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1 Introduction 

Thermal processes for food preparation can influence the quality and health value of foods. 

Prolonged heating of food can destroy vitamins, promote nutrient losses (Bognar, 1995) and 

lessen the digestibility of meat (Henry, et al., 2002). Furthermore potentially carcinogenic 

substances like acrylamide can be formed (CIAA, 2004) (Gokmen, et al., 2006). Through 

insufficient heating of food bacteria can survive and cause foodborne diseases (Tauxe, et al., 

2010). In addition the temperature range in which the tenderness of pork meat can increase 

is between 50°C to 65°C but it decreases with higher temperatures up to 80°C (Tornberg, 

2004). So the ideal processing parameters to achieve an optimal quality and health value of 

the cooked food can vary intensely. 

Foodborne diseases are a more and more concerning issue. In Europe annual cases of 

salmonellosis and campylobacteriosis are likely to exceed five million. Jevsnik et al. also 

report that the food safety knowledge of the consumer is low. Incorrect defrosting practice, 

poor cooling of cooked food and lack of knowledge regarding refrigeration temperatures were 

some of the most important issues. (Jevsnik, et al., 2008) 

However Wilcock et al. point out that even with a high food safety knowledge people tend to 

unsafe cooking practice. Furthermore no correlation between the knowledge of safe food 

practices and foodborne diseases was found. (Wilcock, et al., 2004) 

In the food producing industry safe handling of food is regulated by standards and in line 

process control utilizing different sensors is used to keep the food quality and safety high. 

Especially the industrial heating process, which strongly influences the safety and storage 

live, but also can lessen the food quality by overheating, is a crucial topic (Nott, et al., 1999). 

So the consumer could benefit from semi-automatic household appliances that use food 

quality and safety monitoring features based on industrial processes. However in households 

a higher variety of food is prepared than in industrial processes and thermal processing of 

food is a function of material variations (shape and size as well as the water-, fat-, and sugar-

contents, etc.) and processing variations (heating time, power delivery, etc.) (Nott, et al., 

1999). Therefore more information of the food has to be known to control the process 

optimally or to give the user quality or safety indicators. 

Furthermore the energy consumption of the heating process can be decreased when the 

needed heat energy to finalize the cooking process is known beforehand by using the stored 

residual heat of the appliance. 
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In this work a sensor system for a household oven is developed and tested regarding food 

categorization and collection of data to model the thermal behavior of food. The knowledge 

about the food category should give information about the optimal preparation parameters 

and furthermore possible hazards by microorganisms. The model of the thermal behavior of 

the food can then be used to estimate the thermal destruction of possible microbial dangers 

in the food. 

Initially it was tested if the modeling of the thermal behavior was able to estimate the core 

temperature of different food types and the accuracy of a pasteurization prediction using 

these estimated temperatures. 

The second step was to plan and build an automatic sensor system into a household oven 

that can gather the needed data to categorize and model the thermal behavior of food. The 

automatic gathering of data should be as convenient as possible for the operator to promote 

the use of this system to the user. The sensor system had to be able to gather all necessary 

data of the food to enable an automated categorization of the food and sufficient information 

about the composition of the food to determine the thermal behavior of it. Furthermore the 

initial conditions of the food and the ambient conditions had to be collected by the sensor 

system to be able to model the thermal behavior of the food during its processing. 

The main parameters which had to be known to categorize and classify the food that is 

prepared in a household oven and model the thermal behavior of it have to be defined. 

Suitable sensors to measure these parameters were chosen and fitted into the harsh 

environment of the oven. Software to control the oven, record and evaluate the sensor data 

was developed. The gathered data was furthermore evaluated to build categorization and 

classification models using multiple linear regression and training of artificial neural networks. 

The impact of the different sensors on the classification and categorization results was 

individually evaluated to identify the necessity of the single sensors for the task. 
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2 Theory 

As mentioned above a compromise between too little and too high temperatures for the food 

has to be found to achieve a high quality food. To optimally control the thermal process 

preparation data like the maxima and minima of desired temperatures, heating time etc. of 

the food and also the actual temperature distribution inside the food during the preparation 

have to be known. 

2.1 Microbiological safety of cooked food 

The minimal temperatures that should be reached inside the food are mostly linked to the 

microbiological safety or the breakdown of certain substances for better digestibility. Since 

food prepared in a household oven should not be stored for a longer time the destruction of 

potentially pathogen organisms in the food should be sufficient. 

Pasteurization: 

Pasteurization is a term usually used for heating processes in the range of 60°C to 80°C for a 

certain time (Adams, et al., 1985). For example low temperature and long time (LTLT) 

pasteurization for milk is usually at 63°C for 30min. But there are processes that use higher 

temperatures than usual, e.g. ultrahigh temperature (UHT) pasteurization of milk at 140°C to 

150°C for few seconds (May, 1996). The purpose of pasteurization is to eliminate specific 

pathogens associated to products and to eliminate a large part of potential spoilage 

organisms (Adams, et al., 1985). To control the destruction of bacteria the reduction of the 

organisms by temperature and time can be calculated. For this calculation 2 characteristic 

values from the monitored bacteria have to be known. 

D-value 

The term D-value refers to decimal reduction time. This is the amount of time needed at a 

certain temperature to kill 90% of the organisms. That means that after an organism is 

reduced by 1 D, only 10% of the original organisms remain. When referring to a D-value it is 

proper to give the temperature as a subscript to the D. 

z-value 

The z-value of an organism is the temperature in Kelvin that is required for the thermal 

destruction curve to move one log cycle. While the D-value gives the time needed at a 

certain temperature to kill an organism, the z-value relates the resistance of an organism to 

differing temperatures. So the z-value allows calculating a thermal process of equivalency (F-

value), if one D-value and the z-value is known. 
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F-value: 

The F-value gives a model for the thermal destruction for different bacteria over a defined 

time. The F-value shows how many bacteria theoretically are destroyed in a time-

temperature cycle (Adams, et al., 1985): 

F=n·DT (1)   

L=
10

T-TD
z �

D
 (2)   

F= � 10
T-TD

z �
D

·dt
t

t0

 (3)   

2.2 Categorization of food in ovens 

To use predetermined preparation data for automated cooking the type of food has to be 

known. Categorizing groups of objects based on their similar properties for a specific 

purpose is a common method. Food can be categorized by different variables based on the 

requirements of the task they are classified for. For instance processing technologies 

(fermented, frozen, canned, etc.) and/or major raw materials origin (dairy, seafood, cereals, 

etc.) as basis of a technological classification of food are commonly used for nutritional 

surveys, sales or consumption data collections. (Costa, et al., 2001) 

It is common for the household appliance industry to use categories to choose the suitable 

heating program for the food in automatic ovens. The category for the automatic cooking 

program can be chosen by different methods: 

• Direct input by the user (Edamura, 1990) (Bales, et al., 2002) 

• Combination of user input and sensor data (Buck, 1982) (Kazunori, et al., 1994) 

• Using only sensor data (Carpenter, 1982) (Smith, 1995) (Ziqiang, et al., 2005), 

(Toshiharu, et al., 2006) 

Ovens that use only the sensor data use mainly identification tags like bar codes (Carpenter, 

1982) (Smith, 1995) (Ziqiang, et al., 2005) or RFID tags (Toshiharu, et al., 2006) to identify 

the food and choose the appropriate automatic cooking program. 

Commercially available ovens from Electrolux (Sweden) and BSH (Germany), which are two 

of the top 3 white goods suppliers in the world (EMF - European Metalworkers Federation, 

2006), use a combination of user input and sensor data respectively only user input to 

automatically bake food. Electrolux uses sensor data and manual input provided by 74 

categories that have to be put in by the user (e.g. pizza frozen prebaked or pastry sweet) to 

choose the automatic cooking program parameter for their oven B9878-5. Eleven categories 
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also need additional information by the user like weight of food or degree of cooking (English, 

medium, well done) (Electrolux AEG, 2008). BSH lets the user choose from a list of 86 

categories and requires the weight of the dish put in by the user for their oven HBA38B451D 

(BSH, 2009). 

2.3 Thermal behavior of food 

In the food industry the temperature inside the food is measured often with multi point 

temperature probes, which have to be inserted directly into the food (Ibarra, et al., 1999). For 

processes where it is too inconvenient or not possible to insert a temperature probe into the 

food the temperature distribution is calculated based on known parameters (Ma, et al., 2005) 

(Ibarra, et al., 2000). 

The calculation of the temperature distribution inside the food can be done on the basis of 

the law of heat conduction also known as Fourier’s law. Solutions for this equation in three 

dimensions for different boundary conditions are complicated and so there are 

approximations for one dimensional calculation. (VDI, 2005) 

Martin H. et al. (1992) proposed an asymptotic approximation for simple geometric bodies, 

which has an accuracy of +2,6% to -1% of the initial temperature in the worst case (VDI, 

2005). 

In this approximation it is assumed that the temperature distribution ( )*
vaBi,ξ,τ,Θ  is a 

function of time, material, space, outer heat transfer coefficient and the shape of the body. 

These variables can be written as dimensionless values with the following terms (VDI, 2005): 

Standardized temperature 

Θ=
T-T∞
Ti-T∞

 (4)   

Dimensionless time (Fourier number) 

τ=α·
t

L²
 (5)   

Wherein the thermal diffusivity (α) is 

α=
λ

ρ·cp
 (6)   

Standardized space to symmetry center 

ξ=
x
L

 (7)   

Biot number for a cylinder 
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Bi=
h·L
λ

 (8)   

The Biot number gives the ratio of inner heat conduction resistance (L/λ) to outer heat 

transfer resistance (1/h). 

Characteristic number for shape of body 

av
* =

A·L
V

 (9)   

So to model the temperature distribution in a defined point of food the following variables 

have to be known. 

• Initial temperature of food – Ti 

• Surrounding temperature of food - T∞ 

• Thermal diffusivity of food – α 

o Thermal conductivity - λ 

o Specific heat capacity - cp 

o Density - ρ 

• Time of the heating process - t 

• Characteristic length of food – L 

• Heat transfer coefficient - h  

• Surface area of food - A 

• Volume of food - V 

These variables can be measured directly or indirectly by different sensors. 

To acquire the geometrical variables (characteristic length, surface area and volume) of the 

food a camera systems with different supporting devices for the third dimension can be used. 

Image analysis can give information about color, size, shape, texture and number of objects 

of foods. For 3 dimensional applications additional technologies like stereo cameras, laser 

scanner or structured lighting have to be used. (Zheng, et al., 2006) 

A combination of the volume and the weight acquired by a scale provides the bulk density of 

the food. The initial food temperature can be measured by an infrared camera or infrared 

thermometer (pyrometer) (Ma, et al., 2005). Ambient temperature of the food, time of the 

heating process and heat transfer coefficient can be provided by the oven (Luckhardt, et al., 

2010). 

To measure the thermodynamic properties of food differential scanning calorimetry (DSC) 

can be used. The basic principle of the DSC is to compare the amount of heat energy that is 
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required to heat up a sample to a known reference. This method can be used to measure the 

thermal conductivity of food. (Buhri, et al., 1993) 

An oven can be utilized in a similar way as a simple tool for thermoanalytical techniques 

provided that the boundary conditions are known. So the actual heat energy that is 

consumed by the food to heat up can be extracted. (Collison, 1979) 

 

Thermodynamic properties of food in thermal appliances 

The total amount of energy needed to cook food in an oven can be divided into several parts. 

Energy is consumed to heat up the oven, the tray where the food lays on and sometimes the 

dish of the food. Furthermore energy is lost to the environment and the food itself consumes 

energy for cooking (Collison, 1979). 

Collison calculated the amount of energy that was consumed by the food by subtracting the 

environmental loss of the oven, the open door loss, which occurred while the food was 

loaded into the preheated oven and the calculated energy consumption of the tray and dish 

based on the specific heat capacities. The environmental loss and the open door loss of the 

oven were determined before the actual test with an empty oven set to the same 

temperature. So Collison assumed that the environmental loss of the oven was constant at a 

certain temperature. (Collison, 1979). 

The environmental energy loss of the oven is mainly due to heat transfer by convection, 

radiation and conduction, which can be expressed by the following equations (Singh, et al., 

2008): 

Q�
α=h·A·�Ts-T∞� (10) 

Q�
ε=ε·σ·A·Ts

4 (11) 

Q�
λ=
λ

d
·A·�Ts-T∞� (12) 

For an oven the heat dissipating area is constant and the changes in the heat transfer 

coefficient in a normal household oven are very low, since it is mainly depending on the flow 

speed of the air in the environment. Furthermore the variations of the thermal conductivity 

through heat changes can be seen as consistent for the whole heating process for a given 

temperature range, when the boundaries of the temperature range are constant. So the main 

varying factor for heat loss to the environment is the temperature gradient between the oven 

and the environment. 
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So the ambient temperature and the weight and material of the container have to be known 

to estimate the difference in heat energy that is needed to heat up the oven without and with 

food. 

The energy difference can then be seen as the energy that is consumed by the food for 

cooking. During baking the energy is used for 3 basic processes in the food. It is used to heat 

up the food (sensible heat), for the phase change of evaporating water (latent heat) and for 

physico-chemical reactions. Normally specific heat measurements for food include the heat 

for any reaction which may take place. This leads to a simplification of parts that make up the 

energy that is consumed by the food during cooking (Collison, 1979): 

heat absorbed during cooking by food = sensible heat + latent heat  

So if the amount of evaporated water is known the actual energy that is needed to heat up 

the food can be estimated. 

Since the heating up of the food is due to convection, radiation and conduction, equations 

(10) to (12) show the variables that have to be considered examining the sensible heat. The 

heat energy that is striking the surface of the food by convection of the heating media and 

radiation from the oven walls is directed inside the food through conduction and mass 

transfer. The amount of heat energy transferred by conduction and radiation depends on the 

use of forced or natural convection. Heat energy due to mass transport can be attributed to 

water vapor inside the food condensing on colder parts. (Sablani, et al., 1998) 

To minimize the effect of mass transfer inside the food the amount of energy that has been 

consumed by the food has to be measured before any part of the food reaches 

approximately 100°C and mass transfer trough evaporation inside the food occurs. 
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So the energy that is absorbed by the food before the temperature of any part of the food has 

reached 100°C is depending on the following not constant variables. 

• Shape of food 

o Open surface for convection and radiation 

o Covered surface for conduction from container or tray 

o Thickness of food for conduction inside food 

• Temperature in oven 

• Temperature of food 

• Thermal conductivity of food 

Except for the thermal conductivity all variables can be measured with the sensors 

mentioned above. Therefore it should be possible to estimate the thermal conductivity of the 

food based on the differential scanning principle in an oven, if the remaining boundary 

conditions are known. 

Furthermore there are empirical formulas to predict the thermal properties of food based on 

their compositions (water, carbohydrates, protein, fat and ash). This shows that the 

composition of the food has the main influence on their thermal properties. Therefore the 

composition directly influences the amount of heat energy that is consumed by the food 

during cooking. 

Since the thermal properties and density changes with temperature these simple predictions 

are only covering the thermal properties for 25°C. To cover a wider range of temperatures 

the temperature dependency of the individual thermal properties of the basic compounds 

should be considered. However these simple prediction models have an accuracy of only  

± 5% to 15% (Rizvi, et al., 1995) 

λ=0,25Xc+0,155Xp+0,16Xf+0,135Xa+0,58Xw (13) 

cp=1,424Xc+1,549Xp+1,675Xf+0,837Xa+4,187Xw (14) 

ρ=1,07Xc+1,4Xp+0,925Xf+2,16Xa+Xw (15) 
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2.4 Artificial neural networks 

To model the complex relationships described in 2.3 the capabilities of artificial neural 

networks (ANN) can be used. Sablani et al. showed the potential of ANNs to estimate the 

heat conductivity of different bakery products by training the ANN with information of the 

product moisture content, temperature and apparent density (Sablani, et al., 2002). 

Furthermore ANNs can find patterns in data and can so be used to classify the food into 

different categories. 

Artificial neural networks are mathematical nonlinear statistical modeling tools by emulating 

the functional aspects of biological neural networks. ANNs consist of artificial neurons that 

are connected with each other for data exchange. Simple artificial neurons can have several 

inputs and outputs that can be weighted. Additionally the neurons can perform simple 

mathematical functions with the inputted data. For example thresholds can be used to select 

data that directed to the output (see Figure 1). More advance artificial neurons can use 

different functions between these thresholds to alter the inputted values further. (Gurney, 

1997) 

 

Figure 1: Simple artificial neuron (Gurney, 1997) 

The weights and thresholds are being set during the teaching of the net. So the net can 

adjust itself during the teaching to the training data. As a result patterns inside the input data 

can be learned by the network. These neuronal networks are called perceptrons. 

Networks normally consist of different layers of neurons. The first layer is the input layer 

where the input data is fed into the net. The last layer is the output layer where the result of 

the model simulated by the ANN is outputted (see Figure 2). Between the inputs and the 

outputs an unlimited number of additional hidden neurons can be situated. 
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Figure 2: Example of ANN (Gurney, 1997) 

Different topologies of ANN 

An ANN can have a different number of layers of hidden neurons. One layer is capable of 

approximating continuous functions (Basheer, 2000) (Hecht-Nielsen, 1990). But two layers 

are needed to model discontinuous functions (e.g. XOR). (Masters, 1993) (Russell Beale, et 

al., 1990). 

The neurons can be connected in different ways. There are several network topologies that 

can be used for multi layered perceptrons (MLPs). The basic connection topologies are 

explained below: 

  



12 
 
 

Table 1: Different topologies of neural networks 

Feed forward: 

The feed forward topology is the most common 

one for simple ANNs with only one hidden layer 

(Single layer perceptron) but can also be used for 

ANNs with multiple layers of perceptrons. In this 

topology all neurons of one layer are connected 

to all neurons of the next layer.  

 

 

Short cut 

A normal feed forward topology with some 

connections between non nearby layers 

 

 

Full connect 

In the full connect topology all neurons of one 

layer are connected to all the neurons of the other 

layers 
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Neuron activation functions 

Neuron activation functions enable the neurons to map the input data between the 

thresholds. If the data input should only be thresholded by the neuron a simply binary 

activation function (0 or 1) can be used. Simple linear functions can also be used to map the 

data linearly. 

More complex nonlinear data mapping can be achieved by nonlinear functions like logistic or 

hyperbolic tangent function. These functions are a mimic of the biological neurons where a 

very high input not necessarily results in a high output value. (Russell Beale, et al., 1990) 

Table 2: Neuron activation functions 

Linear 

Linear activation functions simply multiply the 

input with a defined factor inside the threshold 

range. 

 

 

Logistic:  

The logistic function has a low slope at the 

beginning and at the end which dampens low or 

higher values. The output of this function lies 

between 0 and 1. 

 

 
y�u�= 1

1+e-u (16) 

Hyperbolic tangent 

Like the logistic the hyperbolic tangent has a low 

slope at the beginning and the end to dampen 

low or high input values. The output of this lies 

between -1 and +1.  

 
tanh�u�= e2u-1

e2u+1
 (17) 
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Teaching the net 

For ANNs with hidden neurons backpropagation is a common technique for supervised 

training. In the training phase for a network with hidden neurons some output data for the 

specified input data has to be known. This training data is normally acquired through 

preliminary studies. The training can then be grouped in 3 steps that are repeated until the 

training is stopped: 

1. Forward pass: The input data is fed to the input neurons and the output is 

calculated. 

