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Determining the best model for measuring 
object distance, the appropriate formula for that 
model, and modifying the YOLOv3 architecture 
is the focus of this research. This was done 
to address the problem of object distance mea-
surement errors using a monocular camera. In 
this study, the researchers used a magnifica-
tion approach and modified the YOLOv3 archi-
tecture, which was then named Hybrid Dist – 
YOLOv3. The proposed distance measurement 
model does not use camera height and camera 
shift distance variables, so it can still measure 
objects that are higher than the camera height 
and the measurement time is faster. The only 
variable in the measured distance formula is the 
change in object image height. As for modifica-
tions to the YOLOv3 architecture, there are two 
types of training and test data:  initial measure-
ment data and from KITTI. The training data 
from the initial measurements consisted of three 
classes, namely person, bottle, and jerrycan, with 
24, 10, and 10 samples, respectively. The detection 
accuracy at mAP0.50 is 0.994, 1.1, with absolute 
measurement error values (ɛA) of –0.274, –0.153, 
and –0.163. For the training data from KITTI, 
there are three object classes, namely pedestrian, 
car, and truck, with 1150, 7682, and 318 samples, 
respectively. From the tests conducted, the ɛA 
values for the pedestrian, car, and truck classes 
show an improvement from the previous study, 
which were originally 1.75, 2.49, and 4.63, to 1.37, 
2.25, and 3.74. The results of this research can 
be applied in the automotive industry to driver 
assistance systems (DAS), soccer robots, or sim-
ilar systems that require distance measurement

Keywords: detection object, distance estima-
tion, DAS, monocular camera, YOLO, Hybrid 
Dist

DEVELOPMENT OF A 
DISTANCE MEASUREMENT 

MODEL USING A 
MAGNIFICATION APPROACH 
AND MODIFICATION OF THE 

YOLOV3 ARCHITECTURE

UDC 004.93’1:004.89
DOI: 10.15587/1729-4061.2025.339774

How to Cite: Herdianto, H., Sihombing, P., Fahmi, F., Tulus, T. (2025). Development of a distance measure-
ment model using a magnification approach and modification of the YOLOv3 architecture.  

Eastern-European Journal of Enterprise Technologies, 6 (9 (138)), 6–15.  
https://doi.org/10.15587/1729-4061.2025.339774

Received 09.09.2025
Received in revised form 17.11.2025
Accepted date 26.11.2025
Published date 30.12.2025

1. Introduction
DAS is a type of robot specifically designed to control cars 

and replace human drivers. Therefore, capabilities similar to 
those of a driver must be embedded in DAS, such as detecting 
objects, measuring distance, turning left and right, stopping, 
and various other intelligences, with the aim that DAS can 
make the right decisions for maneuvering or other actions 
so that collisions with surrounding objects do not occur. 
Distance is one of the important parameters in DAS that is 
always monitored for changes when DAS is operating on 
the road. Therefore, in measuring the distance of an object, 
issues such as time, accuracy, error, and measurement range 
become a special concern. This is because if the time, error, 
accuracy, and measurement range of the object’s distance do 
not meet the established standards, it will have an impact 
on the accuracy of the decisions made by the DAS, and the 
possibility of a collision with surrounding objects may occur.

Currently, there are several methods that DAS can use to 
measure the distance of an object, including light detection 
and ranging (LIDAR), radar, and cameras. The use of LIDAR 
to measure the distance of an object is more expensive than 

cameras [1–3] but has advantages such as good image quali-
ty [4]. Meanwhile, radar can measure distances of up to more 
than 150 meters [5] but has poor image resolution [6].The use 
of cameras to measure objects can be done with mono cameras 
and stereo cameras. The use of stereo cameras to measure object 
distances has the advantage of being able to measure distances 
of up to 100 meters, but it also has the disadvantages of being 
more expensive than mono cameras [7], large errors in adjust-
ing images from two cameras, and complicated stereo calibra-
tion [2, 6]. Meanwhile, the disadvantages of mono cameras in-
clude the need for complex algorithms to measure distance [8]. 
But cheaper than LIDAR, radar, and stereo cameras [2, 7].

Based on the weaknesses of the three measurement 
methods above: LIDAR, radar, and stereo cameras, research-
ers have attempted to improve them. Therefore, research fo-
cusing on the development of measurement models, the for-
mulas used, and modifications to the YOLOv3 architecture to 
improve object distance measurement errors, measurement 
range, speed, and lower implementation costs has scientific 
relevance and can be applied practically in the automotive 
and measurement industries.

