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Abstract: Automation technology enables better outcomes in terms of time efficiency, mate-
rial usage, and reduced error rates in a process. Sensors and visual sensing are components
or methods frequently used in industrial automation systems. Visual sensing methods can
replace simple tasks typically performed by an operator’s vision in the industry, such as
counting specific objects. Object counting algorithms are tailored to the type of object being
counted; for example, counting fish objects and counting sacks on a conveyor belt require
different algorithms. Operators who are tired or unfocused can cause errors in counting
objects, such as sacks on a conveyor belt, leading to financial losses. The main component
used in this automatic counting system is a webcam. Each image frame is captured and pro-
cessed in a computer to obtain parameters used as the basis for counting sack objects. The
counting results are displayed on a monitor to facilitate the operator’s view of the output.
The method used is segmentation with a thresholding technique, which allows the separa-
tion of sack objects from the conveyor. The application of the segmentation method yields
accurate counts; a total of 21 sack objects on the conveyor belt were accurately counted
without error using this method. The use of filters did not affect the counting results, while
the area size did. An area size of 50 × 50 provided the most accurate counting results and
the best FPS (Frames Per Second) compared to other area sizes. This technique ensures that
the calculation process does not result in errors that lead to losses.
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1 Introduction

Indonesia possesses abundant natural resources, including sugarcane, which can boost eco-
nomic potential. However, in 2022/2023, Indonesia was not among the top 10 countries
globally for sugar production. One of the factors contributing to Indonesia’s suboptimal
sugar production is the limited use of automated machinery in the sugar agriculture in-
dustry. In fact, there are many aspects of automation related to the sugar industry that
could be implemented in Indonesia to increase sugar production, such as:

• Sugarcane Harvesting: The harvesting process can be modernized with the use of
automated sugarcane harvesters, which help improve efficiency and productivity in
gathering sugarcane from the fields.

• Sugarcane Transportation: The transportation system from the fields to the factory
can also be automated using trucks equipped with automation technology, making
the transportation process easier and faster.

• Sugar Processing: In sugar factories, various processing stages, including sugarcane
milling, refining, and crystallization, can be automated using machines that effi-
ciently control these processes.

• Production Management: Automation systems can be applied in production man-
agement, including the automatic monitoring and control of operational conditions
to enhance the quality and consistency of sugar products.

• Energy Usage: Energy consumption can be optimized with automation, for exam-
ple, using sensors to regulate energy usage efficiently during the sugar production
process.

By adopting automation technology, the sugar industry can increase efficiency, reduce
production costs, and improve overall product quality. Another fact is that in recent
decades, automation technology has become increasingly commonplace, and humans in-
teract with it almost always. Automation technology is not only found in the sugar indus-
try but also in everyday life, such as using washing machines for laundry and controlling
lights based on sensor readings. This technology is also widely used in various fields, such
as healthcare [1], education, agriculture, mining, and building construction. An example of
automation in healthcare is the use of robots to assist doctors in performing surgeries [2, 3]
and in examining internal organs using a small camera. In education, automation is ap-
plied in administrative processes such as attendance tracking and the distribution of learn-
ing materials. In agriculture, automation is more commonly used in off-farm and on-farm
activities. In off-farm operations, automation is used for packaging, producing derivative
products, and counting agricultural yields. An example of on-farm automation is the use of
drones for fertilizer application [4, 5], soil processing, and harvesting. Sensor networks for
monitoring environmental conditions and mining workers are useful for gathering real-
time data, enabling faster and more informed decision-making in the mining sector. In
building construction, IoT-based sensor networks in automation are useful for monitoring
building conditions [6, 7], such as tilt and humidity.

In the industrial world, automation is crucial for reducing error rates in processes [8],
enhancing time and material efficiency, and maximizing financial returns [9]. Automation
technology almost always involves the use of sensors [10, 11] or visual sensing. Electronic
sensors can partially replace human senses of taste, smell, and hearing, while visual sensing
technology can partially substitute for vision.
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Visual sensing, commonly referred to as machine vision, is a scientific field that utilizes
cameras as its primary component. The camera, which can be a webcam, captures specific
images that are then processed in a computer to extract certain parameters [12]. One ad-
vantage of using visual sensing in automation systems is that it reduces wiring complexity
compared to electronic sensors [13]. As a result, system installation is relatively easier, and
it is generally more cost-effective for complex systems. There are several examples of visual
sensing applications, such as detecting objects [14], colors, and shapes, classifying objects,
and performing object counting [15,16]. The type of object being counted influences the al-
gorithm used [17]. Visual sensing in automation systems uses image processing techniques
to perform its functions [18]. The basic image processing techniques commonly used in-
clude image conversion, filtering, pixel scanning, and adding specific annotations or char-
acters to images. Additionally, segmentation techniques are crucial for creating effective
images that can be further processed [19, 20], such as those using thresholding [21, 22].