2. Net error : The error between the calculated output and the reference output from the 

preliminary study is calculated. E.g. the net error can be given as sum of the squared 

deviations between desired and actual net output. If the net error is higher than 

desired the 3rd step is performed, otherwise the training can be stopped. 

3. Backward pass: In the most important step of teaching the weights of the 

connections between the neurons are modified backwards from the output to the 

input layer to minimize the net error. If all layers are passed the 1st step is executed 

again. 

To find a smaller error for the net the gradient descent procedure is used to find a local 

minimum of the error. Therefore the trainer starts with a random weighting (W) of the 

connections and identifies the gradient on the error function (F). Then the procedure follows 

the function downhill for a defined length (learning rate). The new set of weightings at the 

reached point is put into the net and the gradient on the error function is calculated again. 

This procedure is repeated until a local minimum of the error function is reached (see Figure 

3). (Gurney, 1997) 

  

Figure 3: 2-dimensional gradient descent (Rey, et al., 2001) 
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The results of the backpropagation methods are very strongly connected to the learning rate 

which controls the step size of the gradient descent. If the learning rate is too high the 

gradient descent may jump over the local minimum or if the rate is too small the gradient 

descent gets stuck in a small local minimum (see Figure 4). 

 

Figure 4: Effect of high learning rate on gradient descent (Samarasinghe, 2007) 

A further development of the backpropagation is resilient propagation (Rprop), which is 

generally faster than the normal backpropagation. Rprop uses the sign (+/-) (see Figure 5) of 

a partial derivative of the error function and an adaptive learning rate which is limited by a 

maximum and minimum to avoid too much accelerating and decelerating. (Rojas, 1996) 

 

Figure 5: Local approximation of Rprop (Rojas, 1996) 
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2.4.1 Designing artificial neural networks 

Special attention has to be to be given on the available dataset that is used to develop the 

artificial neural network. The dataset should have enough available information for the 

development of the ANN to model the nonlinearity. Since the modeling is done by adjusting 

the thresholds of the neurons and the weights between them during training the ANN will get 

more flexible with more adjustable parts but also run the risk of simply memorize the dataset 

and be overfitted. A rule of thumb given by Marini advices to have at least as many entries in 

the dataset used for training the ANN as there are adjustable parameters in the network (See 

formula (16)). (Marini, 2009) 

ns· �� niv+ � nov�≥�NI+1�·NH+�NH+1�·NO (16) 

Further consideration has to be given to the number of hidden neurons and layers of the 

ANN. Too few hidden neurons may be incapable for modeling complex functions and will 

only give a linear model of the function. On the other hand with too many hidden neurons the 

ANN tends to overfitting and follows the noise of the data. Furthermore the training of ANNs 

with large numbers of neurons is more time consuming since more variables can be adjusted 

during training. The most common way to find the appropriate number of hidden neurons is 

by trial and error. However there are also some rules of thumb in the literature that define a 

suitable maximum for the ANN based on the training data (see Table 3). (Basheer, et al., 

2000) 

Table 3: Rules of thumb for suitable number of hidden neurons 

Rule of thumb for maximum 

amount of hidden neurons 
Limitation Source 

0,11·NTrn≤NH�NI+1�≤0,3·NTrn 
One output 

ANN 
(Lachtermacher, et al., 1995) (17) 

NH≈�NI·NO�1/2 

ANN should 

resemble a 

pyramid 

(Masters, 1993) (18) 

NH≤NI+1  (Hecht-Nielsen, 1990) (19) 

 

Although these rules of thumb give a wide range for the maximum number of hidden 

Neurons, they can lead to a starting point for further trial and error tests. 
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2.4.2 Validating and optimizing the performance of ANN  

Cross validation is the most common method to validate the model developed with an ANN. 

The dataset is split into 2 portions: One dataset for training the ANN and one dataset for 

validating the network. The validating dataset shows if the ANN is overfitted and has only 

memorized the training dataset or if the ANN can predict the unknown data and therefore 

give a good representation of the actual function. 

To optimize the ANN the number of neurons of a well working network is decreased and the 

smaller ANN is trained again. This process is repeated until the network is not able to give a 

good representation of the function that should be modeled. 

The smallest ANN that had a good prediction of the function can then further be optimized by 

deleting links between the neurons that have only small weights and do not influence the 

estimated output greatly and subsequent training. With this method up to 1/3 of the links can 

be deleted and the complexity of the ANN can be reduced. (Zell, 1994) 

Since the validation set is used indirectly to optimize the ANN it is advised to use a third test 

dataset to evaluate the ANN that was neither used for training or validating during the 

optimization of the ANN. (Marini, 2009) 
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3 Materials and methods 

3.1 Center temperature calculation of food in an oven  

In order to determine the readiness and pasteurization value of food the temperature of the 

coldest spot in the food is measured over time which is in most cases near the center of the 

food. The pasteurization value was calculated according to the thermal resistance (D and z-

value) for a certain bacteria with formula (3). 

Currently the center temperature of a food in an oven can be measured with a meat probe. 

The normal meat probe of the used AEG Electrolux Competence B 9831-4-M household 

oven has one temperature sensor in the tip of a 9cm steal spit, which itself is a good heat 

conductor. So it can be difficult to find the coldest spot of the food (see Figure 6) and if the 

metal spit is reaching out of the food, it conducts heat to the tip tempering the temperature 

readings. 

 

Figure 6: Schematic sectional view of food with meat probe 

To give the user a more convenient function that can determine the readiness and 

pasteurization value of the food, the center temperature of the food can be calculated with 

the heat equitation. Using the approximation of this equitation for cylindrical and plate shaped 

bodies the center temperature for different food can be calculated with several variables (see 

formulas (4) to (9)) (Martin, et al., 1992). For the shape of the food only the characteristic 

height and length of the food was needed. 

The accuracy of the calculated temperature of the food should at least be as accurate as the 

current standard method with the 1 point meat probe. To test the accuracy of the calculated 

center temperature versus the measured temperature of the 1 point meat probe, tests with 

different kind of food were conducted. The coldest temperature of a 6 point meat probe with 

6 temperature zones was used as reference temperature. 
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The 1 point meat probe temperature was readout directly from the oven controller with the 

Electrolux appliance connection kit. In addition the oven temperature for the temperature 

calculation was also taken from the oven controller. The 6 point meat probe was recorded 

with the Intab ACC-2 logger with an accuracy of ±0,1°C. 

The data for the temperature calculation besides the time and oven temperature was 

measured manually. The height and length of the food were measured with a ruler and the 

weight of the test food was determined by weighing it. An infrared thermometer (Optris CT) 

was used to measure the surface temperature of the food, which was used as the initial 

temperature of the food for the calculation. A subtraction of 3K was made to the surface 

temperature to counteract the warming up of the food surface during the test preparation. 

The density, heat conductivity and specific heat capacity of the food were taken from the 

literature (Tschubik, et al., 1973). 

3 Types of food in different shapes and different weights were used (see Table 4): 

• Potato dumpling dough 1 “Burgis Bayrischer Knödelteig” (see appendix) 

• Pork roast from EDEKA C&C-Großhandel GmbH 

• Roast beef from EDEKA C&C-Großhandel GmbH 

Table 4: Density and thermal variables of test food 

Potato dough Pork roast  Roast beef  

Density [kg/m³] 1050 1070 1070 

Thermal diffusivity [m²/s] 1,76*10-7 1,61*10-7 1,43*10-7 

Specific heat capacity [kJ/kg] 3,35 2,90 3,20 

Thermal conductivity [W/mK] 0,62 0,50 0,49 

(The dimension and weights for the single food tests can be found in the appendix) 

To verify the functionality of the pasteurization function, tests with defined amounts of 

bacteria were conducted. The tests were done separately for the pasteurization value 

calculated with the temperature of the 1 point meat probe and the calculated center 

temperature. The bacteria emulated a contamination of food, which had to be reduced to 

lower the danger to the user. With the rate of destruction of the bacteria a conclusion on the 

temperature that affected the bacteria as far as all bacteria were killed could be drawn. 

Temperature sensitive labels were also embedded into the food, to evaluate the maximum 

reached temperature if all bacteria were killed. 
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Materials for pasteurization tests: 

• Strains of Escherichia coli K12 (TD-Value=65°C / D65°C=2min / z-value=5K (Adams, et 

al., 1985) 

• Strains of Staphylococcus aureus (TD-Value=65°C / D65°C=2min / z-value=5K (Adams, et 

al., 1985) 

• Merck standard 1 nutrient broth (see appendix) 

• Merckoplate CASO Agar for TVC (Tryptic Soy Agar) 

• Potato dumpling dough 2 “Kochfertig Kloßteig Halb&Halb” (see appendix) 

• 1ml sterile Durham tubes 

• Omegalabels 

o Temperature sensitive, irreversible labels with an accuracy of ±1% and the 

following temperature measurement points per label (see Table 5). The points 

turned black, if the specified temperature was reached. 

Table 5: Temperatures of Omegalabels 

Omegalabel  Temperature points [°C] 

TL-S-130 54 

TL-S-140 60 

TL-S-160 71 

TL-S-170 77 

TL-4-130 54/60/66/71 

 

All test foods were stored in a fridge set to 7°C. The potato dumpling dough was rolled into a 

cylindrical shape and placed onto the center of a tray. Through the smooth texture of the 

potato dumpling dough the rounding on the side towards the tray was flattened. The meat 

was cut into the desired size, brushed with oil, salted, peppered and placed onto the center 

of a tray. 
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The 1 point meat probe was completely pushed into the food from the center of the right side 

and the 6 point meat probe was completely pushed into the food from the center of the left 

side (see Figure 7). 

 

 

Figure 7: Position of meat probes 

For the pasteurization tests strains of Escherichia coli K12 and Staphylococcus aureus were 

separately incubated for 2 days at 37°C. To estimate the number of bacteria in the incubated 

nutrient broths the living and dead bacteria were counted with a Thoma Zeis counting 

chamber under the microscope. Then the nutrient broths were diluted to an estimated 

content of 106 cfu/ml. The diluted nutrient broths were controlled with the drop plate test 

(Baumgart, 1990). 

The potato dumpling dough was rolled into a cylindrical shape and placed onto the center of 

a tray. A closed Durham tube with 1 ml of the contaminated diluted nutrient broth and the 

Omegalabels were enclosed in the center of the potato dumpling dough. The potato 

dumpling dough was baked until the pasteurization value reached a value of six. In six tests 

the pasteurization value was calculated with the 1 point meat probe temperature and in the 

other six tests with the calculated center temperature. Half of the tests were done with 

Escherichia coli K12 contaminated diluted nutrient broth and the other half with 

Staphylococcus aureus contaminated diluted nutrient broth. After the pasteurization value 

reached a value of 6 the nutrient broth in the Durham tube was analyzed with the drop plate 

test and the temperature range between the highest Omegalabel that turned black and the 

next higher label that was still white were recorded. 

 

  

1 point meat probe 6 point meat probe 
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3.2 Development of measuring system 

To acquire the needed data to characterize the food several sensors had to be built into an 

oven. These sensors were chosen to be able to gather the required variables for the 

estimation of thermal properties respectively composition of the food. Furthermore the 

acquired data should be used to classify the food into different categories. 

The following sensors were chosen for the needed parameters (see Table 6): 

Table 6: List of sensors in oven 

Sensor Output Parameter 

Infrared thermometer 

(Pyrometer) 
Surface temperature Initial temperature of food 

Infrared distance 

sensor 

Distance from sensor to 

object 

Tray level 

Height of food 

Volume of food (several 

measuring points) 

Temperature sensor Temperature 
Ambient temperature 

Oven temperature 

Scale Weight of object Weight of food + tray/container 

CMOS camera Image of cavity 

Base area of food 

Length/width of food 

Number of objects 

Lambda probe Oxygen content in air Humidity in air 

Power sensor Energy usage 
Power oven consumes with 

and without food 

 

The sensors were built into the oven and software had to be developed to collect and 

evaluate the sensor data. Furthermore the software had to be able to control the oven to 

provide a defined heating process. 

3.2.1 Hardware 

Since the oven can heat up to a maximum of 250°C most of the sensors had to be placed 

outside of the oven cavity. The mounting places for the sensors had to be chosen with 

attention towards the principle of the data acquisition of the sensors and their maximum 

ambient conditions. 
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3.2.1.1 Oven 

As a basis for the measuring system an AEG Electrolux Competence B 9831-4-M household 

oven was used. The oven controller had an interface which allows controlling the relays and 

reading out the different temperature sensors with the Electrolux appliance connection kit via 

a PC. Two Pt500 temperature sensors for high temperatures and two NTC temperature 

sensors for lower temperatures can be read out by the oven controller. At least one Pt500 is 

needed to control the temperature of the oven and is located in the upper left corner of the 

oven cavity. 

The oven was modified and mounted with the different sensors. Since most of the utilized 

sensors were not made for high temperature application they had to be mounted outside of 

the oven cavity. The cooling channel of the oven offered a good place to mount the heat 

sensitive sensors that had to be near to the food. As the cooling channel of the Competence 

B 9831-4-A was relatively small, given that the oven has no PYROLUX® self-cleaning 

system, it was replaced with a cooling channel and fan from the AEG Electrolux Competence 

B 6871-4-M household oven. Furthermore a duct in shape of a squared frustum was inserted 

between the cooling channel and the oven cavity, to allow the sensors inside the cooling 

channel a direct view onto the food inside the oven. The cooling channel was raised by 4cm 

to provide enough space for the sensors and an additional cooling was provided by two 

80mm fans (see Figure 8). 

 

Figure 8: Schematic of oven 
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To minimize the heat loss through the duct the window into the cavity was only 3x4cm. So a 

sensor carrier was constructed to move the sensors over the window for the measurement 

(see Figure 9). The sensor carrier was driven by a stepper motor, which allows precise 

positioning of the individual sensors over the window into the cavity. This was done by 

counting the steps that the stepper motor needed to pull the carrier from the position switch 

to the point the chosen sensor had a line of sight into the cavity. The stepper motor was 

driven via an USB stepper motor controller from Softmark. 

 

Figure 9: Carrier with sensors in cooling channel 

The sensors were arranged according to their maximum temperature tolerance, so that the 

sensor with the lowest temperature tolerance (IR distance sensor) was furthest away from 

the cavity window. 

The grill heating element had to be removed, since it was located in the field of view of the 

camera. Furthermore the original oven rack drawers were switched with dark coated ball 

bearing oven rack drawers for a smooth tray insertion and lower reflection for easier image 

analysis. 

3.2.1.2 I/O Hardware 

The signals of the different sensors were acquired directly via communication interfaces like 

RS-232 and USB and by the Redlab 1208ls USB DAQ-box. 

The Redlab 1208LS USB I/O box provided 8 12bit ±10 volt analogue inputs (5 mV resolution) 

which were used to read the output signals of most sensors. Furthermore the I/O box was 

equipped with 16 digital input and output ports which were used to acquire the state of the 

position switch of the sensor carrier system and to control a relay driver to switch the led on 

the sensor carrier, the power to the stepper motor and the scale on or off. 

As a power supply for the different sensors a standard pc power supply was used, which 

provided the different voltages (-12V; -5V; 3,3V; 5V; 12V) that were needed by the sensors 

with a maximum tolerance of ±5%. 

Stepper motor 

Position switch 

IR temperature 
Camera 

IR distance 

LED 
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3.2.1.3 Sensors 

3.2.1.3.1 Infrared temperature sensor 

An Optris CT infrared thermometer with an optical resolution of D:S=20:1 sensing head, 

which provided a small measuring spot size of 7mm to 40mm inside the oven depending on 

the tray level, was used as a contactless method to measure the food surface temperature. 

The device was capable of ambient temperature compensation. The object constants for 

emissivity (0,96) and transmissivity (1,00) were set based on the “Infrared-LC™ 

Thermometer Instructions and Usage Guidelines” (Global-Sensors, 2004). The Optris CT 

could measure a temperature range of -40°C to +900°C with a temperature resolution of 

0,1°C and an accuracy of ± 1% or ± 1°C . It was able to work in an ambient temperature of -

20°C to 180°C and a relative humidity of 10% to 95%. To read out the signal of the infrared 

sensor the analogue output was set to 0 to 10V for a measuring range of -50°C to 250°C and 

connected to the Redlab 1208LS USB I/O box which led to an actual temperature resolution 

of 0,15°C. 

3.2.1.3.2 Camera 

The camera used for the oven was a 1.3 mega pixel “noname” CMOS webcam, which was 

connected via USB to the pc and controlled with ActiveX controls in National Instruments 

LabVIEW 8.6. The camera had a ¼” CMOS with a maximal resolution of 1280x960 pixels 

and a cs-thread to equip it with different lenses. 

The camera was equipped with a wide angle cs-mount lens with a focal length of 2,1mm. 

This provided the possibility to capture the whole surface of a tray even if it was only 20cm 

away from the camera. For additional illumination a 3W high power white LED (dimmed to 

approx. 1W) was installed beside the camera and was switched on by a relay controlled by 

the Redlab 1208LS. The LED was necessary to get a more uniform lighting for the object on 

the tray and to minimize shadows. The normal oven lighting could not be used for this task. A 

comparison of the different lighting situations in the oven can be found in the appendix. 
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3.2.1.3.3 Infrared distance sensor  

For the height measurement of the food and tray distance the infrared distance sensors 

Sharp GP2D120 was used. The specifications of these sensors can be seen in the following 

table (see Table 7). 

Table 7: Specifications of GP2D120 

Sensor GP2D120 

Detecting distance min. [mm] 40 

Detecting distance max. [mm] 300 

Operating temperature [°C] -10 to +60 

Output voltage for 40 to 300mm [V] 3,1 to 0,4 

 

The GP2D120 was mounted vertical towards the connection between the cooling channel 

and the cavity onto the sensor carrier. Since the sensor only could work up to a maximum 

temperature of 60°C it had to be mounted farthest away from the window into the cavity. 

The output voltage of the distance sensor was not linear to the measured distance. So the 

resolution of the distance signal varied from 25mm/V at 40mm distance up to 100mm/V at 

300mm. The signal was read out with the Redlab 1208LS and had an effective resolution 

from 0,125mm down to 0,5mm. 

The accuracy of the distance sensor however was greatly influenced by reflecting surfaces 

and surfaces that were not parallel to the distance sensor. This resulted in an accuracy of 

only ±3mm. 

3.2.1.3.4 Power sensor 

To measure the power the oven consumed during heating up the current and the voltage the 

oven uses had to be known. 

3.2.1.3.4.1 Current sensor  

The current sensor CMS 2015, which was able to measure current up to 15 ampere and 

converted 0 to 15 ampere into a ±2,5Volt AC signal, was used. It had an accuracy of ±0,8%. 

