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ABSTRACT 

Obesity in children and adults has almost doubled since 1980 due to their association with 

various diseases, such as heart disease, type II diabetes and various types of cancer. Obesity 

and being overweight is considered to be fifth primary risks for the worldwide deaths. The 

main reason of obesity is consumption of high calorie foods and absence of physical 

activities.  

In 2008, one-tenth of the world’s population was obese and figure is increased to one-sixth in 

2012. As a result it is impetrating that we should fight collectively hand in hand against this 

huge problem before it poses a threat to our health system.  Thus, treatments of obesity have 

been the centre of a huge number of current studies. Because of these studies, researchers 

have observed that obesity treatment needs consistently monitoring of the patient’s daily diet. 

However, measuring daily intake of fruits and vegetables is considered a significant step in 

the success of a good diet.  

Measuring daily intake of fruits and vegetables for obese patients is one of the most 

challenging tasks in obesity control studies. Numerous studies have recommended that using 

modern technology like smart phones may improve the under-reporting problem in daily diet 

intake consumption.  

In this thesis, we present a system that helps in calculating the amount of nutrients; we get 

from fruits and vegetables in daily diet. Our system uses image processing and classification 

methods to recognize the food and measures the calories and intimates the user about 

daily/weekly/monthly deficiencies. The evaluation and computation of the fruits and 

vegetables volume and total calories in the picture is an important step in our system. Our 

experiment results shows high reliability and accuracy of this method, with less than or equal 

to 25% error.  
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CHAPTER 1 

INTRODUCTION 

The idea discussed in this thesis is navigated by the growing uneasiness regarding health issues 

related to obesity and malnutrition. In addition, the implication of recent technologies such as 

tablets and smart phones in the health-maintenance field motivated us to search an assistant 

solution to connect technology with treating health issues such as overweight. In this thesis, a 

system is designed to manage the weight as well as malnutrition problem. In this chapter, we will 

discuss the obesity and under nutrition problem and how we can classify it and we will also 

demonstrate our presented solution in general.   

1.1 MOTIVATION 

Obesity in children and adults has almost doubled since 1980 and is considered to be fifth 

primary risks for the worldwide deaths. The main reason of obesity is consumption of high 

calorie foods and absence of physical activities. In 2008, one-tenth of the world’s population was 

obese and figure is increased to one-sixth in 2012. According to the 1996 report by United 

Nation World Health Organization (WHO), in developing countries along with obesity, 

malnutrition also became more challenging tasks than starvation [1]. WHO evaluates that 

approximately 1.7 million or 2.8% of deaths are due to consumption of too few fruits and 

vegetables. Further, it estimates that inadequate use of fruits and vegetables in daily diet causes 

approximately 11% of ischemic heart diseases deaths, 14% gastrointestinal cancer death and 9% 

of stroke deaths [2]. The Health Behavior in School-aged Children (HBSC) study 2001/2002, 

which was organized in 33 European and North American countries for the students between the 

age of 13 to 15, reported that less than 50% of all young people taking vegetables and fruits in 

their daily diet [3]. Deficiency of nutrients in diet results in raised chance of various diseases; 

such as, cardiovascular disease, obesity, scurvy, diabetes or osteoporosis in addition to 

behavioral and psychological problems. Strong evidence proves that obesity is caused by the 

surplus intake of high-calorie foods that are rich source of fat, salts and sugars but poor in 

vitamins, fiber, minerals and other nutrients [4]. Recent studies show that the main reason for the 

rise in the rate of obesity is imbalance between the energy consumed and energy intake. There is 

large number of methods to calculate and classify the quantity of fat in human body such as 
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Body Mass Index (BMI), waist-to-hip ratio; waist circumference and skin fold thickness. The 

explanation of above mentioned terms is demonstrated below. 

1.1.1 Body Mass Index (BMI) 

Body Mass Index (BMI) is the WHO’s suggested measurement device for calculating 

total body fat. This system depends on two values, .i.e. the weight and height of the 

person. In other words, BMI is measured by dividing weight by height. The expected 

outcome will be in (kg)/(m2). Depending on the known results, the obesity level can be 

categorized as per the table given below [5]. The BMI is probably the identical for both 

males and females, but it might be different for a few persons such as athletes and aged 

people. 

BMI kg/m2 

 

Classification  

 

<18.5  Underweight  

 

18.5 - 24.9  

 

Normal range  

 

25 - 29.9  

 

Overweight  

 

30 - 34.9  

 

Obesity I  

 

35 - 39.9  

 

Obesity II  

 

≥40  

 

Obesity III  

 

                                 Table 1.1 BMI Classifications of Obesity and Overweight. 

1.1.2 Waist-to-Hip Ratio and Waist Circumference 

            Waist-to-hip ratio and waist circumference (WC) are main methods in calculating the fat 

in the human being. The WC tool has been selected as a better estimating method than 

the BMI [6]. This technique depends on using a tape measure located in an appropriate 

place at the waistline. The waist-to-hip ratio (WHR) is similarly used to calculate the fat 

in the belly. It is evaluated by measuring the waist and the hip and then isolating the waist 

measurement by the hip size. 
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1.1.3 Skin fold Thickness 

In this method, specialists apply a caliper at a number of regions of the body to calculate 

the thickness of the skin and its stored fat [7]. After that, they compute the percentage of 

fat in body on the basis of measurements. 

1.2 THE PROPOSED SOLUTION 

From entire of the above discussion, it is understandable that, for obese persons to lose weight 

healthfully and for average people to sustain a healthy weight, the daily consumption of fruits 

and vegetables must be calculated [8]. Research has shown that eating fruits and vegetables 

reduces the risk of obesity thus lowering the risk of insulin resistance and diabetes as well as 

make people satisfy with low fat food [9]. Experts have advised to take at least 600g of fruits and 

vegetables daily [10]. Therefore, development of an automatic measurement system is required 

that not only measures the daily amount of calories and nutrition but also intimates if we are 

lagging behind. 

According to the 2000 report by the United States Department of Agriculture making fruits and 

vegetables as a part of daily diet supply 16% of magnesium, 19% of iron and 9% of the calories. 

It  is estimated that consumption of fruit and vegetable contribute to 91% of  vitamin C, 15% of 

niacin, 48% of vitamin A, 30% of folate, 17%of thiamine and 27% of vitamin B6 [11,12]. In 

2000, study conducted in European countries on human, reported that carotenoid-rich fruits and 

vegetables such as spinach, broccoli offers a better protection in lowering the DNA damage, 

increasing LDL oxidation resistance than taking the supplements of carotenoid dietary [13, 14].  

According to He et al. (2006) study increase in consumption of fruits and vegetables results in 

decreasing the risk of obesity by 24%. Further, study carried out by He et al. (2006) shows that 

consumption of 600 grams of fruits and vegetables per day decrease the stroke by 19%, Coronary 

heart disease (CHD) by 31%, reduce blood pressure, lower the risk of type-2 diabetes and 

maintain the level of blood glucose [15]. It also helps in removing the toxics from the body as 

well as decreases the loss of urinary calcium and reduces the bone resorption. But in most cases, 

it is not easy for the patients to calculate or manage their daily consumption due to the absence of 

nutrition education.  
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So, the measurement system is required that measure the amount of calories and nutrition we 

intake in routine. Nowadays, recent technologies like smart phones are included in the medical 

therapy of various types of diseases and obesity is examined as one of the common disease. 

Many facts prove that behavioral treatment and improving lifestyle behavior is very helpful in 

managing weight loss [16].  

In this thesis, we constructed and implemented a system that computes and detects the daily 

intake of fruits and vegetables for a person who is fat or obese or even wants to observe the 

consumption of fruits and vegetables in daily diet. To accomplish this goal, we construct a 

system that helps in calculating the amount of nutrients, we get from fruit and vegetables in daily 

diet through IoT based intelligent calorie measure. We will demonstrate in detail the significance 

of our system and how it is distinct from other dietary intake systems. We will also discuss in 

detail how the outcomes of the image are transformed to the nutritional tables of eatables with 

the least feasible error, which is our major goal. Figure 1.1 presents the overall design of the 

proposed calorie measurement system that will discuss later. 

