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  Measuring the distance of objects to human objects is 

currently under development. In its development, a lot of 
research on measuring object distances was carried out in 
developing security systems and surveillance systems, one of 
which was in security in the environment of many human 
objects or crowds. This study uses the object segmentation 
method using the Histogram of Oriented Gradient feature to 
segment crowd objects. In determining the value of the distance 
based on information using a segmented object centroid. 
Calculations are performed using the Euclidian Distance 
calculation method to find the shortest distance between the 
centroid of the bounding box and the camera. The results of 
this study from object distance can distinguish human objects 
that have crowds with the best accuracy with a measurement 
error of 5.7%. The research have conclusion that the main 
findings produced can be used to produce an accurate human 
crowd object recognition system that is able to provide 
information on the value of the object's distance to the camera 
when the object. 
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1. INTRODUCTION  

 Measuring object distances is information needed in several fields, such as surveillance 

and security systems, industry, navigation, robotics and in smart vehicle applications 

(Bailo et al., 2018). In general there are two ways of measuring the distance of objects, 

namely: active and passive. The active measurement method measures the object's 

distance by sending multiple signals to the object. The Previous research have Several 
methods that are often used include: radar, infrared sensors, radio signals, ultrasonic 

sensors, lasers and others (Ji, S et al., 2020). The research of sensors in the active object 

distance measurement method is very vulnerable to environmental conditions, such as: 

temperature, fog and noise such as wave disturbances in the room. The problem with 

this method is that it only produces information on object distances without being able to 
measure object geometry (Wang et al., 2018). 

http://iocscience.org/
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The another previous research have method is a passive measurement that only 

receives information on the position of objects without transmitting signals, usually with 

information on light intensity (Bian et al., 2017). This is one of the developments in 

computer vision systems that use visual image information of an object. 

This research was conducted to calculate object distances using visual 
information with a pair of images from two cameras called stereo images. The correlation 

between the position of the object in the two right and left images provides the required 

distance information. Research develops stereo vision and triangulation concepts (Gil et 

al., 2018), and has a gap in using crowd objects as data, because crowd objects have 

changing values from video images every time, so they can know the ability of stereo 
vision concepts from objects that have changes against time. This research is expected to 

be able to measure the mass distance of objects with a stereo calibration camera so that 

they can detect objects with a small error value. 

2. RESEARCH METHOD 

2.1 Image 

Image is visual data that represents the spatial distribution of physical quantities 

such as light intensity and spatial frequency of an object. This information is represented by 

components such as brightness, color and border (Bailo et al., 2018). Digital images are 

formed by a collection of dots called pixels (pixels or picture elements). Each pixel in an 

image is represented by binary data. This data can be a single value or a combination of 
several values (Gil et al., 2018). Each pixel has a position coordinate. The coordinate system 

used to represent digital images is shown in Figure 1 

 
Figure 1. MxN sized image coordinate system 

 

2.2 Stereo Vision And Stereo Geometry Of The Camera 
 Stereo vision system (stereo vision) is a field related to determining the three-
dimensional structure of a scene from two or more digital images obtained from different 

angles (Chai et al., 2019). The definition of a stereo camera is a camera with the same 

type and specifications and is installed in a straight line both in the horizontal and 

vertical planes. Distance measurements can be made when the object is in a point of view 

that overlaps between the two cameras. 
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Figure 2. Epipolar geometry with parallel optical axes 

 

Figure 2 is the camera's stereo coordinate system which is assumed to be in the 

midpoint between the coordinate systems of the right camera and the left camera 

 

2.3 Camera Calibration 
The camera calibration function in stereo vision is to determine the geometric 

parameters of the lens and evaluate both the performance and stability between the lens 

and the camera. To calibrate the camera, we have to extract all the corner points from 

each image and then calculate the intrinsic and extrinsic parameters of the camera. 

