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ABSTRACT: Several studies have been reported on face recognition for the past two decades. Face 

recognition is widely used in suspected person tracking. Tracking a suspected person to identify terrorist 

activity is always important for protecting the world. The entire world is currently facing problems due to the 

coronavirus pandemic. To avoid the spread of suspected coronavirus-positive persons, tracking is an 

important process. The spread of the coronavirus is greater when a suspected or confirmed person attends 

large-crowd events. In such cases, analysis of the patent's presence in that event is important. And all the other 

persons presented thereafter are suspected persons. Therefore, in this paper, an attempt has been made to track 

the person's presence in an event by processing only one image using the Google method named "FACENET". 

Here, a convolutional neural network is used for the identification, along with 128 Euclidean distance 

measurements. The video is taken from YouTube. The accuracy of this method is 90% with a single image. 

The tabular results for the suspected presence are given. 

INDEX TERMS COVID-19, CNN, Image processing, FACENET.  

 

I. INTRODUCTION 

Image processing is one of the most important and highly demanding areas of research for the last few 

decades. Artificial intelligence (AI) techniques and image-processing methods are widely used across 

sectors such as sign language recognition, face recognition, agriculture, and satellite engineering.[11]. A 

convolutional neural network (CNN) is one of the widely used methods in AI [28]. CNNs have been applied 

in several areas, including biomedical signal processing [7], biomedical image processing [13, 18], 

agricultural development [1], satellite image processing [27], and face recognition [3, 25]. The COVID-19 

pandemic is one of the most recent global problems. Many studies have been conducted to address the 

pandemic [10]. These studies aim to generate data on the vaccine, COVID-19 symptoms, the effect of 

temperature on COVID-19 across different ages, the impact of lockdowns on COVID-19 spread and other 

health issues, post-COVID-19 symptoms, etc. [6]. Tracking COVID-19 patients is an important way to 

prevent symptoms. Tracking must be done to stop the spread of coronavirus, so it is always important to 

monitor the patient's attendance at events with large crowds. The lockdown imposed by many countries led 

to economic recession and job losses. So, imposing a long lockdown is not considered a good solution [18]. 

Person tracking can be performed using image processing, face recognition, and video processing. Face 

recognition can be performed using several techniques, such as Laplacian faces [22], CNN [13, 14, 24, 25], 

Face Recognition Technology (FERET) [9], LDA-based algorithms [8], etc. For the last decade, several 

studies have been done to identify the face. Face recognition using machine learning and deep learning 
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provides better results in comparison to several other methods [19]. In a study, the authors have performed 

face identification using continuous-density Hidden Markov Models (HMMs) [12]. Here, researchers have 

used the stochastic model to encode useful information. Flexible models are designed to learn the 

appearance of the human face through face identification, where the problem of determining whether two 

face images depict the same person remains persistent. Recognition of faces is a difficult task because 

different images of different persons vary in pose, background, scale, hairstyle, expression, and glasses [4]. 

To address these constraints, authors have introduced two new methods for learning robust distance 

measures. In the first method, they have used a logistic discriminant approach. This approach is used to 

learn the metric from a set of labeled image pairs (LDML). And in the second approach, the nearest neighbor 

approach (NNA), where probability computation is done using two images of the same class. The authors 

reported results of 79.3% and 87.5% correct in the restricted and unrestricted settings, respectively, 

significantly improving on the current state-of-the-art of 78.5%. Approaches based on nearest neighbors 

(NN) and deep learning require large datasets. In this work, a single image is needed to identify the suspect 

and determine the time of their presence [5]. The paper is structured as follows: Section 1 includes a brief 

literature review of the importance; in Section 2, the method, including CNN, Euclidean distance, and data 

set details, is described. Section 3 includes the methodology used in this work. In Section 4, the results and 

discussion have been presented. The study's conclusion is presented in Section 5.  

2. Methods and material  

In this study, 128-D Euclidean vectors and CNN have been used; brief details of both have been given 

below: 

2.1 Convolution Neural Network 

Convolutional neural networks are also called shift-invariant or space-invariant artificial neural networks 

(SIANN). CNNs are a class of deep neural networks (DNNs), used to analyze visual imagery. CNNs involve 

a shared weight architecture and translation invariance characteristics. CNNs are used in several research 

fields. In CNNs, multilayer perceptrons are used for regularization; therefore, these networks are fully 

connected. In CNNs, each neuron in a layer is connected to all neurons in the next layer. The main advantage 

of using CNNs is that they exploit hierarchical structure in data and assemble more complex patterns from 

smaller, simpler ones. Therefore, on the scale of connectedness and complexity, CNNs are on the lower 

extreme [5]. 

