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Abstract: The airport is a strategic place where it involves important activities, namely 
airplane flights. Airport activities are greatly influenced by the ongoing security within 
the airport. The thing that affects security in the airport is the possibility of crimes 
committed by unexpected visitors. The purpose of this research is to observe the airport 
area, especially airport visitors so that if there are visitors who have the potential to 
commit crimes, they can be detected properly and further investigation procedures can 
be carried out.  To be able to observe airport visitors and recognize patterns of visitor 
behavior that have the potential to commit crimes, an airport visitor gesture recognition 
system can be used. In this thesis, the gesture recognition of airport visitors is done with 
the multipose estimation method. This method can detect 17 key points on the human 
body that are used to detect the behavior of airport visitors who have the potential to 
commit crimes. To develop this system, deep learning algorithms that are currently 
developing with the help of TensorFlow and architectural models in multipose 
estimation, namely MobileNetV2, Feature Pyramid Network, and CenterNet, can be 
used. The experimental results show that the multipose estimation method can recognize 
human gestures well under several conditions such as the appropriate distance of the 
human object from the camera and the lighting conditions around the observed human 
object. It is also seen that from several scenarios, the crime gesture model can be 
recognized well. 
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1. Introduction 

Technological sophistication in the present has developed a lot for services in all 
fields. Various components are developing in terms of efficiency, effectiveness, and 
function. Not infrequently the technology created is useful in making it easier for humans 
to do and do complicated things, even nowadays technological developments can match 
the basic abilities of humans, such as detecting the behavior of airport visitors.  

This aims to identify any behavior that leads to crime. Detecting the behavior of 
airport visitors who commit crimes will be difficult if monitored only with the human 
eye. Therefore, a system that can be seen as a whole is needed, one of which is the multi-
pose estimation method that works with the help of cameras and computers. To develop 
this system, deep learning algorithms can be used. Even the implementation of deep 
learning models can be developed with the help of TensorFlow. In this thesis research, an 
airport visitor behavior detection system will be developed using the concept of deep 
learning. 
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TensorFlow itself is a model of deep learning due to the depth of its network. Deep 
learning is a branch of machine learning that can teach computers to do human-like work. 
In general, multipose estimation is used to detect a person's position during exercise by 
minimizing the possibility of injury. In addition, multipose estimation detection can help 
a person calculate the number of repetitions that have been performed.  

Various methods for human behavior pose detection have been used by many 
researchers. Some of them are using the Tensorflow Movenet Thunder model method 
which is focused on pose estimation for yoga sports (Satyam Goyal & Animesh Jain, 2021), 
DeepPose, Higher Residual Network and OpenPose to determine the evaluation results 
of each keypoints compared to each architecture (Anant Grover, Deepak Arora & Anuj 
Grover, 2023), Convolutional Neural Network (CNN) for activity monitoring that can be 
classified by the designed application is learning, standing, and sleeping in children aged 
4 to 6 years (Andrean Lay & Lina, 2022), Human Pose Estimation AI Fitness Counter 
model used to perform fitness sports activities such as pull ups, push ups, and lifting 
weights (Irfan, Muchlis Abd. Murhalib, Kartika & Selamat Meliala, 2023), VGG-16 CNN 
for sign language detection (Amit Moryossef, Ioannis Tsochantaridis, Roee Aharoni, 
Sarah Ebling & Srini Narayanan, 2020), Convolutional Neural Network (CNN), VGG-16 
for facial emotion identification (Lina, Arthur Adhiya Marunduh, Wasino & Daniel 
Ajienegoro, 2022).  The main difference between this research compared to other studies 
lies in the application of the architecture used there are three namely MobileNetV2, 
Feature Pyramid Network, and CenterNet for the detection of airport visitor behavior. 
The dataset used in the experiment is a video recording collected by the author with 
variations in the number of people involved and variations in the poses of the 
participants. 

This paper discusses the development of human behavior pose detection by 
demonstrating a scenario that is assumed to be the act of stealing a wallet in a pocket 
using a hand. Some of the limitations applied are that the model used for object detection 
is MoveNent multi-pose, this method uses the Python programming language, the object 
detection system uses video recorded using a camera, and the recorded video is taken 
using a capture angle such as a surveillance camera. This paper is organized with six 
structures, namely chapter 1 contains an introduction, chapter 2 contains a theoretical 
basis, chapter 3 contains research methodology, chapter 4 contains design and realization, 
chapter 5 contains testing and analysis, and chapter 6 contains conclusions and 
suggestions. Moreover, research using MobileNetV2 has been investigated in detail in 
references [1-16], and has been applied to various fields such as health, culinary, and 
defense and security. 