Intrinsic parameters show the internal characteristics of the camera, such as: focal 
length, image center point, tilt coefficient, and lens aberration parameters, while extrinsic 

parameters, such as: rotation and translation orientation that connect the two cameras 

(Rohac et al., 2015) 

 

2.4 Image Rectification 

Image rectification is a process for projecting two or more images into one image 
field. This process corrects lens aberrations by transforming the image into a standard 

coordinate system (Semeniuta, 2016). Because the two cameras capture images from 

different angles, the resulting images are in different planes. Rectification can be divided 

into two types, namely: rectification on calibrated cameras and rectification on image 

results from cameras that are not calibrated 
On a calibrated stereo camera, image rectification projects two images onto one 

image plane so that the same features in each image appear on the same line. This image 

projection makes the image look like two cameras in a parallel position. In rectification 

with an uncalibrated camera, the intrinsic and extrinsic parameters of the camera are 

unknown, so this process requires several points that correspond between the two 

images. to generate these correspondence points, we have to collect similar pixel points 
from both images and then select the possible combinations between them. Image 

matching can use the SURF, SIFT, HARRIS, SAD features and others. 

 

2.5 Histogram Of Oriented Gradient 

HOG (Histogram of oriented gradient) aims for object recognition, information in 
locally distributed form of intensity gradient or edge direction even without precise 

information about the location of the edge. The image is divided into smaller parts into 

sub-images called cells. The flow of the detection process using HOG can be explained by 

the diagram in Figure 3. 
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Figure 3. The HOG method 

 
These cells can be rectangular (R-HOG) or circular (C-HOG). Histograms of edge 

orientation are collected in these cells. The combined input histograms are used as 

feature vectors that describe objects. To provide better invariant lighting (lighting, 

shadows, etc.) cells are normalized in a larger area by combining several cells into blocks 

3. RESULTS AND DISCUSSIONS 

This research begins with image acquisition functioning during the camera calibration 

treatment for taking crowd movement objects to identify the object distance. Acquisition 

parameters in Table 1.  
Tabel 1. Data collection parameters 

 
Parameters 

Crowd Movemment Object 
Right Camera Left Camera 

Resolution 640 x 480 640 x 480 
Duration 16 second 16 second 
Total frame 160 160 

Frame rate 10 fps 10 fps 
Distance Camera 12 cm 12 cm 
Number of calibration 

images 
19 pairs 19 pairs 

Light intensity 340 lux 340 lux 
Observed distance The distance when 

the crowd of objects 
is moving 

The distance 
when the crowd of 
objects is moving 

Field conditions Crowded object Crowded object 

 

Table 1 shows the parameters for data retrieval, using two cameras to determine 

the parameters for the data retrieval process. Segmentation on objects using the HOG 

feature which is used for classification of human density subregions. The classification 
model used for training is 128x64 pixels in size. The image used to train the model 

includes the background pixels around the person. Therefore, the actual size of the 

detected crowd is smaller than the size of the training image. 

 
Tabel 2. HOG features in crowd subregion classification 

HOG Feature Value 

Classification Model [128 64] 
Classification Threshold 2 

Window Stride [8 8] 
Scaling Factor 1,05 

Maximum Size Bounding Box [384 192 ] 

 

The classification threshold used is worth 2. This threshold is used to control 

whether a sub-region will be classified as human. The higher the threshold value, the 

greater the classification requirements. The influence of this threshold value has a value 

of 80% to 90% on the success of the existing detection process. The next parameter is 
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windowstrides a, the windowstrides used are of size [length] = [8 8] which "slide" across 

the image to search for human crowd subregions. The smaller the windowstride, the 

more windows that need to be evaluated but requires a higher computational load. 