Copyright © 2025, Authors. This is an open access article under the Creative Commons CC BY license
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mulated to obtain the ideal distance formula. Although the 
results were quite good, there were several problems when 
applied, such as higher costs due to the use of two cameras 
and the complexity of camera calibration. Therefore, the use 
of a low-resolution monocular camera could be a solution. 
However, this was not discussed in this study due to the com-
plexity of the algorithm that would be used. Next, [15] tries to 
fix the problem of object distance measurement errors caused 
by changes in the pitch and roll angles of the vehicle while on 
the road. The way to find out the magnitude of the changes in 
these two angles is by measuring inertia, which is then used 
to update the rotation matrix and correct the vanishing line 
position to improve distance estimation accuracy. The vari-
ables used to measure object distance include camera focal 
length, camera height, vanishing line value, and the lowest 
point of the vehicle being measured. The determination of a 
fixed vanishing line that does not follow changes in the pitch 
and roll angles of the vehicle is an interesting topic that has 
not been discussed in this study. In paper [16], the problem 
of object distance measurement error is corrected by using 
changes in the camera’s viewing angle while driving. The 
first step is to find the vanishing point based on the texture 
orientation, followed by calculating the yaw angle and pitch 
angle of the camera. Then, the distance of the object can be 
calculated by dividing the height of the camera by the yaw 
angle and pitch angle of the camera that has been subtracted.

Several studies related to object distance measurement 
using deep learning have been conducted, such as [17] which 
attempts to measure object distance using the VGG16 and 
RES50 architectures that have been modified with objects 
used by pedestrians, cars, and cyclists obtained from KITTI. 
The results of this study state that the proposed measurement 
model can measure object distance and is better than similar 
distance measurement models such as support vector regres-
sor (SVR) and inverse perspective mapping (IPM), which 
can be proven from the error results obtained. Next, there 
is [18] which uses the RES50 architecture by adding a region 
proposal network (FPN) to the backbone to extract features 
in many images and geometries. For objects used by pedes-
trians, cars, and cyclists obtained from KITTI. This study 
states that the proposed deep learning distance measurement 
model can measure object distances and is better than similar 
distance measurement models such as the baseline. This can 
be seen from the distance measurement error for all objects 
used, which is lower than the baseline. However, the use of 
geomnet requires high costs when implemented. Then there 
is [19] which proposes a modified YOLOv3 architecture by di-
viding its output into two classes: agnostic and aware. The ob-
jects measured are pedestrians, cars, and trucks from KITTI.  
Both classes can measure object distance, but the agnostic 
class is better than the aware class because it has a smaller 
measurement error. Paper [7] proposes the YOLO Light-Fast 
architecture combined with multiscale prediction YOLOv5 
and Shufflenetv2 to improve measurement error and in-
crease object detection speed. The results of the study show 
an improvement in measurement error compared to previous 
studies such as geoNet, zhou, struct2depth, monodepth2, 
and synDistNet. In terms of object detection speed, there is 
also an improvement compared to previous studies, name-
ly YOLOv5s. Next, [20] proposes a new approach to measur-
ing object distance by modifying convolutional support esti-
mator networks (CSEN). CSEN aims to enable the network to 
calculate direct mapping for support estimation (SE) tasks in 
representation-based classification problems. The results of 

