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 ألملخص 

 في هذا العالم السريع النمو، أصبح استهالك الطاقة ضرورة 

 أساسية للحياة البشرية، ويتم الحصول عليها  في الغالب من

 الوقود األحفوري الطبيعي .وهذا الوقود  األحفوري محدود  مما 

 حدا باإلنسان للشروع في البحث عن وسائل بديلة  تكون 

 مستدامة،  وصديقة للبيئة، باإلضافة إلى مصادر الطاقة النظيفة

 مثل الغاز الحيوي لتلبية االحتياجات البشرية .وتستثمر عدة 

 بلدان نامية في مصانع الغاز الحيوي .ويحتوي الغاز الحيوي

 على غاز الميثان، الذي يُْنتَج عن طريق الهضم الالهوائي للمواد

 العضوية ويمكن استخدامه كمصدر بديل للطاقة .ويمكن 

 استخدام الغاز الحيوي المنتج لتوليد الحرارة والكهرباء، وحتى

 كوقود حيوي يتطلب المزيد من المعالجة .وبموازاة توليد الغاز 

 الحيوي، يمكن استخدام خليط البقايا  كسماد للمحاصيل 

 والنباتات .ويمث   ل هذا البحث استكشافًا  لمتطلبات عملية بناء نظام 

 Arduino Uno محمول صغير الحجم مجهَّز بمتحكم دقيق

 لمراقبة درجة الحرارة والضغط وكذلك مستوى  العتبة لغرفة 

  .إنتاج الغاز

Abstract 
In this rapidly developing world, the consumption of 
energy has become a basic necessity of human life and 

mostly it is being obtained from natural fossil fuel. These 

fossil fuels are limited so people have started looking for 

alternate means which are sustainable, eco-friendly, and 

clean energy sources such as biogas to meet human needs. 

Several developing countries are investing in biogas 

plants. Biogas contains methane gas, which is produced by 

anaerobic digestion of organic matter and can be used as 

an alternate source of energy. The biogas produced can be 

used for generating heat, electricity, and even as a biofuel 

which would require further processing. Along with 

biogas generation, the residue mixture can be used as 
fertilizer for crops and plants. This work is to explore the 

requirements as well as the process of constructing a 

small-scale portable digester system equipped with an 

Arduino Uno microcontroller to monitor the temperature, 

pressure as well as a threshold level of the chamber and 

the gas produced.  

Keywords: Biogas, anaerobic digestion, methane gas, 

eco-friendly, organic matter, portable digester 

1. Introduction
Energy plays a significant role in the economic, 

environmental as well as socio-economic aspects of 

human well-being. Needless to say, the rising concern of 

producing alternate sustainable sources of renewable 

energy is quite in demand nowadays. In order to preserve 

and optimize energy, a sustainable alternate source of 

energy is compulsory. Research indicates that around 80% 

of the world heavily relies on fossil fuels, from which 

harmful emissions are produced. According to the World 

Health Organization (WHO), fossil fuels are known to 

emit considerable amounts of toxic pollutants such as 

nitrogen oxide (𝑁𝑂𝑋 ), sulfur dioxide (𝑆𝑂2)  as well as

other noxious particles, which are known to cause serious 

harm to health, environmental and economic aspects [1].  

Therefore, it is essential to explore and discover more 

resources of renewable energy, which release less to 

minimize harmful emissions as compared to using 

primary fossil fuel-based energy [2]. Biogas is actually a 

processed clean gas that is clean and eco-friendly and 

involves a combustible mixture of assorted gases. It 

primarily consists of methane (CH4) and carbon dioxide 
(CO2) with  other traced amounts of gases such as 

ammonia and hydrogen. Moreover, one of the main 

challenges that the world is facing is environmental 

pollution [1]. Unintentional contamination has ascended 

throughout the world causing dangerous atmospheric 

deviation and various human diseases caused by 

numerous microorganisms living in the waste material [3]. 

Apart from this, due to improper waste management, the 

world is facing heaps of contamination from toxins that 

simply emanate from harmful substances present in 

various waste materials that are not disposed of properly 

[2]. Looking at these aspects, this research focuses on how 
to construct a small-scale biogas chamber integrated with 

an Arduino Uno microcontroller, to utilize the 

decomposed matter, by turning it into an environment-

friendly clean energy source. More importantly, Earth has 

to be protected from harmful emissions as much as 

possible, biogas is a promising way to accomplish that, as 

1

mailto:arsalan_as96@yahoo.com
mailto:mbashir@mec.edu.om
mailto:sameeraiqbal786@hotmail.com


it has the ability to produce valuable clean eco-friendly 

energy. Besides, it’s a step towards sustainability and 

perhaps, a step closer to building the ideal ecological green 

city [1, 4]. The standard process of biogas production is 

shown in the illustration below.  

     Figure 1. The primary process of biogas production. 

This research is intended to observe the status of 

temperature, pressure, and threshold level in a small-scale 

digester system which is equipped with various sensors 

integrated with an Arduino Uno microcontroller to display 

the results in an LCD [5]. The rest of the paper is 

categorized as follows: 
The 2nd section of this paper explores the related work. The 

3rd section discusses the methodology applied in order to 

execute the proposed system. The 4th section reviews the 

results obtained while the 5th section sums up the results 

of this project followed by acknowledgment and 

references.  

2. Related work
Over the past few years, extensive research on the above-

mentioned topics has been conducted across the globe. 

Several large and small-scale biogas plants have been 

constructed for testing as well as utilization purposes 

supported by public and private organizations [5]. Various 

researchers have explored and researched various different 

factors from which temperature, data statistics, 

environmental aspects, digester technologies, plant 

capacity, feedstock properties as well as overall retention 

time were observed and tested for optimal production of 
biogas. Researchers observed that biogas contained in a 

small cylinder (bottled biogas) has great potential for 

utilization in the domestic domain. In order to be 

transported elsewhere, compressing and bottling of biogas 

in a suitable gas cylinder such as a liquefied petroleum 

cylinder (LPG) is necessary, so that it could be later 

transported and used as a biofuel for compatible vehicles 

[6]. However, purification and upgrading of biogas require 

a whole different process and phases, not to mention the 

microbiological cycle for methane production is rather 

complex and requires several days of processing the 

decomposed matter. Furthermore, researchers also 
conducted a study on producing biogas from food waste 

[5]. The food waste included various fruits and vegetables 

in comparison with cow manure to analyze which organic 

matter is more effective in biogas production [7]. As a 

result, digested cow manure proved to be the most 

effective and quickest to process in around 2 days, since 

they are pre-digested in the gastrointestinal region of the 

animals. Moreover, manure also proved to be an effortless 

option for the process of anaerobic digestion due to the 
fact that it contains a neutral pH level and the ability to 

tolerate variations in the pH level as well [4]. Besides, 

manure also provides a mixture of nutrients, micro-

organisms as well as trace metals which are present in 

large quantities [8]. Whereas fruits and vegetables such as 

pineapples, oranges, lemons, tomatoes, pumpkins, and so 

on, likewise resulted in the effective production of biogas 

however, the processing of food took around 3-4 days as 

the outer shell of fruits and vegetables requires time for 

anaerobic digestion [7]. Furthermore, to realize the full 

potential of biogas researchers also explored the viability 

of raw and upgraded biogas. Basically, upgrading biogas 
increases its uses significantly and reduces the number of 

impurities emitted from other substances such as 

( water vapors, 𝐶𝑜2, 𝑎𝑛𝑑 𝐻2𝑆) . So, purification and

compression are necessary to be done in order to fully 

realize the potential of biogas so it could meet the 

standards of pipeline injection and automobile fuel 

markets [9]. As of now, there are four major technologies 

employed to create renewable natural gas (RNG) from 

biogas those are:  

a) Water/Biogas scrubbing: An approach that consists
of three major steps. In the purification process, the

steel wool immediately reacts with the hydrogen

sulfide (𝐻2𝑆), then the pure water added drastically

reduces the percentage of carbon dioxide (𝐶𝑂2) and

the absorbent substance (silica gel) decreases the

existence of water vapor in biogas. So, when carbon

dioxide is dissolved in water, as a result, carbonic

acid (𝐻2𝐶𝑂3 ) is created, which is a harmless

substance.
b) Chemical scrubbing - This approach involves the

use of a chemical compound Sodium carbonate

(𝑁𝑎2𝐶𝑂3 ) as an absorbent solution. This solution

contains solvents such as monoethanolamine (MEA)

and diethanolamine (DEA) which is able to dissolve

carbon dioxide ( 𝐶𝑂2)  per unit volume in biogas

remarkably better as compared to water.