  

  

 

 

 

 

 

 

 

 

 

Figure 1.1 Overall system design 
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In other words, this thesis establishes a food intake measuring system. The thought behind the 

system is to help and enhance the treatment and management of obesity and utilize the new 

technologies in the field of public health. By using this system obese people will have the 

opportunity to observe their daily intake of fruits and vegetables. Furthermore, person with 

healthy weights can also use this system to observe their daily intake, which will help them in 

avoiding obesity.  

1.3 ACCURACY LEVEL 

 It is very important to know the expected accuracy level of the designed system. To infer this, 

we must first conclude the level of accuracy given by related systems, whether clinical methods 

prepared by experts or electronic devices. Concerning clinical methods, if we ask a dietitian to 

compute the total calories in a dish with food manually, he or she will not be able to find the 

exact number of calories in the food due to the difficulties in memorizing the food’s ingredients 

and amount of fat and salt have been used in making the food, which may really affect its 

nutritional value.  

Concerning electronic devices, there are number of mobile applications existing in the market to 

estimate and identify the nutrition values for any food, but most of the applications need high 

commitment and interaction every time when they are used. Moreover, most of these 

applications want Internet connection, because they cannot determine the food that is not a part 

of pre-defined dataset. Therefore, it is important to know that it is not a key demand of our 

system to give high level of accuracy, because it is not easy to compute the exact number of 

calories in any food by just observing at it or by using any electronic device. So, in defining our 

goals towards the system it is important to know the accuracy level of proposed system.  

1.4 LIMITATIONS 

There are some disadvantages of our system. For example, mixed fruits and vegetables cannot be 

recognized correctly by the system. However, these types of disadvantages exist in all present 

systems, whether manual or automatic, and are not particular to our system. 
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1.5 THESIS GOAL 

The aim of this project is to find solutions to get rid of the problem of inability to approximate 

the daily intake of low-calorie fruits and vegetables for person who is suffering from the problem 

of obesity with the help of modern technology. Thus, the purpose of this thesis is to compute the 

total amount of calories we take from fruits and vegetables in daily diet. Our main purpose is not 

to get high accuracy in measurement, but to get the results with the lowest feasible error, as 

discussed previously. 

1.6 THESIS ORGANIZATION 

The thesis work has been organized in the following chapters: 

Chapter 2 Related Work: Discusses some of the existing daily intake estimation techniques.  

Chapter 3 Proposed Methodology: Proposal and design of a system to calculate the amount of 

calories in fruits and vegetables inside the image and implementation of a technique to estimate 

the volume of the fruits and vegetables from the best classifier classified image and the coin as a 

reference. 

Chapter 4 Evaluation and Performance Analysis: The estimated calories are then compared 

with the nutritional fact table given by international or national health Organization. At last 

performance of the method is discussed. 

Chapter 5- Conclusion and Future scope: The observed results of the thesis are concluded 

here in this chapter and also the future work in this field is also suggested. 
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CHAPTER 2 

RELATED WORK 

Normally, dietary intake estimation strategies can be classified into conventional and electronic 

methodologies. Use of the conventional strategies has been well-known for quite a long time, 

regardless of whether in hospitals or in research examines. Due to improvement in the 

technologies the electronic strategies becomes more in demand. In this part, we will show some 

of the most widely recognized dietary intake measuring techniques. As well, we will define the 

disadvantages of those techniques to illustrate the strength of our proposed system, which can be 

use by the individuals with healthy weights and for medical purposes to enhance the treatment 

strategies for the person who is suffering from obesity. The following is the illustration of 

various techniques behind food measuring systems. 

2.1 CONVENTIONAL DIETARY INTAKE METHODS 

In this part, we will discuss some of the conventional and standard techniques of dietary intake 

estimation. 

2.1.1 Doubly Labeled Watery Technique 

The doubly labeled water (DLW) technique was developed in the mid 1950s by Lifson 

and McClintock in 1966 [17]. This technique was used for a long time to compute the 

energy consumption from daily intake; in fact, it is viewed as the gold standard technique 

for calculating total energy consumption. This method is to give a subject (say, a human 

or animal) a heavy dose of Oxygen O18 and Hydrogen H such as deuterium in a specific 

amount, and afterwards gather samples of urine or saliva in continuous periods (i.e., few 

days or weeks) and calculate the concentration of a few of the elements [18,19]. In spite 

of its worldwide popularity, DLW is considered as one of the most costly measuring 

intake technique since it requires expensive equipments to calculate the concentrations of 

the isotopes that should be measured. Also it takes a lot to time to give the measurement 

results. Moreover, it does not give the information about the quantity and category of 

food consumed. 
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2.1.2 24 Hours Dietary Recall 

This technique basically implies an interview. It demands a dietitian or even a prepared 

interviewer to request the respondent to recall and record in detail all the eatables and 

drink he or she has taken in the previous 24 hours [20]. The interview can happen either 

by meeting with the sufferer or through phone [21]; the interviewer must be familiar with 

nutritional manners and cooking ways to fulfill and manage the data set format. Also, the 

interview itself is confined particularly to help the patient recall all the required 

information, which is not adequate for overweight patients. Researchers in [22] outline 

that the interviewer’s examining limits the possibility of underreporting or overlooking 

by 25%. This implies that self-observing and lack of communication with the interviewer 

prompts negative outcomes in this approach. Moreover, it is quite tough for an individual 

to recall the amount of food he or she takes in previous 24 hours diet, especially for 

patients who is suffering from obesity. Therefore, the drawback of the 24-hour dietary 

recall is the postponement and error of reporting the eaten food due to various factors, 

such as age, sex, training, credibility and obesity. In addition, this technique needs only 

short-term memory and a prepared interviewer, which makes it a costly strategy. 

2.1.3 Food Record Technique 

This technique is based on the processing of dairy lists of consumer food prepared by a 

skilled nutritionist for a specific time frame. These lists consist of the type and amount of 

food to decrease the error rate; mainly, these lists are directed to a group of chosen 

individuals. After a while, the nutritionist gets the finalized dairy lists of food items taken 

by the individual. The nutrition expert analyses, computes and compares the finalized 

data with typical data, so the error rate is decreased. The benefit of this technique is that it 

does not depend on memory like the previous technique, information is recorded while 

eating and the food intake weight is calculated. However, the drawback of this technique 

is that it does not compute the eating behavior, which may affect the sufferer.  

2.1.4 Food Frequency Questionnaire Technique 

The food frequency questionnaire (FFQ) technique is a diet estimation tool used 

particularly for nutritional surveys in huge groups. In addition, this technique was 

established to use with young people. Basically, FFQs consist of list of foods and a group 
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of options relating to the frequency of utilization of each of the listed foods. Each section 

has their own questionnaire with the food in that region for example, American food, 

Mexican food, Chinese food or Indian food. In this method, the patient must record the 

list of food he or she consumed in a certain period of time. This technique additionally 

needs an interaction with an interviewer [23]. This technique does not need a very 

experienced interviewer, and like the 24-hour diet intake strategy, the meeting can be 

eye-to-eye, via telephone [24] or through self-adoption of sufferer, so the daily intake of 

food can be calculated in various ways [25]. In general, FFQs were fabricated to compute 

the eating habits of an individual, not the amount of food he or she takes in daily diet 

[26]. To enhance this technique number of studies has been done between the 1960s and 

1970s [27, 28, and 29]. In this manner, the FFQ method is officially suggested as one of 

the diet intake estimation technique in the American Public Health Association's Manual 

of Nutritional Assessment in Health Programs [30]. 

2.1.5 Portion Size Estimation Technique 

The primary objective of the portion size estimation strategy is to prepare people to 

enhance their daily diet intake assumptions. Portion size measurement might be one 

contributor to underreporting issue. In [31], it was found that 45 minutes of guidance in 

portion-size evaluation among second- and third grade youngsters in Arizona and New 

Mexico considerably enhanced the  evaluation for solid foods such as grain, sugar or 

bread, which were estimated by dimensions(length and width), glasses, or tablespoons. 

Liquids, for example, soup and milk were evaluated by containers or by label 

examination. Amorphous foods, for example, pretzels were not estimated accurately even 

after training, and several foods still showed an error rate of over 100%. Thus, training 

can enhance portion size measurement; but more than one session might be required. 