 

In Fig. 1, the neural network's layer structure is shown. Here, the layers, Convolution Layer, Activation 

Layer, Convolutional Layer, Pooling Layer, and Classification Layer are presented. The convolution layer 

accepts directly raw images as input, where a set of small filters is convolved over the image to produce 

one or more feature maps. Sliding filtering is performed by convolving the filter with the image, 

computing the dot product of the filter's elements with the image's elements [23]. This process extracts 

specific features from the image [24]. After that, an activation layer is used to take the convolutional 

image outputs. In most cases, the CNN uses the Rectified Linear Unit (ReLU), which converts negative 

values to 0.  
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To reduce the size of an image, a pooling layer is used. Here, the data is downsampled along each 

dimension [1]. The most popular types of pooling are average pooling and max pooling. After the pooling 

layer, a classification layer is used for classification [24, 27].  

 

2.2 Histogram of oriented gradients (HOG):  

 

Description of image features after amassing is a very important part of image analysis and is a 

feature descriptor used to detect objects in computer vision and image processing. Histograms of oriented 

gradients (HOG) can be used to describe image features. In this technique, counts of gradient orientation 

are used in localized portions of an image-detection window or region of interest (ROI) [29]. The 

following are the steps for implementing the HOG descriptor algorithm: 

Step 1: Image segmentation:  

Step 2: Image discretization: Discretize each cell into angular bins according to the gradient 

orientation.  

Step 3: Pixel contribution: Each cell's pixel contributes a weighted gradient to its corresponding 

angular bin.  

Step 4: Block formation:  

Step 5: Histogram normalization: 

 

2.3. Euclidean vectors  

 

Euclidean/ geometric/ special vector is a vector (a geometric object that has magnitude/ length 

and direction) used in engineering, physics, and mathematics. It is similar to a vector in vector algebra; 

i.e., it can be added to other vectors. A line and arrow of direction can represent it. As indicated in Fig. 2, 

A and B are two points, and the blue lines connect them [2].  
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2.4. Facial recognition  

 

Previous face recognition approaches based on deep networks. Some of these then combine the 

output of a CNN with PCA for dimensionality reduction and SVM for classification. Approaches such as 

those of [30] and the DeepFace group at Facebook [17] first "warp" or "align" faces into a more amenable 

form (either 'canonical frontal view' or DeepFace's general 3D model) and then learn a CNN to classify 

each face as belonging to an identity. The architectures explored using FACENET are based on either the 

[26] model or the Inception [16] model (which won the ImageNet competition in 2014).  

 

2.5. FACENET overview  

 

FACENET uses a deep convolutional network to learn a Euclidean embedding for each image 

[32, 33, 34]. The network is trained so that face similarity is directly correlated with the squared L2 

distances in the embedding space: faces of different persons have big distances, whereas faces of the same 

person have small distances. The aforementioned tasks become simple once this embedding is created: 

face verification requires thresholding the distance between the two embeddings; recognition becomes a 

k-NN classification problem; and clustering can be performed using commercially available methods such 

as k-means or agglomerative clustering. A classification layer [15, 17] trained over a set of known face 

identities is used in earlier deep network-based face recognition techniques. An intermediate bottleneck 

layer is then used as a representation to generalize recognition beyond the set of identities used in training.  

The indirectness and inefficiency of this approach are its drawbacks: the representation size per 

face is typically very big (1000s of dimensions) when employing a bottleneck layer, and one must trust 

that the bottleneck representation generalizes effectively to new faces. PCA has been used in some recent 

work [15] to reduce dimensionality; it is a linear transformation that can be learned in a single network 

layer. Unlike these methods, FACENET uses a triplet-based loss function based on LMNN to train its 

output to directly produce a compact 128-D embedding.  

The loss seeks to distinguish the positive pair from the negative pair by a distance margin. Our 

triplets are made up of two matching face thumbnails and one non-matching face thumbnail. Except for 

size and translation, the thumbnails are tight crops of the face region with no 2D or 3D alignment. Inspired 

by curriculum learning, we describe a unique online negative exemplar mining technique that ensures 

continually increasing triplet difficulty as the network trains. Selecting the right triplets turns out to be 

crucial for attaining good performance. We also investigate hard-positive mining methods that promote 

spherical clusters for a single person's embeddings to increase clustering accuracy.  