Object counting systems are an example of automation systems found in various fields,
including transportation management, biomedicine [22], agriculture (e.g., counting soy-
bean seeds and palm oil seeds) [23], and mining. In transportation management, object
counting algorithms are used to count road users and assess traffic density, utilizing al-
gorithms such as Tensorflow Object Counting or MOG2 Background Subtractor for image
processing. Another example is in mining, where conveyor belts transporting coal might
carry unwanted objects, such as large non-coal items [24]. These objects need to be sorted
out, and monitoring them can pose safety risks in the production process. Machine vision
is used to address this issue, with algorithms like adaptive weighted multi-scale Retinex
(MSR) image enhancement improving the quality of images captured by cameras over
conveyor belts. The object recognition accuracy for large foreign objects exceeds 97% [25].
Visual sensing can also be used to detect damage in conveyor belt systems. Conveyor belts
are critical equipment in the transport process, such as in coal mining [26]. Damage to
conveyor belts can compromise system stability and disrupt mining efficiency.

Based on the explanations provided, the researcher implemented automation technol-
ogy in the sugar agriculture industry to increase sugar production. The implementation
involves using an object counting algorithm with machine vision and image processing
techniques. Operators count sugar packed in sacks while the sacks are on the conveyor
belt. Operator fatigue is a factor that contributes to errors in counting sacks. Counting
errors lead to incorrect revenue calculations and potential financial losses. An algorithm is
needed to count sack objects on the conveyor belt, with image processing-based counting
aimed at reducing counting errors and providing an easy way to monitor the results digi-
tally. This article presents a detailed solution for counting sack objects on a conveyor belt
using image processing and a segmentation method.

2 Research Method

2.1 Sack Object Counting Algorithm

The algorithm used is generally represented in the form of a flowchart, as shown in Fig-
ure 1. There are four main steps involved in counting sack objects on the conveyor belt.
The process starts by capturing the frames to be processed and initializing a variable to
store temporary data. The next step involves converting the image frame. The initial im-
age frame obtained when the system starts operating is in BGR format; this image frame
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is then converted into a binary image frame consisting of pixel values 255 and 0 [27, 28].
The principle of this method is to process the image to be segmented by determining a
threshold value [22]. When an object with matching pixels is found, those pixels are uni-
formly segmented, allowing the image object to be extracted according to the predefined
threshold value. The segmentation steps using the Thresholding technique include analyz-
ing the grayscale or BGR values of the image, comparing the grayscale or BGR pixel values
with the threshold value, binarizing the image, and finally extracting the object within the
specific image based on the binarization result [22]. This conversion uses Equation (1). The
binary image is used as the final image to determine the parameters of the sack object. The
binary image is chosen because it has two possible values for each pixel—0 and 255—mak-
ing it more suitable for processing and easier to apply compared to other techniques. Color
segmentation techniques are more appropriate for separating the color of an object from
its background. In contrast, texture segmentation is more effective for images that exhibit
significant variations in pattern or texture, even if the colors are similar.

G(x, y) =


255 if Trmax ≥ Y (x, y) ≥ Trmin∩

Tgmax ≥ Y (x, y) ≥ Tgmin∩
Tbmax ≥ Y (x, y) ≥ Tbmin

0 if else

(1)

where G(x, y) represents the binary image, Y (x, y) represents the BGR image, Trmax and
Trmin indicate the maximum and minimum threshold values for the red component, Tgmax

and Tgmin indicate the maximum and minimum threshold values for the green component,
and Tbmax and Tbmin indicate the maximum and minimum threshold values for the blue
component.

The next step is to prepare an area with a specific pixel size and position it within a
certain frame to be used for detecting the presence of a sack object. The algorithm for
identifying a sack object is based on the number of pixels within the predefined area. If
the number of pixels is greater than 80% of the total possible pixels with a value of 255
within that area (variable x), then the variable a should be incremented by 1. Subsequently,
if this condition is met and the number of pixels in that area falls below 40% of the total
possible pixels with a value of 255 in that area (variable y), it indicates that the sack object
has passed through the area. Figure 1 illustrates the flowchart used when a 50 × 50 pixel
area is employed, with values of x = 2000 and y = 1000 being used to determine the
presence of a sack object.