To read out the signal with the Redlab 1208LS a rectifier circuit was applied between the 

current sensor and the Redlab 1208LS, which converted the ±2,5Volt AC signal to a 0 to 10 

Volt DC signal. The rectifier circuit decreased the accuracy of the current measurement, but 

the accuracy was still in the same range as the portable measuring instrument 

“Powermonitor Pro” (Conrad) with an accuracy of ±1%. 
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3.2.1.3.4.2 Voltage measurement 

The voltage measurement was necessary to get a higher accuracy for the power 

measurement of the oven. A digital multimeter M-345pro with a serial port was used. The 

multimeter had a resolution of 0,1V and an accuracy of ±0,5V for the measuring range of 

400V. The multimeter was read out directly via a RS-232 to USB connector. 

3.2.1.3.5 Oxygen sensor (λ-Probe) 

Based on the patent “Humidity measurement arrangement and cooking oven provided 

therewith” (Mangina, 1997) a wideband lambda probe for the indirect humidity measurement 

based on the oxygen content in the oven was selected. Hereby it is assumed that the 

evaporating water proportionally displaces the different gases of the air inside the oven 

cavity. 

The wideband lambda probes are widely used in cars for fuel injection and emission control. 

These oxygen sensors are mass products and can withstand temperatures up to 1030°C. 

However the lambda probe needs to heat up and maintain a controlled temperature to work 

properly. A Bosch LSU 4.2 wideband oxygen sensor with a “Tech Edge 2J1 Wideband 

Oxygen (Lambda) Sensor Controller” was used for the proper heat up, calibration and 

oxygen/humidity measurement. The sensor was located in the upper left of the cavity 

besides the Pt500. 

Calculation of absolute humidity 

The “2J1 Wideband Oxygen (Lambda) Sensor Controller” was programmed to provide a 0 to 

5volt signal for 0 to 21% oxygen with a resolution of 0,01. It also provided an automatic 

calibration function to quickly calibrate the output signal of the sensor controller to the 21% 

oxygen in air to counter the aging effects of the lambda probe. 

The following formula was used to calculate the humidity from the measured oxygen in the 

air (See formula (20) and (21)). 

ϕW=1- �� ϕO

ϕO-dry
� ·ϕN-dry� +ϕO (20) 

ρW= �ϕW·MW

Vm-ideal
� (21) 

Wherein the volume fraction of oxygen in dry air (ΦO-dry) was assumed to be 21% and the 

volume fraction of nitrogen in dry air (ΦN-dry) is assumed as 79%, neglecting CO2 and other 

minor gases in the air. Furthermore the molar mass of water (MW) was presumed as 18 g/mol 

and the molar volume of an ideal gas was seen constant as 0,024 m³/mol (Vm-ideal), thus 

neglecting the temperature dependency of the molar volume. 
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3.2.2 Software 

The software for this project had to be capable of controlling the oven to achieve a defined 

heating process and read out the different sensors. Furthermore it had to be able to refine 

and evaluate the sensor data. 

The software had to read out the different measured parameters from the sensors 

respectively devices and provide them in a refined form for further evaluation steps. To refine 

the data acquired from the camera the software needed also the capability of image analysis. 

To control the oven and the sensor supporting devices (sensor carrier etc.) a two way 

communication between the pc and these devices had to be established. To process the 

different values from the sensors and develop a model to predict certain food related 

parameters an artificial neural network simulator was needed. 

The main program for the oven was developed with National Instruments LabVIEW 8.6 a 

visual programing language used for data acquisition, instrument control and industrial 

automation. For image analysis the LabVIEW Vision module was used. For the simulation 

and development of ANNs the program Membrain (Version 03.00 to 03.06) was utilized, 

since the ANNs could be integrated into the existing LabVIEW programs using the dll-

interface of Membrain. 

Three different types of communication were used to read out the sensor data. Direct serial 

communication via RS-232 was used to read out the multimeter and the scale, the 

communication with the Redlab 1208LS and the appliance connection kit was done over the 

device driver dlls and the camera was addressed with an ActiveX control element. 

Following the program sequences are described. The basic flow can be seen in the 

flowcharts and a more detailed description for every major step is given. 

Main oven program 

The main oven program contained all the subprograms to read out the different sensors and 

handle the interaction with the user. It contained the basic structure of the whole measuring 

process. Consecutively several steps were executed (see Figure 10). Simple tasks like 

displaying information to the user or relaying user input to the subprograms were done 

directly by this program. More complex tasks were executed by sub programs embedded into 

the main program. 

The main program also provided the graphical user interface (GUI) for easy operation and 

information display. The GUI was divided into five tabs and designed for touchscreen usage. 

The four tabs crucial for the measuring process are described in Table 8. The fifth tab called 
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“Misc” displayed information for debugging the program and is not crucial for the measuring 

process. 

In the following the basic program operation is described. The more complex processes 

inside the subprograms are specified separately and complex subprograms are highlighted 

with a simplified flowchart of the program routine. 

 

Figure 10: Flowchart of main oven program 
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Table 8: Program GUI tabs 

Oven Control : On the “Oven Control” tab 

the heating mode after the 2 heating up 

phases could be chosen via a picture 

menu and temperature could be set by a 

slider or typed in directly. A text frame was 

provided for information about the food.  

 

Picture Analysis: On the “Picture 

Analysis” tab the acquired image of the 

cavity and the thresholded image for the 

edge detection of the food were shown. 

 

Food Properties: On the “Food 

Properties” tab a 3d model of the analyzed 

object in the oven was shown. The 

maximum height, length, width, volume, 

and surface of the 3d model were 

displayed. Furthermore the weight of the 

objects in the oven, object temperature 

and number of objects were indicated.   

Process Control : On the “Process 

Control” tab the process parameters of the 

baking procedure could be monitored. The 

development of the temperatures of the 

oven, object, cooling channel, and meat 

probe were visualized. Also humidity, 

current and voltage were plotted into a 

graph. Furthermore the process times, 

power consumption and heating 

modulation were indicated on this tab.  
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Basic program operation 

To start the measuring process the user simply pushed the green start button on the “Oven 

Control” Tab and set the heating mode and temperature for the normal baking phase. The 

sensors were checked and the sensor carrier was moved into position. After the scale was 

tared using the relay driver connected to the Redlab 1208LS a dialogue with a confirmation 

button that requests the user to insert the tray with the food was shown. 

When the user slid the tray with the food into the oven the “OK” button on the dialogue had to 

be pressed and the rest of the food related data before the heating phases was acquired. 

Before the heating up of the oven began the acquired data was displayed on the “Food 

Properties” tab. 

The heating up phase then was executed and the oven heated up to 131°C. After this 

temperature the normal backing process took place and the user could stop it by pressing 

the “Stop” button on either the “Oven Control” or the “Process Control” – tab. 

Check sensors and hardware subprogram 

Before the actual measuring process began the communication between the program and 

the hardware was checked to prevent problems during the measuring process. The 

communication for the multimeter and the scale was simply checked by calling the devices 

with a send command and listening for appropriate data. If no data was received or if the 

data was in the wrong format (e.g. multimeter was switched to DC current measurement 

instead of AC current measurement) a dialogue with multiple choices (retry, ignore or stop 

program) was displayed to the user to check the devices which did not answer correctly. 

The Redlab 1208LS was checked by retrieving the status information of the connected 

device. If the status information was not received or comprised an error message, the 

dialogue to check the device was displayed. To check the camera a list of connected 

cameras was generated and searched for the name of the camera inside the oven. Again a 

dialogue was displayed if the camera was not found in the list. 

The function of the sensor carrier mechanism was checked by switching on power to the 

stepper motor controller using the relay driver and pulling it towards the position switch. If the 

position switch was not triggered a dialogue was displayed to check the relay driver, stepper 

motor controller, stepper motor, sensor carrier, position switch and their connections, since 

all these parts were needed to execute this task and could not be tested individually. 
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Position sensors – IR distance subprogram 

In this subprogram the sensor carrier was positioned by the stepper motor, so that the 

infrared distance sensor could see into the cavity. The number of steps that were needed to 

move the sensor carrier from the position switch to this position was read from a stored table 

with the steps needed from the position switch to locate a certain sensor over the window 

into the cavity. 

Record distance sensor subprogram 

After the prompt that requested to insert the tray was displayed the distance sensor data was 

recorded. So the insertion of the tray with the food could be observed. A distance profile of 

the measured distance between objects and the infrared distance sensor was acquired (see 

Figure 11 and Figure 12) between the time the dialogue was displayed and the user pressed 

the OK button. 

 

Figure 11: Schematic of distance measurement during sliding tray into oven 

 

Figure 12: Distance data during sliding tray with object into oven 
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Since the amount of data of the distance profile depended on the time the user needed to 

insert the tray into the oven and pressed the OK button the initial cavity distance values could 

take up a big portion of the distance profile. Therefore the distance values of the cavity were 

deleted directly after the OK button was pressed to improve further handling by reducing the 

non-essential data. 

The level in which the tray was slid in was determined by comparing the first values after the 

deleted cavity distance values with the known distances of the individual tray levels. By 

subtracting the distance of the tray level from the rest of the distance profile and taking the 

absolute value of this the height profile of the object on the tray is known. 

Gather food data subprogram  

The subprogram “gather food data” collected the rest of the food data that was measured 

before the heating process. The scale was read out 20 times (once every 200ms) to 

decrease the influence of the vibration from the loading and door closing of the oven. 

After the weight of the tray and the object on it was acquired the sensor carrier was moved to 

position the camera and the LED directly over the window into the cavity. The LED was 

switched on via the relay driver and a picture of the cavity was taken. The picture then was 

analyzed and combined with the height information of the object on the tray to create a 3d 

model. 

When the picture was taken the LED was switched off and the sensor carrier was moved to 

enable the infrared temperature sensor to measure the temperature of the object on the tray. 

The IR temperature sensor was read out 30 times and the average value was calculated. 
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Figure 13: Flowchart of gather food data subprogram 
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Image analysis and creation of 3d model in “gather food data” subprogram  

The first step of the image analysis was to minimize the effect of outside lighting. Therefore 

the upper third of a reference image where the effects of the outer lighting onto the tray could 

be seen very clearly was subtracted from the taken picture (see Figure 14). This improved 

the thresholding process. 

 

Figure 14: Upper third of cavity picture with outer lighting effects 

For the threshold setting the picture of the cavity (see Figure 15) was converted from RGB to 

an HSL image and adjusted to the tray width and height according to the tray level  

(see Figure 17). After this the image was thresholded via the HSL values to identify the tray 

and the objects on it (see Figure 16) At the border between the tray and one distinguished 

object the outline of the ROI was placed (green line in Figure 17). 

 

Figure 15: Image of tart in oven 

 

Figure 16: Cut and thresholded picture of 

tart in oven 
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Figure 17: Cropped picture of tart in oven with ROI 

The threshold for the detection was chosen by passing through different threshold 

constellations of luma and saturation values until a ROI could be set that did not touch the 

image boarder, had less than 10000 vectors and had a minimum area of 5000 pixel. 

The outline of the ROI was then converted into X/Y coordinates and the width, the length, 

center and the base surface of the object was calculated. The region of the tray which was 

not covered by the object and had been detected by the infrared distance sensor was 

calculated. With this data the speed of the tray insertion was calculated (distance 

values/pixel). This value was used to calculate how many distance values were acquired of 

the food to its center. From these values the height of the tray level was subtracted to get the 

food height. Then these data points were evenly distributed from the center of the food to its 

edge. After that the X/Y coordinates were combined with every food height value (Z-Value) 

and contracted according to the position of the food height value. The resulting data points 

were then converted into vectors and drawn into a 3 dimensional coordinate system (see 

Figure 18). 

 

Figure 18: 3d tart 

The vectors were used to calculate the surface area and the volume of the 3d object. The 

method worked for different shapes of food and colors (see Table 9) given they were 

symmetrical. However dark foods were very difficult to detect, because their color did not 

differ much from the tray color. 
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Table 9: Creating 3d objects from different foods 

Image of cavity Analyzed image 3d object 
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Measuring heating up phase – subprogram (see Figure 19) 

To gather the amount of energy that was consumed by the food the energy consumption and 

humidity development in the cavity during heating up of the oven was measured. The heating 

up was divided into two phases. For the first heating phase the top heating element with 

1100 watt and the ring heating element with 1800 watt were used to achieve a more rapid 

heating up. The fan inside the cavity was also switched on to distribute the heat inside the 

cavity. Both lamps inside the oven (40 + 25 watt) were switched on as well to provide better 

visibility of the oven cavity and a bit of heat energy. All the oven components were controlled 

via the appliance connection kit. 

When all the components were switched on, the oxygen sensor, the power sensor, the 

multimeter and the ovens Pt500 thermometer inside the cavity were read out every second. 

When the temperature at the Pt500 was over 83°C the heating up process is slowed down by 

switching off the 1800 watt ring element and the second heating up phase was started. The 

slower second heating phase was performed until 131°C. 

The temperatures of the different phases were chosen to provide a long time of measuring 

the heat energy that was taken up by the food minimizing the effects of other influences. So 

for further handling of the data the energy consumption and water evaporation beneath 35°C 

was not added into the data for the first heating up phase. This was crucial to get comparable 

data with the same starting point even on hot days. The endpoint of the first phase at 83°C 

was the half of the complete heating up phases and the end temperature of 131°C was 

where most surfaces of the tested food did not reach over 100°C. So this temperature was 

chosen to lessen the effect of the evaporating water. 

Normal baking phase – subprogram 

In the normal baking phase the same sensors as in the heating up phase were read out for 

further examination. The heating mode was set according to the user input and the 

temperature control was done by an emulated oven controller program similar to the 

controller inside the actual oven. 
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Figure 19: Flowchart of measuring heating up phase 
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3.3 Power consumption of oven without food 

As discussed in 2.3 the energy consumption of an oven without food can be altered by the 

temperature difference between the oven and the surrounding and the tray respectively tray 

and container that normally hold the food. To check effect of this principle on the 

measurements 20 heating tests at different ambient temperatures and with different trays 

and containers without food were conducted. 

The energy consumption of the oven was measured during the 2 heating up phases of the 

oven program. The tests were done in an ambient temperature range from 20,0°C to 36,7°C 

and with trays and containers weighing from 352 gram to 2871 gram. 

 

3.4 Food tests with sensor system 

To test the capability of the sensor system to gather crucial food related data different food 

tests had to be done. For the estimation of thermal variables and composition of food cakes 

with different formulations were monitored with the sensor system before and during the 

baking. Different types of pizzas were prepared in the oven and also observed before and 

during the baking with the sensor system. 

Furthermore baking of different pastry was recorded, which was conducted for comparison of 

data measured with the sensor system and data in the cooking test data base from 

Electrolux. 

3.4.1 Classification tests 

To see if the gathered data from the sensors in the oven were sufficient to classify the food 

the pizza categories of the AEG-Electrolux B9878-5 oven were used (Electrolux AEG, 2008) 

as a basis to classify automatically pizzas according to their measured values. 

The pizza category is one of the largest main categories used for the AEG-Electrolux  

B9878-5 oven with 8 subcategories and has a high variety of measureable characteristics. 

For example: The temperature of the food can range from room temperature for a fresh pizza 

down to minus degrees for frozen pizzas. Different thicknesses, weights, number of objects 

etc. can be observed. Furthermore half of the pizza sub categories were convenience food 

and decrease the workload for test preperation. 

The pizza recipes for fresh pizzas were chosen from the Electrolux test database. 

Convenience products were initially limited to salami style pizzas (except for frozen pizza 

calzone) and were supplemented later with different other styles to see if the topping of the 

pizza had an influence on to the classification capability. Furthermore the dough for the 
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Electrolux standard recipes was done by hand or ready-made dough was used. The recipes 

and a full list of prepared pizzas can be found in the appendix. 

In total 71 pizzas were tested with the sensor system (see Table 10). 

Table 10: List of pizzas per category 

Kind of pizza Number of tests 

Fresh pizza thick 8 

Fresh pizza thin 8 

Fresh pizza calzone 7 

Frozen pizza prebaked 16 

Frozen pizza not prebaked 11 

Frozen pizza calzone 5 

Chilled pizza prebaked 7 

Pizza snacks 9 

Total 71 

 

3.4.2 Food composition tests 

To build a model to estimate the thermal variables respectively the composition of food a 

homogeneous model substance that could be easily changed in composition and size had to 

be chosen. A cake batter made out of flour, margarine, sugar, egg and milk was selected, 

since a wide spectrum of different composition varieties could be covered by changing the 

amount of each ingredient. 44 cakes were tested in the oven with different compositions, 

weights and sizes (see Table 11 and Table 12). The base recipe for the cake batter can be 

found in the appendix. 
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Table 11: List of different cake compositions 

Number 

of tests Water Protein  

Carbo-

hydrates  Fat Flour Margarine  Sugar  

Whole 

egg Milk 

1 20,0% 3,3% 57,0% 19,2% 29,0% 23,0% 36,0% 0,0% 13,0% 

1 20,0% 6,6% 53,0% 19,5% 51,0% 22,0% 17,0% 12,0% 0,0% 

1 20,0% 2,7% 20,0% 57,0% 18,0% 70,0% 7,0% 6,0% 0,0% 

1 21,3% 4,4% 59,4% 13,3% 29,2% 14,6% 38,3% 8,8% 9,1% 

3 22,5% 5,9% 50,7% 18,7% 41,8% 20,9% 20,9% 12,5% 3,8% 

1 23,9% 5,0% 50,9% 18,0% 41,6% 20,8% 20,8% 3,8% 12,9% 

1 24,4% 6,7% 52,8% 13,4% 53,6% 14,4% 14,4% 8,6% 8,9% 

1 25,8% 4,4% 35,9% 32,3% 29,2% 38,3% 14,6% 8,8% 9,1% 

1 26,6% 5,4% 49,4% 16,7% 36,5% 18,2% 23,0% 10,9% 11,3% 

1 27,5% 5,4% 44,7% 20,4% 36,5% 23,0% 18,2% 10,9% 11,3% 

19 28,0% 5,5% 47,0% 17,0% 38,0% 19,0% 19,0% 11,5% 12,0% 

2 28,6% 6,4% 53,5% 8,6% 43,8% 7,7% 21,9% 13,1% 13,6% 

1 30,0% 4,9% 42,5% 20,5% 26,8% 22,7% 22,7% 13,6% 14,1% 

2 31,8% 6,5% 39,4% 20,0% 43,8% 21,9% 7,7% 13,1% 13,6% 

1 31,9% 6,3% 42,9% 16,9% 35,0% 17,5% 17,5% 19,2% 10,8% 

1 32,3% 4,4% 39,5% 22,6% 19,2% 25,1% 25,1% 15,1% 15,6% 

2 32,8% 5,5% 43,4% 16,3% 35,1% 17,6% 17,6% 10,5% 19,2% 

1 35,9% 6,9% 38,9% 16,4% 31,7% 15,8% 15,8% 26,8% 9,8% 

1 38,0% 5,3% 39,7% 15,1% 31,8% 15,9% 15,9% 9,5% 26,8% 

1 52,7% 7,0% 20,0% 20,0% 19,0% 19,0% 5,0% 33,0% 25,0% 

1 57,0% 4,6% 19,5% 20,0% 17,0% 21,0% 5,0% 10,0% 49,0% 

 

The 19 similar compositions represent the standard recipe of the cake batter. These were 

also used to test the influence of different weights and sizes onto the measurement (see 

Table 12). 