 

2. Method 
2.1 System Design 

The airport visitor gesture recognition system is a system that can detect human 
behavior poses from a video frame offline.  Input from the system is in the form of video 
recordings containing patterns of human behavior that have the potential to commit 
crimes, then the system automatically detects human body poses containing 17 key points 
in each joint. If the key points do not match each human body joint, the confidence score 
and aspect ratio are adjusted to the video. The process of detecting the pose of human 
behavior contained in the video uses a model that utilizes the best aspects of advanced 
architecture, namely MoveNet multi-pose.  

MoveNet multipose uses the pose detection API in TensorFlow.js which is fast and 
accurate for pose detection. The MoveNet Multipose architecture consists of two 
components, a feature extractor and a set of prediction heads. The feature extractor used 
is MobileNetV2 which generates an image feature representation and Feature Pyramid 
Network (FPN) which is used to generate feature pyramids with different resolution 
levels from the MobileNetV2 representation. The flowchart of the system designed for 
behavioral pose detection from video can be seen in Figure 1. 
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Figure 1. System Design Schematic 

 

 

2.2 Human Behavior Pose Detection Identification Stage 
The stage of identifying human behavior poses that have been successfully detected 
using feature extractors in the multipose MoveNet model has three stages, namely 
MobileNetV2, Feature Pyramid Network, and Center Net. The first stage in MoveNet 
is MobileNetV2 which is one of the architectures of the convolutional neural network 
(CNN), MobileNetV2 adds two new features namely linear bottlenecks and shortcut 
connections between bottlenecks. In using the MobileNetV2 model, the image will be 
inputted, then using convolution and using the ReLU activation function. ReLU is an 
activation function that is responsible for normalizing the values generated from the 
convolutional layer. The ReLU activation function equation can be seen in the 
following equation 1. 

 
x ≤ 0 then x = 0, if x > 0 then x = x       (1) 

 
After the ReLU process is complete, it is continued with the bottleneck layer. In the 
bottleneck residual block, there are three convolution layers used, namely performing 
1x1 convolution to reduce the input dimensions, then performing 3x3 convolution to 
extract features and finally performing 1x1 convolution again to restore the output 
dimensions to the original input, the use of this bottleneck can reduce the number of 
parameters and multiplication in the matrix, so that it can run faster and more 
efficiently, especially on devices with limited resources such as mobile devices. After 
the process is complete, the Global Average Pooling (GAP) layer will be used to 
reduce the spatial dimension of the feature map globally so that it becomes one value 
per channel by performing an average pooling operation on the entire map feature 
area and producing one average value for each channel (channel) can be seen in 
Figure 2. 
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Figure 2. Global Average Point 

 

The last process is using the softmax activation function which will be used in the 

output layer to calculate the probability of the output result, which occurs in the 

output layer where the largest probability value will be taken as a prediction. The 

second stage is the Feature Pyramid Network (FPN) which is used in object detection 

to generate multi-scale features from input images using feature pyramids to detect 

small objects. The Feature Pyramid Network architecture can be seen in Figure 3. 
 

 
 

 
 

Figure 3. Architecture Feature Pyramid Network 

 



Iota 2024, ISSN 2774-4353, 04, 02                  191/198 
 

 

 

 

The third stage, CenterNet, is used to predict the center point of the object using a 

heatmap. CenterNet can overcome several problems such as overlapping bounding 

boxes and the difficulty of detecting small objects. In Figure 4, it can be seen that the 

CenterNet architecture uses a Convolutional backbone network by applying cascade 

corner pooling to the two output corner heatmaps and the center keypoint heatmap, 

a pair of detected corners is used to detect potential bounding boxes and then the 

detected keypoints are used to generate the final bounding boxes. 
 

 

 
 

Figure 4. CenterNet Architecture 

 

3. Result and Analysis 

 

3.1. Testing Method 

Tests were conducted on the human behavior poses created to ensure that the 

program can detect the behavior of airport visitors properly and correctly.  

There are three tests of airport visitor behavior detection carried out using the 

movenet multipose model and using three cameras namely Insta 4K, Ricoh Theta S, 

and conventional Webcam. The first test is intended to determine the maximum and 

minimum limits of the model's ability to detect poses. The second test was intended 

to determine the maximum number of people detected in a group of people. Tests 

one and two were carried out in four stages, namely in an open space in a bright state, 

in an open space in a dim state, in a closed space in a bright state, and a closed space 

in a dim state. The third test is intended to detect poses in several videos whose 

objects demonstrate several people's behaviors with various scenarios that are 

assumed to be the act of stealing a wallet in a pocket using a hand. 