2. Literature review and problem statement

To measure the distance of an object using traditional 
geometry, a monocular and stereo camera can be used. The 
characteristics of distance measurement using traditional 
geometry include the use of camera parameters and image 
structure. Research related to distance measurement using 
traditional geometry has been conducted extensively, includ-
ing by [9]. This research was conducted to address problems 
in soccer robots so that they can measure the distance of 
objects. This research describes two ways that soccer robots 
can be used to measure distance, namely by comparing the 
actual height of the object with the height of the object image 
and from the location of the object in the image matrix. How-
ever, the first method is difficult to apply when the overall 
shape of the object is not clearly visible and becomes part of 
the problem in this study that has not been discussed because 
it requires a more specific additional algorithm. The next 
study is [10], which was inspired by the significant errors in 
determining the orientation and angle of the camera used to 
calculate the distance of objects on the Sony Aibo robot. The 
distance to the object is measured by calculating the camera’s 
tan φ angle and then multiplying it by the camera’s height 
after subtracting the height of the object. This study still has a 
problem, namely that it can only measure the distance to ob-
jects that are lower than the camera’s height. This is because 
the object distance measurement model and formula used do 
not have the ability to measure distances where the height of 
the object exceeds the height of the camera. Next, there is [11] 
which proposes a new approach to measure the distance of an 
object using camera parameters, geometry, and road contact 
points. When an object is not symmetrical with the camera, 
the distance to the object is calculated in two stages: first, the 
vertical distance of the object to the camera is calculated, then 
the result of the first stage is divided by the camera’s cos angle 
to the object. This study leaves unanswered the question of 
determining the cos angle of the camera to a dynamic object, 
which is part of the problem not discussed in this study. 
Research [12] attempts to use complex log mapping (CLM), 
which is a new method for measuring the distance of objects 
on surfaces with varying textures. To measure the distance 
of objects, the focal length of the camera is multiplied by the 
ratio of the diameter of the first and second measurement ob-
jects, and then the result is subtracted from the camera move-
ment distance between the first and second measurements. 
Although this research can measure distance, it still has 
problems in terms of the long measurement time. This is due 
to the measurement model design used. Then [13] in his re-
search attempted to improve the accuracy of object distance 
measurement using the pinhole approach. In this study, to 
calculate the distance [13], the camera’s focal length variable 
was multiplied by the width of the object and then divided 
by the number of pixels in the width of the object. This study 
has a limitation in that only certain objects can be measured, 
which is part of the problem in this study that has not been 
discussed because fundamental improvements are needed 
in the object detection algorithm used. Research conducted 
by [14] attempted to measure the distance between objects 
and vehicles using a camera with low resolution, and the 
objects detected were light emitting diodes (LEDs) located on 
the vehicle in front. The parameters used to measure distance 
included focal length, distance between the two cameras, the 
angle cosϕ of the camera relative to the LED, and the dimen-
sions of the camera sensor. These parameters were then for-
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this study indicate that the proposed measurement model can 
measure object distances and is better than similar distance 
measurement models such as support vector regressor (SVR) 
and BaseModel (CRC-light). This can be proven from the 
smaller error results obtained.

From several studies on traditional geometric distance 
measurement and deep learning, it is known that each re-
searcher proposes different methods with the aim of improv-
ing distance measurement errors, and the results of these 
studies can all be used to measure distances for different 
problems. In addition, researchers also analyzed several ad-
vantages and disadvantages of traditional geometry and deep 
learning research. The advantage of traditional geometry is 
that it uses focal length and object image height variables in 
measuring distance so that measurement errors can be re-
duced because they reflect the actual conditions of the object. 
Meanwhile, the disadvantage is that it uses the height and 
angle of the camera, which affects its inability to measure 
the distance of objects that are higher than the camera. In 
addition, the camera angle is prone to change due to vibra-
tions while driving, which increases measurement errors, so 
that only certain objects can be measured. Meanwhile, the 
advantages of deep learning research include faster distance 
measurement and the ability to measure a larger number of 
objects. However, its disadvantages include more complex 
measurement algorithms, and some deep learning methods 
require significant costs when implemented. Based on the 
advantages and disadvantages of both studies, as well as the 
consideration of ease of implementation in the watershed at 
a low cost, the researcher attempted to add a magnification 
method to the distance measurement formula for greater pre-
cision and used a modified YOLOv3 architecture to measure 
distance.

3. The aim and objectives of the study

The aim of this study is to develop an object distance 
measurement model using a monocular camera combined 
with magnification theory and modifications to the YOLOv3 
architecture. The developed object distance measurement 
model is expected to be faster in the distance measurement 
process and reduce the error in object distance measurement 
results.

To achieve this aim, the stages of research carried out are 
as follows:

– to repeat several measurement models from previous 
studies to identify weaknesses and validate the results;

– to collect initial distance measurement data for several 
objects at specified distance intervals and maximum range;

– to understand the parameters of the monocular camera 
and the theory of magnification in an effort to find the right 
formula that can be used for object distance measurement;

– to modify the YOLOv3 architecture used to detect ob-
jects, measure object image height, and measure distance.

4. Materials and methods

4. 1. Object and hypothesis of the study
The object of the study is measuring distances to objects.
The main hypothesis of this study is that Hybrid Dist – 

YOLOv3, which is a combination of the magnification ap-
proach and the proposed modification of YOLOv3, can be 

used to measure distance with a measurement time of < 10ms, 
can measure the distance to objects that are actually taller 
than the camera, and the ɛA value of the modified YOLOv3 
architecture is lower than the results of the study [19].

The assumption made by researchers in this study is that 
the height of the object image, which is one of the variables 
in the distance measurement formula, is equal to the height 
of the bounding box in YOLO. In order to minimize mea-
surement error, the percentage of YOLOv3 object detection 
results must be ≥ 95%.

Simplifications adopted in the study are that the amount 
of image data for each object class to be used in training can 
reach thousands. Some of these object images have similari-
ties in terms of the actual height of the object and the shape 
of the object. Therefore, to reduce the computational load 
and training time, the training data can be simplified by not 
including all image data of objects that have similarities, but 
only selecting a few.