  



43 
 

 

Table 12: List of different cake size and weights 

Number of tests Container Weight [g] 

2 Scalable baking dish 1000 

2 Kaiser 20cm + 30cm 1000 

1 Kaiser 20cm 1000 

5 Kaiser 30cm 1000 

1 Spring form 26cm 1000 

4 Tray 1000 

1 Kaiser 30cm 500 

1 Scalable baking dish 1500 

1 Scalable baking dish 2000 

1 Scalable baking dish 2500 

 

Since the data of the tested pizza was available from the classification test, the pizza data 

set was also used for the food composition tests. The additional 21 pastry tests that were 

done with the oven and recorded by the sensor system were also incorporated into one of 

the data sets for some ANNs to increase the amount of training data. Table 13 shows a list of 

the different pastry that were tested. The recipes can be found in the appendix. 

Table 13: List of pastry tests 

Recipe Number of tests  

Bread rolls 2 

Brioche 2 

Danish yeast buns (salty) 2 

Petit choux 2 

Scones 3 

Small cakes 3 

Specier 2 

Swedish yeast buns (sweet) 5 

Total 21 
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To train the ANNs estimating the thermal conductivity and composition of the different food 

the composition of them had to be known. The composition information were either taken 

from the manufacturer or calculated based on the Directive 90/496/EEC on nutrition labeling 

for foodstuffs (Article 6 §8(c)) using data from food composition tables (Souci, et al., 2000) 

and the Danish food composition database (Saxholt, et al., 2008). The thermal conductivity 

was then calculated with the estimation model from Rizvi et al. (see 2.3). 

The data gathered from the different food tests were used to create three complete data sets 

for the ANN training. The first data set contained all the cake tests. The second data set 

contained all the pizza tests and the third data set a combination of all the cake, pizza and 

pastry tests. The conductivity and composition ranges of the foodstuff from each data set can 

be seen in the following tables (see Table 14 to Table 16). 

Table 14: Ranges of composition values of tested cakes 

Thermal 

conductivity 

[W/m*K] 

Carbohydrates [%] Fat [%]  Protein [%]  Rest [%] 

Minimal 0,263 19,5% 8,6% 7,1% 20,3% 

Maximal 0,412 59,4% 57,0% 2,7% 55,9% 

Mean 0,321 45,1% 18,4% 5,6% 29,0% 

Standard 

deviation  
0,025 8,4% 6,9% 0,9% 6,9% 

 

Table 15: Ranges of composition values of tested pizzas 

Thermal 

conductivity 

[W/m*K] 

Carbohydrates [%] Fat [%] Protein [%]  Rest [%] 

Minimal 0,385 17,7% 5,0% 5,4% 47,3% 

Maximal 0,440 30,2% 14,4% 14,1% 63,0% 

Mean 0,417 23,6% 10,2% 10,0% 56,2% 

Standard 

deviation  
0,014 3,2% 2,3% 2,0% 3,9% 
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Table 16: Ranges of composition values of tested pizzas, cakes and pastry 

 

Thermal 

conductivity 

[W/m*K] 

Carbohydrates 

[%] 
Fat [%] Protein [%]  

Rest 

[%] 

Minimal 0,261 17,1% 5,2% 2,7% 11,3% 

Maximal 0,440 59,8% 57,0% 14,1% 63,0% 

Mean 0,387 32,4% 12,4% 8,2% 47,1% 

Standard 

deviation  
0,053 13,6% 6,8% 2,6% 15,3% 

 

3.5 Data evaluation 

3.5.1.1 Training of ANN 

Before the training of the ANNs the total experimental data of the complete data sets was 

divided into a training data set and validation sample set. 75% of the total data set was 

randomly chosen to represent the training data set and the remaining 25% were used as the 

validation set. 

The training of the ANNs was always done in the same way. In the first step the total sample 

set containing the complete data of the training and validation set was used to set the 

thresholds for the normalization of the data. After this step the sequence of the data entries 

inside the training data set was randomized to achieve different starting points for each 

repetition of the training step. The randomized training data set then was used to train the 

ANN. The training was done for 50000 cycles and every time the ANN was cross validated 

with the validation set. The lowest error within these training cycles was stored. When the 

50000 cycles were reached the process started again with the randomization of the datasets. 

The complete training sequence was repeated 100 times and the ANN with the lowest error 

was stored (see Figure 20). 
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Figure 20: Training of artificial neural network 
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3.5.1.2 Design of ANN 

The used ANNs had several layers of neurons. One input neuron layer, one or two hidden 

neuron layers and one output neuron layer. One input neuron was used in the input layer for 

each input value (see Table 17) that was measured with the sensor system in the oven. For 

the combined food categories the main food category (cake, pizza and pastry) was used also 

as an input with the values 1 to 3. 

Table 17: Input variables for ANN 

Source Input values 

Oven 

Start temperature - oven [°C] 

Start temperature - cooling channel [°C] 

Time - phase 1 [sec] 

Time - phase 2 [sec] 

Power sensor 
Power - phase 1 [Wh] 

Power - phase 2 [Wh] 

Infrared temperature sensor Start temperature - object [°C] 

Infrared distance sensor Object height [m] 

Scale Start weight [g] 

Oxygen sensor 

Start humidity [g/m³] 

Humidity over time - phase 1 [g/m³*s] 

Humidity difference - phase 1 [g/m³] 

Humidity over time - phase 2 [g/m³*s] 

Humidity difference - phase 1 [g/m³] 

Camera 
Base area - object [cm²] 

Number of objects [-] 

 

The different input values were chosen based on the variables that were needed to model 

the thermal behavior of the food and the amount of heat energy that was taken up by the 

food during the heating process to indirectly get information about the composition of the 

food (see 2.3). 

The start temperature of the oven and cooling channel gave information about the ambient 

temperature of the oven. The difference between the temperature inside the oven and in the 

cooling channel showed furthermore if there was still some residual heat left in the system. 

The duration of the two heating phases provided data about the time the heat energy was 

taken up by the food, which was directly connected to the thermal conductivity of the food. 

The complete power during the heat up indicated the complete heat energy taken up by the 
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whole system (oven + food). The start temperature of the surface of the food set the starting 

point to model the temperature behavior of the food and gave crucial information to 

categorize the food (frozen or fresh). With the height, base area and number of objects data 

about the shape of the food for the temperature modeling and for the categorization was 

provided. The weight combined with the shape data could be used to derive the density of 

the food. To estimate the amount of water that was evaporated during the heating up the 

absolute humidity values per second were summed up. The start humidity showed the 

outside and starting conditions for the humidity development and the humidity difference of 

each phase indicated the humidity development, since the oven was no fully closed system 

and the humidity could leave the cavity over time. 

The used ANNs only had one output neuron based on the rule of thumb from Lachtermann et 

al. (Lachtermacher, et al., 1995) in 2.4.1. The maximum number of hidden neurons was 

based also on the rules of thumb. 

To get an estimation of a maximum number of neurons for the ANNs the smallest dataset 

with only 44 samples in it was used as a basis to calculate the recommended number of 

neurons (see Table 18). 

Table 18: Rules of thumb for number of hidden neurons 

Rule of thumb Number of hidden neurons 

Marini 31 

Lachtermacher et al. 4 to 10 

Masters 4 

Hecht-Nielsen 17 

 

It was decided to take a maximum of 8 hidden neurons for the initial ANN since this complied 

with 3 of the 4 rules of thumb and a lower number of neurons consumed less computational 

power for the training. The number of neurons was then decreased by 2 in each design step. 

ANNs with 8 to 4 hidden neurons had 2 hidden neuron layers with the same amount of 

hidden neurons and ANNs with only 2 hidden neurons had only 1 hidden layer. 
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3.5.1.3 Evaluation of ANN  

The performance of the ANN was measured by the coefficient of determination (R²) and the 

root mean square error (RMSE).Since the coefficient of determination gives information 

about the linear dependency between the variable, the normal distribution of the residues of 

the variables was examined to ensure if the linear dependency was appropriate as a 

measure. This was done by drawing a normal probability plot and performing the 

Kolmogorov-Smirnov test of the residues. 

These statistical measures were calculated separately for the total, training and validation 

data set. Furthermore the total dataset was subjected to an artificial noise for cross validation 

to test the generalization quality of the ANN and also validate the performance of the ANN 

with a data set completely unknown to the net as suggested by Marini (see 2.4.2). Marini and 

Basheer et al. described that an overfitted ANN memorizes the data by following the noise 

(Marini, 2009) (Basheer, et al., 2000), so an unknown artificial noise on top of the known data 

shows if the net is overfitted and simply memorized the training and validation data by its 

noise. The noise was produced by adding randomly generated values in the range of ±3% of 

the data value range to the complete data set. To compensate bigger fluctuations of the 

randomization process this was done three times and all three datasets with the artificial 

noise were put into the ANN. 

Additionally the results of the ANNs were compared to simpler models based on multiple 

linear regression. Two linear models were generated for the evaluation of the ANN. The first 

one used all available data with no regard on the confidence level of the used variables and 

the second one was only based on more significant variables with a confidence level of 95%. 

The model disregarding the confidence level should use all input values comparable to the 

ANN. This comparison showed if the ANN was better suited to model the relation between 

the input values and the desired output value than a simpler multiple linear model. 

When the ANN provided a good model (R² of noise data set ≥ 0,8) the distribution of the 

output of the ANN and the training data is compared to see if both data sets had the same 

distribution. With the Wilcoxon test it was tested if the ANN models and the training data 

belong to the same distribution. Also different descriptive statistical measures were used to 

compare the measured datasets with the estimated data sets of the ANN. 

The following descriptive statistical measures were used: 

• Arithmetic mean 

• Root mean square 

• Standard deviation 

• Variance 
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• Kurtosis 

• Skewness 

• Summation 

• Maximum 

• Minimum 

• Total samples 

The normal distribution of the residuals between the reference and the estimated data was 

checked to see if the variance between the reference and the estimated data was random or 

if a trend could be seen that could be attributed to a certain effect. The normal distribution 

check was executed with the Kolmogorov-Smirnov-Test where a value above 0,05 indicated 

a normal distribution and graphically with a normal probability plot where a straight line 

indicated normal distribution. 

Additionally the influence of input variables from the sensors was evaluated. This was done 

by deleting the inputs of single sensors from the ANN and retraining it. This provided 

information how much the ANN depended on the different input variables to build a good 

estimation model. For easier comparison the results were shaded (see Table 19). 

Table 19: Color codes for input influences 

Result Shade  Description 

Good  Better or comparable results to reference 

Sufficient   Poorer results than reference but still good model 

Poor  Results did not fulfill requirements for good model 

 

Furthermore the effect of the single inputs was evaluated by setting all inputs to a constant 

value of their input range and one input value was passing through its input range to see the 

influence of the single input value onto the ANN with all input values. To visualize the effect 

of the single inputs onto the ANN the results of the ANN were drawn into 3d diagrams. The z-

axis showed the ANNs results, the x-axis showed the normalized value of the selected single 

input and the y-axis showed the set normalized constant value values of the remaining input 

values. Since discussing the influence of the individual input factor for each ANN was too 

complex only the input factors with a significant influence were highlighted. 
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4 Results & discussion 

4.1 Center temperature calculation of food in an oven  

Figure 21 to Figure 25 show that the general temperature development in the food during 

baking can be modeled with the used formulas. Though the initial temperature for the 

calculation was mostly lower than the measured temperature by the 1 and 6 point meat 

probe the further temperature development in the food was modeled adequately. 

Especially in the temperature range above 50°C where the temperatures were high enough 

to kill the potential pathogenic bacteria in the food noticeably the calculated temperature 

showed lower deviation to the reverence temperature than in the range below 50°C. 

The remaining graphs of the comparison of the calculated temperature versus the 1 point 

meat probe can be found in the appendix. 

 

Figure 21: Calculated temperature vs. 1 point probe potato dough 1 
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Figure 22: Calculated temperature vs. 1 point probe potato dough 9 

 

 

Figure 23: Calculated temperature vs. 1 point probe pork roast 1 
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Figure 24: Calculated temperature vs. 1 point probe pork roast 3 

In Figure 24 it can be seen that the 1 point meat probe could deviate quite heavily from the 

reverence temperature. The highest measured deviance to the reverence temperature with 

the 1 point meat probe was +22°C within the 3rd pork roast test. 

 

Figure 25: Calculated temperature vs. 1 point probe roast beef 1 
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Table 20 shows the results of all conducted food tests with the 6 point meat probe as a 

reverence temperature. The calculated temperature had in most of the tests a lower 

deviance and standard deviation than the 1 point probe. The mean deviance of the 

calculated temperature above 50°C was only 2,1K with a mean standard deviation of 1K. 

Compared to the 3,4K mean deviation and 2,8K mean standard deviation of the standard 1 

point meat probe the calculated temperature performed even better. Furthermore the 

temperature deviance of the calculated temperature was most of the times negative which 

would still allow to achieve a save pasteurization function. 
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Table 20: Temperature deviation to 6 point meat probe 

Food Measurement SD  Mean SD (>50°C) 
Mean 

(>50°C) 

Potato dough 1 
Calculated 2,2 1,4 0,5 2,8 

1 point meat probe 2,3 5,6 0,4 5,4 

Potato dough 2 
Calculated 0,7 -1,3 

Not recorded 
1 point meat probe 3,9 8,1 

Potato dough 3 
Calculated 1,2 0,7 

Not recorded 
1 point meat probe 5,2 9,9 

Potato dough 4 
Calculated 1,5 0,2 0,5 -1,2 

1 point meat probe 3,4 2,0 5,0 1,2 

Potato dough 5 
Calculated 3,1 2,7 0,8 -1,8 

1 point meat probe 3,6 8,1 0,7 8,4 

Potato dough 6 
Calculated 2,2 0,2 0,9 -1,8 

1 point meat probe 1,8 2,5 0,4 1,3 

Potato dough 7 
Calculated 2,6 -2,1 2,4 -3,1 

1 point meat probe 4,9 4,6 5,2 3,5 

Potato dough 8 
Calculated 1,7 -2,1 0,9 -0,8 

1 point meat probe 3,7 3,2 4,7 3,9 

Potato dough 9 
Calculated 3,2 -5,1 0,6 -8,2 

1 point meat probe 1,0 -0,3 0,3 -1,2 

Pork roast 1 
Calculated 2,0 -1,9 0,7 0,1 

1 point meat probe 1,0 1,9 0,3 2,5 

Pork roast 2 
Calculated 3,3 -2,2 1,4 -2,2 

1 point meat probe 3,7 -4,0 4,2 -4,1 

Pork roast 3 
Calculated 2,0 -4,0 2,5 -2,9 

1 point meat probe 6,8 13,7 4,4 11,5 

Roast beef 1 
Calculated 1,9 -1,3 0,3 0,5 

1 point meat probe 2,7 2,9 3,8 2,5 

Roast beef 2 
Calculated 0,9 -3,1 0,4 -1,9 

1 point meat probe 1,4 2,9 0,4 1,7 

Roast beef 3 
Calculated 1,5 -5,8 0,4 -4,3 

1 point meat probe 3,2 5,0 6,4 4,3 

Mean (Absolute values) 
Calculated 2,0 2,3 1,0 2,1 

1 point meat probe 3,2 5,0 2,8 3,4 



56 
 
 
4.2  Microbiological tests  

Table 21 shows that the destruction rate of the bacteria using the pasteurization-function with 

the 1 point meat probe was unsteady and the maximal measured temperature was not in the 

area shown by the temperature sensitive labels in half of the tests. In contrast to the 1 point 

meat probe the pasteurization function with the calculated center temperature had a steady 

destruction rate of the bacteria and all maximal measured temperatures were in the 

temperature areas shown by the Omega labels (see Table 21). 

Table 21: Results of practical and microbiological tests 

F-value 

calculation 
Bacteria 

Start con-

tamination 

[cfu/ml] 

End con- 

tamination 

[cfu/ml] 

Remaining 

[%] 

Max. 

measured / 

calculated 

temperature 

[°C] 

Max 

temperature 

of Omega 

label [°C] 

Meat probe E. coli 1,50E+05 4,80E+03 3,20% 69,0 66-71 

Meat probe E. coli 1,50E+05 9,80E+03 6,53% 69,5 60-66 

Meat probe E. coli 1,50E+05 7,30E+03 4,87% 69,5 60-66 

Meat probe S. aureus 2,40E+06 0,00E+00 0,00% 69,5 66-71 

Meat probe S. aureus 2,40E+06 7,90E+02 0,03% 69,0 60-66 

Meat probe S. aureus 2,40E+06 0,00E+00 0,00% 69,5 66-71 

Calculated 

center-temp.  
E. coli 2,05E+05 5,90E+03 2,88% 69,3 66-71 

Calculated 

center-temp.  
E. coli 2,05E+05 7,20E+03 3,51% 68,6 66-71 

Calculated 

center-temp.  
E. coli 2,05E+05 7,10E+03 3,46% 69,1 66-71 

Calculated 

center-temp.  
S. aureus 1,50E+06 0,00E+00 0,00% 68,8 66-71 

Calculated 

center-temp.  
S. aureus 1,50E+06 0,00E+00 0,00% 68,3 66-71 

Calculated 

center-temp.  
S. aureus 1,50E+06 0,00E+00 0,00% 68,9 66-71 

 

Although the theoretically temperatures to kill all E. coli where reached in some tests, during 

no test cycle all E. coli were destroyed. Escherichia coli K12 are bacteria especially modified 

for scientific research, which cannot survive outside of the laboratory (Oliver, et al., 1988), so 
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it could be possible that it was more heat resistant than a normal Escherichia coli. It can be 

assumed that a normal E. coli shows the same behavior to heat as the Staphylococcus 

aureus, given that the literature (Adams, et al., 1985) describes them with nearly equal D- 

and z-values. 

That means that the pasteurization function with the 1 point meat probe has failed in half of 

the tests to kill all bacteria with D65 = 2min, since the temperature area, in which all 

Staphylococcus aureus were killed, was not reached. In contrary to that the pasteurization 

function with the calculated center temperature always reached the desired temperature 

area, which can be seen at the maximum temperatures indicated by the omega labels. 

So it can be safely said that the calculated temperature is just as good or even better as the 

currently used 1 point meat probe to monitor the temperature development of food in an 

oven. Nevertheless the calculated temperature is heavily depending on accurate information 

about the food and the surrounding conditions, which should be provided automatically by 

the planned sensor system. 

4.3 Oven sensor system 

Several tests with the oven and its sensor system were conducted. These tests provided a 

high amount of data of the sensors recorded before and during the baking process. The 

sensors were chosen to measure different attributes of the food directly or indirectly. The 

quality of the directly measured values was mainly depending on the accuracy and resolution 

of the used sensor. However the quality of the indirectly measured attributes of the food had 

to be evaluated separately. 

4.3.1 Camera and 3d scanner 

Comparison of known geometrical shapes to the analyzed values of the image analysis 

showed, that the base area extracted from the image had an accuracy of ±8% provided that 

the object could be fully distinguished from the tray. The edges of objects with a lower 

contrast in the outer range of the backing tray could not be fully distinguished from the tray. 

Reflections on the tray and dark objects were problematic for the image analysis. 

Furthermore the image distortion produced by the wide angle lens decreases the accuracy. 

