 5322.10 0.3018 90.6250 0.001
3 310 5349.50 0.1854 95.3125 0.001
32 320 5448.75 0.1998 93.7500 0.001
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Table 4.9 Confusion matrix for Age+Gender All-in-One CNN
Target Class

-
5-34 . Age:35-44
: Female v Gender: Male

Age:35-44 % | e: . - « Age: 60 - above
Gender: Female & . Gender: Female Gender: Male

Fig. 4.5: Tested Input Sample

4.2 Discussion on Two-in-one Age and Gender Classification

The table 4.1 shows all the categories of data we used for the model and table 4.2 shows the Testimageld(1) that
falls under class 1 was correctly predicted as class 1 image. Whereas in the Testimageld(4) a class 10 image was
wrongly predicted as a class 18 images. So also the Testimageld(46) with a class image of 8 which was predicted
as a class image 13. Those bold numbers were areas where the CNN All-in-one classifier misclassified the true
classes of the images and this variation was because after an epoch, the learning process starts all over again in
the next epoch with adjustment to the weights thereby creating a new set of weights (supposedly a better set) that
map the features from one convolutional layer to the next. The comparison of the testing and training set as shown
in table 4.5 shows that the total number of images used for the training was 578 while testing was 245 with the
testing time of 5524 training time and 17.2076 for testing time. the obvious differences in table 4.7 that shows the
result of the no of epoch, no of the iteration, training time, loss, accuracy and learning rate was that after an epoch
has completed.
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The learning process will start all over again in the next epoch and this will adjusted the weights thereby creating
a new set of weights (supposedly a better set) that map the features from one convolutional layer to the next which
usually brought the variance in the accuracy. Finally, table 4.4 showed the two-in-one age and gender average
performance. These are; for Precision (%)-71.05539; Recall (%)-98.95842; Accuracy (%)-97.99365 and F1-
score (%)-80.96793. The overall average best performance was Recall (%)-98.95842

5. CONCLUSION

In conclusion, the CNN model has a very high accuracy with significantly better performance evaluation for the
two-in-one age and gender percentage are; for Precision (%)-71.05539; Recall (%)-98.95842; Accuracy (%)-
97.99365 and F1-score (%)-80.96793. The overall average best performance was Recall (%)-98.95842. The
outstanding contribution we made in our single two-in-one CNN model is that we are able to detect and classify a
facial image by age and gender whereas, the existing model used a simultaneous display for the output of their
results. In future, we intend to improve our facial images by increasing the number of the augmented images so
that more features can be extracted from the images and to compare our CNN model with other model such as
Kernel Neural Network or ordinary Neural Network.
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