Accuracy might be unattainable. 

2.1.6 Disadvantages of Food Dietary Recall 

There is significant need to study and identify the drawbacks of the previously discussed 

existing measuring strategies to understand the motivating force behind this project. Two 

most important objectives  behind the usage of the dietary intake evaluation, which are 

assuming if any  general public population is taking an adequate amount of nutrients like 
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proteins, calcium, carbs or sodium or discovering if any individual is taking more than he 

or she requires [32]. Basically, the diet recall system does a wrong estimation of energy 

consumption [33]. In addition, the rate of underreporting is too high because of data 

collection strategies [34]. The benefit of the 24-hour dietary recall is that a trained 

interviewer will finish the food list, but this technique is costly. In addition, the gathered 

information does not change the subject’s behavior, but at the same time, many 

drawbacks appear, such as it does not give information about the quantity or preparing 

strategy [35]. Moreover, there are number of disadvantages related to storage of data. For 

instance, the subject must be adequately educated to save the data each day, which is not 

possible for patients. There will likewise be a need to store the gathered information into 

software with the assistance of computer experts. This will dawdle and becomes very 

expensive.  

 

2.2 EARLY ELECTRONIC DIET ESTIMATION TECHNIQUES 

Electronic devices for measuring the daily consumption of food have been developed since the 

1980s. The Portable Electronic Tape Recording Automated (PETRA) scale was developed by 

Cherlyn Electronics, Cambridge, to calculate the daily food intake and it enhance the results in 

comparison to the conventional approach [36]. In this approach a cassette is used to record the 

information about the size of food portion as well as ingredients present in it. Studies show that it 

is extremely difficult for uneducated people to use the PETRA scale [37]. 

The enhanced approach similar to PETRA has been developed, called the Nutrition Evaluation 

Scale System (NESSy). The advancement in this approach is using a personal computer with 

measuring equipments. It is fully computerized food recognition system [38]. A Personal Digital 

Assistant (PDA) is one of the widely used devices for the measuring the daily food intake. In 

comparison to conventional strategy, PDA gives much better results. A PDA records the 

information of food the person consumes, and every individual can store all the nutrition fact 

tables of different types of food without typing them physically or measure the quantity of food 

consumed [39]. In fact, the user can save the information by associating the device to the PC and 

the Internet. Moreover, Beasley's study demonstrates that the results of estimation of food 

portion can have an error, and large amount of time is required to the user to save the 

information [40]. In another review, researchers asked overweight and obese people to self- 
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monitor their daily intake of food (including type of food consumed) within a time of 24-week 

behavioral weight control program with the help of PDA and the outcome was that the utilization 

of PDA did not expand the legitimacy of food intake reporting [41]. 

2.3 NEW ELECTRONICS DIET ESTIMATION TECHNIQUES 

In the new electronic techniques for measuring the daily food intake devices are connected with 

computer. Thus, the use of new technologies in diaries assessment techniques results in 

increasing the cost of the health care system for information gathering purposes. For examples, 

to calculate several categories, such as food intake, heart rate, medication taken, physical 

activities, energy expenditure and sleep diaries were used [42]. Therefore, various daily foods 

taking estimation software has been designed for example, Veggie Vision, Meal Snap and 

Calorie Counter. 

Moreover, various researchers have applied techniques on the basis of sensors, intelligent 

systems, neural networks and further, image processing and pattern identification methods. 

Researchers in [43] designed Automatic Dietary Monitoring (ADM) to calculate the weight of 

food portion taken to decrease the stress of self-reporting for any individual looking for diet 

program. The thought behind ADM is to make use of the body’s sensors to observe the weight of 

the food bites through recording of chewing cycles and type of food, thus gives continuous 

information from a chewing sound sensor. Basically, the wrist-worn acceralation sensor in the 

system gives the signal about the food intake, to record the sounds of chewing microphone is 

used a microphone, and to calculate the swallows an electromyography (EMG) sensor is used in 

the throat. 

In [44] Nishimura and Kuroda make a wearable sensor system more superior by integrating a 

microphone into Bluetooth headset. In this, the system finds the type of food on the basis of 

chewing sounds. So, it reduces the burden to memorize the food type. Thus, these techniques 

give good results only in laboratory experiments, due to accuracy issues. Furthermore, it is 

uncomfortable for the person to put on a microphone or a sensor in the throat. Variety of foods 

like broccoli, carrots and sweet peppers gives the same chewing sound. Whereas in [45] radio-

frequency identification (RFID) technique a sensor is used on the surface of system to identify 

the type of food as well as to calculate the weight of food integrated scales are used. 
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Disadvantage of the system is that it is not easy use at every location and it is difficult to attach 

the system with each served food.  

In the next sections, we will discuss various food intake estimation methods that are categorized 

on the basis of image processing techniques and volume estimation. 

 

2.3.1 Image-Based Diet Estimation Techniques 

 

Lately, various new food estimation systems based on  capturing of an image are used 

commonly used all around the world because of advancement in technologies like 

improvement in camera resolutions, network connectivity, computer programs, and 

image processing analysis. For the identification of consumption of food, image of food 

is captured and forwarded it to websites to identify the type of food. 

Sometimes, the captured food image is compared to the stored image in the database of 

the system [46]. In this case, nutrition data is applied to a health-aware HTC smart phone 

system. Image of selected food is captured by the users. Then, the captured images are 

compared to the stored image along with its nutrition facts. The dataset consists of 

various types of food. The drawback of this system is that a person can measure the food 

only which is present in database. Furthermore, system does not calculate the intake of 

food. 

In [47] Wu and Yang developed a computer program technique to recognize the intake of 

fast-food with the help of wearable camera. In this technique, numbers of fast-food 

images are captured from restaurant and then compared to the stored images in database. 

Researchers captured the images of 101 type of food by placing the camera in three 

different directions. The recognition rate achieved by the system is 73%, but there were 

few disadvantages of this technique, such as variation in level of accuracy when an 

unknown food is present. 

 

In [48] to recognize the food from an image Neural Network (NN) is used; in this 

method, a photo of various types of dishes present in a tray is captured before and after 

meal. Initially,   an picture of the full tray is captured. Then the captured image is 

converted into binary image with the help of thresholding, and afterwards, different types 
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of food will be segmented from the tray. In the previous steps, the system will gives all 

information about the image such as shape, width and length. All the prior information 

will convey to the NN. After receiving the results, it is applied to a computer simulation 

program for the comparison and analyzing the results. This approach is also very tough 

for the user to follow. 

 

Martin and others in [49] developed a technique based on image processing. In this 

technique, the user captured the image of food before and after taking meal. Afterwards, 

it is forwarded to research centre through internet connection. Their experts compute the 

amount of food intake with the help of delivered images. The drawback of this method is 

we cannot use it without internet connection. 

 

In [50], the user extract the images of the selected food from the video at a 45° angle with 

the help of wellnavi device and then write the detail about it on the screen. Afterwards a 

user sends the description of food along with food images to data centre through network 

connection to extract the results. The disadvantage of the system is difficulty in capturing 

the image from video and writing the food detail on the screen. 

 

In [51] smart kitchen has been made in which to enhance the awareness about selecting 

the healthy food and compute the calories in the prepared food camera is used. The 

camera is placed at some height to capture the images of the preparing food, sensor is 

placed near the counter and stove to watch the ingredients used in food preparation 

process and several cameras are placed inside the kitchen. The results are forwarded to 

users about the amount calories in meal. The major drawback of this smart kitchen is 

inability of it to be used outside home. Further, food preparation space is fixed, which is 

disagreeable for most people. In addition, some configuration error could take place .i.e. 

in selecting the cooking oil due to the similar food categories. 

 

Concerning digital photography, technique is proposed called the Remote Food 

Photography Method (RFPM) [52]. In RFPM, with the help of mobile phone photo of 

selected food is captured and forwarded it to an investigator through a cellular network. 

The continuous reminder through email or phone messages to receive and forward the 
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food images to the investigators is sent to avoid misreporting. The received images are 

compared with a stored image in the database to evaluate the food portion size and the 

results are resend to the user. As mentioned before, these types of systems have 

limitations .i.e. requirement of constant internet connection.  