Mainly pizzas with irregular toppings and bright outer lighting showed high deviations. This 

can be seen in Table 22 where some results are shown for different pizzas. It can be seen 

that the base area of pizzas with a light surface or extra lighting from the outside tended to 

be measured too big by the image analysis. The base area of pizzas with darker toppings 

near to the edges however where measured to low compared to the manual measurement. 
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The 3d model of the known objects was also compared to the known geometrical shapes. 

The accuracy of the volume calculation based on the 3d model was only ±20%, which could 

be attributed to the ±8% accuracy of the image analysis that was carried on into the third 

dimension and the limitations of the one line height profile only capturing the food height 

profile to its center. So the calculated volume information from the 3d model was not used for 

any further evaluation. 
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Table 22: Accuracy of base area measurement of pizzas by optical system 

Nr. Type 

Base area 
(measured) 

[m²] 

Base  area 
(analyzed) 

[m²] 
Difference 

[%] 
Original 3d 

1 
Salami (pre-

baked 
chilled) 

510,5 514,3 0,75% 

  

2 
Edelsalami 
(pre-baked 

frozen) 
362,9 346,8 -4,41% 

  

3 
Edelsalami 
(pre-baked 

frozen) 
362,9 362,1 -0,21% 

  

4 
Edelsalami 
(pre-baked 

frozen) 
380,1 352,6 -7,23% 

  

5 

Giabatoni 
calabrese 
(pre-baked 

frozen) 

397,4 410,6 3,33% 

  

6 

Pizzies 
salami (pre-

baked 
frozen) 

188,7 199,3 5,64% 

  

7 

Pizza texas 
pep.-salami 
(pre-baked 

frozen) 

452,4 448,7 -0,82% 

  

7 

Pizzies 
salami (pre-

baked 
frozen) 

190,7 205,3 7,66% 

  

9 

Calzone 
speciale 

(pre-baked 
frozen) 

172,8 182,3 5,52% 

  

10 
Ofenfrische 

salami (fresh 
frozen) 

433,7 452,443 4,32% 
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4.3.2 Power consumption 

4.3.2.1 Power consumption of oven without food 

The power consumption of the oven without food should be constant at a defined 

temperature. However extra mass from baking dishes and differing ambient temperatures 

was influencing the power consumption of the oven. A multiple linear regression model with a 

confidence level of 99% showed a correlation between the power used to heat up the oven 

from 35°C to 131°C, the environmental temperature and the weight of the object (tray 

respectively tray and container) inside the oven (see Figure 26). 

P=-2,769·TAmb+9,851·mTray+274,607 (22) 

 

 
 

p of one sample K–S test = 0,894 

Figure 26: Power consumption of oven without food 

The heaviest baking container had a weight of 660g which accounted based on the multiple 

linear model (see Formula (22)) for an additional power consumption of 6,5Wh (2,2% to 3,2% 

of the power consumption from 35°C to 131°C of all tests). This baking container was only 

used 5 times for the following tests. So the weight of the baking dish was neglected for the 

further tests since it had only a small effect onto the measurement and the weight of the dish 

could not be distinguished automatically by the sensor system. 

Yet the ambient temperature of all conducted tests was between 19,9°C and 32,6°C which 

sumed up to a difference of 22,5Wh (7,7% to 11,4% of the power consumption from 35°C to 

131°C of all tests). So the influence of the ambient temperature had to be considered if the 

power consumption of the empty oven was assumed as stable. 

4.3.2.2 Power consumption of oven with food 

As discussed in 2.3 certain attributes of the food influence the amount of energy that is 

needed to heat up the oven with food inside it. Some of these attributes were measured 
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directly or indirectly by the sensor system of the oven. The test results of the 19 cake tests 

with similar composition and different weight and base area showed the main influences onto 

the power consumption of the oven heating up from 35°C to 131°C. The base area (see 

Figure 27) and the humidity that was generated inside the oven (see Figure 28) correlated 

with the power consumption of the oven heating up from 35°C to 131°C. However no 

correlation between the weight of the cakes and the power consumption could be found. 

 
 

p of one sample K–S test =0,995 

Figure 27: Power consumption vs. base area of cake 

To describe the humidity development in the oven with one value the measured absolute 

humidity values of each second were summed up over the different heating phases. So this 

value gave information about the amount of water that was evaporated from the food over 

time. However in this case it was more likely that the humidity over time showed a similar 

correlation to the power consumption as the base area, because it was mainly responsible 

for the different humidity developments of the cakes since the remaining parameters where 

mostly constant. 

 
p of one sample K–S test =0,847 

Figure 28: Power consumption vs. Humidity over time 
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As mentioned in 4.3.2.1 the ambient temperature had an influence onto the power 

consumption of the oven to heat up to a defined temperature. This can be seen more clearly 

by comparing the correlation of the multiple linear regression models for the influence of the 

surface area of the cake and the ambient temperature (see formula (23) and Figure 29) as 

well as the humidity inside the cavity over the time and the ambient temperature (see formula 

(24) and Figure 30). 

P=605·AFood-2,566·TAmb+279,4 (23) 
 

P=0,0635 �ρ��;� -2,775·TAmb+298,01  (24) 

Both models had a higher correlation than the simple linear models and in both models the 

factor for the ambient temperature was comparable to the factor in the multiple linear 

regression model in 4.3.2.1. 

 

 

p of one sample K–S test = 0,959 

Figure 29: MLR model of surface area and ambient temperature vs. power consumption 

 

p of one sample K–S test = 0,681 

Figure 30: MLR model of humidity over time and ambient temperature vs. power 

consumption 
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4.3.3 Humidity development in cavity 

Furthermore it was checked if the measured humidity over time was a good indirect measure 

for the evaporated water during the baking. For this some of the tested food where baked to 

different lengths and the mass loss was measured. The mass loss was assumed to be 

caused from water loss due to evaporation during baking and was compared to the 

measured humidity over time (see Figure 31). 

  

p of one sample K–S test = 0,625 

Figure 31: Humidity over time vs. mass loss of food during baking 

A moderate correlation between the mass loss and the measured humidity over time can be 

seen in Figure 31. Since the laboratory faced different ambient conditions like temperatures 

from 19,9°C to 32,6°C which influence the absolute humidity in the ambient air of the oven 

and the ageing of the lambda probe could put an offset onto the signal the start humidity had 

to be considered. A multiple linear regression model for the mass loss that utilized the 

humidity over time and start humidity was generated which showed that the start humidity 

was a crucial information to build a model to estimate the mass loss during baking (see 

Figure 32). 

 

p of one sample K–S test = 0,728 

Figure 32: MLR model of mass loss during baking 
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mloss= 0,0006159·�ρW +0,1279·ρW0

- 9,529  (25) 

The multiple linear model that described the relation between the mass loss and the humidity 

over time and start humidity suggested that for one gram water per m³ air over one second 

the food lost approximately 0,0006 g of its mass. Considering that the cavity of the oven has 

51 liter usable volume 0,051g water had to be evaporated to get an increase of 1 g/m³. That 

leads to the conclusion that the evaporated water stayed in average 85 seconds inside the 

cavity. 

In the diagram (see Figure 31) it can be seen that some food that were tested produced a 

negative humidity over time value. All these foods were calzone pizzas respectively a deep 

dish pizza (see Table 23) with very little mass loss after baking and a longer baking time. 

Table 23: Food with negative humidity over time values 

Food type 

Humidity over time 

[g/m³*s] 

Humidity 

difference 

[g/m³] Mass loss [g] 

Homemade calzone 

speciale small -20348 -16,205 27,0 

Ristorante pizza calzone 

speciale -19606 -15,197 16,5 

Homemade calzone 

speciale small -12756 -9,162 20,0 

Ristorante pizza calzone 

speciale -10388 -10,741 18,0 

Homemade calzone 

speciale medium -8373 -5,099 30,0 

Homemade calzone 

speciale medium -7633 -6,05 20,0 

Deep dish pizza 

carnivores delight -3611 18,594 64,0 

Homemade calzone 

speciale medium -2652 6,025 41,0 

 

This could be attributed to the leakage of the oven cavity that allowed the humidity leaving 

the oven. Except for two pizzas all had less humidity inside the oven cavity after the baking 

than at the start. This also led to the conclusion, that in this case the humidity was leaving 

the cavity faster than it was created. 
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4.4 Food classification tests 

For the classification of food by the ANN the different food categories had to be translated 

into numbers to be processable by the ANN. The following table (see Table 24) shows the 

different pizza categories and their assigned numbers. 

Table 24: Categories for pizza classification tests 

Category Kind of pizza 

1 Fresh pizza thick 

2 Fresh pizza thin 

3 Fresh pizza calzone 

4 Frozen pizza prebaked 

5 Frozen pizza not prebaked 

6 Frozen pizza calzone 

7 Chilled pizza prebaked 

8 Pizza snacks 

 

On the basis of this categorization different ANNs were trained to classify the different pizzas 

based on the data available from the sensor system inside the oven. Furthermore the 

multiple linear regression models were built with the available data to compare the 

performance of the ANNs to linear models. 

The complete list of results for the different ANN configurations and the list of factors and 

constants for the multiple linear regression models can be found in the appendix. 

4.4.1 Pizza classification ANN without pre-categorization 

  

Figure 33: Evaluation of ANNs pizza classification (all categories) 
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4 different ANNs with a different number of hidden neurons were trained to classify the 

measured pizzas into the 8 predefined groups. The best performance was achieved by the 

ANN with 8 hidden neurons. The correlation of the training data set of 0,989 (3 mistakes) 

showed, that the ANN with 8 hidden neurons was able to learn the categories of the 

presented training data quite good. However the validation set that contains the unknown 

data to the net was only recognized with a coefficient of determination of 0,923 (5 mistakes) 

and demonstrated that the generalization quality of the model build by the ANN was not too 

good. This resulted in a coefficient of determination of 0,969 for the total sample set. The 

recognition results of the noise data set indicated that the ANNs were not overfitted since the 

performance of the ANN provided with this dataset was not too far away from the results of 

the recognition of the validation set. All the smaller ANNs performed inferior to the 8 hidden 

neurons ANN (see Figure 33). 

The multiple linear regression with the total sample data did only provide a coefficient of 

determination of 0,777 using all available inputs and disregarding the confidence level. When 

the rounded results of this model were used to categorize the different pizzas 49 of them 

were put into the wrong categories. A MLR model with a confidence level of 95% using 5 

input variables showed a coefficient of determination of 0,723 (see Table 25). This showed 

that the ANN was still better suited to categorize the pizzas based on the measured data. 

Table 25: MLR results for pizza classification 

 MLR MLR 95% confidence level 

R² 0,777 0,723 

R² (when model was rounded) 0,753 0,706 

Mistakes (when model was rounded) 49 53 

 

Figure 34 shows how well the ANN with 8 hidden neurons classified the pizzas from the total 

sample set. 8 Pizzas were classified into wrong categories. The majority of the mistakes 

were with the frozen pizza sub category. 2 frozen pizzas were categorized as fresh pizza and 

1 chilled pizza was categorized as frozen pizza even though the start temperature of the 

pizzas was known to the ANN. This lead to the assumption that the initial object temperature 

was not used properly by the ANN to distinguish between fresh and frozen pizza. 
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Figure 34: Classification results of 8 hidden neurons ANN for pizza 

4.4.2 Pizza classification ANN with pre-categorization 

4.4.2.1 Main pizza categories 

To simplify the categorization task for the ANN in the next step the subcategories of the pizza 

classification were removed. So the ANN had to classify the pizzas only into the 4 main 

categories (fresh, frozen, chilled prebaked and pizza snack). 

The results of the ANNs for the main pizza categories were significantly better than with the 

subcategories. The 8 hidden neuron ANN recognized all the pizzas from the training and 

validation data set without any mistake (see Figure 35). Furthermore the correlating 

coefficient for the noise data set showed that the ANN did not memorize the training 

datasets. The smaller ANNs performed also quite well. The 6 hidden neurons ANN 

recognized all the pizzas without any mistake. Nevertheless the results for the noise data set 

were considerably lower than for the 8 hidden neurons ANN. However since the noise data 

set was based on a random artificial noise a direct comparison could not be done. The ANN 

with 4 hidden neurons did only 1 mistake and the 2 hidden neurons ANN did 4 mistakes 

recognizing the pizzas. 
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Categorie

ANN Output
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Figure 35: Evaluation of ANNs pizza classification (only main pizza categories) 

This showed that the ANN was capable of categorizing the pizzas according to their data into 

the appropriate main category. The 8 and 6 hidden neurons ANNs did no mistake and the 8 

hidden neurons ANN showed acceptable results with the noise data set leading to the 

assumption that the good results of the ANN was not based on simply memorizing the 

datasets. 

The decent results of the 2 hidden neurons ANN gave the impression that the connection 

between the main categories and the input data could be described with a linear model. 

However the multiple linear regression with the total sample data did only provide a 

coefficient of determination of 0,693 using all available inputs and disregarding the 

confidence level and a coefficient of determination of 0,629 using 4 input variables with a 

confidence level of 95% (see Table 26). This showed that relation of the categories and the 

input data could not be fully described with a linear model and a small ANN was better suited 

to build a model that categorizes the pizzas based on the measured data. This could be 

properly attributed to the nonlinear logistic function that was used for the ANN that can 

increases the effect of lower values or decreases the effect of higher values (see 2.4). 

Table 26: MLR results for pizza classification into main categories 

 MLR MLR 95% confidence level 

R² 0,693 0,629 

R² (when model was rounded) 0,611 0,564 

Mistakes (when model was rounded) 26 29 

 

Since the results of the ANNs for the main categories were excellent the two sub categories 

fresh pizza and frozen pizza were extracted from the total sample set and used individually to 

train different ANNs to categorize these pizzas into the corresponding sub categories. So the 
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pizzas could be categorized in 2 stages. Initially the main category is recognized and if the 

pizza is recognized as a fresh or frozen pizza the dataset is forwarded to a second ANN 

choosing the sub category the pizza belongs to. 

4.4.2.2 Fresh pizza categories 

All trained ANNs for the fresh pizza category performed without any mistake for the total 

sample set. However a correlation between the number of hidden neurons and the 

performance with the 3% noise sample set can be seen. The more hidden neurons in the 

ANN the lower was the correlation between the reference data and the noised dataset (see 

Figure 36). 

Since the total sample set only contained data from 23 pizzas the suggested number of the 

maximum hidden number of neurons based on the rules of thumb (see 3.5.1.2) were not 

applicable any more. For example the rule of thumb from Lachtermacher et al. 

(Lachtermacher, et al., 1995) suggested only 2 to 4 hidden neurons for 23 data samples 

instead of 4 to 10 hidden neurons for 44 data samples. 

  

Figure 36: Evaluation of ANNs pizza classification (only fresh pizza sub-categories) 

These results supported Basheers et al. remark (Basheer, et al., 2000) that an ANN with a 

too large number of hidden neurons is more likely to be overfitted than an ANN with the 

minimal needed number of hidden neurons. 
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Table 27: MLR results for pizza classification into fresh pizza sub-category 

 MLR MLR 95% confidence level 

R² 0,940 0,938 

R² (when model was rounded) 1,000 1,000 

Mistakes (when model was rounded) 0 0 

 

The multiple linear regression with the total sample data provided a coefficient of 

determination of 0,940 using all available inputs and disregarding the confidence level and R² 

0,938 using 4 input variables with a confidence level of 95% (see Table 27). The rounded 

results of the MLR model which utilized 4 input variables could be used to fully classify the 

different pizzas into their sub categories without any mistake. However if the artificially 

noised data from the 2 hidden neurons ANN was used with the MLR model 3 categorization 

mistakes were done by the linear model. The 2 hidden neurons ANN only did 1 mistake and 

the ANN was trained only with 75% of the available data. The MLR was built with all 

available data but used only 4 input values which made it simpler than the ANN. So the 

simple MLR model should be considered first to be used to classify the pre-categorized 

pizzas into their sub-categories instead of the more complex ANN. 

The 4 input variables of the MLR were the start temperature of the cooling channel (ambient 

temperature), the power consumption during the second heating up phase, the start weight 

of tray and food and the base area of the food. 

4.4.2.3 Frozen pizza categories 

The ANNs for the frozen pizza category with 34 individual pizza data sets showed similar 

problems as the ANNs for the fresh pizza sub categories. An ANN with 8 hidden neurons 

was able to recognize all the pizzas, but did quite bad with the 3% noise data set (R² 0,646) 

which suggested that the ANN was overfitted. The smaller ANNs did better with the noise 

data set but were not able to completely learn the categorization of the pizzas. The best 

result was achieved by the 6 hidden neurons ANN with only 2 mistakes for the total sample 

set (R² 0,892) and an acceptable coefficient of determination of 0,810 for the noise data set 

which resulted in 11 recognition mistakes. The 2 hidden neurons ANN did also well 

categorizing the frozen pizzas with only 1 mistake for the total sample set. But it performed 

poorer with the noise data set resulting in 17 mistakes (see Figure 37). 

The multiple linear regression provided no good model for the frozen pizza sub-category 

regardless of the confidence level (see Table 28). 
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Table 28: MLR results for pizza classification into frozen pizza sub-category 

 MLR MLR 95% confidence level 

R² 0,427 0,372 

R² (when model was rounded) 0,192 0,165 

Mistakes (when model was rounded) 16 16 

 

  

Figure 37: Evaluation of ANNs pizza classification (only frozen pizza sub-categories) 

4.4.3 Combination of main and sub category ANNs 

Using only the ANNs that delivered the best results with the noised data set to categorize the 

pizzas a very good result could be achieved. Combining the categorization results of the 8 

hidden neurons ANN for the main pizza categories, the 2 hidden neurons ANN for the fresh 

pizza sub-categories and the 6 hidden neurons ANN for the frozen pizza sub-categories a 

very good result for the total pizza recognition could be achieved (see Figure 38). 
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Figure 38: Classification results of combined ANNs for main- and sub- pizza categories 

Only 2 mistakes were done categorizing the pizzas from the total data set into their 

categories. A frozen prebaked pizza was put into the frozen pizza not prebaked category and 

a not prebaked frozen pizza was recognized as a prebaked frozen pizza. Since pizzas from 

these two categories were very similar based on their direct measurable attributes 

(temperature, shape and weight) these two categories were probably the hardest ones to 

distinguish. 

Since the pre-categorization approach used 3 ANNs with a total number of 16 hidden 

neurons to categorize the pizzas completely an ANN with 16 hidden neurons was trained 

with the complete not pre-categorized data to see if the improvement was due to the pre-

categorization or the higher number of hidden neurons and links (see Table 29). 

Table 29: Composition of ANNs for different classification approaches 

Main pizza 

categories  

Fresh 

pizza 

categories  

Frozen 

pizza 

categories  Total  

Complete 

pizza 

categories 

Hidden 

neurons 8 2 6 16 16 

Links 80 30 54 164 192 

1 11 21 31 41 51 61 71

Categorie

ANN Output

Fresh pizza thick

Fresh pizza thin

Fresh pizza calzone

Frozen pizza prebaked

Frozen pizza not prebaked

Frozen pizza calzone

Chilled pizza prebaked

Pizza snack
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Since the training of 3 individual ANNs for the pre-categorization approach had 3 times the 

number of training cycles the 16 hidden neurons ANN was also trained 3 times with a 

maximum number of 50.000 training cycles and 100 repetitions. 