 

2.6. Triplet loss  
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The triplet-based loss function used to learn the mapping is an adaptation of Kilian Weinberger's 

Large Margin Nearest Neighbor (LMNN) classifier [21] (which repeatedly pulls together images of the 

same person and simultaneously pushes images of any different person away) to deep neural networks. 

[15] Use ensembles of networks trained using a combination of classification and verification loss. The 

verification loss they use is similar to the triplet loss used to learn the mapping used by FACENET in that 

it minimizes squared L2 distances between images of faces from the same person and enforces a margin 

separating images of faces from a different person, but it's different in that only pairs of images are 

compared, whereas the triplet loss encourages a relative distance constraint by looking at three at a time. 

A loss similar to FACENET's triple loss was used by [20] to rank images based on semantic and visual 

similarity.  

 

The embedding is represented by f(y) ∈ 𝑅𝑑. It embeds an image y into a d-dimensional Euclidean 

space. Additionally, we constrain this embedding to live on the d-dimensional hypersphere, i.e., ||f(y)||2 

= 1. The nearest-neighbor classification serves as the motivation for this loss. In this case, we want to 

make sure that a picture 𝑦𝑖
𝑎 (anchor) of a particular individual is closer to all other images 𝑦𝑖

𝑝
 (positive) 

of the same individual than it is to any image 𝑦𝑖
𝑛 (negative) of any other individual. Fig. 3 illustrates this. 

Therefore, we desire,  

 

 
where α is a margin that is enforced between positive and negative pairs. T is the set of all possible triplets 

in the training set and has cardinality N. The loss that is being minimized is then  

 
Many triplets that are easily satisfied (i.e., satisfy the constraint in equation (1)) would be produced if all 

feasible triplets were generated. Since these triplets would still be sent across the network, they would not 

aid in training and would hinder convergence. Choosing hard triplets that are active and can thus enhance 

the model is essential. The following section discusses the different approaches we use for triplet 

selection.  
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Fig. 3. Flow chart of the methodology  
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2.7. Triplet selection  

 

To ensure a quick connection, it is important to select triplets that break the triplet limit in Eq. (1). This 

means that, given the 𝑦𝑖
𝑎𝑦𝑖𝑎, we want to select the file for 𝑦𝑖

𝑝𝑦𝑖𝑝 (hard positive) as argmax 𝑦𝑖
𝑝
 || f(𝑦𝑖

𝑎) − 

f(𝑦𝑖
𝑝
 ) || 22 similarly 𝑦𝑖𝑛 (hard negative) similar to argmin 𝑦𝑖

𝑛 || f(𝑦𝑖
𝑎) − f(𝑦𝑖

𝑝
 ) || 22 . It is not possible to 

compute argmin and argmax over the entire training set. In addition, it can lead to negative training, as 

faces with the wrong words and negative images will dominate the good and the bad. Two obvious options 

to avoid this problem:  

 

• Generate offline triplets every step in n steps, using the most recent network test site and using computer 

arcmin and argmax in the data set.  

 

• Produce three triplets online. This can be done by selecting hard/encouraging hard models within the 

mini-batch.  

 

Here, we simply count argmin and argmax within each mini-batch and concentrate on creating and using 

huge mini-batches of several thousand samples online. In order to obtain a realistic depiction of peer-to-

peer distances, it is necessary to ensure that each subgroup contains only a very small number of single-

identity models. In our experiment, we sampled training data to select about 40 faces per minibatch. 

Additionally, the sample back surface can be added to each mini-batch from time to time.  

 

Instead of choosing the best one, we use every anchor-positive pair in a mini-batch to select the hardest 

one. We do not have a close comparison of anchor-positive pairs within a mini-batch, but we found that 

treating the entire anchor-positive set as a single batch made the method stable and yielded very good 

initial performance quickly.  

 

We also tested the offline production of triplets in conjunction with online generation, which 

would allow the use of smaller batch sizes, but testing was incomplete. Selecting the worst items in 

practice can lead to local minima at the start of training; in particular, it can result in a falling model (e.g., 

f(y) = 0). To minimize this, it is helpful to select such 𝑦𝑖
𝑛.  

 

 
 

Since small mini-batches tend to improve convergence during Stochastic Gradient Descent 

(SGD), we would want to employ them [31].  

 

3. Methodology  

 

The methodology for determining a person's presence follows these steps.  
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Step 1: This step is all about collecting the training images.  

In this work, the method is designed using a CNN to test it. Videos were taken from YouTube; the links 

to the videos are given in the table. (If the light and intensity are good, we have taken the video from the 

camera). After that, a single image has been used to track both time and the person's image.  