 

Puri and others [53] developed a system named as the Food Intake Visual and Voice 

Recognizer (FIVR). In this system both images and voice are used to estimate the 

quantity of calories in food. In this three pictures of selected food is taken from three 

different locations and type of food is declare through speech. This input information is 

then forwarded to an isolated server via. wireless communication. After the analysis of all 

the image and speech, the result will be forwarded to the user by a text message. There 

are two downsides of this system. It is not convenient to use for a person who cannot 

speak. In addition, system can identify only one language so it is not helpful for deferent 

users. 

 

2.3.2 Volume Estimation in Image Based Techniques 

 

It is a complex challenge to estimate the volume from the image in food intake methods. 

This subcategory will describe some of the earlier work in this field to demonstrate the 

differences and the legality of novel technique for volume estimation, from initial to the 

last stage of the image-processing evaluation. The recent work in this field to recognize 

the food is demonstrated that there is a need to specify a reference in the image to focus 

the viewpoint and distance of the camera. Primarily, this reference can be anything which 

has the similar size with each occurrence. Thus, in some approaches, like the RFPM [52], 

a special card is placed by the user next to the chosen food before taking the photo. Also, 

this system asks the person to recognize the variety of food and its quantity in the photo; 

moreover, it is not possible for any person to approximate the size for any kind of food, 

as discussed earlier.  

 

Using several approaches, researchers [54] developed a system to compute the volume of 

food through single image based on virtual reality (VR) technique.  In this technique, a 

large number of 3D wireframe things made in virtual surroundings simulate particular 
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item of food in a real digital image. System captures the two types of image by using 

binary cameras, one from the real environment and other from virtual environment. 

Check board is taken as reference while capturing both types of images. Actually, the 

legality of this technique is only within the measurements laboratory and it is inadequate 

for daily use. For single image [55] eating plate is taken as a reference, while another 

techniques  suggested that any circular shape for example coin, plate or bowl [56] can use 

as reference .  They developed an algorithm to compute the volume of food which is 

regular-shaped from the circular object. The authors tested with just three types of food, 

which is not pretty enough to consider the method as a standard. Furthermore, it is 

sometimes tough for the person to get a circular plate. 

 

Sun and others developed an approach to calculate the volume of food consumed [57]. In 

this method, an image of food is captured by placing calibration card besides the food as 

a reference thing. Afterwards, the images are uploaded on a computer, and it is 

responsibility of user to enter all the data related to image .i.e. kind of food and about the 

dimensions of food such as width and length. Finally, the software will compute the food 

volume and gives all the information about the nutrition facts of food intake to the user. 

The system will give results close to the actual size because of manual uploading of size, 

but this approach has drawbacks such as the card must be present in the picture while 

capturing. Actually, the user cannot use the system without the card, so the system is of 

no use if card is lost or forgotten. 

 

Most of the methods which are mentioned above can be used either at certain places or in 

laboratory only. In fact, to make our system, we will take benefit of the already existing 

methods and remove their downsides up to some extent. Our system use mobile phone 

technology to capture the image of fruits and vegetables. The dimensions of eatables are 

calculated by comparing it with the stored image of eatables in database. At the end, by 

using the nutritional fact table nutrients present in the food are estimated. This approach 

will provide more accurate results in comparison to other methods. 
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2.4 SUMMARY  

 

In this chapter, we illustrated the history of food dietary intake measurement in detail. 

Furthermore, this review discussed the pros and cons of devices specifically. In fact, the previous 

methods of food estimation showed a number of weaknesses that made them unsatisfactory 

method when used. While new measuring techniques showed very satisfactory results, even 

though they have drawbacks. It is feasible to improve those systems. It is clear that to estimate 

the food using electronic devices gives better results in comparison to paper-based estimation 

techniques. Furthermore, it is obvious that by improving the image-processing techniques and 

volume-estimation methods will improve of the system quality. 
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CHAPTER 3 

PROPOSED METHODOLOGY 

In this chapter, we will explain all the techniques used in manufacturing the system to estimate 

the amount of calories from a picture. Figure 3.1 demonstrates the overall system consists of five 

main parts: dataset collection, pre-processing, feature extraction, classification and calorie 

measurement. 

         Pre-processing 
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Figure 3.1 Proposed system diagram 
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3.1 IMAGE PROCESSING AND PRE-PROCESSING 

Once the images of variety of fruits and vegetables are captured, it is transformed and forwarded 

to the next step. In the proposed work dataset consisting of 450 image of 9 types of fruits and 

vegetables such as: apple (i.e. Akane apple, Alkmene apple), orange (i.e. tangerines, 

Mediterranean mandarin), guava (peru), pomegranate, chikoo, watermelon, tomato, capsicum, 

and cucumber is developed. These images are collected from fruit vendors. All original fruit 

images are obtained in RGB format. The images are captured using MOTO G3 Turbo 13 mega 

pixel rear camera having resolution 4128 x 3096 pixels under proper lightening condition at 

different angles and distances to avoid fruit image virulent effect of illumination. They are 

resized to 160×150 with black background. Figure 3.2 represents some of captured images. 
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Figure 3.2 Images of fruits and vegetables with black background 

Out of 450 images 356 are used for training and independent set of 94 are used as testing set to 

estimate the performance of different classifiers. 

Data set (fruits) Number of original 

images 

Number of training 

images 

Number of testing 

images 

Apple 66 51 15 

Guava 40 30 10 

Pomegranate 55 45 10 

Chikoo 40 30 10 

Orange 52 40 12 

Capsicum 60 45 15 

Tomato 52 40 12 

Watermelon 40 30 10 

Cucumber 45 45 10 

Table 3.1 Dataset specification 

The aim of pre-processing is to remove the false peaks from the image and then smoothen the 

image by using series of filters. In this work, median filter of size 5 × 5 kernel is applied on an 

image. Median filter is well known order-statistics filter in which non-linear operation is 

performed to remove noise [58]. This filter is extremely effective in the existence of impulse 

noise like salt and pepper noise. It gives more effective results than convolution when aim is to 

remove simultaneously noise and preserve edges. 

                                             F(x, y) = median {g(s, t)}                                                        (3.1) 

                                                            (x,t)∈ Sxy 

 where, x and y show the location of pixel in matrix F (.) over which median filter is applied. 
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In the process intensity of current pixel is replaced with the median of that pixel and its 

neighbors. Figure 3.3 shows the results before and after applying median filter. 
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Figure 3.3 (a) Original image (b) Image after enhancement 

 

3.2 FEATURE EXTRACTION 

3.2.1 Texture feature 

A feature is distinct information, which differentiates on entity from another. It describes 

the characteristics of the object. The main goal to extract the features is to get the relevant 

information that distinguishes each class. The relevant information which is extracted 

from the entity is used to make a feature vectors. Then, these feature vectors is used to 

identify the target output class with the help of input class. It becomes easy for classifier 

to distinguish between the classes by looking at these features. Feature extraction process 

removes the redundant data from the informative data [59]. It is conversion of input data 

MEDIAN 

FILTERING 
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to set of features. A characteristic of image can be defined by extracting number of 

features from an image like size, shape, color, and texture. In this work, texture features 

are extracted by this Gray Level Co-occurrence Matrix (GLCM). 

We use GLCM for extracting texture information. It generates a square matrix of size 

equal to the maximum intensity and created with frequency of the distinct intensities of 

grey in the stack [60]. The process is strongly influenced by the direction and pitch of the 

pixel. Element P(𝑖, 𝑗, 𝑑, 𝜃) in matrix represents probability of concurrence between two 

pixels with intensities 𝑖 and 𝑗 respectively and pixel pattern can exist in four orientations 

of 𝜃; i.e., horizontal (0°), vertical (90°) and two diagonal directions (45°, 135°) for 

specified d where d is gap between the pixels of interest[61]. Texture in an image is 

unequally distributed among its RGB components; therefore, the prominence of features 

is different in different RGB planes. In the proposed work, 21 texture features are 

extracted using GLCM for red, green and blue planes, respectively. An example of four 

configurations of GLCM matrixes with d=0 is demonstrated in Figure 3.4. 
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(c) 

 

 

 

 

 

 

 

(d) 

Figure 3.4 GLCM formation for (a) 00  (b) 450 (c) 900 (d) 1350 with a distance d=0 

 

In the proposed work, an input image is quantized into 8 gray levels as GLCM produces 

better discrimination or segmentation of textures between different fruits and vegetables. 