Table 30: Results of different training runs for 16 hidden neurons ANNs 

Training 

runs 

Total sample 

set 

Training 

set 

Validation 

set 

3% Noise 

set 

1 

R² 0,940 0,956 0,893 0,865 

RMSE 0,543 0,469 0,726 0,842 

Mistakes 17 10 7 67 

2 

R² 0,943 0,951 0,921 0,918 

RMSE 0,519 0,487 0,607 0,627 

Mistakes 18 11 7 80 

3 

R² 0,962 0,997 0,878 0,950 

RMSE 0,439 0,130 0,858 0,506 

Mistakes 9 1 8 39 

 

The best performing 16 hidden neurons ANN did not provide a better or similar result as the 

pre-categorization approach (see Table 30). The result was near to that of the 8 hidden 

neurons ANN from 4.4.1. Only the results of the noised data set were better but it took 3 

training runs to achieve a similar recognition result as the 8 hidden neurons ANN. This could 

be attributed to the higher complexity of the 16 hidden neurons ANN which had more 

possibilities of variation and hence needed more training runs to find an optimum. 

So this showed that the pre-categorization approach was the more successful way to use 

ANNs for categorization of pizzas. However it was also shown that the risk of overfitting was 

very high if the amount of training data sets of a subcategory was too small in regard to the 

amount of the hidden neurons. 
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4.4.4 Input factors 

Table 31 shows the influence of the data that was provided by the different sensors in the 

oven onto the categorization performance of the ANNs. In the next section it will be further 

assessed in which way the sensor data was used by the ANNs. 

For the main pizza ANN the camera and IR temperature information seemed to be crucial to 

deliver a good recognition result. The fresh pizza ANN performed best with data from the IR 

temperature sensor, the scale and the oxygen sensor. The frozen pizza ANN relied on the 

camera data and the information of the power measurements (see Table 31). 
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Table 31: Influence of single sensor data on ANN performance for pizza recognition 

Sensor Used as ANN Input 

Power x 0 x x x x x 

IR temperature x x 0 x x x x 

IR distance x x x 0 x x x 

Scale x x x x 0 x x 

Oxygen sensor x x x x x 0 x 

Camera x x x x x x 0 

 Main pizza categories 

R² Total sample 

set 1,0000 0,9725 0,8878 1,0000 0,9861 1,0000 0,7643 

R² Training set 1,0000 1,0000 0,8750 1,0000 0,9799 1,0000 0,6794 

R² Validation set 1,0000 0,9167 0,9167 1,0000 1,0000 1,0000 0,9584 

R² 3% Noise set 0,9062 0,9177 0,8181 0,9544 0,9075 0,9089 0,7135 

Mistakes 0 2 9 0 1 0 14 

 Fresh pizza categories 

R² Total sample 

set 1,0000 1,0000 0,8821 0,8793 1,0000 0,8980 0,9393 

R² Training set 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 

R² Validation set 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 

R² 3% Noise set 0,9780 0,9375 0,4005 0,8419 0,5636 0,5532 0,8038 

Mistakes 0 0 2 2 0 2 1 

 Frozen pizza categories 

R² Total sample 

set 0,8921 0,8994 1,0000 1,0000 0,9861 0,9472 0,3321 

R² Training set 0,9221 0,8540 1,0000 1,0000 0,9799 0,9221 0,1728 

R² Validation set 0,8533 1,0000 1,0000 1,0000 1,0000 1,0000 0,8533 

R² 3% Noise set 0,8312 0,7238 0,8994 0,8182 0,9158 0,841 0,2263 

Mistakes 2 2 0 0 1 2 9 

 

The frozen pizza ANN performed sometimes even better with less data. This could probably 

be contributed to the fact that the data was not crucial for the net to give a good result and by 

removing the inputs the ANN got less complex which meant that an optimum during the 

training could be found faster. 
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In some cases the removal of certain sensor data had no significantly negative effect on the 

performance of the ANN. So it was checked if the data of the sensors were substituted by the 

other sensor information or if the sensor information was not crucial for the ANN at all. 

However this did not mean that the information of theses sensors contained the same basic 

information (see Table 32). 

Table 32: Influence of multiple sensors data on ANN performance for pizza recognition 

Sensor Used as ANN Input 

Power x x x x x 

IR temperature x 0 0 0 x 

IR distance 0 0 x x x 

Scale x x 0 x 0 

Oxygen sensor 0 x x 0 0 

Camera x x x x x 

 
Main pizza 

categories 
Frozen pizza categories 

R² Total sample set 0,9328 0,9513 0,9472 0,8994 1,0000 

R² Training set 1,0000 0,9312 0,9221 0,8540 1,0000 

R² Validation set 0,8030 1,0000 1,0000 1,0000 1,0000 

R² 3% Noise set 0,8346 0,4686 0,9118 0,7954 0,7002 

Mistakes 2 1 1 2 0 

 

When the sensor data of the infrared distance sensor that measures the height of the food 

and the oxygen sensor that measures the humidity inside the oven cavity were removed from 

the ANN that was trained to recognize the pizzas according to their main pizza categories the 

performance of the ANN got a little poorer although if the data from the sensors was 

removed individually the performance of the net did not change. This showed that either one 

of these information’s was helpful to the ANN recognizing the pizzas. 

The ANN for the frozen pizza category performed nearly equally to the ANN with all sensor 

inputs when the sensor inputs of the infrared temperature sensor and the scale respectively 

the oxygen sensor data was not used for training the ANNs. However removing the infrared 

temperature data and the infrared distance sensor data lead to an overfitting of the ANN. 

This showed that the information provided by the remaining sensor inputs was not enough to 

generate a model for the frozen pizza categorization that had good generalization 

capabilities. This also indicated that a complete data set of 32 could still be too small for an 8 

hidden neuron ANN and the ANN had enough complexity to memorize the datasets. 
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4.4.5 Input influence 

To see the operation of the ANNs the method described in 2.4.2. This method showed the 

individual influence of one input variable onto the output of the ANN. The individual input 

value was put into the ANN in 10% steps of its value range (Scanning Input Range – Axis) 

while the remaining input variables were set constant at 10% steps of their value range 

(Constant Input Range – Axis). 

4.4.5.1 Main pizza categories 

The most influential input information for the main pizza categories was the information from 

the camera. As Figure 39 shows the influence of the “number of objects” input affected the 

output of the net greatly. If the number of objects was low the rest of the input values had 

also an influence onto the result of the ANN. However if the number of objects got higher the 

influence of the other values dissipated and the result of the ANN was constantly 4, which 

meant that the ANN used the number of objects to recognize pizza snacks. It can also be 

seen that if the number of objects was low and the rest of the inputs was also low the ANN 

recognized this also as a pizza snack. This was probably due to the fact that pizza snacks 

were prepared normally in higher numbers and had individually a lower weight and base area 

than normal single pizzas. 

Table 33: Input factor range of "Number of objects" 

Input factor Minimum  Maximum  

Number of objects 1 10 

 

Figure 39: Influence of "Number of objects" onto main pizza ANN output 
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The object temperature, which was the second most influential input factor for the main pizza 

category ANN, only affected the results when the rest of the input factors were set constant 

to 10% of their normalized values (see Figure 40). So only when the number of objects was 

low the object temperature was taken into account by the ANN to recognize the different 

pizzas. The influence of the object temperature was strongest in the input range of 10% to 

40% which was a starting temperature range of -10,9°C to +4,8°C. The ANN output result of 

3 which was the chilled pizza category was given by the net at a temperature input of around 

40% (4,8°C) and the category 2 (frozen pizza) was given as an output of the ANN when the 

object temperatures were in the minus region, which showed that object temperature was 

used to differentiate between the frozen and chilled pizzas. 

Table 34: Input factor range of "Start temperature of object" 

Input factor Minimum  Maximum  

Start temperature object [°C]  -16,07 23,77 

 

Figure 40: Influence of "Start temperature of object" onto main pizza ANN output 
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The weight input also showed only an effect if the rest of the input factors were low. Data 

sets with high weight values were recognized as category 1 (fresh pizzas), medium weights 

as category 2 (frozen pizza) to 3 (chilled pizza) and lower weights as category 4 (pizza 

snacks) (see Figure 41). 

Table 35: Input factor range of "Weight" 

Input factor Minimum  Maximum  

Start weight [g ] 1100 3250 

 

Figure 41: Influence of "Weight" onto main pizza ANN output 

The influence of the power input when the rest of the input values were constant was not 

great enough to affect the result of the ANN significantly. So the effect of the sensors 

information onto the ANN could not be made visible by this procedure. 
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4.4.5.2 Fresh pizza categories 

The weight input was the most important for the ANN to classify the pizzas according to their 

data into the fresh pizza sub categories. Figure 42 showed that pizzas with a low weight 

were classified into category 3 (calzone), pizzas with a medium weight into category 2 (thin 

pizza) and pizzas with a higher weight into category 1 (thick pizza). 

Table 36: Input factor range of “Weight” 

Input factor Minimum  Maximum  

Start weight [g] 1250 3250 

 

Figure 42: Influence of "Weight" onto fresh pizza ANN output 
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The data from the humidity difference of the second heating up phase was used by the ANN 

to differentiate between calzone and thin fresh pizza (see Figure 43). As mentioned in 4.3.3 

calzones tend to produce very little humidity during the heating up phase compared to the 

other pizzas. 

Table 37: Input factor range of “Humidity difference phase 2” 

Input factor Minimum  Maximum  

Humidity diff phase 2 [g/m³] -8,752 46,383 

 

Figure 43: Influence of "Humidity difference phase 2" onto fresh pizza ANN output 
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A similar behavior of the ANN could be seen with the data from power consumption during 

phase 1 (see Figure 44). Pizzas with lower power consumption were recognized as 

calzones, which could be attributed to the lower surface area and less evaporation which 

both increased the power consumption of the food in the oven (see 4.3.2.2) 

Table 38: Input factor range of “Power consumption phase 1” 

Input factor Minimum  Maximum  

Power phase 1 [Wh] 157,6 185,6 

 

Figure 44: Influence of "Power consumption phase 1" onto fresh pizza ANN output 

The influences of the other inputs that were necessary for the ANN to perform well could not 

be visualized with this method. Since the combinations of input values are infinite this 

method is more likely to show only more general influences onto the ANN. 

  



83 
 

 

4.4.5.3 Frozen pizza categories 

The ANN to classify the pizzas in the frozen sub category was mainly influenced by the base 

area information. This was used to detect the frozen calzone, since these always had a 

smaller base area then the other pizzas inside of this subcategory (see Figure 45). There 

was only little surface in the diagram that could be attributed to category 2 (not prebaked 

pizza), this suggests that the category 2 was independent from the base area information. 

Table 39: Input factor range of "Base area" 

Input factor Minimum  Maximum  

Base area [cm²] 146,7 504,2 

 

Figure 45: Influence of "Base area" onto frozen pizza ANN output 
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The effect of the power consumption of phase 2 was contrary to the expected results. In 

some cases the power consumption during the second heating up phase was used by the 

ANN to distinguish between the pizzas of the frozen sub-category 2 (not prebaked pizzas) 

and sub-category 3 (calzone) (see Figure 46). However the ANN puts pizzas with higher 

power consumption in the second heating phase as calzone, although all measured calzones 

were in the lower range of the power consumption (see Table 40). Though this effect can 

only be seen in certain input value ranges suggesting that it did not follow a steady function 

and did not necessarily influence the result for the calzones that were used for training the 

ANN. Nevertheless it could lower the generalization capabilities of the ANN for unknown 

pizzas since these could fall into these value ranges. 

Table 40: Input factor range of “Power consumption phase 2” 

Input factor Minimum  Maximum  

Power phase 2 [Wh] 41,8 113,8 

Power phase 2 [Wh] only calzone 52,5 59,2 

 

Figure 46: Influence of "Power consumption phase 2" onto frozen pizza ANN output 
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The input values for the humidity over time of phase 2 were affecting the net as shown in 

4.3.3. The results of the net tended to categorize pizzas with low humidity generation as 

calzone and medium humidity generation as not prebaked frozen pizza. However this effect 

also showed no steady behavior as seen before with the power consumption (see Figure 47). 

Table 41: Input factor range of "Humidity over time phase 2" 

Input factor Minimum  Maximum  

Humidity over time phase 2 [g/m³*s]  -1806,7 3759,9 

 

Figure 47: Influence of "Humidity over time phase 2" onto frozen pizza ANN output 
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4.5 Estimation of food thermal conductivity and composition 

Different ANNs were trained for the estimation of the thermal conductivity and the 

composition that could provide crucial information for the center temperature calculation. The 

ANNs were trained separately for the different tested food categories and with decreasing 

number of hidden neurons. 

4.5.1 Homogenous foods with controlled composition (Cake) 

4.5.1.1 Thermal conductivity 

The training of the ANNs for the estimation of the thermal conductivity of the different cake 

batters gave poor results. The coefficients of determination of the training data sets were 

always below the coefficients of determination of the validation set (see Figure 48). This 

showed that the ANN was not able to build a good model from the available data in the 

training dataset and the training finished simply at the best correlation result for the validation 

set, regardless if the ANN was able to find a good model based on the training set. 

  

Figure 48: Evaluation of ANN for thermal conductivity estimation of cake 

4.5.1.2 Composition 

Most of the ANNs for the composition estimation showed the same behavior as the ANNs 

trained to estimate the thermal conductivity of cake. Except for the ANNs trained to estimate 

the water content of the cakes the ANNs mostly showed better coefficients of determination 

for the validation set than for the training set, which meant that the ANNs could not find a 

suitable estimation model based on the training data and the training stopped at the highest 

correlation for the training set (see Figure 49 to Figure 51). Furthermore the results of the 

noise data set compared to the results of the total sample set showed that the ANNs tended 

to overfitting. This showed that a data set of 44 samples might be too small for a good 

training of ANNs without the risk of overfitting. 
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Figure 49: Evaluation of ANN for carbohydrate content estimation of cake 

  

Figure 50: Evaluation of ANN for fat content estimation of cake 

  

Figure 51: Evaluation of ANN for protein content estimation of cake 

Water 

The ANNs for the water content estimation of cakes showed good results for the training set 

and still acceptable results for the validation set by the 8 hidden neurons ANN with a 

coefficient of determination of 0,814. The rest of the ANNs performed slightly poorer with a 

coefficient of determination for the validation set below 0,8 which was set as the minimum 
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requirement for a good result. The estimation performance of the ANNs with 2 layers 

decreased with the number of hidden neurons, but the ANN with only one hidden neurons 

layer showed better results for the training and validation set. However the results for the 3% 

noise data set suggested, that this ANN was overfitted, since the estimate for the noise data 

set showed no correlation (R² 0,07) with the reference data. This could be attributed to the 

distribution of the sample set data (see Figure 52). The majority of the cakes used for training 

had a water content between 20% and 38%. 2 cakes however had a water content of 53% 

and 57%. These 2 cakes had also to be included into the estimation model by the ANN. For 

the ANN with only one layer of hidden neurons which could not simulate a XOR function. 

This meant that the ANN had to memorize at least these two special cases for a good 

estimation result. By memorizing these special cases by a threshold of one hidden neuron 

the robustness of the net towards unknown data decreased drastically, since only one hidden 

neuron was remaining with the possibility to set a threshold for the input data. 

  

Figure 52: Evaluation of ANN for water content estimation of cake 

Compared to the MLR model based on the total sample set with a coefficient of 

determination of 0,544 disregarding the confidence interval and 0,549 with a confidence 

interval of 95% the 8 hidden neurons ANN performed acceptable estimating the water 

content of cakes and so the estimation results were evaluated further. The statistical 

measures showed that the reference and the estimated data were very similar and the 

Wilcoxon test suggested that the estimated values and the reference values shared the 

same distribution (see Table 42). It could also be seen that the estimated minimum and the 

maximum were not smaller respectively greater than the reference data. This was due to the 

logistic function that was used in the ANN. 
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Table 42: Statistical comparison for 8 hidden neurons ANN results for water content 

estimation of cake 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,290 0,289 0,296 0,297 

RMS 0,297 0,297 0,304 0,306 

Standard deviation 0,066 0,070 0,072 0,076 

Variance 0,429 0,488 0,522 0,579 

Kurtosis 0,091 0,095 0,074 0,080 

Skewness 0,022 0,022 0,020 0,021 

Sum 12,760 12,730 9,759 9,790 

Maximum 0,534 0,570 0,534 0,570 

Minimum 0,202 0,200 0,202 0,200 

Total samples 44 44 33 33 

Mean of residuals -0,00069 0,00093 

Standard deviation 

of residuals 
0,0133 0,0112 

p of Wilcoxon test 0,498 0,796 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,273 0,267 0,294 0,289 

RMS 0,275 0,270 0,303 0,297 

Standard deviation 0,036 0,042 0,073 0,069 

Variance 0,132 0,176 0,539 0,481 

Kurtosis 0,022 0,017 0,070 0,098 

Skewness 0,000 -0,002 0,020 0,023 

Sum 3,001 2,940 38,823 38,190 

Maximum 0,338 0,330 0,536 0,570 

Minimum 0,206 0,200 0,201 0,200 

Total samples 11 11 132 132 

Mean of residuals -0,00556 -0,00296 

Standard deviation 

of residuals 
0,0182 0,0258 

p of Wilcoxon test 0,374 0,329 
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The normal probability plots and the K-S tests (see Figure 53) showed that the residues for 

the training, validation and total sample sets were probably normal distributed. The residues 

of the 3% noise sample set were not normal distributed and the normal probability plot 

showed unfitting residues in the range of -7,5% to -20%, which indicated that even the 8 

hidden neurons net had problems with the two cakes that had a water content above 50%. 

 

p of one sample K–S test = 0,122 

 

p of one sample K–S test = 0,187 

 

p of one sample K–S test = 0,742 

 

p of one sample K–S test =0,000 

Figure 53: Normal distribution of residues of ANN estimates and test data for water 

estimation by 8 hidden neurons ANN for cakes 
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4.5.1.3 Input factors 

Water 

Table 43 shows that the most important sensors for the estimation of water content from 

cakes by the ANN were the infrared temperature sensor and the oxygen sensor. The 

importance of the oxygen sensor for the ANN was quite clear since it can indirectly measure 

the amount of water that was evaporated in the oven cavity (see 4.3.3). When the sensor 

information of the oxygen sensor was removed from the training data for the ANN the results 

for the noise data set showed, that the ANN was overfitted. 