The flowchart in Figure 1 is converted into source code written in the Python program-
ming language, with each step represented as follows:

1. Video image acquisition
Image acquisition is the process of capturing visual data from a sensor used in im-
age processing. In this research, the sensor used for image acquisition is a Logitech
C920 webcam with a capture distance of 1.5 meters—the pseudocode for video data
acquisition is shown in Pseudocode 1.
The algorithm testing is performed on a previously recorded video, stored on Drive
E with the filename and format ‘5.mp4’. This video displays a total of 21 sack ob-
jects. In the source code, the video is stored in a variable named ‘cap’. This study
employs OpenCV as the open-source library for image processing. OpenCV pro-
vides an infrastructure for developing computer vision-based applications, thereby
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facilitating the rapid development of automation applications. The library includes
several easily utilized functions, such as filtering, transformation, edge detection, and
segmentation.

Pseudocode 1 Image acquisition

Import computer vision library
Initialize video_capture with video file located at "E:/5.mp4"

Start

Initialize the 

variable ‘�’ and
video frame

A

Convert image to 
binary

Count the number of 
pixels with a value of 

255 in a specific area

Number 
of pixels 

> �

� =  � +  1

A B

B

Number of 

pixels < �

and �> 0?
A

Convert image to 
binary

Display 
frame on 
screen

End

A

No

Yes

No

Yes

Figure 1: Flowchart of the sack object counting algorithm.

2. Conversion of BGR Image to Binary
Converting the BGR image to binary is used to transform the original image, which
utilizes the BGR color space from the webcam capture. The BGR image consists of
three layers: Blue, Green, and Red, whereas the binary image has only one layer. The
number of color space layers affects the data complexity and processing time; the
more layers there are, the greater the data complexity and the longer the processing
time. This is why the researchers chose to perform a direct conversion from the BGR
color space to a binary image.

3. Counting Pixels with a Value of 255 in the Area Traversed by the Sack, with an Area
Size of 50× 50 Pixels
The technique used at this stage involves counting pixels with a value of 255. This
same technique is also employed in robot control and navigation [27,28], where pixels
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Pseudocode 2 Color conversion to binary (thresholding)

1: Set R_threshold← 30
2: Set G_threshold← 30
3: Set B_threshold← 30
4: Set base_R← 210
5: Set base_G← 210
6: Set base_B← 210
7: Read frame from camera→ frame
8: Apply thresholding to frame:
9: frame_threshold← inRange(frame,

10: lower_bound = (base_B − B_threshold, base_G − G_threshold, base_R
− R_threshold),

11: upper_bound = (base_B + B_threshold, base_G + G_threshold, base_R
+ R_threshold)

12: )

with a value of 255 are counted and used to determine the movement of the robot’s ac-
tuators. In that research, the robot was capable of navigating and moving as desired.
In this study, pixels within a specific area that have a value of 255 are counted, and
the count is used to make decisions about a sack object. The binary image obtained
serves as a reference for determining whether an object on the conveyor is a sack.
The variable ‘total_pixel’ is used to store the count of white pixels in a predetermined
area. In this part of the source code, the area is located at pixel coordinates (600, 350)
with a size of 50× 50 pixels.

Pseudocode 3 Set detection area size
1: Initialize total_pixel← 0
2: for j = 0 to 49 do
3: for i = 0 to 49 do
4: if frame_threshold[j + 600, i+ 350] = 255 then
5: total_pixel← total_pixel+ 1
6: else
7: total_pixel← total_pixel+ 0
8: end if
9: end for

10: end for

4. Detecting and Counting Sack Objects
The value stored in the variable ‘total_pixel’ is checked; if it is greater than 2000, the
variable a is incremented by 1. If it is less than 1000 and the value of the variable
a, then the variable ‘object_count’ is incremented by 1. The variable ‘object_count’
holds the count of sacks detected.
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Pseudocode 4 Counting objects

1: if total_pixel > 2000 then
2: a← a+ 1
3: else if total_pixel < 1000 then
4: a← a+ 0
5: if a > 0 then
6: object_count← object_count+ 1
7: a← 0
8: end if
9: end if

2.2 System Usage Configuration

A camera is positioned above the conveyor belt, carrying sack objects, to capture each frame
of the image, with a distance of 1.5 meters between the camera and the conveyor. The cam-
era used is a Logitech C920 webcam. Each image frame is captured and then transmitted to
a computer for processing using the developed algorithm. The computer used in this study
has the following specifications: 2.00 GB RAM and an Intel(R) Celeron(R) CPU N3350 @
1.10 GHz. The operator uses the processed image results to determine the count of sack
objects. Figure 2 illustrates the system usage configuration, which is also employed for
fish counting and tracking systems [29]. In that study, the camera was placed above a fish
container to count the fish using image processing algorithms. The average counting accu-
racy was 91%, with a detection accuracy of 94%. During the trials, there were occurrences
of both overcounting and undercounting. Factors affecting the accuracy of counting and
detection include foreign objects or shadows caused by lighting conditions. These factors
are also experienced in this study. Solutions to address these issues include ensuring that
external lighting does not interfere with the frame capture process through the webcam,
such as providing covers on all sides of the area between the webcam and the sack ob-
jects. Another solution is to provide additional lighting, such as LED lights directed at the
objects [19].