c) Physical scrubbing - This technique is similar to

chemical scrubbing; however, this method involves

an absorption process in the absence of a chemical
reaction. Employing solvents such as selector,

genosorb, and rectisol. Nonetheless, the restoration of

solvent is prepared at higher temperatures and needs

more energy than water scrubbing, although less than

chemical scrubbing [4]. Hence, this treatment

categorizes greater flow rates.

d) Membrane separation - Lastly, this method utilizes

polymeric membranes to isolate the (𝐶𝑂2) from the

methane ( 𝐶𝐻4)  in biogas is processed amid high

pressure. The membranes are created in extensive,
thin with hollow centered fibers. Therefore, the

substance that is diffuses through the membrane

mainly consists of ( 𝐶𝑂2) , and the substance that

passes by is composed of (𝐶𝐻4).
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The proposed project is mainly based on constructing a 

functional small-scale portable biogas plant, which would 

be integrated with the  Arduino Uno microcontroller board 

that is derived from the ATmega 328 board, that consists 

of 14 configurable digital pins which can be customized as 

input or output and 6 analog inputs along with various 

sensors continuously detecting and displaying the status of 

temperature, pressure, gas as well as the threshold level of 
the slurry in the LCD [5]. The Arduino Uno board is 

known to be more efficient, as compared to the other 

preceding boards due to the fact that it does not require the 

FTDI USB to the serial driver board. Instead, it offers the 

ATmega16U2 up to version R2 integrated as a USB-to-

serial converter, making it easier for plugging and 

programming. Whereas this project offers flexibility, 

portability, and durability as compared to other systems. 

This system is designed in a way that it could be easily 

programmed and modified to install more electronics. 

Besides, the LCD status embedded in this system 

constantly provides the chamber status making it easier for 
users to monitor the chamber. Furthermore, the proposed 

system uses utilizes the Arduino Uno similar to few other 

research papers, however as a safety precaution the 

proposed system is programmed to release gas pressure 

when it gets above the threshold level, when the pressure 

is stabilized, the gas valve then closes automatically [5]. 

So, by this approach, it is safe to say that this project has 

the potential to bring the entire scheme to a whole new 

level. 

3. Methodology
This research work was intended to successfully develop 

a small-scale biogas plant that would continuously be 

monitored and should present the status of the chamber. 

The proposed system is integrated with an Arduino 

microcontroller, along with Arduino software, to initiate 

coding in each component on how to react when the gas 

pressure inside the chamber exceeds the threshold level 
[10]. When the slurry is filled above the threshold level the 

ultra-sonic sensors detect and sends the data to the 

microcontroller, which would then start the counter on 

biogas production. The overall working of the proposed 

system is depicted in figure 2 that shows various phases of 

steps of system operation.  

Figure 2: Flowchart of the proposed system. 

By following the system flowchart, the unit is simulated 

and tested using the Proteus professional 8 software in 

which the internal architecture of the proposed system was 

revealed and connected to visualize how the components 

of the system would actually operate. The Arduino Uno 

microcontroller is selected from the vast Proteus library 

[11], it is then programmed by using its own Arduino 

programming software while all the coding of the 

components is set accordingly. Furthermore, when the 
collected decomposed matter such as (plant, food, or 

animal waste) is added into the system, the ultrasonic 

sensor detects how much of the chamber is filled up, if it 

is loaded more than 40% plus 50% (about 2 liters) of water 

has to be added into the digester, plus intentionally leaving 

10% of headspace empty, the counters begin the 

countdown when the threshold level of pressure is 

exceeded, followed by fermentation of the waste matter 

commencing on the same day. Next, the sensors 

consistently detect the temperature, pressure, and distance 

r
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of the slurry being processed inside the chamber, and 

according to the data received by the microcontroller, 

water pump and safety valves will activate. Eventually, the 

increase in pressure indicates the successful production of 

biogas. As a result of anaerobic digestion, slurry matter 

builds up at the bottom of the reactor, the water pump 

equipped will then switch on to assist in extracting the 

digestate through the outlet region, which could be sold or 
used as fertilizers for plants, organic crops, and farms. 

Additionally, a safety precaution was added that when the 

pressure exceeds the threshold level of 2.7 to 3 bar, the 

pressure sensors automatically detects and sends the data 

into the microcontroller, which then proceeds to open the 

safety valve to release some of the intense pressure out, 

when the pressure gets back to normal, around 1-2 bar, 

then the valve promptly closes. Furthermore, optimal 

production of biogas begins from 30° C or more, as the 

temperature increases the anaerobic digestion process is 

more effective, hence more biogas is produced [1]. 

Therefore, a small-scale biogas plant is expected to 

generate around 1𝑚3 of biogas which is 0.65𝑚3 of 𝐶𝐻4 in
about 5-8 days or even more depending on the type of 

waste matter utilized [5]. Overall, the proposed system is 

equipped with a Barometric pressure/temperature sensor 

(BMP 180) sensor that is able to measure both pressure 

and temperature simultaneously. As the ultrasonic sensor 

measures the level of biomass inside the chamber in 

centimeters, these parameters will continuously appear on 

the LCD to monitor the status of the reactor, so basically 

the amount of biogas produced from the decomposition of 

organic matter will be measured by the BMP sensor, to 

provide sufficient energy to the electronic components the 

system is powered by a 12V external battery [5].  

4. Discussion on Results
The proposed system was implemented and tested using 

Proteus professional 8. The schematic screenshots 

provided below are the system detecting and processing 

the data simultaneously. 

 Figure 3. The connection of the system. 

 Figure 4. When the system is activated. 

Figure 5. Sensors operating and displaying the detected 

parameters. 

Figure 6. Supposedly, when biomass is added. 
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Figure 7. The Digital counter begins the countdown. 

The schematic screenshots commencing from Figure 2 to 

Figure 5 illustrate the outcomes obtained. When the 

system is activated from idle and starts operating the 

temperature inside the chamber starts from 25° C followed 

by the pressure that displays 10125 mBar which is the 

normal atmospheric pressure and the distance shows 0 cm, 

due to no biomass is added yet. Also, when the system is 

newly switched on it usually takes around 15-20 min to 

naturally heat up the temperature inside the reactor by 
direct exposure to sunlight as a result, the temperature 

begins to increase automatically. Thus, when biomass is 

added into the chamber, the ultrasonic sensor is able to 

detect the amount of waste added, displaying the threshold 

value between the biowaste and the reactor in centimeters. 

Basically, if the distance is more, that simply indicates that 

the reactor has plenty of space free as illustrated in Figure 

5. Similarly, when the distance declines to a low figure, as

shown in Figure 6, indicating that the reactor is sufficiently

filled more than 60% that’s when the real-time clock

begins the countdown to monitor the duration of biomass
added [12].

Overall, the project proved to be successful in meeting the

objectives, and the experiment is based on extensive

programming and understanding of chemistry principles.

5. Conclusion
This experimental work is one way to solve the problems 

which are emerging due to the use of fossil fuels, as it 

majorly contributes to global warming, releases toxic 

emissions, and causes pollution into the atmosphere when 

burnt, which adds to the greenhouse effect as well. Besides, 

fossil fuels are non-renewable energy sources, implying 

that the supply is limited which means it will eventually 

run out. So, it is vital to explore alternate sources of 

renewable energy. Whereas the concept of green 

renewable energy is basically the future of mankind. 

Nowadays, with cutting-edge development and 

technological breakthroughs, this research and 

development were conducted to highlight the importance 

of green renewable energy known as biogas. The primary 

contributions of this work arise from the formulation of a 

new approach to model and identify the features of 

simulation images using Proteus that delivered improved 

computational efficiency in the positioning techniques. 

By manipulating the feature information of both into a 

model, it simply states that considerable improvements in 

the execution of the algorithm can be figured out. Thus, 

this work is an attempt to develop a portable small-scale 

biogas plant integrated with an Arduino Uno 
microcontroller along with various hardware sensors to 

monitor the production of biogas and to control the reactor 

accordingly. This work is conducted as an attempt to 

highlight biogas as renewable energy produced from the 

decomposition of waste matter in the absence of oxygen, 

which has various applications such as generating clean 

green energy for cooking, heating, electricity, and 

renewable natural gas or even as a biofuel for powering 

vehicles. However, due to few technological 

developments and its complex procedure its potential is 

yet to be realized.  

Furthermore, the results indicate that the system is able to 
accurately monitor the biomass temperature, the threshold 

level of the waste matter, and the pressure inside the 

chamber. Hence, the clock is activated, when the chamber 

is filled with more than 60% of biomass and water. 