Figure 3.5 shows the GLCM matrix for several fruits and vegetables for 𝜃 = 0° and d=0. 
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(a) 

 

(b) 

 

(c) 

 

Figure 3.5 GLCM matrices for (a) Apple (b) Capsicum (c) Tomato 
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The GLCM can find up to 14 distinct features, however those calculated in manuscript 

are: 

Angular Second Moment, explaining the consistence of an image. Its value will be high 

when image when values of pixel are similar and image has good consistency given by 

 

                                             ASM = ∑ ∑ {𝑃(𝑖, 𝑗)}2𝐺−1
𝑗=0

   𝐺−1
𝑖=0                                     (3.2)                                                 

 

Contrast, calculate the local uniformity in the image. Its value is high when large amount 

of variations are present in the image defined by 

 

                                     CONTRAST = ∑ 𝑛2𝐺−1
𝑛=0  {∑ ∑ 𝑃(𝑖, 𝑗)𝐺

𝑗=1
𝐺
𝑖=1 }                            (3.3)                             

 

Inverse Difference Moment, computing the consistency of the image. It results in low 

value when image is inhomogeneous represented by 

 

                                     IDM = ∑ ∑
1

1+(𝑖−𝑗)2
 𝑃(𝑖, 𝑗)𝐺−1

𝑗=0
𝐺−1
𝑖=0                                             (3.4)                                         

 

Correlation, describing the relation between the pixels and its neighbors; it can be 

positive or negative, given by 

        

                                          CORRELATION = ∑ ∑
{𝑖×𝑗}×𝑃(𝑖,𝑗)−{𝜇𝑥×𝜇𝑦}

𝜎𝑥×𝜎𝑦

𝐺−1
𝑗=0

𝐺−1
𝑖=0                     (3.5)                   

 

Inertia, calculates the intensity contrast between the pixels and its neighbor for the entire 

image, defined by  

                                               INERTIA = ∑ ∑ {𝑖 − 𝑗}2𝐺−1
𝑗=0

𝐺−1
𝑖=0 × 𝑃(𝑖, 𝑗)                             (3.6) 

 

Cluster Shade, calculates the skewness of the matrix, defined by 

  

                                              SHADE =  ∑ ∑ {𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦}
3
× 𝑃(𝑖, 𝑗)𝐺−1

𝑗=0
𝐺−1
𝑖=0               (3.7) 
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Cluster Prominence, measure the irregularity, defined by (7) 

 

                                               PROM = ∑ ∑ {𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦}
4
× 𝑃(𝑖, 𝑗)𝐺−1

𝑗=0
𝐺−1
𝑖=0                 (3.8) 

            where, G is number of gray levels. 

In the proposed work, 21 texture features are extracted using GLCM for red, green and 

blue planes, respectively. Texture in an image is unequally distributed among its RGB 

components. Therefore, the prominence of features is different in different RGB planes. 

Thus, we extract features from individual RGB plane. 

Features 

Fruits and 

Vegetables 

Asm*108 Con*104 Idm*103 -Corr* 

10-10 

Inertia -Shade* 

1016 

Prom*1021 

 

Apple 

R 1.29 34.72 23.73 5.37 2582 1590 1380 

G 3.19 34.72 23.83 147 2096 11.1 1.83 

B 3.56 34.72 23.87 246 2042 5.15 0.656 

 

Guava 

R 1.37 35.16 23.99 3.42 5468 3180 3440 

G 1.23 35.16 23.86 2.90 5880 4060 4770 

B 3.08 35.16 23.98 77.6 4468 29.5 6.69 

 

Chiku 

R 1.09 33.37 22.83 2.88 5368 3910 4610 

G 1.39 33.37 22.89 5.40 4336 1520 1310 

B 1.66 33.37 22.81 11.9 3820 465 26.9 

 

Orange 

R 1.74 32.94 22.67 0.80 9050 26300 5870 

G 1.47 32.94 22.49 4.38 5204 2050 1960 

B 3.79 32.94 22.55 460 4132 1.92 0.17 

 

Pomegranate 

R 1.08 34.28 23.10 1.12 9794 16600 3140 

G 1.13 34.28 22.97 6.67 6332 1140 881 

B 1.23 34.28 22.83 10.0 6296 617 390 

 

Watermelon 

R 1.76 33.39 23.07 8.88 2090 720.96 483.86 

G 1.23 33.39 22.94 3.73 2664 2641.0 2732.4 

B 1.69 33.39 23.05 7.21 2464 985.03 733.56 

 

Capsicum 

R 2.23 33.15 22.97 31.10 1538 109 39.1 

G 1.74 33.15 22.84 12.10 1906 452 261 

B 3.17 33.15 22.90 218.0 1606 5.89 0.798 

 

Tomato 

R 0.91 31.13 21.42 1.82 3084 7234.2 10719 

G 1.39 31.13 21.76 13.35 1252 364.63 199.57 

B 1.88 31.13 21.640 51.86 1416 47.68 13.24 

 

Cucumber 

R 0.37 14.91 10.29 91.22 1126 9.79 2.0522 

G 0.359 14.91 10.29 56.82 1094 19.91 5.28 

B 0.404 14.91 10.32 125.06 944 6.104 1.0923 

Table 3.2 Different texture features values for individual fruit and vegetable 
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Graphical, representation of Table 3.2 is shown in Figure 3.6 in which (a) represents the 

variation in value of ASM for RGB component of each fruit and vegetables, (b) 

represents the CONTRAST value  which is same for RGB component of particular fruit 

and vegetable, (c) represents the variation in value of IDM for RGB component of each 

fruit and vegetables, (d) represents the variation in CORR value for RGB component of 

each fruit and vegetables, (e) represents the variation in  value of INERTIA for RGB 

component of each fruit and vegetables, (f) represents the variation in value of 

PROMINANCE for RGB component of each fruit and vegetables, (g) represents the 

variation in value of SHADE for RGB component of each fruit and vegetable.  

 

(a) 

 

 

(b) 
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(c) 

 

 

(d) 
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(e) 

 

 

(f) 
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(g) 

 

Figure 3.6 Illustrate the plot between the GLCM features (a) Asm (b) Contrast (c) Idm  

(d) Correlation (e) Inertia (f) Prom (g) Shade versus fruits and vegetables. 

3.2.2 Color feature 

Color is one of the most significant features of images. A specific color model or space is 

used to extract the color feature. There are number of color spaces such as RGB, HSV, 

LUV, and HMMD. Color features are extracted from an image after specifying the color 

space [63]. There are number of number of well-known color features have been used 

such as color histogram, color moments (CM), color coherence vector (CCV), and color 

correlogram, etc. In the proposed work color moments are extracted from fruits and 

vegetables. 

 

                                          Mean = ∑ ∑
𝑥𝑖𝑗

𝑚𝑛⁄𝑗=𝑚
𝑗=1

𝑖=𝑛
𝑖=1                                                         (3.9)                                                      

                                          Standard deviation = √𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒                                             (3.10)                                          

 

where, variance = 
1

𝑚𝑛
∑ ∑ (𝑥𝑖𝑗 − 𝑚𝑒𝑎𝑛)2𝑗=𝑚

𝑗=1
𝑖=𝑚
𝑖=1   and  xij is pixel value of ith row and jth 

column. 
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Fruit meanR stdR meanG stdG meanB stdB 

Orange 126.95 
 

80.53629 
 

44.21364 
 

29.96962 
 

4.921069 
 

12.08431 
 

Apple 67.13089 

 

47.57889 

 

22.08442 

 

20.42097 

 

20.04058 

 

17.71358 

 

Guava 79.73331 
 

57.79211 
 

85.11535 
 

62.81757 
 

23.80249 
 

28.71638 
 

Chiku 90.08063 

 

64.17347 

 

68.17142 

 

48.30125 

 

50.64092 

 

35.45427 

 

Pomegranate 135.6643 
 

97.6562 
 

61.48945 
 

46.6062 
 

51.99663 
 

40.40788 
 

Capsicum 35.40206 

 

27.67329 

 

48.37374 

 

36.46482 

 

21.29362 

 

20.10348 

 

Tomato 112.0463 
 

84.49108 
 

62.225 
 

49.96769 
 

36.46163 
 

30.10033 
 

Watermelon 54.45363 

 

64.71448 

 

79.48808 

 

80.96927 

 

59.40817 

 

64.17226 

 

Cucumber 39.12938 
 

48.98193 
 

47.57528 
 

56.16836 
 

34.74226 
 

44.01197 
 

Table 3.3 Different mean and standard deviation values for individual fruits and vegetables 
 

Graphical, representation of Table 3.3 is shown in Figure 3.7 in which (a) represents the 

variation in mean and standard deviation values in R channel, (b) represents the variation 

in mean and standard deviation values in G channel ,  (c) represents the variation in mean 

and standard deviation values in B channel for different fruits and vegetables.  

