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Abstract
In recent years, development of the machine learning algorithms has led to the creation of intelligent surveillance systems.
Thanks to the machine learning, it is possible to perform intelligent surveillance by recognizing people's facial features,
classifying their age and gender, and detecting objects around instead of ordinary surveillance. In this study, a novel
algorithm has been developed that classifies people's age and gender with a high accuracy rate. In addition, a novel object
recognition algorithm has been developed that detects objects quickly and with high accuracy. In this study, age and
gender classification was made based on the facial features of people using Convolutional Neural Network (CNN)
architecture. Secondly, object detection was performed using different machine learning algorithms and the performance
of the different machine learning algorithms was compared in terms of median average precision and inference time. The
accuracy of the age and gender classification algorithm was tested using the Adience dataset and the results were graphed.
The experimental results show that age and gender classification algorithms successfully classify people's age and gender.
Then, the performances of object detection algorithms were tested using the COCO dataset and the results were
presented in graphics. The experimental results stress that machine learning algorithms can successfully detect objects.
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Machine learning defines the study of computer algorithms which can be automatically improved
through experience and by the use of data [1]. In our era, machine learning has two main missions,
one is to classify data according to developed models and the other is to make predictions for future
outcomes based on these models. Thanks to classification algorithms, people's faces, age, gender,
human behavior and objects can be classified [2]. In this study, an algorithm that recognizes facial
features of people and classifies their age and gender has been developed with the help of machine
learning. In addition, in the second part of the study, algorithms that recognize objects with machine
learning have been developed. Face detection and facial feature extraction are significant for the face
tracking, facial expression recognition and face recognition. Facial feature extraction plays a crucial
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role in the areas of human computer interaction [3], video monitoring and person identification [4]. Age
and gender classification algorithms are mainly based on the identification of facial features [5].
Viola et al. [23] developed the Viola Jones algorithm with the aim of face detection. This algorithm
consists of four steps. In stage 1, face images are determined using Haar features. In step 2, the speed
of calculating Haar features is reduced by using integral images. In step 3, using a cascaded AdaBoost
classifier, a face dataset is trained. In step 4, a trained detection classifier is used to detect the final face
image [6].
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Gupta et al. [8] combined image processing and pattern recognition methods to extract facial features.
K-mean clustering and morphological techniques are used to determine facial landmarks. Chowdhury
et al. [9] proposed a system that detects facial features by analyzing color components in the images of
human faces.
Ko et al. [10] used facial features to classify age and gender of people. Local Binary Patterns is used
classify gender of young and adult people and Euclidean distance among facial feature points is used to
classify gender of old people. Higashi et al. [11] convolved images with Gabor filters and encoded with
local directional pattern to classify age and gender of people. The dimensions of the image is reduced
by the principal component analysis and support vector machine is used to classify feature vector.
Tang et al. [12] compared the performance of models based on region proposals and the models based
on regression with the aim of object detection. Redmon et al. [13] focused on real-time object
recognition problem and used You Only Look Once (YOLO) architecture for object detection. Li et al.
[14] proposed a light-weight RetinaNet structure with the aim of reducing computation for RetinaNet
for object detection.
In this study, novel algorithm has been developed that extracts facial features of people and classifies
people's age and gender with a high accuracy rate. In this study, face detection, facial features extraction,
age estimation and gender classification are presented using Python and OpenCV programming
languages. Viola-Jones algorithm is used for face detection. Dlib machine learning toolkit is used with
Python and OpenCV for facial features extraction. Convolutional Neural Network (CNN) architecture
is used with the aim of age and gender classification [15]. Secondly, novel object detection algorithms
detect objects quickly and with a high accuracy rate have been developed. The main contributions of
this paper are summarized as follows:
− Machine learning based facial features extraction is achieved.
− A novel algorithm based on CNN has been developed that accurately classifies people's age and gender.
− Novel object detection algorithms have been developed and time response and accuracy of these algorithms have
been compared.

The rest of this study is organized as follows. In Section 2, the methods used in the research are explained
under 3 subheadings. Section 3 gives experimental results of our algorithms. Section 4 discusses the
conclusion of this study.
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Marčetić et al. [7] developed a two stage model with the aim of face detection. While stage 1 depends
on normalized pixel stage and its aim is reduce false negative face detection, stage 2 based on the
deformable part model and decreases false positive detections.

2 | Methods
2.1 | Face Detection and Facial Feature Extraction Algorithm
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Face detection depends on the Viola Jones algorithm. The most important features of this algorithm are
stable and real time. Thanks to these features, the algorithm works quickly and with high accuracy. Viola
Jones algorithm consists of 4 subcomponents. The first of these components is the Haar Cascade. In this
section, a picture placed in the system is scanned with rectangles and operations are performed on the
pixels of the picture. Another subtitle is integral images. In this part of the algorithm, the process of
collecting the pixels from the previous section is performed here in an accelerated manner. The third stage
is the AdaBoost algorithm. The identification and learning of the regions that are candidates for finding
faces in the picture given to the system are done in this section. In the last step of the algorithm, the cascade
classifier operation is performed. In this section, it gives a positive or negative response depending on
whether there is a face in the regions that are determined with the previous steps and are candidates for
face. After all these steps are completed, the face detection process will be completed [16].