2.3 System Testing Scenarios

Testing is conducted to evaluate the performance of the developed algorithm. There are
scenarios for testing each subsystem or sub-algorithm. The testing of BGR to binary image
conversion is performed by examining the conversion results. The conversion is considered
successful if the resulting image displays a certain number of white pixels or pixels with a
value of 255 that form the sack object, as described by Eq. (1). The next test evaluates the
impact of area size on the count of sack objects. This test is used to determine the optimal
FPS (Frames Per Second) that can accurately count sack objects for specific area sizes. Four
different area sizes are used in this test.

Another test assesses the effect of the distance between sack objects on the counting
results. The outcomes of this test can serve as guidelines for the operator to place sack ob-
jects on the conveyor, ensuring accurate counting by the system. The impact of the blurring
filter size on the counting is also tested. This test aims to understand the effect of applying
a blurring filter on the sack object counting results produced by the algorithm. Three sizes
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of blurring filters are used in this test: 5 × 5, 7 × 7, and 9 × 9. The blurring filter used is
an averaging filter, which computes the average value of all pixels in the kernel area and
replaces the central element. The processing is performed through convolution between
the original image and the filter kernel, as described by Eq. (2).

h(x) = f(x, y) · g(x, y) (2)

The filter function is denoted as g(x, y), and the convolution process is performed on the
original image, denoted as f(x, y).

Figure 2: System configuration illustration.

3 Results and Discussion

Testing was conducted to evaluate the performance of the developed system. The results
obtained from the testing are as follows.

3.1 Results of BGR to Binary Image Conversion

The results of this stage of testing are shown in Figure 3. It is observed that the conversion
from BGR to a binary image performs well, with the binary image produced from BGR
showing more precision compared to the binary image generated from grayscale images.
This is because the grayscale pixel values are obtained from the average values of the cor-
responding BGR pixels. The sack objects in the binary image appear consistent with those
in the BGR image. The quality of the conversion or separation of the background from
the sack objects is influenced by the threshold values set in the algorithm. The technique
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used to optimize the conversion results involves determining the threshold value by di-
rectly sampling pixels from the object. The threshold value is used to separate pixels into
two groups, unlike other segmentation techniques, such as contour-based segmentation,
which cannot produce derivative images that clearly separate foreground and background.
Contour-based techniques focus on detecting edges or contours within the image [30, 31].
Edges are identified as significant changes in pixel color, requiring operators like Sobel,
Laplacian of Gaussian (LoG), and Canny to detect edges in the image. If such segmen-
tation techniques were applied, the derivative image of the sack object in the BGR image
(Figure 3) would show a binary image with several white pixels on the edges of the sack
object, resulting in the algorithm never concluding that the object is a sack.

Another segmentation technique, color and texture segmentation [32], uses a model
that produces an image visually showing pixel grouping with consistent texture or color
from homogeneous pixels of the original image, or it can be viewed as reconstructing the
original image composed of regions with homogeneous properties. This model unifies pix-
els with similar colors, textures, or correlations. This segmentation technique relies on a
degradation parameter, identical to the thresholding technique used in this study, which
also has a parameter affecting segmentation results, i.e., the threshold value. Color and
texture segmentation could be applied in this case, where sack objects can be segmented
into white pixels, allowing the algorithm to conclude that the object is a sack. This seg-
mentation technique can handle more than two groups of similar textures or colors, unlike
the thresholding technique, which separates foreground and background. Therefore, the
proportional technique to address the sack object counting problem in this study is the
thresholding technique.

Figure 3: BGR image and binary image.

3.2 Results of Testing the Effect of Blurring Filter Size on Counting Ac-
curacy and FPS

Blurring filters are among the filters that can reduce noise or enhance image quality in
certain cases [33] and are widely used to reduce noise [34]. The effects of applying a blur-
ring filter are shown in Table 1. This table illustrates the impact of the blurring filter on
images containing sack objects. With a 9x9 filter size, the sack objects appear more blurred
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compared to a 5×5 filter size. The testing indicates that the blurring filter can influence the
image conversion process from BGR to binary. Table 2 shows that the presence or absence
of a blurring filter does not affect the sack object counting results, but it does impact the
FPS (Frames Per Second) value. The FPS without the filter is higher compared to when the
filter is applied to the BGR image before conversion to binary. This result is attributed to
the fact that blurring filters require higher computational resources [34].