4. 2. Camera specifications and data
For camera specifications used during initial data collec-

tion and used when compiling distance formulas as shown 
in Table 1 while data from three class samples used as shown 
in Table 2.

Table 1

Specifications of the camera used

Name Value
Model camera Canon A2300
Focal length 35 mm
Image size 3456*4608

Sensor dimensions 11.04 mm

Table 2

Actual height of object

No.
Data object

Name object Actual object height (meters)
1 Jerrycans 0.170
2 Bottle 0.260
3 Person 1.750

Table 2 shows that the three object samples used have 
different heights. With three samples of different object 
heights, researchers can conclude that the actual height of 
the object is one of the variables used in determining the 
distance formula.

4. 3. Evaluation criteria
To determine how well the YOLOv3 architecture per-

forms in detecting objects, researchers measured it using 
the mean Average Precision (mAP) metric. This metric is 
the standard for object detection using the common objects 
in context (COCO) dataset [8] and was also used in the 
study [7]. Meanwhile, to determine the performance of the pro-
posed YOLO architecture in measuring distance, researchers 
used the same measure as [19], namely absolute distance er-
ror (MAE) expressed as ɛA and relative average expressed as ɛR



1

1 ,
n

iA i
n

d d
n =

ε = −∑ 				     (1)
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where d – the actual distance and 
ˆ  d – the predicted measurement. For 

n is the number of bounding boxes 
found.

5. Results of the Hybrid Dist-
YOLOv3 

5. 1. Reengineering in deter-
mining the best model for mea-
suring distance with a monocu-
lar camera

To determine the best model to 
use for measuring object distance 
with a monocular camera, the re-
searchers redesigned two object 
distance measurement models as 
shown in Fig. 1. The aim was to 
identify the shortcomings of the 
models used. The object distance 
measurement model in Fig. 1, a, 
uses the camera height and the size 
of the camera tangent angle (φ) to 
measure distance, so it has the dis-
advantage of not being able to mea-
sure the distance of objects if the 
height of the object being measured 
is higher than the camera height. 
Meanwhile, the object distance measurement model in 
Fig. 1, b, uses image height to measure the distance of 
the object from two images by moving the camera along 
a specified distance. The disadvantage of this distance 
measurement model is that it takes longer because of the 
camera shift during the object distance measurement 
process. After identifying the shortcomings of the previ-
ous object distance measurement model, several factors 
were considered by researchers in determining the object 
distance measurement model to be used, such as the 
measurement time must be < 10 milliseconds (to prevent 
delays in decision-making when the DAS turns left or 
right, reduces speed, and other actions affecting the forward 
movement of the DAS), the measurement range must be >50 
meters for certain objects such as trucks (to maintain the 
ideal distance between vehicles according to speed), not us-
ing the height and angle of the camera as shown in Fig. 1, a, 
utilizing the camera’s focal length and changes in the height 
of the object image as shown in Fig. 2. Data related to focal 
length, camera sensor dimensions, and the actual height of 
each object class uses the data in Tables 1, 2. Based on the 
above factors, the distance measurement model is deter-
mined as shown in Fig. 2.

From Fig. 2, the researchers made an initial hypothesis 
regarding the distance measurement formula to be used. 
Where the hypothesis is that the focal length and the height 
of the object image are constants and variables that can be 
included in the formation of the distance measurement for-
mula. And the distance measurement time will be faster than 
the object distance measurement model in Fig. 1, b, because it 
does not require camera movement.

5. 2. Collecting initial distance measurement data 
for several objects

As study material for determining the object distance 
measurement model, the formula to be used and for training 
deep learning YOLO and testing data, sample object image 
data is needed. As initial data, the researcher determined 
three classes, namely persons, bottles and jerrycans. The blue 
vertical line in Fig. 3, represents the image height of person 
object with 1866 pixels at a distance of 3.4 meters. The image 
height of this object was measured using MATLAB 2019 
originated in the United States.

For the person class, 30 samples were taken (only 13 are 
shown in Table 3), 13 for bottles, and 13 for jerrycans. The 
details of the object distance measurement samples for each 
class are shown in Tables 3–5. Distance measurements were 
taken at 1 meter intervals for person objects, while measure-
ments for bottle and jerrycan objects were taken at 0.3 meter 
intervals. This change in interval was necessary to determine 
changes in the image height of the objects.