 

 

(a) 
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(b) 

 

 

(c) 

 

Figure 3.7 mean and standard deviation  (a)  R component (b) G component (c) B component of 

fruits and vegetables 

3.3 CLASSIFICATION 

 

Classification is a process in which images are classified on the basis of their similarities. It is 

easier for human to classify the objects then machine. The rise in large capacity computers, 

availability of good quality cameras, and increase in demand for automatic video analysis results 

in increasing the interest in classification algorithm. A basic classification system comprised of 

camera fixed at some height from where images are captured and then processing is done. In 
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classification system, there is a pre-defined dataset of images and pattern though which objects 

are classified [63]. For many applications image classification become an important and 

challenging task which includes biomedical imaging, biometry, video surveillance, vehicle 

navigation, industrial visual inspection, robot navigation, and remote sensing.  

 

 

Figure 3.8 Classification model 

We use 5 classifiers for statistical learning and compare classifier accuracy. The outline of the 

classifier models used in the present work is discussed below: 

3.3.1 Support Vector Machine (SVM) 

SVM classifier is derived from statistical learning theory by Vapnik and Chervonenkis 

[64]. In SVM classification, data points belonging to different classes are separated by 

dividing planes. The classification is done on the basis of margin between the separating 

planes. In fact, the generalized error is less if the planes have the maximum margin to the 
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nearest training data points of any class. The testing data points are then mapped into 

same space and prediction is done on the basis of which side of gap the point’s falls. 

 

Figure 3.9 Support Vector Machine [64] 

Thus, the aim of svm is [65] to discover a most favorable hyperplane that separates the 

two classes. Let(𝑥𝑖,𝑦𝑖) are the training samples, where 𝑖 = 1, 2...N, 𝑦𝑖 ∈ {−1, 1} are the 

class labels. The two classes separated by hyperplane amounts to make sure that the 𝑥𝑖 

belongs to 𝑦𝑖 of same sign must be on the same side of hyperplane. If such a hyperplane 

exists that data is considered to be a linearly separable. The hyperplanes are denoted by w 

and b, we require 

                                   𝑦𝑖(𝑤. 𝑥 + 𝑏) > 0, 𝑖 = 1,……𝑁                                                (3.11) 

If information is linearly seperable, it is feasible to rescale w and b .i.e. 

                                        𝑚𝑖𝑛𝑖[𝑦𝑖(𝑤. 𝑥 + 𝑏)] > 1, 𝑖 = 1,……𝑁                                    (3.12) 

 

This is demonstrated in Figure 3.9. If an optimal separating hyperplane (OSH) is existed 

then the decision function will decide whether a new point x corresponds to y = 1 or 0 is 

given by 
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                                        𝑓(𝑥) = 𝑠𝑔𝑛(∑ 𝛼𝑖
𝑁
𝑖 𝑦𝑖𝑥𝑖. 𝑥 + 𝑏)                                         (3.13) 

The expression inside the sgn() function is the calculation of distance from the 

hyperplane. Here αi ≥ 0 is the result found during training. The αi > 0 is known as the 

Support Vectors. In case of non-linearly separable we establish a slack variable 𝜀 ≥ 0 [66] 

                               yi(w. x + b) > 1 − ε, i = 1, ……N                                                  (3.14) 

For wrongly classified points 𝜀 > 1. The general OSH solution is then to decrease 

                                                   
 1

2
w. w + C∑ εi

N
i                                                                    (3.15) 

The second term denotes the total number of wrongly classified points. The tradeoff  

between the two terms are controlled by 𝐶. Larger the value of 𝐶 lower will be wrongly 

classified terms but the value of 𝑤 should be high. Lesser the value of C would result in 

more wrongly classified points but a sparser result with L1 regularized w. 

3.3.2 K-Nearest Neighbor (KNN) 

k-nearest neighbor algorithm [67,68] is used to classify objects based on the nearest 

training example in the feature pool. It is the simplest algorithm among all the machine 

learning algorithms. In this algorithm training procedure consists of feature vectors and 

labels of the images used in training dataset.  During classification process, the unknown 

label point is allocated to the label of its k- nearest neighbors. 

KNN is a kind of instance-based learning, or lazy learning where classification is done on 

the basis of majority voting of label of its k nearest neighbors. The object is classified on 

the basis of nearest class to the object when k=1. When two classes exist, the value k 

should be an odd integer. While executing multiclass classification there is still a 

possibility of getting k to be an odd integer. . In KNN algorithm image is converted into 

vector of fixed length will real values, we used the common function of KNN .i.e. 

Euclidean distance to find the distance; it is calculated by 

 

                    𝑑(𝑥, 𝑦) = ||𝑥, 𝑦|| =  √(𝑥 − 𝑦). (𝑥 − 𝑦)                                      (3.16) 

 

                                                    =  (∑ ((𝑥𝑖 − 𝑦𝑖)
2)𝑚

𝑖=1 )
1

2⁄                               (3.17) 
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where, x and y are histograms in X = 𝑅𝑚. Figure 3.10 shows the process of KNN 

classification. 

 

(a)                                              (b) 

Figure 3.10 (a) Class assigned to ? is left one according to the 1-NN rule (b) as k=4, the class 

assigned to? is left as well according to KNN decision rule [68]. 

 

The advantage of the KNN classification is that it gives well better results with multi- 

classes because its decision is based on neighbors of similar types.  Therefore, even if the 

target class is multi-class, it still gives the good accuracy. However a drawback of the 

KNN classification is that it takes all the features equal while computing for similarities. 

This may lead to errors in classification, mainly when small subset of features is used for 

classification. 

3.3.3 Decision Tree (DT) 

Decision tree [69] is examined to be the most accepted data-mining methods for 

information discovery. It methodically analyzes the data present in a large information 

source to compute valuable relationships and rules and generally it is used for the 

classification/prediction purpose. In comparison to several other data mining methods, it 

is broadly applied in different areas since it is powerful for data scaling or distributions 

[70, 71]. A decision tree has rooted tree structure. Each  non-leaf nodes in a decision tree 

is consider as decision node, which shows a criterion to split the cases into two or more 

sub trees. Each leaf nodes show a cluster of like cases, which are allocated to a particular 

class. The decision tree algorithm can predicts the class for any unknown case, by 

moving down from the root node to a leaf, by using the rules in the nodes to choose the 

branch to go to. 
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The most important component of a decision tree classification is the process used to 

estimate splits at every internal node of the tree, it is named as splitting criterion. In 

decision tree classification ID3 algorithm is used to take decision in which Entropy is the 

most accepted splitting criterion. 

a. Entropy 

Given a node (S) that consists of attributes and class of the attributes, we can determine 

homogeneity (or heterogeneity) of the node on the basis of classes. If a node is pure or 

homogenous, it will consist of only a single class. If a node consists of several classes, 

then it the node is considered to be an impure or heterogeneous. To compute the level of 

impurity or entropy. 