Further, recommendations to ameliorate the project in the 

future are stated below as follows:  

a) Hardware implementation results are to be compared

with simulation results.

b) Mobile applications could be developed to monitor

and control the chamber remotely.

c) IoT systems such as sensors and actuators could be
integrated with a Raspberry Pi being more powerful,

faster, and providing more capabilities.

d) Sufficient solar panels could be embedded thus

powering the entire biogas reactor without the need

for an external battery.

e) A heat engine with a suppressed combustion system

can be added to convert the chemical energy of

combustible gases into mechanical energy which

would directly generate electricity.

f) Biogas can also be converted directly into electricity

by using a fuel cell although this process requires
purified biogas gas and fuel cells are a bit costly.

The results obtained from this experiment have proved to 

be convenient and effective as the status of the chamber's 

(Temperature, Pressure, and Biomass) is continuously 

being displayed on the LCD making the readings easy to 

observe as well as keep track of the amount of biomass 

added into the chamber by the digital counter embedded.  
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 ألملخص 

ض ت التضاريس الشاسعة والصعبة لمواقع التعدين إيجادَ   لقد فر 

 حلول أتمتة محددة لصناعة التعدين لضمان التشغيل الذاتي دون

 توقف وعلى نحوَ  آمن .وتشمل هذه الحلول المحدَّدة أنظمَة

 روبوتية متنقلة وأنظمة نقل مستقلة .وتعرض هذَه الورقة البحثية

 عملية جمَع مجموعاَت البيانات وتعليمهَا على البحث مرة واحدة

 (ANNs) عن الشبكات العصبية االصطناعية (YOLO) فقط

 لعملية تعدين الخام المستقلة .وسيتَم تدريب الشبكاَت العصبية

 على صور صناعة التعدين الخاَم Darknet باستخدام إطار

اَل  التي ستشمل الجرارات والحفارات باإلضافة إلى العمَّ

 البشريين .وتتكوَن مجموعَة البيانات من الصور التي ُجِمع ت مَن

 مواقع التعدين المحلية ومن الصور المتوافرة مجانًَا علَى

 اإلنترنت بحقوق طبع ونشر مفتوحة .وستساهَم نتائج هذا البحث

 ألنهَا اَل Google في مجموعة بيانات الصور المفتوحة من

 تحتوي على أي صور تتعلق بصناعة التعدين على الرغم من

 وجود أكثر من 9 ماليين صورة للتعلم اآللي .وباإلضافة إلَى

 ذلك، فإن وجود مجموعَة بيانات كافية للتعلم اآللي وتدريب

 الشبكات العصبية في مجال صناعة التعدين سيمكن الباحثين من

 التركيز على تحسين حلول التشغيل اآللي بدالًَ من الحصول على

.البيانات

Abstract 
The vast and difficult topography of mining sites forced 

specific automation solutions for mining industry to assure 

autonomous non-stop and safe operation. These specific 

solutions incorporate mobile robotic systems and 

autonomous haulage systems. This paper presents the 

process of collecting data sets and training You Only Look 
Once (YOLO) artificial neural networks (ANNs) for 

autonomous ore mining process. The neural networks will 

be trained using Darknet framework on ore mining 

industry images that will include tractors, excavators in 

addition to the human workers. The data set composes of 

pictures collected from local mining sites and from 

copyright free online images. The findings of this research 

will contribute to the Google Open Images Dataset since 

it does not have any pictures related to mining industry 

despite it having more than 9 million images for machine 

learning. Additionally, having sufficient dataset for 

machine learning and training neural networks in the field 

of mining industry will enable researchers to focus on  

optimizing their automation solutions rather than 
acquiring the data. 

Keywords: Artificial Neural Networks (ANNs), Google 

Open Images Dataset, You Only Look Once (YOLO), 

Mining, Image Processing. 

1. Introduction
Mining and quarrying industry is one the most demanding 

industries for both humans and machines. It is 

characterized by its harsh environment, difficult 

topography, remote operations and vast active working 

area [1]. These attributes have rendered typical automation 

solutions such as conveyor belts and stationary robotic 

systems inadequate and economically extreme. Operations 

such as exploration of underground mines and minerals, 

extraction and material handling are all dangerous for 

humans and well suited for mobile robots [2]. However, 

mobile robots do not have the same level of real-time 
environment perception. Robots can acquire perception 

using artificial neural networks and image processing [3]. 

However, the neural networks must be trained on the 

objects before it can identify them. For this, the 

opensource community, Google AI team, and Kaggle 

community have collaborated in making Open Images 

dataset. This dataset contains 9 million images and the 

crowdsourced extended dataset comprises of 478 thousand 

images and it is 90GB in size [4, 5]. Nevertheless, both 

datasets do not contain any classes for machinery, objects, 

or facilities present at a mining site. This is true due to the 

inaccessibility and remoteness of mining sites, its harsh 
environment as mentioned earlier, and making it even 

harder, the copyright issues imposed by the companies. 

These factors have limited the research and 

implementation of neural networks in applications related 

to mining industry [6]. As a step to overcome this, this 

research focuses on collecting datasets on ore mining 

industry and training YOLOv3 artificial neural network 

for object identification in mining sites [7]. With limited 

datasets on classes related to the mining industry, 

augmentation concepts such as random rotations, 
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translations, size, and illumination can used to enlarge the 

dataset [8]. 

Robots working in mining and quarrying industry are 

subjected to dynamic environments and often work in 

cooperation with other robots. Such environments can 

benefit from adaptive task assignment, such as local 

blackboard mechanism [9, 10]. In such system, decision 

making becomes complex. One way of solving this is by 
introducing a multi-layered reasoning that incorporates the 

intent of other robots [11]. In this scenario, robots handling 

the decision making are governed by their physical 

location and their interaction limits. Recent work on this 

topic resulted in AgileABT, a general framework for 

handling decision variables [12]. This physical boundary 

is decided visually by landmarks [13]. Similarly, work on 

Item response theory in AI depends on visual perception 

for decision making [14]. Considering all the extensive 

work referred to, most of the developed work either 

depends fully or partially on visual data. Hence, after 

identifying the shortage of visual data relating to mining 
industry, this research focus on building the foundation for 

visually perceptive mobile robots in mining. Allowing 

mobile robots to take advantage of the major advances in 

AI that depend on visual skills; decision making, and 

autonomy. 

For robots, perceiving the environment, to make decisions 

and operate accurately, is hard and computationally 

expensive. Humans can do the aforementioned 

instinctively and naturally. One part of perceiving the 

environment is identifying the different objects present in 

a given scene. Aimed towards mining industry, YOLOv3 
ANN is trained for machines specific to ore mining. The 

first section of the paper discusses the experimental 

procedures followed in training a YOLOv3 ANN for 

custom classes. Encompassing the collection of images 

and creating a dataset for one class; power screens. In the 

same section, different approaches for data collection such 

using python scripts and bulk downloaders. Additionally, 

some challenges faced are introduced along with their 

solution such as wrongly tagged images and Microsoft 

Visual Object Tagging Tool. Moreover, the system 

configuration for parallel GPU processing is sparsely 
documented. 

The rest of the paper is organised as follow: section 3 

presents the acquired results from inferencing the trained 

ANN, tabulates the overall confidence rates, and 

graphically illustrate the ANN performance. Section 4 

discusses the acquired results, the process involved in 

acquiring the results and what might have influenced the 

result. Also, it briefly discusses the augmentation methods 

used in enlarging the dataset. Furthermore, it reviews the 

limitations and shortcomings of this research in practical 

implementations and the possible areas of improvement. 

2. Experimental Procedures
The process of training an artificial neural network 

encompasses three main phases, data preparation, the 

training process itself, and testing. Data preparation 

consists of creating the dataset on which the neural 

network has been trained on. The training is done 

machines pertain to the mining industry. This dataset is 
created from images for excavators, power screens, 

ground movers, and haulage systems. This dataset is a 

collection of images that has been taken from the internet, 

using python scripts and tools that download images in 

batches. Additionally, the dataset if further enriched with 

images taken locally from mining sites in Oman. One 

notable mining site is Rasyat Al Rayan LLC site in Al 

Wusta Governorate. This site is chosen to be a 

representative for surface mining industry. The site is 

situated 147 km from the nearest city, Adam, in the middle 
of the desert. This site symbolizes the harsh environment 

faced by miners across the globe and their need for 

automation solutions that improve their productivity.  

These images created the foundation of the dataset. 

However, the number of images is arguably insufficient 

for accurate results. To achieve satisfactory object 

identifications, as seen practically in ImageNet 

classification challenge, around 1,000 images are required 

per class. A more accurate approach in estimating the 

sample size can be derived from a statistical approach [15]. 