ᵩ

y camera

y obj

camera

j obj j res
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  a                                                             b 

Fig. 1. Object distance measurement model: a – distance measurement model [10]; 	
b – distance measurement model [12]; y camera – camera height; y obj – object 

height; j obj – object distance; j – maximum distance; j res – maximum distance minus 
the object distance; x1, x2 – object distances from the camera; y1, y2 – distances 

between the lens and the camera sensor; t – camera displacement distance; 	
h1, h2 – object image heights

 
  Fig. 2. Proposed distance measurement model: y – camera focal 

length; h – height of the object image; p – camera lens; 	
x – distance of the object from the camera lens
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Table 3

Measurement data for the height of person image objects

No. Object name Object distance  
(meters)

High object image 
(pixels)

1 Person 2.4 2526

2 Person 3.4 1866

3 Person 4.4 1440

4 Person 5.4 1182

5 Person 6.4 1008

6 Person 7.4 882

7 Person 8.4 774

8 Person 9.4 700

9 Person 10.4 627

10 Person 11.4 573

11 Person 12.4 525

12 Person 13.4 487

13 Person 14.4 457

Table 4

Measurement data for the height of the bottle object image

No. Object name Object distance  
(meters)

High object image  
(pixels)

1 Bottle 0.6 1530

2 Bottle 0.9 1038

3 Bottle 1.2 792

4 Bottle 1.5 643

5 Bottle 1.8 545

6 Bottle 2.1 465

7 Bottle 2.4 412

8 Bottle 2.7 369

9 Bottle 3.0 330

10 Bottle 3.3 301

11 Bottle 3.6 274

12 Bottle 3.9 254

13 Bottle 4.2 235

Table 5

Measurement data of the height of the jerrycan object image

No. Object name Object distance 
(meters)

High object image 
(pixels)

1 Jerrycan 0.6 1015

2 Jerrycan 0.9 692

3 Jerrycan 1.2 513

4 Jerrycan 1.5 426

5 Jerrycan 1.8 352

6 Jerrycan 2.1 300

7 Jerrycan 2.4 265

8 Jerrycan 2.7 236

9 Jerrycan 3.0 212

10 Jerrycan 3.3 194

11 Jerrycan 3.6 178

12 Jerrycan 3.9 164

13 Jerrycan 4.2 154

5. 3. Development of magnification formulas for 
measuring object distances

Based on the sample data of object distance measure-
ments obtained in Tables 3–5, it is known that the image 
height of an object will be smaller when it is farther from the 
camera, and the change is linear. Therefore, a distance for-
mula was developed by finding the relationship between ob-
ject distance, focal length, sensor dimensions, image height 
of the object, and actual height of the object.

Magnification is the enlargement which is the ratio be-
tween the image height of the object and the actual height of 
the object. Expressed as

( ) high image of the objectmagnification m .
actual image of the object

= 	 (3)

Meanwhile, field of view (FoV) is the area outside the 
camera that can be captured, so the size of the FoV is greatly 
influenced by the dimensions of the sensor used. Therefore, 
the relationship between magnification and FoV can be 
written as

1 ,
FoV

m ∝  

next, to obtain the value m that is equal to FoV, it is multiplied 
by the sensor dimensions to become:

1sensor dimension * ,
FoV

m =     			    (4)

sensor dimensionFoV .
m

= 			   (5)

When the focal length is inserted into (5), a new equation 
is obtained

focal lenght * sensor dimensionDistance object ,
m

=   	 (6)

and if the value of m is changed by (3) so that it becomes

 

 
  Fig. 3. Measurement of the distance to person object 	

at 3.4 meters: 1866 pixels
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focal lenght * sensor dimensionDistance object .
high image of the object

actual image of the object

=   
	 (7)

This formula will later be entered into YOLO.

5. 4. Modification of the YOLOv3 architecture
The original YOLOv3 architecture is shown in Fig. 4, 

specifically in the red box. This architecture can only detect 
objects; it cannot measure the distance of objects.

Therefore, in order to perform object distance detection 
and measurement tasks, modifications need to be made to 
the YOLOv3 architecture, as shown in Fig. 4, specifically in 
the box outlined in green. The workflow for modifying the 
YOLOv3 architecture is as follows:

Check the percentage of predicted results if ≥ 95 is used 
to determine the percentage of object detection results. This is 
done by determining the Intersection over Union (IoU), which is 
a calculation between two bounding boxes (object bounding box 
with anchor bounding box). If the object detection prediction 
result is greater than or equal to 95%, the process will proceed to 
the select array class actual object height stage, which contains 
the actual height of each object class as shown in Table 6.

Table 6

Contents of the object class array

Grade Class name Actual height of the object (mm)

0.1 Pedestrian 1700

0.2 Car 2000

0.3 Truck 3000

Table 6 is an example of an object class array with class 
values output from YOLO as follows: 0.1 for the pedestrian 
class contains the actual object height of 1700; next, 0.2 
for the car class contains the actual object height of 2000; 
0.3 for the truck class contains the actual object height 
of 3000. The next process is to get the actual height of 
the object in the array (O), which is the actual height of 
the object stored as variable O. Then the next step is to 
calculate the height of the bounding box as the height of 
the object image (T), which is calculating the height of the 
bounding box that is assumed to be the height of the object 
image. Fig. 5, illustrates the dimensions of the bounding 
box formed from the coordinates xmin, ymin, xmax,  
and ymax.