                                             Entropy(S) = ∑−𝑃𝑗 𝑙𝑜𝑔2

𝑃𝑗
                                               (3.18) 

 

where, S is dataset for which entropy is computed, 𝑗 is set of classes, 𝑝𝑗 is probability of 

number of elements in class 𝑗 to the total number of elements in S 

 

Entropy for pure node (consist of single class) is zero because its probability is 1 and log 

(1) = 0. Entropy reaches its highest value when the entire classes in the node have the 

same probability. To discover the most excellent attribute for a specific node in the tree, 

information gain is used. The information gain is defined as 

 

                                     Gain(S) = 𝐼(𝑆) − ∑ 𝑝𝑗𝑗 ∗ 𝐼(𝑗)                                      (3.19) 

 

where, 𝐼(𝑆) is entropy of dataset, 𝑗 is subset created by splitting S, 𝑝𝑗 is probability of 

number of elements in class 𝑗 to the total number of elements in S, 𝐼(𝑗) is entropy of 

subset 𝑗. 

3.3.4 Random Forest (RF) 

Random forests [72] were first developed by Breiman in 2001 [73], and were derived 

from the bagging algorithm [74]. In a random forest, a tree does not depend on each other 

in the forest, so that the training and testing can be processed in parallel [75]. Given a set 

of training data {𝑥1, 𝑥2, ……𝑥𝑛}  ∈  𝑅𝐿×𝑛, n denotes the number of samples and L is the 
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number of features. 𝑥𝑖 shows the location of sample 𝑖 in the space 𝑅𝐿×𝑛, while z shows 

the relationship between 𝑥𝑖 and 𝑥𝑗, where z ∈ Z = {1, −1}. If 𝑥𝑖 and 𝑥𝑗 corresponds to 

same class, then value of z=-1, and if 𝑥𝑖and 𝑥𝑗 corresponds to the different class, then 

value of z=1.  A random forest is a grouping of tree-structured predictors. For the 𝑘𝑡ℎ 

tree, the ensemble is𝑓𝑘(𝑥) = 𝑓(𝑥, 𝜗𝑘), and where𝑓(𝑥, 𝜗𝑘), spread along with the training 

set and the random vector 𝜗𝑘  , which represents the different stochastic elements of the 

tree. {𝜗𝑘} are independent and uniformly distributed, and each tree votes to the most 

approachable class at the input vector x. Probability for predicting the class z is 

 

                                                   𝑃(𝑧|𝑥) =  
1

𝐾
∑ 𝑃𝑘(𝑧|𝑥)𝐾

𝑘=1                                                    (3.20) 

 

where, 𝑃𝑘(𝑧|𝑥)the evaluated density of the class is labels of the 𝑘𝑡ℎ tree and 𝐾 is the 

number of trees in the forest. The decision function of the forest is defined as 

 

                                                             𝐶(𝑥) = argmax 𝑃(𝑗|𝑥)                                            (3.21) 

                                                         𝑗 ∈ 𝑍 

 

The margin function of the random forest is 

 

                                              𝑚𝑙(𝑧, 𝑥) = 𝑃(𝑧|𝑥) − 𝑚𝑎𝑥𝑃(𝑗|𝑥)                                      (3.22) 

   𝑗 ∈ 𝑍 

  𝑗 ≠ 𝑧 

 

this shows that the generalization error will merge as the number of trees grows. An 

upper bound for the generalization error is denoted by 

 

                                                               𝑃𝐸∗ ≤ 𝜌̅(1 − 𝑠2) 𝑠2⁄                                                     (3.23) 

 

in which  𝑃𝐸∗ denotes the generalization error, 𝜌̅ denotes the mean value of the 

relationship between the trees, and s is the power of the set of 𝑓(𝑥, 𝜗𝑘) . Clearly, when 
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we have sufficient number of trees in the forest, the generalization error of the random 

forests converges to a finite value. 

 

3.3.5 Generalized Linear Model (GLM) 

The Generalized Linear Models are expansion of linear modeling process. In other words, 

they expand the ideas of regression analysis to a large class of complications concerning 

the relationship between a response and one or more descriptive variables [76]. These 

models can be used for the systems which do not follow the normal distribution like chi 

square, binomial, Poisson, gamma and others. The link function is used when dependent 

variables is considered to be nonlinearly connected to the predictors. In addition, these 

models can also be used to estimate the responses having non-continuous distribution and 

non-linearly related to the predictors for dependent variables. Generalized linear models 

equation for link linear relationship [77] is defined as. 

 

                                              𝐸(𝑌) = 𝑔(𝜇) = 𝛽0 + 𝛽1 + γ + β
j
xj                                          (3.24) 

 

The link function 𝑔(𝜇) is used to connect the random or stochastic components of the 

model, the probability distribution function of the response variable and the systematic 

component of the model (the linear predictor). Basically 𝑔( ) is used to convert the 𝜇𝑖 to 

a range on which they are not constrained. 

 

3.4 CALORIE’S AND NUTRITIONAL FACT TABLE 

 

A calorie is a measuring unit which is defined as the amount of heat energy required to raise the 

temperature of 1 gram of water by 1 degree [78]. This unit is used to calculate the overall amount 

of energy essential for life processes in any food portion that consists of the main food 

components, such as vitamins, carbohydrates, minerals, proteins and fat. Each component has a 

standard amount of calories per gram. The number of calories in carbohydrates and proteins is 4 

kcal/g, while in fat, the number of calories is 9 kcal/g. Besides grams, calories are assumed in 

nutritional facts tables. 
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Calorie intake mostly depends on the weight of the person, his or her daily activity, age and 

gender. Each person should daily take a certain quantity of calories. If the quantity of calories 

dissipation is increased, it will results in increasing the weight and, therefore, the possibility of 

obesity. Thus, all nutrient facts tables should contain the number of calories plus additional facts 

related to food item or any food categories. In our proposed system, the nutrient fact tables and 

the quantity of calories for several types of fruits and vegetables is used as a basic criterion, and 

this will help us to find the quantity of calories in a food image. In fact, the system depends on 

the already known nutrient fact tables as a reference to compute the number of calories from any 

selected fruit and vegetable photo. This information is stored in the system database. Table 3.4 

shows a sample set of nutrient facts for several fruits and vegetables from Health Canada nutrient 

guidelines [79]. 

Food name Measure Weight Energy 

(g) (kcal) 

Apple with skin 1 138 72 

Orange 1 131 62 

Guava 1 55 38 

Chiku 1 170 141 

Watermelon 1

18
 

280 90 

Pomegranate 1

2
 

105 80 

Cucumber 1 301 47 

Tomato 1 123 22 

Capsicum 1 140 31 

Table 3.4 Nutritional fact table 

 

3.5 DENSITY TABLE 

The word density, ρ, is defined as the mass of any object per volume. Alternatively, it is defined 

as the proportion of any food element’s part to the calorie. In the case of food, there are variety 

of density depending on the connection between volume and mass. The types of densities are 

true density, bulk density, subdivision density, solid density and apparent density [80]. Out of all, 

Bulk density is considered the appropriate type of density to work with the image-processing 

technique. The images that were used for fruits and vegetables volume examinations were 

captured either by mobile camera or digital camera, which shows that the fruits and vegetables 
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volumes were calculated with the internal and external pores included. Food density tables can 

get either from online or Health Canada food guide. Food density can also be acquired from 

easily obtainable tables [81]. 

In the proposed work, we use “aqua-calc” [84] to calculate the density from the estimated 

volume. It provides information of about 4000 types of food which includes Japanese as well as 

international food items.  

 

3.6    USING THE COIN AS A REFERENCE 

The system is based on a new method, which involves the coin while an image is captured. This 

method has an important role in our system. Besides the easiness of use, the coin is used as a size 

reference to calculate the real life size of fruits and vegetables. Actually, placing the coin in the 

image will allow us to compute the calories in fruits and vegetables by transforming the 2D 

image to a 3D image. We use the concept of coin for calibration purpose. The system already has 

the dimensions of coin, can then use it for evaluating the actual size of the eatable.  

The calculation will start by capturing an image either it is used for database or of which calorie 

is measured from the top at the fixed distance .i.e. 15 centimeter. Then, a captured image is 

converted into a binary image to compute the area inside the coin and eatable. The extracted 

binary area of coin is compared to real-life size area of the coin to calculate the per pixel area in 

real-life dimensions. Then, the computed area of one pixel is used to calculate the size of fruits 

and vegetables in real dimensions.   