Oneَ famousَ andَ provenَmethodَ isَ Cochran’sَ samplingَ

technique [16]. 

𝑛𝑜 =  
𝑧2 𝑝𝑞

𝑒2

This approach can be further refined to match the specific 

test as it is from the Vapnik-Chervonenkis (VC) dimension. 

This formula measures the complexity of the introduced 

model and then specifies the required training data size 

[17]. 

𝑁 = 𝐹(
𝑉𝐶 + ln(

1
𝑑)

𝐸
) 

Similar optimisation techniques are available as seen in the 

research by Bartlett, Kotrlik, and Higgins [18]. This 

dataset contained 135 images, in which images taken 

locally by site visits barely account for 10% of the overall 

image count. Due to this small dataset size, data 

augmentation methods are used to enlarge the dataset by 

manipulating the images and create new images. 

Augmentation methods used included translation, rotation, 

resizing, illumination and mirroring. This have tripled the 

dataset size. In the final step of preparing the dataset, the 

imagesَwereَ annotatedَ usingَMicrosoft’sَVisualَObjectَ
Tagging Tool to label the images. Then, the images were 

separated into training batch and testing batch, 85% and 

15% respectively. 

YOLO artificial neural network has been trained in 

Darknet framework on a machine running Linux Ubuntu 

OS. The framework has been built from source code with 

the flag GPU=1 to enable GPU based parallel computing; 

reducing the training time significantly. This machine was 

equipped with Nvidia Quadro RTX 3000 with computing 

capability of 7.5, Nvidia graphics driver version 435, 

CUDA toolkit version 10.1, and cuDNN 7.6.5. Regardless, 
the training process was not optimized for cuDNN 

libraries. 

The dataset has been converted into YOLO format and 

combined with the original pre-trained darknet weights. 

This enables the new artificial neural network to detect the 

objects it has been previously trained on by the community 

in addition to the new objects it has been trained on during 

this research. Once the training has finished, the new 

generated weights are exported and saved for evaluation. 
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These weights can become more comprehensive and cover 

more objects by pooling more classes into the dataset. 

The neural network has been analysed and tested on the 

remaining 15% of the dataset. The analysis used statistical 

procedures to determine the accuracy and confidence of 

the identification. This was done by calculating the 

average accuracy, the identification consistency, and the 

wrong identifications. 

3. Results
Presented below are two samples from the test images 

after inferencing the trained YOLO artificial neural 

network. In the presented images, the network has been 

trained on Power Screen machines. The test images 

composed majorly of the images taken locally from Rasyat 
Al Rayan LLC mining site in Al Wusta, Oman. The results 

showed a varying range of confidence level, having a 

maximum of 98% and a minimum of 26%. Despite this 

low confidence, the neural network managed to identify 

the object correctly as a Power Screen. Out of the test 

images, 3 images containing other mining machines were 

wrongly identified as a Power Screen. Putting this result 

into perspective, the trained YOLO neural network 

managed to correctly identify Power Screens from the test 

images correctly with a rate of 83.3%. 

Figure 1. The trained YOLO artificial neural network identifying the 

Power Screen with confidence of 98%. 

Figure 2. The trained YOLO network identified a different Power 

Screen model from another perspective with confidence of 67%. 

Figure 3. The trained YOLO artificial neural network identifying the 

Power Screen with confidence of 27%. 

Figure 4. The trained YOLO network identified a different Power 

Screen model from another perspective with confidence of 67%. 

Figure 5: The confidence percentage of the test images plotted. 

Table 1: Test images and their corresponding identification confidence. 
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4. Discussion
When looking at the original problem, lack of datasets that 

contain classes pertaining to mining industry; it raises the 

question why? Likewise, it complicates the process of 

selecting an appropriate ANN architecture. Answering the 

first question, it can be attributed to the factors mentioned 

at section 1. The remoteness and harshness of a mining site 
made it inaccessible to machine learning researchers. 

Adding to the factors, companies favour secrecy for 

market/legal reasons; hence, companies tend to exploit 

privacy policies to prevent the disclose of data (e.g., 

images of machines and facilities). These images have the 

potential to advance AI technologies based on visual 

perception for mining industry. Focusing on the second 

complication, ANNs are computationally expensive and 

demanding. Making it more complicated, mobile robots 

operate on embedded systems. Embedded systems are 

limited in resources and efficiency and uptime is of great 

importance. Thus, selecting a light yet accurate ANN 
architecture is of key importance. For this, YOLOv3 has 

been selected as the ANN to be trained and carry this 

research on. Unlike recent ANN architectures that propose 

regions for classifications like R-CNN [19, 20]. YOLO 

ANN treats object detection as a single regression problem. 

With this approach, YOLOv1 was able to process video 

feed in real-time with latency less than 25 milliseconds 

[21]. Be that as it may, extensive evaluation of different 

architectures is required. However, this is out of the scope 

of this paper; leaving room for future improvements. 

By attempting to solve the first problem mentioned 
previously, this research starts by creating a dataset then 

prepare it for training. The images constituting the created 

dataset pertain a machine called power screen used in 

mining site to process aggregates and sand. This machine 

is the class on which the training is done. Due to 

limitations in time and access to data for more machines, 

the classes are limited to one class only. This adds more 

room for future improvements to include more classes. 

The images were collected using two different methods; 

downloaded from the internet and captured locally. Images 

downloaded from the internet were done in two ways: 
using python scripts and Google Chrome plug-ins for bulk 

download. The total number of images acquired with 

“powerscreen”َandَ“powerَscreen”َas tَagsَwasَaroundَ200َ

images. However, most of the images were wrongly 

tagged or represented something irrelevant. Filtering the 

irrelevant images reduced the available images 

significantly to sub 100. To compensate for this loss, 

augmentation techniques were used to enlarge the dataset; 

namely, random rotations and mirroring. For the sake of 

completion, around 20 images were taken from Rasyat Al 

Rayan LLC mining site in Adam, Oman. These images 

were strictly reserved for inferencing and evaluation of the 
trained ANN. As mentioned in section 2, 85% of the 

images were used for training and the remaining were for 

inferencing. The final number of images composing the 

dataset was 135 images. Comparatively, this number is 

evidently lower than the recommended set size for one 

class as discussed in section 2.  

On the hardware side, the system set-up for carrying the 

training process was an MSI laptop equipped with Nvidia 

RTX Quadro P3000 graphics card. Running Ubuntu 

18LTS distribution of Linux with Nvidia driver v435, 

CUDA v10.1, and CuDNN 7.6.5. Nvidia states that this 

GPU has a computational capability of 7.5 according to 

their scale which is in the upper quarter of performance. 

Coming to the software side, a collection of libraries and 

frameworks were installed, including, but not limited to, 

TensorFlow backend, NumPy, and Darknet framework. 

Wherever possible, frameworks and libraries were built 

with GPU parallelisation enabled. Despite the system’s 
capacity and the small dataset, training process took 

around 6 hours. 

The collected dataset has been annotated using Microsoft 

visual object tagging tool. The generated CSV file is then 

converted to yolo format. By this, the dataset collection 

and preparation are considered done. Moving to the actual 

training process, the training is based on Keras 

implementation of YOLOv3 using TensorFlow backend 

for its C++ libraries. The training python script takes an 

input shape with a size of 416x416 pixels, respectively for 

height and width of images. The script checks for when to 

stop the training based on the number of epochs and 
yolo_loss lambda layer. These parameters are tweaked in 

accordance to the dataset. Inferencing the resulted trained 

ANN is also done using a python script that runs through 

the remaining images reserved for testing. This script 

defines a YOLO detector that have a model image size of 

416x416 pixels and a data frame for output. This frame 

contains the image information such as the label, and the 

boundary box dimensions. The ANN predicts at 3 different 

scales, those predictions occur at the 82nd, 94th, and 106th 

layer. Running detection at these different scales is the 

reason behind YOLO capability to detect objects varying 
in size. Objects are detected by predicting a confidence 

score for every bounding box; this is done using logistic 

regression in YOLOv3. 

Image Confidence 

20191122_133634.jpg 0.671382904 

20191122_145832.jpg 0.33040005 

20191122_145832.jpg 0.516455114 

20191122_133447.jpg 0.791885436 

20191122_133832.jpg 0.862654328 

20191122_145423.jpg 0.659974396 

20191122_145638.jpg 0.270800829 

12.jpg 0.97929877 

4.jpg 0.967462361 

20191122_133338.jpg 0.26226297 

40.jpg 0.49548465 

14.jpg 0.959346473 

20191122_145250.jpg 0.935856164 

31.jpg 0.483281225 

20191122_145717.jpg 0.45739004 

20191122_145717.jpg 0.461370379 

20191122_145309.jpg 0.981546164 

20191122_133335.jpg 0.891312599 

20191122_145334.jpg 0.66886276 

20191122_145334.jpg 0.905793369 

20191122_145352.jpg 0.883239627 
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The ability of YOLO artificial neural network to identify 

the newly introduced objects after training imply that the 

neural network can be trained for mining industry. 