Image 
416*416*3

Conv 1*1 
26*26*256

Conv 1*1 
52*52*128
Conv 3*3 

52*52*128

+ X X

0 1 36 614

79
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416*416*32

Conv 3*3 
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Conv 1*1 
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Conv 3*3 

52*52*256
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26*26*256
Conv 3*3 
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Conv 1*1 
13*13*512
Conv 3*3 
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Conv 3*3 
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Conv 3*3 
13*13*512
Conv 1*1 
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Conv 1*1 
13*13*256
Conv 3*3 

13*13*256

Conv 3*3 
26*26*256

26*26*(3*(5+C))

52*52*(3*(5+C))

 
52*52*128
52*52*384

Conv 3*3 
52*52*256
Conv 1*1 

52*52*256

Select array class 
actual object height

Calculate the height of the bounding 
box as the height of the object image 

(T)

Get the actual height of the object in 
the array (O)

Calculate the object distance = focal 
length *11.04/((image height + E) / 

actual object height)

Check the percentage of predicted 
results 

if ≥  95%

Error (E) = height ground truth – 
predicted height of bounding box 

Correction (C) = predicted height of 
bounding box + error

YOLOv3 architecture

additional YOLOv3 architecture

Y
T

 
  Fig. 4. Modification of the YOLOv3 architecture
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Fig. 5. Coordinate points forming the bounding box

Xmin represents the starting row and xmax represents 
the ending row, which is then used to represent the height 
of the object image. To obtain the height of the object im-
age, subtract xmax – xmin in pixels. Meanwhile, ymin rep-
resents the starting column and ymax represents the ending 
column, so that ymin and ymax can be used to represent the 
width of the object image. After the values of the variables 
O and T are known, proceed to the stage of calculating the 
object distance. The distance to the object is calculated 
using (7) plus E (distance = focal length *11.04 / ((image 
height + E) / actual object height) with the assumption 
that the value of variable E = 0 because object detection 
is already ≥95%. This means that the results of the object 
distance measurement will follow the detection results and 
this value is already as expected. For some objects that have 
never been recognized (not trained) in the YOLO network, 
sometimes when tested, the object detection is < 80%. This 
result is not as desired, so to overcome this, an error calcu-
lation is performed (E) = ground truth height – predicted 
height of bounding box addition of error correction.

In order for the distance measurement model to detect 
and measure the distance of objects, the modified YOLO 
architecture needs to be trained on the objects to be detected, 
such as people, bottles, and jerrycans at various distances. 
Of the 56 image data collected, 80% was used for training 
and 20% for testing. After the training results were deemed 
satisfactory based on the number of epochs or error tolerance 
achieved, testing was continued with the training and testing 
data as shown in Table 7.

Table 7

Results of detection and measurement of object distance 
with initial data

Class Num-
ber mAP0.50

Distance (meters)
Min Max ɛA ɛR

Person 30 0.994 –0.121 1.020 –0.274 0.010
Bottle 13 1 –0.097 0.140 –0.153 –0.066

Jerrycans 13 1 –0.099 0.226 –0.163 –0.086

For ɛR, the relative error is 100% when the value is 1.
From Table 7, it can be seen that the IoU value used 

is 50% for all objects, where the test results show that the 
AP values for persons, bottles, and jerrycans are 0.994, 1, 
and 1. Meanwhile, for the distance of person, bottle, and jer-
rycan objects, the values are ɛA –0.274, –0.153, –0.163. These 
absolute error values indicate that the measurement error 
tolerance for object distance is quite low and in line with the 
desired value of < 0.5 meters. Fig. 6, shows the test of mea-
suring the distance of a person object at 5.4 meters.

Fig. 6. Results of YOLOv3 distance measurement predictions

YOLOv3 can correctly recognize the object (indicating a 
person) with a measured distance of 563.969 cm or 5.639 me-
ters and a measured bounding box height of 1199 pixels.