Table 43: Influence of single sensor data on ANN performance for water content estimation 

of cakes 

Sensor Used as ANN Input 

Power x 0 x x x x x 

IR temperature x x 0 x x x x 

IR distance x x x 0 x x x 

Scale x x x x 0 x x 

Oxygen sensor x x x x x 0 x 

Camera x x x x x x 0 

Water 

R² Total sample set 0,9656 0,8448 0,6469 0,9507 0,9741 0,9136 0,9439 

R² Training set 0,9800 0,8567 0,6203 0,9641 0,9919 0,9180 0,9523 

R² Validation set 0,8142 0,6640 0,9585 0,8206 0,7919 0,9061 0,8505 

R² 3% Noise set 0,8777 0,6003 0,1376 0,6572 0,9644 0,2348 0,9025 

 

It can also be seen that the data of the scale and the camera had no significant influence on 

the performance of the ANN when they were removed from the input data individually. So the 

next step was to determine if at least one of these inputs was needed to hold up the 

performance of the ANN or if both sensors were not crucial for the model of the carbohydrate 

content of cakes. 
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Table 44: Influence of multiple sensors data on ANN performance for water content 

estimation of cakes 

Sensor Used as ANN Input 

Power x 

IR temperature x 

IR distance x 

Scale 0 

Oxygen sensor x 

Camera 0 

Carbohydrates 

R² Total sample set 0,9508 

R² Training set 0,9662 

R² Validation set 0,7700 

R² 3% Noise set 0,9121 

 

As it can be seen in Table 44 taking the scale information and the camera information from 

the training data still provided a suitable ANN. So it could be assumed that both sensors 

were not crucial for the ANN to estimate the water content of cakes. 
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4.5.1.4 Input Influence 

Water 

The object temperature seemed to have an effect onto the estimation of the lower water 

content values. The complete estimation range that was influenced by changing the object 

temperature values lay in the range of the lower water content values. The influence was 

very subtle and based on the diagram (see Figure 54) the role of the input could not be 

determined. 

Table 45: Input factor range of "Start temperature of object" 

Input factor Minimum Maximum  

Start temperature object [°C] 18,8 32,3 

 

Figure 54: Influence of "Start temperature of object" onto cake water content estimation ANN 

output  
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Figure 55 showed the influence of the humidity difference that was measured during phase 1 

affected the estimation over the whole water content range. The higher the humidity 

difference was the higher was the estimated water content if the other input values were 

below 50% of their input range. This could be attributed to the circumstance that when the 

cake batter had a high water content more water resided on the surface and could be 

evaporated during the gradual heating up of the first heating up phase. The influence of this 

input factor seemed not to affect the estimation output of the ANN for cakes that had a larger 

surface and hence also had more water residing on the surface even when they had a low 

water content, since the input factor only influenced the ANN when the rest of the input 

factors were below 50% of their value ranges. 

Table 46: Input factor range of “Humidity difference phase 1” 

Input factor Minimum  Maximum  

Humidity difference phase 1 [g/m³] 0,2 17,7 

 

Figure 55: Influence of "Humidity difference phase 1" onto cake water content estimation 

ANN output 
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4.5.2 Non homogeneous food with predefined composition (Pizza) 

4.5.2.1 Thermal conductivity 

The trained ANNs for the thermal conductivity estimation showed a typically behavior. The 

estimation performance dropped with the number of hidden neurons. However no ANN with 

a good estimation capability could be trained (see Figure 56). The coefficient of 

determination of the noised data set was always near the coefficient of determination of the 

total sample set, which showed that the maximum number of 8 hidden neurons seemed 

small enough to avoid overfitting training with 71 samples. 

  

Figure 56: Evaluation of ANN for thermal conductivity estimation of pizza 

 

4.5.2.2 Composition 

Carbohydrates 

The ANNs that were trained for the composition estimation showed only good results for the 

carbohydrate estimation. As seen also before the estimation performance of the ANNs for 

the carbohydrate estimation decreased with the number of neurons (see Figure 57). The 8 

and 6 hidden neurons ANNs showed acceptable results with a coefficient of determination 

greater than 0,8 for the noised data set. However the performance for the validation set with 

R² 0,745 for the 8 hidden neurons ANN and R² 0,742 for the 6 hidden neurons ANN was 

inferior. Nevertheless the performance of the ANNs was superior to the MLR models based 

on the same data with a coefficient of determination of 0,652 disregarding the confidence 

interval and 0,555 with a confidence interval of 95%. 
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Figure 57: Evaluation of ANN for carbohydrates estimation of pizza 

Since the estimation of the carbohydrate content of pizzas was done well by the ANN with 6 

and 8 hidden neurons and the correlation of the noised data set was greater than 0,8 further 

evaluation of the result of the 8 hidden neurons ANN were done. Table 47 shows that the 

descriptive statistical measures of the reference and the estimated data sets looked similar. 

However the K-S test suggested that the reference data and the estimated data from the 

validation set did not share the same distribution. This was supported by the low correlation 

of the reference and the estimated data of 0,745. 
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Table 47: Statistical comparison for 8 hidden neurons ANN results for carbohydrates content 

estimation of pizza 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,234 0,237 0,232 0,233 

RMS 0,236 0,239 0,234 0,235 

Standard deviation 0,033 0,034 0,032 0,034 

Variance 0,001 0,001 0,001 0,001 

Kurtosis 1,691 2,151 1,732 1,949 

Skewness -0,004 -0,013 0,117 0,030 

Sum 16,605 16,804 12,538 12,562 

Maximum 0,286 0,302 0,286 0,302 

Minimum 0,179 0,177 0,179 0,177 

Total samples 71 71 54 54 

Mean of residuals 0,00098 0,00126 

Standard deviation 

of residuals 
0,0109 0,0120 

p of Wilcoxon test 0,133 0,672 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,239 0,250 0,234 0,236 

RMS 0,242 0,251 0,236 0,238 

Standard deviation 0,035 0,030 0,032 0,032 

Variance 0,001 0,001 0,001 0,001 

Kurtosis 1,595 2,366 1,823 2,331 

Skewness -0,355 0,147 -0,001 0,044 

Sum 4,067 4,242 54,750 55,215 

Maximum 0,284 0,302 0,286 0,302 

Minimum 0,181 0,190 0,179 0,177 

Total samples 17 17 234 234 

Mean of residuals 0,00744 0,00150 

Standard deviation 

of residuals 
0,0146 0,0135 

p of Wilcoxon test 0,239 0,250 
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The normal probability plots and the K-S tests (see Figure 58) showed that the residues of 

the total, training and validation set were all normal distributed. Only the residues of the noise 

data set were not normal distributed. The normal probability plot showed that there were 

small differences to the normal distribution in both directions which could probably be 

attributed to the randomness of the artificial noise added to the noise data set. 

 

p of one sample K–S test = 0,721 

 

p of one sample K–S test = 0,618 

 

p of one sample K–S test = 0,944 

 

p of one sample K–S test = 0,000 

Figure 58: Normal distribution of residues of ANN estimates and test data for carbohydrate 

estimation by 8 hidden neurons ANN for pizza 

The remaining parts of the composition showed poor results for all the different combinations 

of hidden neurons (see Figure 59 to Figure 61). The poor performance of the ANNs for 

protein and fat content estimation were probably due to the low variation of protein and fat 

content. However the water content variation of the pizzas was far higher than the protein 

and fat content variation but apparently the amount of training data was too low for the 

ANNs.  
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Figure 59: Evaluation of ANN for fat estimation of pizza 

  

Figure 60: Evaluation of ANN for protein estimation of pizza 

  

Figure 61: Evaluation of ANN for water + minerals estimation of pizza 

  

0

0,25

0,5

0,75

1

2 4 6 8

C
oe

ffi
ci

en
t o

f 
de

te
rm

in
at

io
n

No. of hidden neurons

0

0,05

0,1

0,15

0,2

2 4 6 8

R
M

S
E

No. of hidden neurons

Total sample set
Training set
Validation set
3% Noise set

0

0,25

0,5

0,75

1

2 4 6 8

C
oe

ffi
ci

en
t o

f 
de

te
rm

in
at

io
n

No. of hidden neurons

0

0,05

0,1

0,15

0,2

2 4 6 8

R
M

S
E

No. of hidden neurons

Total sample set
Training set
Validation set
3% Noise set

0

0,25

0,5

0,75

1

2 4 6 8

C
oe

ffi
ci

en
t o

f 
de

te
rm

in
at

io
n

No. of hidden neurons

0

0,05

0,1

0,15

0,2

2 4 6 8

R
M

S
E

No. of hidden neurons

Total sample set
Training set
Validation set
3% Noise set



100 
 
 
4.5.2.3 Input factors 

Carbohydrates 

Removing single sensor information from the carbohydrate estimation ANN with 8 hidden 

neurons for pizzas and retraining it showed that a good result depended on nearly all of the 

data that was provided by the different sensors (see Table 48). Only the camera information 

seemed to have no effect onto the ANNs performance and the infrared temperature had only 

a small effect onto the ANNs performance. 

Table 48: Influence of sensor data on ANN performance for carbohydrate estimation of 

pizzas 

Sensor Used as ANN Input 

Power x 0 x x x x x 

IR temperature x x 0 x x x x 

IR distance x x x 0 x x x 

Scale x x x x 0 x x 

Oxygen sensor x x x x x 0 x 

Camera x x x x x x 0 

Carbohydrates 

R² Total sample 

set 
0,8533 0,5349 0,8718 0,5475 0,5997 0,5493 0,9042 

R² Training set 0,9122 0,4768 0,9081 0,5007 0,5760 0,4896 0,9267 

R² Validation set 0,7446 0,6954 0,7941 0,7466 0,7324 0,7476 0,8378 

R² 3% Noise set 0,8106 0,5159 0,7259 0,5030 0,5399 0,4660 0,8099 
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Even removing the infrared sensor and the camera data from the sample sets showed a 

small effect that could also be seen by only removing the infrared temperature sensor from 

the data sets (see Table 49). This showed that the ANN did not use either one of these two 

sensors to substitute the missing information when the data of one of the sensors was 

removed from the ANN. 

Table 49: Influence of multiple sensors data on ANN performance for carbohydrate content 

estimation of pizzas 

 

 

  

Sensor Used as ANN Input 

Power x 

IR temperature 0 

IR distance x 

Scale x 

Oxygen sensor x 

Camera 0 

Carbohydrates 

R² Total sample set 0,9201 

R² Training set 0,9473 

R² Validation set 0,8483 

R² 3% Noise set 0,7570 
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4.5.2.4 Input Influence 

Carbohydrates 

The diagrams of the influence of the power consumption of the first heating phase (see 

Figure 62) and the time of the first heating phase (see Figure 63) showed that the ANN 

estimated higher carbohydrate contents for pizzas that had a higher absorption of heat 

energy. 

Table 50: Input factor range of “Power phase 1” 

Input factor Minimum  Maximum  

Power phase 1 [Wh] 136,4 226,8 

 

Figure 62: Influence of "Power phase 1" onto pizza carbohydrates content estimation ANN 

output 
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Table 51: Input factor range of “Time phase 1” 

Input factor Minimum  Maximum  

Time phase 1 [sec] 187,8 273,7 

 

Figure 63: Influence of "Time phase 1" onto pizza carbohydrates content estimation ANN 

output 

  



104 
 
 
Figure 64 shows that the weight of the pizza had only a small effect over the whole input 

range of the constant values. When the weight value was lower than 20% of its input range a 

low carbohydrate content of the pizza was estimated. Furthermore an opposite relationship 

between the weight and the estimated carbohydrate content can be seen when the constant 

inputs were above 40% of their input range. 

Table 52: Input factor range of “Weight” 

Input factor Minimum  Maximum  

Start weight [g] 1,1 3,25 

 

Figure 64: Influence of "Weight" onto pizza carbohydrates content estimation ANN output 
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4.5.3 Combined food categories 

By combining all test data from all three food categories the number of data sets for the 

training was raised and more information was available during the training for the ANN to 

produce better models. Since the estimation range was increased by the combination of the 

different food categories the main food category was introduced as an additional input. 

4.5.3.1 Thermal conductivity 

The results of the trained ANN to estimate the thermal conductivity of the different food of all 

three food categories showed significant improvement of the ANNs that were trained for the 

individual food categories. A slight decrease of the estimation performance with lower 

number of hidden neurons can be seen (see Figure 65). The best estimation performance 

was done by the 8 hidden neurons ANN but with a lower result for the noised data set then 

the 6 hidden neurons ANN. The coefficient of determination of 0,924 for the total sample set 

was far superior to the results of the MLR that achieved only a coefficient of determination of 

0,639 disregarding the confidence interval and 0,441 with a confidence interval of 95%. 

  

Figure 65: Evaluation of ANN for thermal conductivity estimation of combined food categories 

The statistical tests to compare the distributions of the reference and the estimated data (see 

Table 53) showed a similarity between the data sets and even the noise data set seemed to 

share the same distribution as the reference data. This however was due to the higher 

number of data points. 
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Table 53: Statistical comparison for 8 hidden neurons ANN results for thermal conductivity 

estimation of the combined food categories 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,378 0,378 0,379 0,378 

RMS 0,381 0,382 0,381 0,381 

Standard deviation 0,047 0,049 0,045 0,048 

Variance 0,002 0,002 0,002 0,002 

Kurtosis 2,068 2,272 1,966 2,122 

Skewness -0,693 -0,607 -0,622 -0,518 

Sum 51,460 51,455 38,991 38,971 

Maximum 0,424 0,440 0,424 0,440 

Minimum 0,267 0,261 0,267 0,261 

Total samples 136 136 103 103 

Mean of residuals 2,21E-05 -2,23E-04 

Standard deviation 

of residuals 
0,0146 0,0144 

p of Wilcoxon test 0,989 0,841 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,378 0,378 0,378 0,378 

RMS 0,381 0,382 0,381 0,382 

Standard deviation 0,052 0,055 0,046 0,049 

Variance 0,003 0,003 0,002 0,002 

Kurtosis 2,059 2,314 1,898 2,294 

Skewness -0,799 -0,749 -0,617 -0,610 

Sum 12,469 12,484 154,305 154,350 

Maximum 0,424 0,440 0,423 0,440 

Minimum 0,267 0,261 0,266 0,261 

Total samples 33 33 408 408 

Mean of residuals 7,88E-04 1,10E-04 

Standard deviation 

of residuals 
0,0154 0,0162 

p of Wilcoxon test 0,775 0,955 
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The different normal probability plots and the K-S test (see Figure 66) showed that there 

were no drastic outliers of the residues between the reference and the estimated data. Only 

the noise data set showed some minor outliers but the overall distribution of the residuals 

could nevertheless be seen as normal. 

 

p of one sample K–S test = 0,237 

 

p of one sample K–S test = 0,355 

 

p of one sample K–S test = 0,663 p of one sample K–S test =0,026 

Figure 66: Normal distribution of residues of ANN estimates and test data for thermal 

conductivity estimation by 8 hidden neurons ANN for the combined food categories 
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4.5.3.2 Composition 

The ANNs for the composition estimation did also perform much better for the 3 combined 

data sets than for the individual data sets. Except for the fat estimation all nutrients could be 

estimated with a coefficient of determination greater than 0,8 from one or more ANNs. 

Carbohydrates 

  

Figure 67: Evaluation of ANN for carbohydrates estimation of combined food categories 

The carbohydrate content of the 3 different food categories was well predicted by an 8 

hidden neuron ANN and showed no direct sign of overfitting since the noise data set also 

gave a good correlation to the reference data (see Figure 67). The estimation performance 

was also decreasing with the number of neurons as seen before with the estimation ANNs 

for the thermal conductivity for the combined food categories. The coefficient of 

determination of 0,927 for the total sample set was much better than the results of the MLR 

that achieved only a coefficient of determination of 0,583 disregarding the confidence interval 

and 0,606 with a confidence interval of 95%. Table 54 shows good similarity between the 

statistical values of the reference data sets and the estimations. All reference and estimated 

data sets seemed to share the same distribution. 
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Table 54: Statistical comparison for 8 hidden neurons ANN results for carbohydrate 

estimation of the combined food categories 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,336 0,337 0,339 0,339 

RMS 0,357 0,360 0,359 0,360 

Standard deviation 0,120 0,126 0,120 0,124 

Variance 0,014 0,016 0,014 0,015 

Kurtosis 1,422 1,659 1,366 1,687 

Skewness 0,435 0,381 0,392 0,377 

Sum 45,718 45,832 34,910 34,871 

Maximum 0,536 0,598 0,536 0,598 

Minimum 0,204 0,171 0,205 0,171 

Total samples 136 136 103 103 

Mean of residuals 0,00084 -0,00038 

Standard deviation 

of residuals 
0,0340 0,0313 

p of Wilcoxon test 0,960 0,904 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,328 0,332 0,333 0,337 

RMS 0,348 0,357 0,355 0,360 

Standard deviation 0,120 0,133 0,121 0,125 

Variance 0,014 0,018 0,015 0,016 

Kurtosis 1,538 1,490 1,473 1,676 

Skewness 0,550 0,384 0,515 0,384 

Sum 10,808 10,961 135,952 137,496 

Maximum 0,530 0,598 0,541 0,598 

Minimum 0,204 0,177 0,202 0,171 

Total samples 33 33 408 408 

Mean of residuals 0,00464 0,00378 

Standard deviation 

of residuals 
0,0416 0,0504 

p of Wilcoxon test 0,886 0,796 
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The normal probability plots and the K-S tests (see Figure 68) of the residues between the 

reference data and the estimated data were normal distributed except for the noise data set. 

The plot for the residues of the noise data set showed that the ANN had problems with food 

that contained a higher amount of carbohydrate, since the residues of the noised data sets 

broke out from the normal distribution in the range of 0,1 and 0,3 which meant that the ANN 

estimated a lower carbohydrate content for datasets that had a higher carbohydrate content 

in the reference data set. 

 
p of one sample K–S test = 0,239 

 
p of one sample K–S test = 0,582 

 

p of one sample K–S test = 0,682 

 

p of one sample K–S test =0,000 

Figure 68: Normal distribution of residues of ANN estimates and test data for carbohydrate 

estimation by 8 hidden neurons ANN for the combined categories 
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Fat 

The ANNs trained for the estimation of the fat content performed poorly. All ANNs showed a 

lower coefficient of determination than 0,8 for every data set. The coefficient of determination 

for the noise data set was mostly under 0,5. The validation set showed always the highest 

correlation which led to the assumption, that the ANNs could not find a suitable model to 

estimate the fat content and the training was stopped at the lowest error between the 

validation data and the estimated data of the net that was reached by chance. 