Table 1: Effect of blurring filter size on image appearance

Blurring Filter Size Image Appearance

5× 5

7× 7

9× 9

3.3 Results of Testing the Effect of Area Size on Counting Accuracy and
FPS

The size of the area is a crucial component of the sack object counting system. Table 3
illustrates the differences in the area sizes displayed in the images. The image sizes are
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Table 2: Effect of blurring filter size on sack counting and fps (frames per second)

Blurring Filter Size Sack Counting Results FPS

Without filter 21 20
5× 5 21 15
7× 7 21 15
9× 9 21 14

marked in green, with the smallest size being 20× 20 pixels and the largest being 110× 110
pixels. The results of this stage of the test are shown in Table 4. The sizes of the 50 × 50
and 80 × 80 pixels accurately count the number of sack objects, totaling 21 objects (which
is the same as the number of sack objects in the test video). In contrast, the other sizes
yield incorrect counting results. The size of the 50× 50 area provides a higher FPS (Frames
Per Second) compared to the size of 80 × 80. This is because the subalgorithm scans and
counts white pixels more efficiently with a smaller area size. The 80× 80 area size requires
the algorithm to scan a maximum of 6400 pixels, whereas the 50 × 50 area size requires
scanning 2500 pixels.

3.4 Results of Testing Sack Counting with Close and Sparse Spacing

The distance between individual sack objects affects the accuracy of the counting results.
Table 5 illustrates examples of distances where sacks are counted correctly and distances
where sacks are not counted accurately. When sack objects are in proximity or in contact
with each other, the algorithm counts them as a single sack object. It occurs because the area
is filled with white pixels, amounting to more than 80% of the total pixels in the area, or has
not yet reached below 40% of the total pixels in the area. Sack objects with a minimal pixel
distance greater than 40% can be counted accurately, as the area can transition from being
at least 80% filled with white pixels to a maximum of 40% filled with white pixels. The
test video can be viewed at the following link: https://unej.id/pengujianKarungKonv. The
counting results are accurate, and the algorithm performs as expected. Similarly accurate
counting results are also demonstrated in other algorithms for different objects using seg-
mentation techniques [19]. The use of YOLO object detection can also serve as a first step in
creating a counting system, but it requires hardware with higher specifications compared
to the hardware used for the proposed algorithm [35]. Other research utilizes a proximity
sensor as the primary component for calculating objects [36]; however, it requires several
additional electronic components to support it, and the data acquisition process is more
complex compared to the proposed technique. The weakness of this technique is that it can
only be applied to count objects that have a single type of color and are distinct from the
conveyor color, and it relies on consistent light intensity. The use of a light intensity control
system using certain types of control can help ensure that the light around the calculated
object is consistent.
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Table 3: Effect of area size on image appearance

Area Size Image Appearance

20× 20

50× 50

80× 80

110× 110
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Table 4: Effect of area size on sack counting and fps (frames per second)

Area Size x y Sack Counting Results FPS

20×20 320 160 34 26
50×50 2000 1000 21 20
80×80 5120 2560 21 12

110×110 9680 4840 20 8

Table 5: Display of sack object distances affecting counting accuracy

Illustration of Sack Object Distances that
Can Be Accurately Counted

llustration of Sack Object Distances that
Cannot Be Accurately Counted
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4 Conclusion

Each object-counting system using image processing employs different algorithms, which
are determined based on the object to be counted. In the sack object counting system,
operating on a single conveyor belt has several factors affecting counting accuracy and
FPS (Frames Per Second). The distance between sack objects and the area size impact the
counting results provided by the algorithm. Objects in contact with each other are not
counted accurately by the algorithm. Area sizes of 50 × 50 and 80 × 80 successfully count
the number of sack objects correctly, especially when the distance between sack objects is
at least equal to the size of the area used by the algorithm, which is 50 pixels. The FPS for
an area size of 50 × 50 is 20 FPS, which is better compared to 12 FPS for an area size of
80 × 80. The FPS value is also affected by the use of filters. FPS without a filter provides a
better value of 20 FPS compared to 15 FPS with a filter. The use of a filter does not affect
the accuracy of sack object counting. This technique can be used to ensure that the sack
counting process does not result in an error, which would cause one party, either the buyer
or seller, to experience a loss.
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