After the performance of the modified YOLO network 
was deemed satisfactory, the next step was to retrain the 
modified YOLO network with the dataset from the Karlsruhe 
Institute of Technology and Toyota Technological Insti-
tute (KITTI) because the number of objects and class names 
were different from the dataset used in the preliminary test-
ing. This was done to compare the results of the previous ob-
ject distance measurements using different methods with the 
proposed method. The reasons for using the KITTI dataset 
include the fact that previous research [19] used this dataset, 
and the variables needed to form the proposed object distance 
measurement formula (actual object height) and the actual 
object distance used as a reference for measuring distance 
error are in the KITTI dataset. Meanwhile, the focal length 
and camera sensor dimensions used are not explicitly stated, 
so researchers must look for them in the camera datasheet 
used. In this study, the focal length of the camera and the 
dimensions of the sensor used were set at 12 and 5.84, respec-
tively. Only three classes were used in the training, namely 
pedestrian, car, and truck. Furthermore, to determine the 
performance of the modified YOLO network, tests were con-
ducted as shown in Fig. 7–9.

Fig. 7 shows the measurement test of the pedestrian 
object at an actual distance of 8.4 meters. The value 150 rep-
resents the height of the object image in pixels, while 883.008 
is the distance produced by YOLO in cm or 8.83008 meters.

Fig. 8 shows the distance measurement test for the two 
detected cars. Car 1 has an actual distance of 12.58 with a 
measured distance of 1245.866 cm or 12.45 meters with an 

 
xmin, ymin

xmax, ymax
 

  

 

 
  

 

 
 

  
Fig. 7. Measurement of pedestrian object distance at a distance 

of 8.4 meters
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Meanwhile, deep learning measurement relies on the 
use of the YOLOv3 architecture to detect and measure 
the height of objects in images. Fig. 2 shows the object 
distance measurement model proposed in this study. The 
proposed model differs from previous distance measure-
ment models, such as those used in [9–12, 15], and is an 
improvement on the distance measurement model used 
in [12]. The proposed distance measurement model has 
advantages over similar object distance measurement 
models, such as only using the focal length, camera sen-
sor dimensions, and image height. This model does not 
use camera height and angle, so object distance can still 
be measured even if the object height is higher than the 
camera height. In addition, the time required to measure 
object distance is faster when using this model compared 
to CLM [12]. The reason for the above statement is that 
the proposed object distance measurement model only 
requires three steps, while CLM requires nine steps to 
complete object distance measurement.

To obtain the object distance measurement formula 
in accordance with the proposed distance measurement 
model, the first step taken by the researcher was to take 
samples of distance measurements of several classes of 
objects at various predetermined distances. Then each 
class sample was measured for object image height as 
shown in Fig. 3 using the MATLAB 2019 tool. The results 
of the object distance measurement samples are shown 
in Tables 3–5. The object distance measurement sample 
data obtained was then analyzed, and it was concluded 
that distance can be measured using a monocular cam-
era because the image height changes linearly based on 
changes in object distance. Then, referring to the formula 
used in previous studies [12, 15] several constants and 
variables were determined to be used in the formulation 
of the object distance measurement formula. These con-
stants are focal length and camera sensor dimensions, 
while the variable is the height of the object image. 
Next, a substitution experiment was conducted on the 
constants and variables used to measure the distance 
of an object in order to obtain an accurate formula for 
measuring the distance of an object according to the 
distance measurement model used, which could then be 
incorporated into the YOLOv3 architecture. Up to this 
stage, the distance measurement formula results were 
calculated manually and then compared with the actual 
distance, and the results always had a large error (did 
not match the actual distance) when tested on different 
objects. Finally, an attempt was made to add a variable to 
the distance measurement formula, namely by entering 
the actual height of the object into the distance measure-
ment formula. This addition of a variable is known as 
magnification, and after being tested with sample data 
from three objects in Tables 3–5, the measurement re-
sults were declared to be very good.

Generally, YOLOv3 is used for classification and 
object detection. To be able to measure object distanc-
es, modifications need to be made to its architecture as 
shown in Fig. 4. However, the architectural modifica-
tions to YOLOv3 do not necessarily have to be as shown 
in Fig. 4. They can take other forms. The modified 
YOLOv3 architecture must still undergo a training pro-
cess with the initial data samples in Tables 3–5 to obtain 
the ideal network weights. Once the training results are 
deemed satisfactory, testing with the initial data samples 

object image height of 90 pixels. Car 2 has a distance of 24.19 
with a measured distance of 2076.44 cm or 20.764 meters 
with an object image height of 54 pixels.

Fig. 9 shows the measurement test of the truck object at 
an actual distance of 28.20 meters. The value 96 represents 
the height of the object image in pixels, while 2613.4 is the 
distance produced by YOLO in cm or 26.134 meters. Overall, 
the distance measurement error values for each class can be 
seen in Table 8. 