Furthermore, the neural network was able to identify the 

objects on which the community had trained it for in 

addition to the new objects introduced in this research after 

combiningَtheَweights.َThisَprovesَtheَneuralَnetwork’sَ

ability to be trained for objects pertaining to mining 
industry. Despite this, there is no artificial neural networks 

trained for mining industry. This can be as a result of the 

remoteness and inaccessibility of mining sites to machine 

learning scientists and researchers, and the legal rights by 

the machine manufacturers or owners. 

From another perspective, the mining site, on which this 

experiment was conducted, was affected by dust either 

generated by the mining process or wind. The 

continuously variable presence of dust in the atmosphere 

influence the light received by the camera. This affects 

real-time onsite inferencing of the neural network. This 

kind of limitations have forced companies like Komatsu to 
adopt LIDAR technology instead of cameras. This on its 

own imposed dreadful increase in initial investment. 

To solve the scarcity of datasets pertaining to mining 

industry, augmentation methods and techniques can be 

used to greatly increase the dataset size. Nevertheless, 

images with diverse context proved to be more valuable 

than augmented images. One effective approach is Google 

Crowdsource app.  Where people can share images taken 

by their mobile phones for machine learning. 

Most of the neural networks designed for object 

identification work by isolating the target object from the 
picture frame. In contrast, YOLO network model works by 

looking at the full picture frame. This provide more 

context to identify the object based on its location with 

respect to other elements present in the frame. By adopting 

this working model, the atmospheric conditions such as 

dust and lighting can added as factors or parameters. 

Helping the neural network in making better decisions in 

identifying objects. 

Figure 6. YOLO artificial neural network architecture. (Redmon, 

Divvala, Girshick, & Farhadi, 2016) 

5. Conclusion
Mining as an industry account for well beyond 45% of the 

world’sَ GDPَ consideringَ bothَ directَ andَ indirectَ

contributions. To overcome challenges and extract the full 

potential of mining industry, modern approaches in 

automation using artificial neural networks and machine 
learning is a must. This research paves the way for future 

applications that rely on artificial neural networks trained 

for mining industry. The experiments included confirmed 

that training YOLO neural network on identifying 

machines, objects, and facilities present at a mining site is 

feasible. The trained neural network managed to identify 

83.3% of test images correctly with a confidence level up 

to 98%. Nevertheless, the trained neural network did 

produce wrong identification of 16.7% of the test images. 

This can be considered as an area to further improve the 

dataset and the trained YOLO based artificial neural 

network. The collected dataset will be of great significance 

to the machine learning community and a great addition to 

the Open Images dataset. 

This research can be greatly improved by addressing the 

identified shortcomings and limitations discussed above. 

Starting by contributing with this dataset to Google Open 

Images dataset and to Kaggle community. Secondly, by 

adding more classes and evaluating more ANN 

architectures. Moreover, the performance of the trained 

ANN can be evaluated using mean Average Precision and 

other statistical tools. 
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 ألملخص 
 يتكون مفهوم  التعرف على  الكائن  والكشف  عن   توسيع  منطقة  رؤية 

 الكمبيوتر  من  عدة  أساليب  وخوارزميات  في  التشغيل والتحكم  بآالت لتصور 

 وتفسير المناطق المحيطة  بها .وتقترح  هذه  الورقة البحثية  نهًجا  متقدًما في 

 الكشف  عن  حالة  األجسام  بشكل  مباشر  وحقيقي .ويتم  رصد  حالة  األجسام  في 

 عدة فواصل  زمنية  لتمثل  التركيز  الرئيسي .هذا  الحل  مبني  على  أساس  النظر 

 في ضرورة  تحسين قطاعات المراقبة  كالمتاحف  والمعارض  الفنية  وحقول 

   .النفط والغاز  وغيرها  من  المواقع

 GEMM الخوارزمية   المستخدمة  مبنية  على تنفيذ  التطبيق هي  خوارزمية 

 التي  يتم تنفيذها  من  خالل وظيفتين     أساسيتين. وينفَّذ    التطبيق باستخدام

 .وتطوير  في  منصة  ويندوز  OpenCV ,لغةالبرمجة  بيثون

 

Abstract  
The concept of object recognition and detection is a 

broadened Computer Vision area consisting of several 

methods and algorithms in operating and controlling 

machines to visualize and interpret surroundings, 

particularly objects. Keeping this in mind, this paper 

proposed an advanced approach in detecting the state of 

objects in real-time. The monitoring of the state of an 

object at several time intervals is the major focus. This 

solution is based on considering the necessity for 

improvement in the surveillance sectors particularly bank 

locker rooms, museums, art galleries, oil and gas fields, 

and wherever keen observation is a must. The algorithm 

used for performing the application is the GEMM 

algorithm in which two prominent functions are carried 

out. The application is implemented utilizing the Python 

programming language and OpenCV Library and develop 

in the Windows platform. 
 

Keywords: Computer Vision, OpenCV Library, Python 

programming language, Windows platform. 

 

1. Introduction 

 
The vision for humans can observe the surrounding 

environment and notices forthwith and recognizes any 

changes occurring immediately. However, in the case of 

machines, they are to be programmed appropriately to do 

such functions.  The rationale that led to the need for this 

solution implementation is for the sectors where keen 

observation and high confidentiality must be maintained 

such as bank locker rooms, museums, exhibition halls, art 

gallery, and world’s fair are the major sectors where this 

solution is apt. Also, where monitoring is of utmost 

essential in certain hazardous fields such as oil and gas 

fields for monitoring the pipelines and other apparatuses 

where a minor leakage in the pipelines can lead to serious 

damages and even human endangerment. Additionally, it 

is necessary during circumstances where the act of forgery 

of objects or change of an object’s state may not be easily 

noticeable and must be observed diligently. Furthermore, 

the application can be facilitated in transport vehicles, 

particularly buses for ensuring that all passengers have 

alighted from the vehicle before reaching the bus terminus. 

This is predominantly done to assure passenger’s safety. 

Albeit, there are many techniques in tackling the issues 

such as surveillance cameras monitoring all the events 

occurring in a specific region, there exists uncertainty to 

ascertain any discrepancy in an object’s state. Surveillance 

on an object’s state to detect discrepancies is the main idea. 

Hence, the application is efficient as the users are alerted 

instantly during such an act taking place. Therefore, it can 

be implemented by almost anyone or any organization 

having situations that are mentioned above. The 

implementation for object state discrepancy detection is an 

outcome that is evolved around these aspects. The 

processes involved in the application commences during 

the initiation of the application, a primary photo of the area 

wherein to observe a specific object is captured. 

Subsequently, there is another option to consecutively 

snap photo of the same region with the time interval option 

in either seconds or minutes as per the user’s necessity. 

Concurrently, the primary photo and the snapped photo 

which had taken at several time intervals are compared and 

verified for any discrepancies that occurred in the object 
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in the examining area. If the area is found to have any 

changes in the object’s state, an alert is given followed by 

the photo that is being marked with a bounding box 

specifying where exactly the difference has occurred, 

which is displayed as well. The application development 

is using Python programming language and OpenCV 

Library in PyCharm IDE and is supported in the Windows 

platform.  

2. Scope

The concept is much significant considering the 

requirement in the enhancement of existing surveillance 

mechanisms. The system will enable easily to view the 

change in the state of the object placed. It also allows the 

user to view the exact location of the occupancy on the 

screen. The user can place time intervals for observance 

based on their convenience and change periodically as per 

their requirement to easily detect any change in the 

object’s occupancy that goes unnoticed and thereby notify 

the user as per the time intervals arranged by them. 

2.1  Objectives 

• Acquiring insights on the relevance of object

detection technology over various business sectors.

• Understanding the current types of object detection

and recognition technologies.

• Evaluation of the proposed implementation solution

by comparing the prevailing systems.

• Facilitate the time interval function to compare and

detect any object state difference in photos

• Arrange the alert function to promptly apprise the

changes that occurred in the observing area.

3. Literature Review

The detection of objects is not merely understanding that 

an object is present in an image, instead, it is about 

comprehending the type of object and determine where 

exactly the object is located in the image. However, if 

there are multiple objects present in an image, and the 

focus is only on a certain object located towards one side, 

the object is required to be localized first and later classify 

each object by certain object extraction mechanisms [1].  