 

3.2. Testing the MoveNet Multipose Model 

Testing is done using a dataset that has been collected in the form of a video. In the 

first test, one person stands in front of the camera at a predetermined distance, to 

determine the maximum and minimum limits of the model's ability to detect poses 

using three types of cameras, namely conventional Webcam, Insta 4k, and Ricoh 

Theta S. Moreover, Figure 5 shows that testing a distance of 4.5m using a conventional 

Webcam camera with a light intensity of 3273 Lux gets pretty good detection results 

because the key points produced are 17 points. 
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Figure 5. Testing with a Conventional Webcam Camera 

 

Furthermore, Figure 6 shows that testing a distance of 2.5m using an Insta 4k camera 

with a light intensity of 3273 Lux obtained quite good detection results because the 

key points produced were 17 points. 

 

 
 
Figure 6. Testing with Insta 4k camera 

 

Figure 7 shows that the 0.5m distance test using the Ricoh Theta camera with a light 

intensity of 3273 Lux obtained poor detection results due to distortion. 

 

 
 

Figure 7. Testing with Ricoh Theta camera 
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Table 1 shows the results of the minimum to maximum distance of object detection 
obtained from the first test. The table describes poor and good results. The results are 
not good if the detection is incomplete or imperfect. In conventional webcams the 
field of view of the camera cannot capture the entire shape of the object, in Insta 4k 
cameras the field of view is too wide so that the object becomes farther than the actual 
distance, while the Ricoh Theta camera has a 360-degree field of view and a large 
enough distortion to cause objects to be detected imperfectly. Good results if the 
detection is complete and follows the pose or shape of the object. 
 
Table 1. Minimum to Maximum Distance for Object Detection 

               Camera                        Lux               Distance (meters (m))             Results 

 

 

Conventional Webcam 

 

 

17380 

2 m Not Detected 

2,5 m Not Detected 

3 m Detected 

3,5 m Detected 

4 m Detected 

4,5 m Detected 

5 m Detected 

5,5 m Detected 

6 m Detected 

6,5 m Detected 

7 m Detected 

7,5 m Detected 

8 m Detected 

8,5 m Detected 

9 m Detected 

9,5 m Detected 

10 m Detected 

10,5 m Detected 

11 m Detected 

11,5 m Detected 

12 m Detected 

12,5 m Detected 

13 m Detected 

13,5 m Detected 

14 m Detected 

14,5 m Detected 

15 m Detected 

15,5 m Detected 

16 m Detected 

16,5 m Detected 

17 m Detected 

17,5 m Detected 

      18 m Detected 
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               Camera                        Lux               Distance (meters (m))             Results 

18,5 m Detected 

19 m Not Detected 

Insta 4k 17380 

1,5 m Not Detected 

2 m Detected 

2,5 m Detected 

3 m Detected 

3,5 m Detected 

4 m Detected 

4,5 m Detected 

5 m Detected 

5,5 m Detected 

6 m Detected 

6,5 m Detected 

7 m Detected 

7,5 m Detected 

8 m Detected 

8,5 m Not Detected 

9 m Not Detected 

Ricoh Theta S 17380 

0,5 m Not Detected 

1 m Not Detected 

1,5 m Not Detected 

2 m Not Detected 

 

 

The second test was conducted by several people with the aim of knowing the 

maximum number of people who can be detected using the Insta 4k camera to get 

pretty good results can be seen in Figures 8 and 9. 

 

 
 
Figure 8. Second test 
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Figure 9. Third test 

 

Furthermore, the Next test was conducted to detect poses in several videos whose objects 

demonstrate several people's behaviors with various scenarios that are assumed to be the act 

of stealing a wallet in a pocket using a hand. This test was conducted using an Insta 4K camera. 

 

 

 

Figure 10. Fourth test 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Fifth test 

 

 



Iota 2024, ISSN 2774-4353, 04, 02                  196/198 
 

 

 

 

From the theft scenario, a certain object detection distance with the camera can be 

detected. It is shown in the third test results in Figures 10 and 11 that the skeleton of 

the arm to the hand when someone takes the wallet in the pocket can be detected. 

 

4. Conclusions  

After conducting the testing process, the conclusions that can be drawn from the 
human behavior pose detection system using the movenet multipose method are as 
follows [1]. The movenet multipose method can be used to identify criminal behavior 
that may be committed by visitors using several scenarios in the test. [2] The 
minimum distance detected using a conventional Webcam camera is 3m to 18.5m, the 
Insta 4k camera is 2m to 8m, while the Ric Ric camera is 2m to 8m.  
to 8m, while the Ricoh Theta S camera is 0.5m to 2m detection is not good. In the 
second test, the maximum number of detection results was 6 objects. In the third test, 
the results of testing the behavioral poses of people with various scenarios that are 
assumed to be the act of stealing a wallet in a pocket using a hand can be detected. 
 

5. Suggestion 
For further research, improvements can be made which include: [1] The method used 
by the object detection system can be developed using more datasets and different 
scenarios. [2] The object detection system can be developed into real-time object 
detection. [3] Adding a detection distance indicator on the display to estimate the 
distance between objects. And [4] Application of software to airport surveillance 
cameras.  
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