Fig. 1. Haar features on a person’s face.

In this study, Dlib library is used to extract facial features of people. Dlib is an independent software library
developed in C++ language and it includes machine learning algorithms. Dlib can also be used in the
Python programming language. This library contains a face pointer data set. This data set contains 68
pointers expressing the human facial features and the boundaries of parts such as mouth, eyes, eyebrows
and nose on the face. Each pointer represents a specific point on the face. Each pointer has (x, y)
coordinates and can be expressed in Eq. (1) [17].
P 1 (x 1 , y 1 ), P 2 (x 2 , y 2 ) … … . P 68 (x 68 , y 68 ).

(1)

2.2 | Age and Gender Classification Algorithm
CNN is a deep learning computer vision algorithm that can detect, classify and reconstruct images with
high accuracy. CNN consists of five steps and takes images as input. The first step is the convolutional
layer step. In this step, low and high level features in the image are extracted with the help of some filters
and thus, the features of the picture given to the system as input are determined. Afterwards, the transition
to the non-linearity layer step is made. The reason for the application of this step is that since all layers
applied before can be a linear function, the neural network can act as if a single perception is made. In this
case, the result can be calculated by the linear combination of outputs. Thus, non-linearity is introduced to
the system. The third step of the algorithm is called the Pooling Layer. In this step, the process of reducing
the slip size of the representation and the number of parameters and calculations in the network is
performed, and the appropriate and unsuitable parts are checked. The next step is Flattening Layer and its
aim is to prepare the data at the input of the fully connected layer. The last and most important step is
called fully connected-layer, in this step, data from the previous layer is taken and the learning process is
performed [18].

Fig. 2. Illustration of the CNN.

2.3 | Object Detection Algorithm
In this part of the study, object detection is performed using RetinaNet and YOLOv3 architectures. The
results obtained were compared in speed and accuracy. Fig. 3 gives a schematic representation of the
RetinaNet architecture. RetinaNet architec-ture consists of 4 basic layers [20].
Bottom-Up pathway. The ResNet backbone network which computes the feature maps at various
scales, regardless of the size of input image or the backbone.
Top-Down pathway and lateral connections. The top-down path upsamples spatially coarser feature
maps from higher pyramid levels, and lateral links join top-down layers and bottom-up layers in the
same spatial dimension.
Classification subnetwork. It estimates the probability of finding an object at each spatial location for
each junction box and object class.
Regression subnetwork. Regresses the offset of bounding boxes from junction boxes for each ground
reality object.

Fig. 3. RetinaNet architecture.
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In our study, CNN algorithm performs age and gender classification with 3 convolutional layers. These
are 2 fully connected layers and a final output layer. The first convolutional layer has 96 nodes with
kernel size 7. The second convolutional layer has 256 nodes with kernel size 5 and the third
convolutional layer has 384 nodes with kernel size 3. Each of the two fully connected layers has 512
nodes. The output layer in the gender classification network is of the softmax type with 2 nodes
specifying two classes, "Male" and "Female". Adience dataset is used to train the model. This should be
approached as a regression problem, as a true and clear number is expected as a result of the gender
estimation. In this solution, estimation is made by classifying age groups. There are 8 classes in the
Adience data set divided into the eight different age groups. These groups are (0-3), (4-6), (7-12), (1319), (20-30), (31-45), (46-59) and (60-100). Therefore, the age classification network has 8 nodes that
show the age ranges specified in the last softmax layer [19].

In this study, the YOLO algorithm was also used for object detection. YOLO is an algorithm that can
detect objects using CNN. It stands for "YOLO". This name was chosen because the algorithm is fast
enough to detect objects in one go. When the YOLO algorithm starts working, it simultaneously detects
objects in images or videos and their coordinates.
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The most important feature that distinguishes YOLO from other algorithms is its real-time object
detection. Although programs capable of real-time object detection such as YOLO have existed before,
the Mean Average Precision (MAP) value is not sufficient for these programs. The reason why the YOLO
algorithm is so fast is that it can predict the class and coordinates of all objects in the picture by passing
the picture through the neural network at once.
There are more advanced versions of the YOLO algorithm, YOLOv2 and YOLOv3. In the YOLOv2
version, the success rate in detecting nearby objects has been increased compared to the previous version.
One of the most important innovations is the integration of the “anchor boxes” feature. Since an output
vector can recognize an object, it becomes a serious problem if there are multiple objects in the same cell.
As a solution, the cell was expanded in width/length with "anchor boxes". These improvements made in
the YOLOv2 version have increased the accuracy rate. The YOLOv3 version was used in this study. This
version is the latest and most advanced version of the YOLO algorithm. The main innovation with this
version is the determination of bounding boxes for different sizes. The base layer structure has been
increased to 53. YOLOv3 has models trained in different layouts. The COCO dataset was used as the
dataset. With the trained models, 80 objects can be detected. Fig. 4 shows the structure of the YOLOv3
architecture [21].