The domains where the object detection concept is applied 

are pedestrian detection and face detection prominently. 

Each of these methods has utilized varied deep learning 

algorithms. These algorithms are part of machine learning 

methods dependent on artificial neural networks, which 

are comprising of CNN (Convolutional Neural Networks), 

RCNN (Region-based Convolutional Networks), Faster 

RCNN, YOLO (You Only Look Once) [2]. The YOLO 

algorithm has been a recent efficient real-time object 

detection mechanism. Nevertheless, in general, all these 

algorithms have similar processes which involve image 

classification, localization, instance (object) segmentation, 

and lastly the detection of an object to show the 

confidences of existence [3]. The concept of object 

detection has spread widely in various business sectors 

utilized mainly for security purposes which are biometrics 

through which an organization’s authorization entry can 

be for personnel can be authenticated. The biometrics are 

done as a part of access control mechanism that is based 

on the certain calculation on human body patterns that 

utilizes the facial recognition, iris code detection, 

fingerprint identification, typing recognition, voice-

speaker recognition, retina scan, and many more [4].  

Apart from object detection in images, the concept is also 

applied in video surveillance for a moving object. The 

steps in moving object tracking in a video sequence are 

first the object is detected in the video, which implies the 

identification of an unforeseeable object, and secondly, it 

is represented in shapes, color, texture, and motion of the 

object. The final stage is object tracking which is done to 

determine the position of the object at various movements 

in each sequence of a video. Through these operations, an 

object’s (including a person’s) movement can be easily 

tracked in video surveillance [5]. In this journal, it is 

detailed that object recognition and identification have 

benefited significantly in driving autonomous cars. The 

autonomous car’s functions are programmed to detect and 

identify the surrounding environment, and a notable 

detection technique when it comes to human detection is 

pedestrian detection. However, a major drawback is that 

prevailing object detection technologies are yet to detect 

certain truncated and occluded objects [6].  

In this journal, it states that the neural networks in deep 

learning algorithm namely, Convolutional Neural 

Networks have brought about advanced RCNN and Faster 

RCNN, which had been advantageous for object detection, 

classification, and segmentation. The processes in CNN 

are laid out by the neurons present in CNN consists of 

learning units and accepts inputs for which significance is 

assigned and are passed through an activation function that 

differentiates several objects in the image [7]. These 

techniques being implemented in autonomous vehicles 

were effective but only to a limited extent due to disruption 

in the images captured such as blurred or changes 

occurring due to unpredicted weather conditions that 

intervene in the quality of the image taken for the 

algorithm to process. A similar work that has provided a 
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solution towards this issue was by using Haar-like feature 

and Adaboost algorithm to extract sequences, thereby 

illustrates the features of a vehicle and construct classifiers 

of the captured moving images for vehicle detection and 

recognition.  

The concept is detailed broadly on the object classification 

or categorization where an image consisting of several 

groups of classes are examined to check one or more 

objects’ presence. The locating of objects in a given image 

seems more of a challenging task to achieve, as compared 

to classification. The semantic image segmentation and the 

general notion of object detection can be said to have 

similar characteristics where pixels are assigned to the 

semantic class labels. An efficient approach towards 

object detection was through the break-through of YOLO 

in which an image is segmented into numerous grids, each 

of which is bound to classify and localize the object. If an 

object is found in a particular grid, it is valued as 1, 

however, if it is contrary the value will 0. Furthermore, the 

grids are divided depending on the image’s complexity. 

Based on the presence of the object in the image the grid’s 

value is determined, whereby the grid’s value reflects the 

value for bounding boxes as well. Moreover, the anchor 

boxes facilitate precision in object detection [8]. 

4. Experimental Diagram

The following diagrams signify the functions and 

processes of the application from the initiation until the 

application is ended. The prominent condition commences 

when the photos are arranged for comparative analyzing 

in which if the condition is true, the discrepancy in the 

object will be displayed and ceases the comparison process, 

however, if the condition is contradictory, the operations 

will continue, that is, snap photos and compare until the 

discrepancies, if any, are detected. 

4.1 Flow Chart 

The steps of the application process from its 

commencement till the program ends are illustrated 

graphically below. Each function is performed 

consecutively until the phase of comparing photos. When 

this phase is completed, based on the comparison result 

remaining steps are followed, or else the program 

continues to perform ‘snap photos’ After the additional 

two steps, another conditional statement is to pause photo-

snapping if the comparing photos have discrepancies. 

However, if no discrepancy is found, the program 

continues. 

Figure 1. Flow Chart

4.2 Use Case Diagram 

The diagram consisting of the user and camera as actors 

and use cases implying the user’s interaction with the 

program. After the program is commenced, the 

compulsory step is to enter as well as the setting of time 
intervals by the user, and the photos are snapped by the 

camera. Discrepancies in photos are alerted to the user 

based on the comparison made. 

15



Figure 2. Use Case Diagram 

4.3 Sequence Diagram 

The sequential interaction of processes is demonstrated 

through the sequence diagram as provided below: 

Figure 3. Sequence Diagram 
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5. Methodology

Figure 4. Iterative Methodology 

The application is implemented in Python programming 

language and OpenCV Library with PyCharm IDE. The 

relevant requirements towards the application 

development have been attained thereby analyzing and 

examining each of them in-line with the objectives, 

followed by, designing, testing, and implementation are 

done, however, one or more iterations are essential since 

certain functionalities may be supplementary during the 

development period from time-to-time. Hence the review 

phase remains as the last phase until all the objectives are 

satisfied. When the application development goals are 

fulfilled, the maintenance phase concludes the 

development process This intellect has brought the 

dilemma to conclude in opting the iterative methodology. 

6. Images operations based on GEMM

(General Matrix Multiply Algorithm)

The GEMM algorithm is an efficient approach towards 

machine learning in terms of operating functions with the 

matrices for image processing and other domains as well. 

In the proposed solution, the split () function and merge () 

function primarily utilized from the GEMM algorithm. 

6.1 Split Function 

The multi-channel array is disseminated to many single-

channel arrays.  

{Mv[c][I] = src (I)c} 

Figure 5. Split Function 

In the equation above, the “mv” stands for the vector of 

arrays which are performed by the following step: 

{cv2.split(m[, mv])   > mv} 

Figure 6. Split Function performed 

In the case of object discrepancy detection, the split () 

function enables the dissemination of the RGB channels of 

both the main initial image and the object discrepancy 

image into many single-channel arrays. 

6.2 Merge Function 

The merge function performs to merge the already split 

single-channel array to a sole multi-channel array which is 

performed by the following equation: 

{cv2.merge(mv[,dst])   > dst} 

Figure 7. Merge Function 

For the object discrepancy detection, the merge () function 

enables the merging of the previously separated single-

channel arrays into a sole multi-channel array enabling the 

main initial image and the object discrepancy image into a 

sole multi-channel array and gives the difference detected 

photo output where both images have been merged 

ensuring the object state discrepancy to be viewed 

distinctly. 

7. Experimental Result

Following two images are input images such as the main 

initial photo which is kept as the main image captured 

where the monitoring object is contained for the 

comparison to be performed with the photo taken at 

various time intervals that verifies the variation of the 

object’s position. 

Figure 8. First input image as main initial photo 
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Figure 9. Second input image as object discrepancy photo 

Figure 10. Result with a pop-up alert message 

Figure 11. Result with difference detected photo 

Figure 12. Result with the details of difference detected photo 

Total number of 

pixels 

Rows Columns Channels 

921600 480 640 3 

Table 1. The number of pixels, followed by the tuple of rows, columns, 

and channels of the difference detected photo 

The input images captured through webcam are wherein 

the first image input was taken during the commencement 

of the application and the second image input captured 

after the object’s position discrepancy had occurred 

(depicted in Fig. 3 and Fig. 4). A pop-up message box 

giving an alert sound has appeared and once the user clicks 

the “OK” button, the difference detected photo 

concatenated horizontally with the main initial photo on 

the left side and the object discrepancy photo with a 

bounding box specifying where exactly the change has 

taken place, is manifested in the output (as displayed in 

Fig. 5). Simultaneously, once the comparison between 

both images is performed, the output is displayed as 

merged input images and saved as the result (as shown in 

Fig. 6 and Fig. 7). The output is displayed only when there 

occur changes in the photos as a result of the difference in 

the object’s state in the photo. The merging of images were 

performed using the arithmetic operations from the 

OpenCV Library on Python using the split and merge 

operations to split the BGR channels of the photos and 

merge them into one final photo. The application’s time 

interval option allows the program to run based on the time 

being set, which assures immediate notification once any 

change in the observing object is detected. Apart from 

viewing and comprehending the object discrepancy in the 

image, a precise examination is done to attain data such as 

channels, pixels, columns, and rows which is manifested 

in the dataset table (Table 1.). As given in the dataset table 

above, the shape and size of the difference detected photo 

details the number of columns, rows, and channels as in 

the matrix array of the difference detected photo which is 

depicted as, (480, 640, 3). The total number of pixels 

accessed is 921600. 