Table 8

Comparison of ɛA and ɛR values from previous research 
measurements with those proposed

Class Number
Dist-

YOLOv3G
Dist-

YOLOv3W
Hybrid Dist 

YOLOv3
ɛA ɛR ɛA ɛR ɛA ɛR

Pedestrian 1150 1.75 0.11 4.87 0.41 1.37 0.08
Car 7682 2.49 0.11 10.68 0.44 2.15 0.09

Truck 318 4.63 0.14 6.49 0.21 3.74 0.11

From Table 8, it is known that there are three object 
distance measurement methods compared, namely Dist-
YOLOv3G, Dist-YOLOv3W, and Hybrid Dist-YOLOv3. Two 
methods are from previous research (Dist-YOLOv3G, Dist-
YOLOv3W) and one method (Hybrid Dist-YOLOv3) is pro-
posed. Using the same classes and number of objects as in 
the previous study, object distance measurement testing was 
conducted, with the size used as an indicator of improve-
ment ɛA, ɛR. The smaller the values of ɛA, ɛR obtained from 
the method used, the better the method is compared to the 
others.

6. Discussion of the Hybrid Dist-YOLOv3 results

Hybrid Dist is a distance measurement that integrates tra-
ditional object distance measurement and deep learning. For 
traditional distance measurement, this method is based on a 
formula that utilizes camera parameters and image structure. 

 
  Fig. 8. Measurement of the distance of the object car at distances 

of 12.58 and 24.19 meters 

 
  Fig. 9. Measurement of the distance of the truck at a distance 	

of 28.2 meters
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can proceed. The first objective of testing at this stage is to 
prove the initial hypothesis that the height of an object image 
can be measured using YOLOv3 by counting the number of 
pixels in the bounding box of the formed object. The results 
displayed by YOLOv3 are very close to the manual measure-
ment results of the object image height using MATLAB 2019. 
The second objective is to determine the accuracy and error 
rate of object distance measurements based on the initial data 
sample. Table 7 shows the results obtained from YOLOv3 in 
measuring the distance of objects with mAP 0.50 on human, 
bottle, and jerry can objects, which are 0.994, 1, and 1, re-
spectively, while the ɛA values are –0.274, –0.153, and –0.163. 
The testing continued by comparing the research results with 
other previous research methods [19] with the object classes 
tested, namely pedestrians, cars, and trucks from the KITTI 
dataset. The results are shown in Table 8, where the ɛA values 
for the three object classes show an improvement from the 
previous study, which were originally 1.75, 2.49, and 4.63, 
to 1.37, 2.25, and 3.74.

If the results of this study are applied in the field, there 
are several limitations in its application, such as the use of 
cameras that differ from the specifications of the cameras 
used in this study, then the focal length and sensor dimen-
sions used in the magnification formula (7) must be changed 
according to the focal length and sensor dimensions of the 
camera used. Next, the actual height of the object which 
distance is to be measured must be known in advance, and 
then the height of the object is entered into the array class. If 
these limitations are not addressed, the results of the object 
distance measurement will have a significant error. Although 
the results of this study are better than those of [19], accord-
ing to the researchers, there are still weaknesses, such as 
some objects with an actual distance of > 50 meters, causing 
the image size of the object to be smaller than 20 * 20 pixels, 
making it difficult to detect by the YOLOv3 architecture used 
in this study. For further research related to overcoming the 
weaknesses of this study, the researcher suggests three im-
provements, namely improvements to the main architecture 
of YOLOv3, the development of a multi-level magnification 
algorithm, and combining the two previous improvements.

7. Conclusion

1. From the redesign of two previous object distance 
measurement models, it is known that the first distance 
measurement model uses the camera height and the camera 
tangent angle (φ) to measure the distance of the object. The 
second object distance measurement model uses the object 
image height to measure the distance of the object from 

two object images obtained by moving the camera along a 
certain distance. Meanwhile, the proposed object distance 
measurement model uses the camera focal length and the 
object image height.

2. From the initial data on object distance measurements 
at various intervals, it is known that there is a linear change 
in the height of the object image relative to the distance mea-
sured based on the number of pixels. Due to the change in the 
height of the object image, it can be concluded that the object 
distance can be measured where the height of the object 
image is used as one of the variables in the object distance 
measurement formula used.

3. The object distance measurement formula used is 
obtained from the relationship between field of view, focal 
length, sensor dimensions, magnification, and adjustment to 
the proposed distance measurement model. Manual distance 
calculations using the proposed formula produce a small er-
ror of < 20 cm if the measured image height of the object and 
the actual height of the object are accurate.

4. Modification of the YOLOv3 architecture in the output 
section is intended to enable the measurement of object dis-
tances. The distance measurements obtained are better than 
those in previous studies. This is evidenced by the ɛA value 
obtained, which is smaller than the test results for three sam-
ple objects: pedestrian, car, and truck.
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