Fig. 4. The structure of the YOLOv3 architecture.

3 | Results
3.1 | Experimental Results of Age and Gender Classification
In this section, experimental results of the face detection, facial feature extraction and age and gender
classification algorithms are presented. Fig. 5 shows the face detection of a single person and a group of
people. Fig. 6 shows the result of the facial feature extraction algorithm. Facial feature algorithm
successfully detects a person’s eyes, mouth, nose and eyebrows. Fig. 7 through Fig. 12 gives the examples
of machine learning based age and gender classification.

Fig. 5. Detecting a single person’s face and a group of people’s faces.
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Fig. 7. Age and gender classification of a young adult and a child via CNN architecture.

Fig. 8. The age and gender classification of four young men via CNN architecture.

Fig. 9. The age and gender classification of two girls and a boy via CNN architecture.

Karahan et al.|J. Fuzzy. Ext. Appl. 3(3) (2022) 219-230

Fig. 6. Facial feature extraction to detect a person’s mouth, nose and eyes; the face on the right
illustrates the detection of eyebrows and the jawline as well.
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Fig. 10. Age and gender classification of a middle aged man, an elderly, and a child.

Fig. 11. Age and gender classification of a young man and a girl.

Fig. 12. Age and gender classification of a girl, a young woman and a middle aged man.

The accuracy of age and gender classification algorithm is tested using Adience dataset [19]. Fig. 13
represents the accuracy of age classification algorithm. The graphic shows accuracy percentage of the
algorithm according to age groups. The situation of estimating the age group of the person with 1 less or
1 more accuracy is shown in the correct & 1-off column on the graphic. One hundredth of the number of
samples used for each age group is shown in the sample space/100 column in the graph. Fig. 14 shows the
accuracy of the gender classification algorithm.

Correct&1-off
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40
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20
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Fig. 13. Accuracy of the age estimation algorithm.
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Fig. 14. Accuracy of the gender classification algorithm.

3.2 | Experimental Results of Object Detection
Fig. 15 shows the detection of objects on a study table using the RetinaNet architecture. In Fig. 16, object
detection was performed using the YOLOv3 architecture in the same photograph. When the two figures
are compared, it is seen that the YOLOv3 algorithm recognizes more objects. While the YOLOv3
algorithm could recognize the books on the shelf above the study table, the RetinaNet algorithm could
not recognize these objects.

Fig. 15. Objects recognized using RetinaNet architecture on the study table.
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Fig. 16. Objects recognized using YOLOv3 architecture on the study table.

Fig. 17 shows the detection of objects in the living room with RetinaNet. Fig. 18 shows the detection of
the same objects with YOLOv3. When the figures are examined, it is understood that the YOLOv3
architecture is more successful. RetinaNet mistakenly recognized the basket in the photograph as a chair.
Also, RetinaNet could not recognize a chair in the photo. YOLOv3 did not misidentify any objects. Also,
YOLOv3 recognized the chair that RetinaNet could not.

Fig. 17. Objects recognized with RetinaNet architecture in the living room.

Fig. 18. Objects recognized with YOLOv3 architecture in the living room.

Fig. 19 shows the detection of objects on the street with the RetinaNet architecture. Fig. 20 shows the
detection of the same objects with YOLOv3. RetinaNet was able to recognize only one car. The YOLOv3
algorithm, on the other hand, was able to recognize all 3 cars in the photograph.
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Fig. 20. Objects recognized with YOLOv3 architecture on the street.

Fig. 21 shows a graph giving the MAP and inference time of different object detection algorithms for
the COCO dataset. When the graph is examined, it is understood that the YOLOv3 algorithm
recognizes faster and with higher precision than other algorithms [22].

Fig. 21. Performance comparison of object detection algorithms.

4 | Conclusion
In this study, face detection, facial feature extraction, age and gender classification and object detection
are presented using Python and OpenCV programming languages. Face detection algorithm can detect
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Fig. 19. Objects recognized with RetinaNet architecture on the street.
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human faces and machine learning based novel facial feature extraction algorithm successfully extracts
mouth, nose, eyebrows and eyes. Our novel CNN architecture performs age and gender classification with
high accuracy. The data on the accuracy rate of age and gender classification are presented on graphics.
Experimental results stress that face detection, facial feature extraction algorithms successfully detect facial
landmarks and age and gender classification algorithm work with high accuracy. RetinaNet and YOLOv3
architectures are used for object detection. The obtained results were compared in terms of MAP and
inference time. As a result of the comparisons, it has been observed that the YOLOv3 algorithm is faster
and works with a higher accuracy rate.
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