8. Conclusion and Future Work
The study based on object detection led to learn and 

acquire insights on various related aspects which directed 

towards implementing an advanced concept majorly 

focusing on security aspects. Currently, the application is 

running on the Windows platform, however, will be 

incorporated in Mac OS, Android, and iOS as well, in the 

future, intending to implement a cross-platform system. 
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ألملخص 
كلها لها تأثير أساسي   نوع وأبعاد عدة القطع و عملال  قطعة معامالت القطع، و

ختيار معامالت  إ، ينبغي  لهذابكلفة مقبولة.  وعلى تحقيق جودة المنتج المطلوب  

إلى  ، وتعظيم معدل اإلنتاج  التصنيعمع مراعاة أهداف تقليل كلفة  عملية القطع  

حد،   على  أقصى  الدراسة  هذه  وترك ِّز  المنتج.  جودة  تعزيز  الى  باإلضافة 

مقياسين لألداء،  معامالت  ين  تحس باستخدام  درجة حرارة سطح  هما  القطع 

م    قطعة العمل  (  DEAالبيانات )  مغلف   تحليل   أسلوب وخشونة السطح. واستُْخدِّ

من   كبيرة  مجموعة  على  الحصول  خالل  من  المتعددة  االستجابة  لتحسين 

.  راطة لعملية الخ   البيانات من متغيرات اإلدخال المتعددة والمخرجات المتعددة

على تحديد درجات األداء    مغلف البياناتتحليل  أسلوب  النتائج قدرة    أظهرتو

مجموعة عوامل    تحديدحيث تم    عامالت القطع المطلوب إدخالها، لم   النسبية 

األفضل  ودرجة    القطع  السطح  )خشونة  المطلوبة  األداء  مقاييس  لضمان 

ن حيث الكلفة  م  تتأثر قطعة العمل(. وبالتالي، لن  قطعة العملحرارة سطح  

 . تحقيق جودة المنتج المطلوب باإلضافة الى

Abstract 
Cutting parameters, workpiece material, and cutting tool 

geometry and material all have an essential influence on 

the desired product quality achievement at an acceptable 

cost. Thus, the process parameters should be selected 
considering the objectives of minimizing the cost of 

machining, maximizing the production rate, and 

maximizing the product quality. The focus of this study is 

to optimize the cutting parameters using two performance 

measures, workpiece surface temperature, and surface 

roughness. Data Envelopment Analysis (DEA) approach 

was employed for multi-response optimization in turning 

operation when a large set of data could be obtained from 

multi-input and multi-output variables. The results show 

the ability of DEA to identify the relative performance 

scores for the required input parameters set where the rank 

for each set was presented to ensure the desired 
performance measures (surface roughness and workpiece 

surface temperature). Thus, the workpiece will not be 

affected in terms of cost and the desired product quality 

will be achieved. 

Keywords: Data Envelopment Analysis, CCR Input 

Oriented, Surface Roughness, Multi-Response 

Optimization 

1. Introduction
Turning is the most common method for cutting and 
especially for the finishing machined part. Thus, the 

process parameters should be selected properly to produce 

any product with desired quality. There are various 

approaches to evaluate the performance measurement and 

identify the optimum setting for the process-controlled 

parameters. DEA as a non-parametric approach is one of 

these approaches that are designed to provide relative 

efficiency for a series of decision-making units (DMUs) 
based on multiple input/output with no assumptions of 

production function [1]. It uses linear programming LP to 

assess the performance of similar operations and makes an 

efficiency frontier for DMUs being evaluated [2]. The 
DEA model must be run n times, once for each DMU, to 

get the relative efficiency of all DMUs [3]. 

Many attempts to optimize the cutting parameters in 
turning operation have been made. Taguchi and surface 
response methodology have been used by [4]  as an attempt 
to determine the robust condition for minimization of out 
of roundness error of workpieces for the centreless grinding 
process. Taguchi method was also employed by [5], and as 
result, optimal cutting parameters of S45C steel bars for 
turning operations were obtained. Multiple linear 
regression and the techniques of Taguchi were used by [6] 
to establish a correlation between cutting velocity, feed, 
and depth of cut with the roughness evaluating parameters 
(Ra) and (Rt). On the other hand, integration of the 
analytical hierarchy process (AHP) and (DEA) for 
assessment and optimization of personnel productivity in a 
large private bank was presented [3]. The DEA-based 
Taguchi method is employed for solving the multi-
response optimization problem in CNC end milling [7]. 
Multi response comparison should come into consideration 
when one set of cutting parameters is better than another 
set for one performance measure but is not better based on 
other performance measures. Here the selection of proper 
variables to define and evaluate the performance measure 
is always an extremely important decision. In this paper, 
the DEA approach will be used for cutting parameters 
optimization in turning operation. Each set of cutting 
parameters is considered as input and two performance 
measures, surface roughness and workpiece surface 
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temperature as output. The main purpose of this paper is to 
propose a new method for analyzing different sets of 
cutting parameters to specify the best set in comparison 
with the other sets. Thus, the optimum set identification for 
the cutting parameters will ensure the desired product 
quality achievement and lead to control the manufacturing 
cost.  

2. Data Envelopment Analysis DEA 
Data Envelope Analysis (DEA) was developed by Charnes 

Cooper and Rhodes in 1978. It is an improvement-based 

technique that is widely used in measuring the relative 

performance of decision-making units that feature 

multiple objectives and/ or a multiple-input structure. This 

theory measures the performance efficiency of 

organizational units called decision-making units (DMUs), 

which can be sets of cutting parameters that represent the 

controlled parameters. Also, the techniques used can 
measure the efficiency of a DMU (one set) and usages the 

resources available to produce a set of outputs 

(Performance measures) [8]. 

The performance of DMUs in the DEA method is 

evaluated using the concept of efficiency or productivity 

defined as a ratio of total outputs to total inputs. 

Efficiencies estimated using DEA are relative, i.e. for best 

performing DMU or DMUs (if multiple DMUs are most 

efficient). The best DMU is assigned an efficiency score 

of one unity or 100 percent, and the other DMUs perform 

between 0 and 100 percent for best performance [9]. 

To determine the efficiency score in the presence of 
multiple input and output factors the following relation has 

been used: 

 

Efficiency weighted = sum of outputs / weighted sum of 

inputs 

 

Assuming that there are n DMUs as a set of the machining 

processes, each with m inputs and s outputs, the relative 

efficiency score of a test DMU p is obtained by solving the 

following model [10]: 

 

𝑚𝑎𝑥 =  
∑ 𝑣𝑘𝑦𝑘𝑝

𝑠
𝑘=1

∑ 𝑢𝑗𝑥𝑗𝑝
𝑚
𝑗=1

                          (1) 

 

𝑆. 𝑡.  
∑ 𝑣𝑘𝑦𝑘𝑝

𝑠
𝑘=1

∑ 𝑢𝑗𝑥𝑗𝑝
𝑚
𝑗=1

  ∀𝑖 

 
Where: 

𝑘        1 𝑡𝑜 𝑠 

𝑗        1 𝑡𝑜 𝑚 

𝐼        1 𝑡𝑜 𝑛 

𝑌𝑘𝑖   𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑜𝑢𝑡𝑝𝑢𝑡 𝑘 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑏𝑦 𝐷𝑀𝑈𝑖 
𝑋𝑗𝑖   𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡 𝑗 𝑢𝑡𝑖𝑙𝑖𝑧𝑒𝑑 𝑏𝑦 𝐷𝑀𝑈𝑖 

𝑉𝑘   𝑤𝑒𝑖𝑔ℎ𝑡 is 𝑔𝑖𝑣𝑒𝑛 𝑡𝑜 𝑜𝑢𝑡𝑝𝑢𝑡 𝑘 

𝑈𝑗    𝑤𝑒𝑖𝑔ℎ𝑡 is 𝑔𝑖𝑣𝑒𝑛 𝑡𝑜 𝑖𝑛𝑝𝑢𝑡 𝑗 

 

2.1 CCR model 
The CCR input-oriented model (2) minimizes the inputs 

while keeping the outputs at current levels. 

max   𝑌𝑝 =   ∑ 𝑌𝑟𝑝𝑈𝑟

𝑠

𝑟=1
,                          (2) 

 
𝑆. 𝑡. 