The scaling factor used is 1.05. Decreasing the scale factor can improve detection 

accuracy. However, it increases computation time. Then the maximum size of the human 
subregion displayed in the form of a bounding box is set to 384 pixels long and 192 

pixels wide. In the total number of trials, the 135th frame of the human crowd subregion 

was detected in a bounding box with position and size [x y width height] = [256 22 173 

346]. By using the HOG features, to detect crowds get a segmentation accuracy of 95% 

The next stage is the parameter for calculating the distance between the camera 
and the crowd object 

 
Tabel 3. Parameters for calculating the object distance 

HOG Feature Value 

Bboxes sizes [256 22 173 346] 

Centroid bboxes [343 195] 
Centroid idx 139047 
Centroid 3D [2,19e+02  -35,06  3,193+03] 

Distance 3.200 mm 

 

The parameter values for the distance determination stages in table 3 show that 
segmentation was successfully carried out on the value of bounding boxes [256 22 173 

346]. The value of the center point of the bounding box is at the coordinates [x y] = [343 

195] mm and the centroid index value is 139047. The coordinate value of the 3-

dimensional centroid of the object in the 135th frame is [x y z] = [2.19e+02 -35.06 3 

,19e+03] mm. Then the distance value is 3.2 meters, while the actual distance value is 3 

meters. In this 135th frame there is no measurement deviation that is too far because the 
position of the object is not too far from the camera. The results of measuring objects as 

follows 

 
Table 4. The results of measuring Crowd Movement Object distances 

No Real Distance 
(m) 

average measured 
distance (m) 

distance 
difference (m) 

Error (%) 

1 6.37 6.22 -0.15 2.35479 
2 6.01 5.93 -0.08 1.33111 
3 5.55 5.11 -0.44 7.92793 
4 5.33 5.23 -0.1 1.87617 
5 5.00 4.75 -0.25 5 
6 4.67 4.33 -0.34 7.28051 

7 4.21 4.09 -0.12 2.85036 
8 4.01 4 -0.01 0.24938 
9 3.73 3.43 -0.3 8.0429 
10 4.57 4.23 -0.34 7.43982 
11 4.77 4.11 -0.66 13.8365 
12 5.89 5.23 -0.66 11.2054 
13 3.99 3.97 -0.02 0.50125 

14 3.46 3.22 -0.24 6.93642 
15 3.33 3 -0.33 9.90991 
Error rate 5.7823 

 

Table 4 shows the results of measuring Crowd Movement Object distances, by 

comparing distances using a calibrated camera with real distances, the total error of this 

comparison reaches 5.7 percent. This study describes the main factor causing the biggest 
influence on measurements on moving crowd data is due to the low processor which 

results in video acquisition, the camera does not start and end at the same point. So that 
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requires manual cutting of frames which causes some frames not to be paired with the 

frame they should be. . The measurement error is influenced by several factors, namely, 

the data collection method, environmental conditions, lighting factors, and projection 

errors during camera calibration. 

The method of data collection is an important factor in measurements using this 
system. In measurement data when moving objects cause measurement errors because 

the object dimensions are different, causing errors in centroid calculations, different pair 

coordinate positions, and differences in light intensity resulting in differences in pixel 

values. in both images. 

Environmental conditions also affect the level of accuracy in this study. The 
conditions of the study site were not sterile, causing noise caused by the presence of 

foreign objects. The noise by these foreign objects affects the segmentation process and 

inaccuracies in centroid calculations because the pixels of these foreign objects mingle 

with the object pixels in a bounding box. Apart from the influence of foreign objects in the 

research location, lighting is also an important factor in this study. 

4. CONCLUSION  

Research shows that the main findings produced can be used to produce an accurate 

human crowd object recognition system that is able to provide information on the value 

of the object's distance to the camera when the object is stationary with a measurement 

error of 5.7%. This research has limitations in using a normal processor, this research 

will have maximum results by using a high-speed processor so there is no need to trim 
videos manually which results in errors in video frame pairing. This research contributes 

by developing a calibrated stereo camera method so that it can measure distances in all 

conditions, both moving and stationary objects. This research can be developed by 

classifying mass behavior by distinguishing normal or abnormal masses, such as riots, 

disasters or other abnormal things so that it can assist security forces in detecting crowd 

behavior. 
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