3.7 METHOD OF IMAGE CAPTURING 

A coin can be used to calibrate the image and examine the dimensions of the fruits and 

vegetables. First, the user will take a picture from the top, with the coin placed alongside the 

fruits and vegetables. The system, already has the dimensions of the coin as mentioned before, 

examine the pixels of both the coin and the fruits and vegetables in plate from the photo. Then 

the computed area will be used with the depth of the fruits and vegetables to estimate the 

volume. We presented the idea of using the coin for calibration in place of using a card [54].  
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Figure 3.11: A captured images with the coin 

 

3.8 MEASUREMENT OF CALORIE AND NUTRITION 

The volume of fruits and vegetables measurement above is used to calculate the mass of the 

fruits and vegetables. Mass is real term which we need to calculate the calories. Once we get the 

mass, we can easily calculate the amount of calories by using the nutritional fact tables. The 

information about the nutritional values of eatables is easily available from national and 

international health organizations.  

To calculate the mass of the eatable, the mathematical equation used is given below 

                                                              𝑀 = 𝜌 𝑉                                                                  (3.25) 

where, M is the mass of eatable and 𝜌 is the density of food. In the proposed work aqua-calc [84] 

is used to calculate the mass from estimated volume. 

After calculating the mass of the food system will calculate the calories by using the formulae 

given below 

                     Calorie in picture =
Calorie from table ×Mass in the picture 

Mass from tables
                                (3.26) 
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CHAPTER 4 

EVALUATION AND PERFORMANCE ANALYSIS 

4.1 TOOLS USED 

 

During our experiments, we use both Matlab (2015a) and R open (version 3.2.2) software tools 

on HP Core i3, 2.2-GHz platform.  

 

4.2 CLASSIFICATION MODEL EVALUATION METRICS 

 

Different evaluation parameters are used to measure the performance of the classification 

process, defined in Equations. 

 

                                                                 Accuracy = 
TP+TN

TP+FN+TN+FP
                                          (4.1)                  

 

                                                      Error =  
FP+FN

TP+FN+TN+FP
                                               (4.2) 

 

where, TP = True Positive, TN = True Negative, FP=False Positive, FN=False Negative 

 

 

4.3 RESULT ANALYSIS, COMPARISON AND DISCUSSION  

A classification performance of different machine learning approaches on fruits and vegetables 

dataset (1) Support Vector Machine (2) K Nearest Neighbor (3) Decision Tree (4) Linear Model 

(5) Random Forest using texture features shown in Figure 4.1. 
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Figure 4.1 Accuracy and error rate of different classifiers 

From Figure 4.1 it becomes evident that random forest gives much better accuracy in comparison 

to Decision tree, Support vector machine, linear tree and K-means nearest neighbor. 

Furthermore, the accuracy is calculated for training-testing partition of 50-50, 60-40, 70-30 and 

80-20 respectively to verify its uniformity demonstrated in Table 4.1. It shows that random forest 

performs well in all training-testing patterns. 

 

Models                                              Training and testing partition calculation 

50-50% 60-40% 70-30% 80-20% 

Random Forest 95% 94% 95% 92% 

Table 4.1 Performance comparison on different testing-training partition 
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No. Food items Using Color Features Using Texture 

Features 

Using all Features 

1. Orange 93.33 96 98 

2. Apple 58.33 60 50 

3. Guava 40.01 95 95 

4. Chiku 33.33 90 88 

5. Pomegranate 54.54 88 66 

6. Capsicum 90.09 92 95 

7. Tomato 88.23 87.50 92 

8. Watermelon 75.22 80 82 

9. Cucumber 64.40 82 80 

Total Average 66.38 85.61 82.88 

Table 4.2 Results of Fruits and Vegetables Recognition Rate 

 

Graphical representation of Table 4.2 is shown in Figure 4.2 in which (a) represents the 

recognition rate of each fruit and vegetable on the basis of color features, (b) represents the 

recognition rate of each fruit and vegetable on the basis of texture feature, (c) represents the 

recognition rate of each fruit and vegetable by combining both texture and color feature.  

 

 

(a) 
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(b) 

 

(c) 

Figure 4.2 Recognition Rate of Fruits and Vegetables through (a) Color Features (b) Texture      

Features (c) Both Color and Texture Features 

We have calculated the mass of variety of fruits and vegetables by using the proposed technique. 

Our experimental results, few of which are presented in Table 4.3, show that our mass 

measurement technique achieves an error of about 24% in the worst case, and less than 3% in the 

best case. 
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Items Calculated Mass(grams) Actual Mass(grams) Error percentage 

Apple 124 140 11.4% 

Pomegranate 267 282 5.31% 

Tomato 18.8 25 24.8% 

Cucumber 68 70 2.85% 

Capsicum 71 80 11.25% 

Orange 233 240 2.91% 

Table 4.3 Results of calculating the mass of different types of fruits and vegetables 

 

In order to compute the accuracy of the proposed technique, we have presented two different 

scenarios. In the first scenarios, technique is applied on variety of fruits and vegetables, and 

volume are extracted and then by using density table [82] mass is evaluated. With the help of 

extracted mass, calories in fruits and vegetables are computed using table given by health 

Canada [83]. In the second one, the real fruits and vegetables is weighted and its actual calories 

is computed by using table [82]. Finally, the extracted calories from two different scenarios are 

compared. Table 4.4 shows some of the results. 

   

Items Calculated Calorie Actual Calorie Absolute Accuracy 

(%) 

Apple 70.85 80 88 

Pomegranate 113.61 120 94 

Tomato 12.03 16 75 

Cucumber 20.40 21 95 

Capsicum 28.40 32 88 

Orange 120.30 124 90 

                                                                Average Accuracy 88 

Table 4.4 Accuracy of proposed technique in comparison with real values 
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CHAPTER 5 

CONCLUSION AND FUTURE SCOPE 

The proposed system is an application related to the food intake estimation applications that take 

benefit of image processing to evaluate the volume of the fruits and vegetables in an image and 

thus calculate the amount of calories in it. In this chapter, we will conclude the work presented in 

this thesis and analyse its contributions.  

5.1 DISCUSSION  

 

There is a requirement of system that calculate daily intake of fruits and vegetables is essential 

due to the raise of obesity rates across the world. In addition, approximation of fruits and 

vegetables volume and caloric assumption is considered to be the biggest challenge when 

designing any diet control applications. Therefore, in this thesis, we presented a calorie 

measurement system that estimates the calories from variety of fruits and vegetables images 

through calculating the volume fruits and vegetables inside the image. To accomplish our goal, 

we designed the system application. 

To use the technique, the person must take image containing the fruit or vegetable plus the 

measurement reference, which is the coin. Then the system will examine the image by using 

various concepts such as image processing, pre-processing, color and texture feature extraction, 

RF classification. Our main aim of the thesis is utilizing the volume from the calculated area by 

analyzing the image, and after that, evaluating the mass of the fruit or vegetable to get the 

amount of calories. To get the more accurate results and to guarantee the validity of our 

technique, we measured the fruit or vegetable by two methods: manually and after image 

processing. 

We have confirmed that our measurement system is practical, convenient with the use of nutrient 

fact tables as standard information, and our computed results can optimize potentials of the 

system. All this will inspire the user to make use of the system. Our results showed reasonable 

accuracy of our system in volume and calorie estimation. We achieved reasonable accuracy 

results which are 25% in worst case and 5% in best one. 
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5.2 FUTURE WORK 

Even though we have achieved acceptable accuracy results from our proposed system for 

calculating volume and calories in a fruits and vegetables  image the method needs to training 

and it is still require to work on enhance the idea to contain more aspects i.e. more complex food 

items such as salads, liquid and  mixed fruits and vegetables. For several types of fruits and 

vegetables that do not have a density amount, we can design a system to calculate the mass for a 

type of fruits and vegetables. Thus, we can compute the density of food. As another technique, 

we can cover in the system is the person’s eating habits and physical activities. This will help 

both patient and doctor to manage the suggested diet and make sure the being will follow the diet 

plan. 

As a future step for our proposed method, we can avoid the difficulty of long-time responding by 

just storing all the data of any consumed fruits and vegetables starting with image processing till 

estimation of calorie. If the person consumes the same type of fruits and vegetables, the system 

can just compute the difference of the area between the previous and the present consumed fruit 

or vegetable. 
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