∑ 𝑌𝑟𝑗𝑈𝑟

𝑠

𝑟=1
− ∑ 𝑋𝑖𝑗𝑉𝑖

𝑚

𝑖=1
  ≤ 0,      (𝑗 = 1, 2, .  .  .  ) 

 

∑ 𝑉𝑖𝑋𝑖𝑝

𝑚

𝑖=1
 = 1 

 

𝑈𝑟 , 𝑉𝑖  ≥ 0 

CCR Input-orientation model was used in this paper where 

there is a control over the inputs (cutting parameters) than 

over the outputs (surface roughness and workpiece surface 

temperature). 

3. Experimental method and setup 

3.1 Experimental procedures and conditions 
Figure 1 shows the experimental setup and performance 

measures framework. A Lathe-turning machine has been 

used to perform the experiments. All tests were performed 

dry and no cooling fluid has been used. Experimental 

planning was prepared by using cutting parameters and 
test conditions that are advised for a couple of tool-

workpiece by the tool manufacturer. The amount of 

standard surface roughness parameter (Ra) was carried out 

using surface roughness tester model Mpi Mahr 

Perthometer S2 (produced by Mahr GMbH, Germany), 

and for each test, three measurements were made and 

averaged. Handheld infrared thermometer type (OS534E) 

with built-in laser circle to dot switchable and RS-232 

output was used for workpiece surface temperature 

measurement, and for easy movement this sensor is fixed 

on the machine carriage and connected to the PC via RS-

232 port to capture the workpiece surface temperature 
every 2 sec. 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
Figure 1. Experimental setup and performance measures 

framework 
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3.2 Cutting parameters and workpiece 

dimensions 
Medium carbon steel AISI 1020 was used as a workpiece 

specimens material, and for experimentation, a lathe 

turning machine was used with 250mm long and 50 mm 

diameter workpiece dimensions. To analyse their effect on 

surface roughness and workpiece surface temperature as 
output performance measures, cutting speed, feed rate, and 

depth of cut were selected as input machining parameters. 

A total of 27 experiments with different combinations of 
the levels of the input parameters were selected. These 

process variables with their values on different levels are 

listed in Table 1. 

Table 1. Input parameters and their levels 

Factors Units 
Levels 

Level 1 Level 2 Level 3 

Cutting Speed, N  
RPM 950 1150 1400 

Feed Rate, f Rev/ min 0.05 0.1 0.15 

Depth of Cut, d mm 0.5 1.0 1.5 

 

4. Results and Discussion 

 
 The measured values of surface roughness (Ra) and 

workpiece surface temperature (T) for the machined 

surfaces after performing all the 27 experimental sets are 

given in Table 2. 

 
Table 2. Experimental results for surface roughness and temperature 

 

The DEA method is applied to determine the relative 

efficiency scores. The DEA-Solver (Learning version 8.0) 

under Microsoft Excel is used with (Input Oriented CCR 

Model) to solve the relative efficiency problem for the data 

of performance measures shown in Table 2. The obtained 

results which include the efficiency scores ranked 

according to each experimental set for Surface Roughness 

(Ra) as a single output, and Workpiece surface 

temperature (T) also as a single output, and then both (Ra) 

and (T) as a multi-output from DEA model were presented 

and summarized in Table 3.  

The results of Table 3, show clearly that the high level for 

cutting speed N (1500 RPM), gives better surface 
roughness and a low level for feed rate (0.05 mm/rev.) as 

a single output, and in this criteria, lower efficiency score 

is better. For workpiece surface temperature (T), the 

criteria here the higher efficiency score is better and the 

results show that a higher level of all cutting parameters 

gives higher workpiece temperature (T). Also, to achieve 

both good surface quality (surface roughness) and better 

surface temperature (workpiece cutting tool tip interaction 

temperature), the speed and depth of cut should be at a 

higher level and keeping the feed rate at a lower level.  

 
Table 3. Ranked efficiency Scores for all experimental sets  

 

Ra Performance 

Measure 

T Performance 

Measure 

Ra & T 

Performance 

Measures 

Sets 

Ran

k 

Efficiency 

Scores 

Sets 

Rank 

Efficiency 

Scores 

Sets 

Rank 

Efficiency 

Scores 

7 1 2 1 2 1 

10 1 3 1 3 1 

16 
1 4 1 4 1 

8 0.952 10 1 6 1 

25 0.88 19 1 7 1 

17 0.823 21 1 8 1 

9 0.821 1 0.991 9 1 

4 0.795 11 0.977 10 1 

1 0.778 6 0.974 16 1 

2 
0.701 5 0.971 19 1 

5 0.691 12 0.942 21 1 

22 0.676 20 0.942 1 0.991 

13 
0.672 8 0.926 11 0.977 

6 0.653 22 0.919 5 0.976 

3 0.639 7 0.902 12 0.944 

26 0.619 9 0.902 20 0.942 

11 0.543 13 0.898 22 0.921 

18 0.515 25 0.809 25 0.919 

19 0.514 23 0.806 13 0.898 

14 
0.456 14 0.804 17 0.832 

23 0.432 16 0.801 23 0.806 

15 0.412 17 0.754 14 0.804 

20 0.387 26 0.737 26 0.738 

12 0.333 24 0.729 24 0.729 

27 0.325 15 0.725 15 0.725 

21 0.299 18 0.720 18 0.720 

Ex

p. 

No

. 

Cutting 

Parameter 

levels Ra T 

Ex

p. 

No

. 

Cutting 

Paramete

r levels Ra T 

N f d N f d 

1 1 1 1 1.22 55.8 16 1 3 2 3.09 60.8 

2 2 1 1 1.09 62.9 17 2 3 2 2.72 64.8 

3 3 1 1 1.00 70.3 18 3 3 2 1.79 71.0 

4 1 2 1 1.53 61.9 19 1 1 3 1.43 76.2 

5 2 2 1 1.33 63.8 20 2 1 3 1.07 78.6 

6 3 2 1 1.25 68.5 21 3 1 3 0.83 92.6 

7 1 3 1 2.28 55.8 22 1 2 3 1.98 70.1 

8 2 3 1 2.17 60.8 23 2 2 3 1.50 74.2 

9 3 3 1 1.87 63.5 24 3 2 3 0.70 81.6 

10 1 1 2 2.77 75.8 25 1 3 3 2.72 61.6 

11 2 1 2 1.51 76.5 26 2 3 3 2.25 67.8 

12 3 1 2 0.92 76.7 27 3 3 3 1.40 72.7 

13 1 2 2 1.97 68.1       

14 2 2 2 1.43 69.1       

15 3 2 2 1.29 69.8  
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Ra Performance 

Measure 

T Performance 

Measure 

Ra & T 

Performance 

Measures 

Sets 

Ran

k 

Efficiency 

Scores 

Sets 

Rank 

Efficiency 

Scores 

Sets 

Rank 

Efficiency 

Scores 

24 
0.168 27 0.650 27 0.650 

The main feature of the DEA method is the ability to 

identify the performance scores for multi-performance 

measures where the rank for each set is presented. 
Furthermore, not only the optimal set presented in the 

DEA method but ranked cutting parameter sets identified, 

and in comparison to other methods such as Taguchi 

method, this could facilitate the cutting parameters 

selection for the operators and make the machining 

process more reliable. On the other hand, the efficiency 

doesn’t mean that the selected set is efficient but it is 

efficient among the other sets. 

5. Conclusion
Manufacturing companies have always trying to increase 

efficiency and reducing costs. In the present work, an 

experimental investigation was carried out during the 

turning operation of medium carbon steel AISI 1020, to 

study the effect of cutting parameters named speed (N), 

feed rate (f), and depth of cut (d) on two performance 

measures; surface roughness (Ra) and workpiece surface 

temperature (T). DEA approach was used to help to 

identify the multi-performance optimization with more 
details regarding the other sets through the relative 

efficiency scores ranking, so the best sets will be selected 

according to the machining component requirements. The 

final results of multi-response optimization show that the 

cutting speed and depth of cut should be maintained at a 

higher level and feed rate at a lower level for better surface 

roughness and controlled workpiece surface temperature. 

Thus, it is possible to increase machine utilization by 

identifying the best set for the controlled cutting 

parameters and prevent the try and error way which may 

lead to increasing the production cost. Furthermore, the 
operators could work in a controlled manufacturing 

environment. At the same time, using the DEA approach 

for the multi-input multi-output process when a large set 

of data used, facilitate the study of a more complicated 

machining process and more input-output variables. 
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