 

Step 2: Encode the collected faces into 128-D Euclidean vectors.  

After training, a face encoder is used to encode the image into 128-D Euclidean vectors.  

 

Step 3: Selection of a video to test our model.  

After training the model for video recognition, the video is fed to the model. Here, the video can be of 

any length.  

 

Step 4: Break the video into images, name them with the person's name and the frame number with 

respect to. the video, and store them in a folder.  

 

Step 5: Get the images from a folder in the order of their frame numbers, then encode them into 128-D 

Euclidean vectors and compare them with the already encoded faces. If a match is found, store the image 

name in memory.  

 

Step 6: Now, perform a calculation about how many times a person's name is encountered. This gives the 

number of seconds the person is present in the video. These steps are also given in Fig. 3.  

 

4. Results and Discussions  
Table 1. Person's presence duration using brighter video  

Sl. no  Video link  Name of person  Time duration of the presence  

1 https://www.youtube.com/watch?v=3EXXkA

A8vSk  

 

Ivanka  

 

Initially seen at 0 seconds  

Finally seen at 43 seconds.  

The total presence is 43 seconds.  

2 https://youtu.be/_Qq6dQwLh1s  

 

Chris Evans  

 

Initially seen at 1 second  

Finally seen at 52 seconds.  

The total presence is 5.5 seconds.  

3 https://youtu.be/_Qq6dQwLh1s  

 

Jermy Renner  

 

Initially seen at 0 seconds  

Finally seen at 36.5 seconds.  

The total presence is 4.5 seconds  

4 https://youtu.be/_Qq6dQwLh1s  

 

Mark Rufalo  

 

Initially seen at 20.5 seconds.  

Finally seen at 58.5 seconds.  

The screen time is 7.5 seconds  

5 https://youtu.be/_Qq6dQwLh1s  

 

Robert Downey  

 

Initially seen at 29 seconds.  

Finally seen at 59 seconds.  

Total presence is 3 seconds.  

6 https://youtu.be/_Qq6dQwLh1s  

 

Scarlett Johansson  

 

Initially seen at 3 seconds  

Finally seen at 39.5 seconds.  

Total presence is 10.5 seconds.  

7 https://www.youtube.com/watch?v=S_6vjb1c

JkE (crowded video)  

 

Will Smith  

 

Initially seen at 8.5 seconds  

Finally seen at 3:15 seconds.  

Total presence is 1:17 seconds.  

8 https://youtu.be/LdOM0x0XDMo (dark mode)  

 

John David Washington  

 

Initially seen at 23.5 seconds  

Finally seen at 1:55 seconds.  

Total presence is 9 seconds.  
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In this paper, four videos were used to test the method's performance. The presence of the suspect 

is given in Table 1. In this table, the suspect's screen time, as seen at the beginning and end of a video, 

has been provided. 12 images of John's absence have been shown in Fig. 4 from one of the YouTube 

videos.  

For testing the method, brighter as well as darker videos are considered. Here, the accuracy for brighter 

videos is ~90%, and for darker videos, it is lower, around 85%. In this table, popular people, such as 

Ivanka, Chris Evans, Jeremy Renner, Mark Ruffalo, Robert Downey Jr., Scarlett Johansson, Will Smith, 

and John David Washington, are assumed to be suspects. Later, if we want, we can extract the frames 

where a particular person is present and form a video from them that shows the suspect. So, we can even 

get to know the people surrounding the suspect. This would help a lot in these pandemic days.  

 

 
 

Fig. 4. 12 images of video given in https://youtu.be/LdOM0x0XDMo reflecting the presence/ absence of John 
 

 
5. Conclusions  

 

The performance is very good but not excellent. There are very few exceptions. While creating 

encodings, we can pass either "HOG" (Histogram of Gradients) or CNN ("Convolutional Neural 

Network") as an argument. CNNs are more accurate than HOGs, but are time-consuming and require a 

Graphical Processing Unit (GPU) to run. Generally, using a GPU is not preferred; therefore, it is better to 

stick with HOG. One of them, HOG, is available by default for encodings. From the tabular results, it can 

be observed that the proposed method can be used to measure the presence of any person. It can be applied 

for tracking the person present in the crowded area, which will help slow the spreading of the coronavirus, 

in terrorist activity by checking the suspect's connections and activity during the event, and one real-world 

application of this project can be found in Amazon Prime Video, where every actor in a scene is listed 

along with their images on the left side of the screen.  
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