  

Figure 69: Evaluation of ANN for fat estimation of combined food categories 

Protein 

The estimation results for the protein content of the three combined food categories did not 

change much with the decreasing number of hidden neurons. The results of the ANNs with 4 

to 8 hidden neurons were very similar (see Figure 70). The 8 hidden neurons ANN performed 

slightly better than the 4 hidden neurons ANN with a coefficient of determination for the total 

sample set of 0,817 compared to a coefficient of determination for the total sample set of 

0,803. The results of the noised data set were also very near to the performance of the total 

sample set except for the 2 hidden neurons ANN. The results for the total sample set were all 

better than the results of the MLR that achieved only a coefficient of determination of 0,491 

disregarding the confidence interval and 0,675 with a confidence interval of 95%. 
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Figure 70: Evaluation of ANN for protein estimation of combined food categories 

The statistical comparison of the reference data and the estimated data from the 8 hidden 

neurons ANN showed good similarities. However the estimation range of the ANN from 5,2% 

to 12,9% protein content was only covering 67,5% of the reference protein content range. So 

the model from the ANN considers protein contents near the edges of the protein content 

range poorly. Thus the estimation results of the noised data set were quite similar to the 

results of the estimation reference data set (see Table 55). 
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Table 55: Statistical comparison for 8 hidden neurons ANN results for protein estimation of 

the combined food categories 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,080 0,080 0,081 0,081 

RMS 0,083 0,084 0,084 0,085 

Standard deviation 0,023 0,026 0,023 0,026 

Variance 0,001 0,001 0,001 0,001 

Kurtosis 1,702 2,200 1,717 2,210 

Skewness 0,365 0,404 0,338 0,445 

Sum 10,889 10,864 8,316 8,296 

Maximum 0,129 0,141 0,129 0,141 

Minimum 0,052 0,027 0,052 0,033 

Total samples 136 136 103 103 

Mean of residuals -0,000184 -0,000194 

Standard deviation 

of residuals 
0,0111 0,0110 

p of Wilcoxon test 0,938 0,855 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,078 0,078 0,080 0,080 

RMS 0,082 0,082 0,083 0,084 

Standard deviation 0,024 0,028 0,023 0,026 

Variance 0,001 0,001 0,001 0,001 

Kurtosis 1,585 2,004 1,682 2,222 

Skewness 0,448 0,311 0,347 0,407 

Sum 2,573 2,568 32,621 32,592 

Maximum 0,124 0,136 0,124 0,141 

Minimum 0,052 0,027 0,047 0,027 

Total samples 33 33 408 408 

Mean of residuals -0,000152 0,000118 

Standard deviation 

of residuals 
0,0117 0,0114 

p of Wilcoxon test 0,903 0,509 
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Except for one outlier in the total sample set, which was also in the training set and three 

times in the noised data set, the residues between the reference data and the estimated data 

were normal distributed (see Figure 71). 

 

p of one sample K–S test = 0,098 

 

p of one sample K–S test = 0,119 

 
p of one sample K–S test = 0,790 

 
p of one sample K–S test =0,001 

Figure 71: Normal distribution of residues of ANN estimates and test data for protein 

estimation by 8 hidden neurons ANN for the combined categories 

Rest 

The ANNs for the water and minerals estimation showed a good correlation to the reference 

data. The 8 hidden neurons ANNs provided good results for all 4 data sets (see Figure 72). 

The coefficient of determination of the validation set was decreasing with the number of 

hidden neurons. Compared to the results of the water content estimation ANN for the cake 

data the coefficient of determination of the total sample set was poorer but the results for the 

validation data set and the noise data set were better. This could be attributed to the higher 

amount of training data that was available to the water and minerals content estimation 

ANNs by combining all food categories. As before with the water content estimation ANN for 

cakes the models built by multiple linear regression were inferior to the models formed by the 

ANNs. The MLR achieved only a coefficient of determination of 0,653 disregarding the 
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confidence interval and using all input variables and 0,661 with a confidence interval of 95%. 

Whereas the 8 hidden neurons ANN reached a coefficient of determination of 0,923 for the 

total sample set and 0,929 for the validation data set. 

  

Figure 72: Evaluation of ANN for water + minerals estimation of combined food categories 

Table 56 with the statistical comparison of the reference and the estimated data by the 8 

hidden neurons ANNs showed good similarities between the reference and the estimated 

data. The Wilcoxon test indicated that all estimated data sets and the corresponding 

reference data sets belonged to the same distribution. 
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Table 56: Statistical comparison for 8 hidden neurons ANN results for water and minerals 

estimation of combined food categories 

Sample set 

Normal 

sample set 

ANN 

Normal sample 

set reference 

Training set 

ANN 

Training set 

reference 

Arithmetic mean 0,449 0,449 0,449 0,448 

RMS 0,468 0,470 0,468 0,469 

Standard deviation 0,132 0,142 0,132 0,138 

Variance 0,018 0,020 0,017 0,019 

Kurtosis 1,694 2,053 1,701 1,985 

Skewness -0,541 -0,526 -0,528 -0,478 

Sum 61,118 61,018 46,262 46,181 

Maximum 0,583 0,630 0,583 0,630 

Minimum 0,139 0,113 0,139 0,113 

Total samples 136 136 103 103 

Mean of residuals -0,00074 -0,00079 

Standard deviation 

of residuals 
0,0396 0,0387 

p of Wilcoxon test 0,870 0,777 

 

Sample set 

Validation 

set ANN 

Validation set 

reference 

3% Noise set 

ANN 

3% Noise set 

reference 

Arithmetic mean 0,450 0,450 0,448 0,449 

RMS 0,470 0,474 0,468 0,470 

Standard deviation 0,136 0,154 0,133 0,141 

Variance 0,019 0,024 0,018 0,020 

Kurtosis 1,576 2,039 1,675 2,073 

Skewness -0,556 -0,613 -0,531 -0,530 

Sum 14,856 14,837 182,923 183,054 

Maximum 0,581 0,630 0,583 0,630 

Minimum 0,172 0,113 0,139 0,113 

Total samples 33 33 408 408 

Mean of residuals -0,00058 0,00032 

Standard deviation 

of residuals 
0,0427 0,0422 

p of Wilcoxon test 0,903 0,836 
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The residues between the reference data and the estimated data were all normal distributed 

and no apparent irregularity could be seen in the normal probability plots or was indicated by 

the K-S test (see Figure 73). 

 

p of one sample K–S test = 0,962 

 

p of one sample K–S test = 0,969 

 

p of one sample K–S test = 0,735 

 

p of one sample K–S test =0,304 

Figure 73: Normal distribution of residues of ANN estimates and test data for water and 

minerals estimation by 8 hidden neurons ANN for the combined categories 

 

4.5.3.3 Input factors 

The influence of the single sensors onto the estimation capability of the ANN that worked 

well for the combined food categories was also checked. Table 57 shows the results when 

the data of one sensor was deleted from the training data and Table 58 shows the impact on 

the estimation results when two or three sensors were deleted that individually showed no 

significant influence onto the results of the ANN. 
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Table 57: Influence of sensor data on ANN performance for estimation of thermal 

conductivity and composition of combined food categories 

Sensor Used as ANN Input 

Power x 0 x x x x x x 

IR temperature x x 0 x x x x x 

IR distance x x x 0 x x x x 

Scale x x x x 0 x x x 

Oxygen sensor x x x x x 0 x x 

Camera x x x x x x 0 x 

Category x x x x x x x 0 

 Thermal conductivity 

R² Total sample set 0,9249 0,8590 0,8791 0,8752 0,8784 0,7797 0,8433 0,8470 

R² Training set 0,9294 0,8666 0,8938 0,8821 0,9020 0,8134 0,8724 0,8556 

R² Validation set 0,9142 0,8507 0,8479 0,8624 0,8273 0,7024 0,7780 0,8421 

R² 3% Noise set 0,8628 0,8489 0,8674 0,8697 0,8597 0,7657 0,7589 0,8100 

 Carbohydrates 

R² Total sample set 0,9271 0,9162 0,9364 0,9063 0,8273 0,7631 0,9308 0,7633 

R² Training set 0,9364 0,9226 0,9597 0,9121 0,8058 0,7413 0,9757 0,7431 

R² Validation set 0,9042 0,8992 0,8748 0,8955 0,8862 0,8300 0,8073 0,8212 

R² 3% Noise set 0,8289 0,8767 0,9015 0,8958 0,7643 0,7533 0,8819 0,7575 

 Protein 

R² Total sample set 0,8173 0,8931 0,8582 0,854 0,8715 0,8718 0,8361 0,8269 

R² Training set 0,8161 0,9158 0,8617 0,8553 0,8873 0,8848 0,8309 0,8427 

R² Validation set 0,8196 0,8381 0,8606 0,8620 0,8313 0,8444 0,8619 0,7930 

R² 3% Noise set 0,7977 0,8505 0,8498 0,8415 0,8395 0,8168 0,7810 0,7638 

 Rest (Water + minerals) 

R² Total sample set 0,9242 0,9132 0,9356 0,9093 0,9345 0,8666 0,8699 0,9060 

R² Training set 0,9280 0,9084 0,9426 0,8996 0,9396 0,8747 0,8650 0,9081 

R² Validation set 0,9153 0,9289 0,9177 0,9347 0,9245 0,8627 0,8831 0,9019 

R² 3% Noise set 0,8628 0,9054 0,9092 0,8034 0,9012 0,8519 0,8591 0,8818 

 

Deleting any sensor information from the thermal conductivity estimating ANN decreased the 

estimation capabilities of the retrained ANNs. Especially the oxygen sensor and the camera 

seemed to have a bigger influence onto this ANN. These two sensors also had an influence 

onto the performance of the carbohydrate content ANN. Furthermore this ANN relied onto 
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the weight and the main-category information of the food to build the estimation model. The 

protein estimation ANN seemed to have nearly no exclusively influential sensor information. 

In most of the cases the estimation performance got even better when certain sensors were 

removed except for the category information. However the difference between the protein 

estimation ANNs trained with the category information and trained without it was quite small. 

The ANN trained to estimate the water content of the different food seemed to use the 

oxygen sensor and the camera information to build a good estimation model, since after 

deleting these two information sources individually the estimation accuracy of the ANNs 

dropped. 

When deleting multiple sensors data from the training set that showed no visible influence 

onto the ANN performance, some sensor combinations showed a decrease in the ANNs 

performance. 

Table 58: Influence of multiple sensor data on ANN performance for estimation of protein of 

combined food categories 

Sensor Used as ANN Input 

Power 0 x 

IR temperature 0 x 

IR distance x x 

Scale x x 

Oxygen sensor x 0 

Camera x x 

Category 0 0 

 Protein 

R² Total sample set 0,8398 0,7707 

R² Training set 0,8473 0,7683 

R² Validation set 0,8279 0,7812 

R² 3% Noise set 0,6692 0,6685 
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4.5.3.4 Input influence 

4.5.3.4.1 Thermal conductivity  

As it could be seen in Table 57 before all sensors had an influence onto the thermal 

conductivity estimation ANN results. But the oxygen sensor and the camera provide the most 

important information for the ANN. This can also be seen in the following diagrams. 

The humidity over time and the humidity difference of heating phase 2 showed a very similar 

effect onto the ANN output (See Figure 74 and Figure 75). This was probably due to the high 

correlation between these two values of R²=0,92 (see Figure 76). With a higher amount of 

evaporated water a higher thermal conductivity of the food was estimated by the ANN. This 

is due to the high thermal conductivity of water compared to thermal conductivity of the 

remaining components (see formula (13)). 

Table 59: Input factor range of “Humidity over time of heating phase 2” 

Input factor Minimum  Maximum  

Humidity over time phase 2 [g/m³*s] -1806,7 14819,8 

 

Figure 74: Influence of "Humidity over time of heating phase 2" onto combined food 

categories thermal conductivity estimation ANN output 
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Table 60: Input factor range of “Humidity difference of heating phase 2” 

Input factor Minimum  Maximum  

Humidity difference phase 2 [g/m³] -13,3 72 

 

Figure 75: Influence of "Humidity difference of heating phase 2" onto combined food 

categories thermal conductivity estimation ANN output 

 

Figure 76: Humidity over time of heating phase 2 vs. humidity difference of heating phase 2 
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Furthermore the humidity difference of heating phase 1 showed a similar behavior towards 

the estimated thermal conductivity output of the ANN (see Figure 77). This indicated how 

crucial the oxygen sensor information was to the ANN to estimate the thermal conductivity of 

the different foods. 

Table 61: Input factor range of “Humidity difference of heating phase1” 

Input factor Minimum  Maximum  

Humidity difference phase 1 [g/m³] -15,8 17,7 

 

Figure 77: Influence of "Humidity difference of heating phase 1" onto combined food 

categories thermal conductivity estimation ANN output 

 

  



123 
 

 

Figure 78 showing the influence of the base area input onto the thermal conductivity 

estimation ANN indicated that the estimated thermal conductivity got lower with a higher 

base area of the food. Combined with the information of the evaporated water the base area 

gave more information about the water content of the food. If the food had a bigger surface 

area more water could evaporate during heating than from a food with a smaller surface area 

when the food had the same water content. 

Table 62: Input factor range of “Base area” 

Input factor Minimum  Maximum  

Base area [cm²] 50 1108 

 

Figure 78: Influence of "Base area" onto combined food categories thermal conductivity 

estimation ANN output 
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The influence of the number of objects furthermore supported the base area information, 

since the base area value only gave information about the food surface that could be 

captured from top down of all objects combined (see Figure 79). So the number of objects 

provided additional information about the free surface that was on the edge of each individual 

object. 

Table 63: Input factor range of “Number of objects” 

Input factor Minimum  Maximum  

Number of objects 1 20 

 

 

Figure 79: Influence of "Number of objects" onto combined food categories thermal 

conductivity estimation ANN output 
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4.5.3.4.2 Composition 

Carbohydrates 

The results of the carbohydrate content estimation ANN were mainly affected when the 

scale, oxygen sensor, camera and category information were deleted from the training data. 

However only slight effects of these data could be found when the input value was passing 

through its data range and the rest of the data was constant. 

A small effect could be seen for the base area data (see Figure 80). When the rest of the 

data was constant at 10% of its input range the output values jumped to a higher values 

when the base area value was bigger than 60% of its input range (>755cm²). This was 

probably used by the ANN to memorize the 6 larger cakes (see Table 12) that had a higher 

contrast towards the tray and could be better distinguished by the camera from the tray than 

the larger pizzas and subsequently had a larger base area. 

This showed that the ANN memorized a small part of the data set based on an anomaly in 

the training data originating from the boundaries of the sensor system. 

Table 64: Input factor range of “Base area” 

Input factor Minimum  Maximum  

Base area [cm²] 50 1108 

 

Figure 80: Influence of "Base area" onto combined food categories carbohydrate content 

estimation ANN output 
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An effect for the category input onto the output of the ANN could be seen also. An increase 

in the estimated carbohydrate content of the ANN could be seen with the increase of the 

category (see Figure 81). This was understandable for the pizza and pastry category since 

the pizza category had a mean carbohydrate content of only 23% and the pastry category 

had a mean carbohydrate content of 44% (see Table 66), but the cake category had also a 

high mean carbohydrate content. Since the results of the ANN when the real measured data 

was given to the ANN did not suggest that the carbohydrate content of the cake category 

was estimated incorrect the ANN had to use other inputs for the estimation model that could 

not be made visible with this method. 

Table 65: Input factor range of “Category” 

Input factor  Minimum  Maximum  

Category 1 3 

 

Figure 81: Influence of "Category" onto combined food categories carbohydrate content 

estimation ANN output 

Table 66: Mean carbohydrate content of categories 

Category  Food Mean  SD 

1 Cake 45% 8% 

2 Pizza 24% 3% 

3 Pastry 44% 11% 
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Protein 

The power consumption affected the output of the protein content estimation ANN, which 

could be seen when the performance of the ANN dropped after the power, infrared and 

category information was deleted from the training data. The effect of the power consumption 

during the first heating phase could be made visible. The protein content output decreased 

with higher energy consumption (see Figure 82). This can be contributed to low thermal 

conductivity of the protein compared to the other components (see formula (13)). When the 

protein fraction decreases the other 3 components increase. This leads to a faster heat 

energy absorption of the food, since carbohydrates, fat and water have greater thermal 

conductivity than the proteins. 

Table 67: Input factor range of “Power phase 1” 

Input factor Minimum  Maximum  

Power phase 1 [Wh] 136,4 226,8 

 

Figure 82: Influence of "Power phase 1" onto combined food categories protein content 

estimation ANN output 
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Since the time of the heating phase was directly connected to the power consumption a 

similar effect could be seen from the time of the first heating phase onto the output of the 

ANN (see Figure 83). 

Table 68: Input factor range of “Time of heating phase 1” 

Input factor Minimum  Maximum  

Time of heating phase 1 [sec] 173,7 273,7 

 

Figure 83: Influence of "Time of heating phase 1" onto combined food categories protein 

content estimation ANN output 
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Rest 

The main portion of the remaining components was water. So it was understandable that the 

oxygen sensors information had an effect onto the ANNs output. The humidity over time of 

the second heating phase (see Figure 84) and the humidity difference of the first heating 

phase (see Figure 85) inputs showed that the estimated water and minerals part was 

increasing with increasing input values except for the lower input range of the humidity over 

time of the second heating phase. This could be attributed to the calzone pizzas that had 

higher water content but did not evaporate as much water during the baking. 

Table 69: Input factor range of “Humidity over time phase 2” 

Input factor Minimum  Maximum  

Humidity over time phase 2 [g/m³*s] -1806,7 14819,8 

 

Figure 84: Influence of "Humidity over time phase 2" onto combined food categories water 

and minerals content estimation ANN output 
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Table 70: Input factor range of “Humidity difference phase 1” 

Input factor Minimum  Maximum  

Humidity difference phase 1 -15,8 17,7 

 

 

Figure 85: Influence of "Humidity difference phase 1" onto combined food categories water 

and minerals content estimation ANN output 
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The base area information was also considered by the ANN in the way of decreasing the 

output value with increasing area (see Figure 86). This could be contributed to the fact that 

food with a larger area could evaporate more water than food with the same composition with 

lower base area. So the base area information was used to counteract the reaction onto the 

oxygen sensor information. 

Table 71: Input factor range of “Base area” 

Input factor Minimum  Maximum  

Base area [cm²] 50 1108 

 

Figure 86: Influence of "Base area" onto combined food categories water and minerals 

content estimation ANN output 
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4.6 Calculation of center temperature development during baking using 

ANN data  

To check the performance of the estimated data of the ANNs the center temperature 

development over time for five different cakes was calculated based on the information 

provided by the sensor system in the oven and the best performing ANNs trained with data 

from the combined food categories. This temperature profile was then compared to the 

profile calculated with the training data based on the composition to find out how much the 

difference between the training data and the estimated data from the ANNs were influencing 

the temperature calculation. 

The calculation of the center temperature was done with the asymptotic approximation for 

simple geometric bodies from Martin H. and M. Saberian (Martin, et al., 1992) and the 

prediction models for the thermal conductivity, specific heat capacity and density from Rizvi 

et al. (Rizvi, et al., 1995) (see 2.3). 

Since the cake batter was embedded with air during the mixing of the ingredients the 

prediction models were extended by the component air. The amount of air inside the cake 

was estimated at 40% for all five cakes because the standard cake recipe batter had a 

calculated density of 1119kg/m³ and a measured bulk density of approximately 700kg/m³. 

Since the cake rose during baking and could not be seen as a homogeneous mass the 

asymptotic approximation for simple geometric bodies could not be applied to the real baking 

process of the cake. For this purpose more complex temperature models for cakes exist that 

consider the heat and mass transfer that affects the temperature profile inside the cake 

(Sablani, et al., 1998). However for this intention the asymptotic approximation for simple 

geometric bodies should suffice to see the impact of the tolerance between the data provided 

by the recipe or the ANNs. 

Five cakes with different composition were chosen for the temperature calculation. Since the 

ANNs showed problems to reach the maximum values of the component range due to 

logistic function that was used as an activation function some of the chosen cakes had 

composition contents near the maximum value (see Table 72). The fat content for the cakes 

had to be calculated based on the remaining composition. 
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Table 72: Cakes for temperature calculation 

Carbohydrates  Fat Protein  Rest 

Cake 1 

  

Based on recipe 0,470 0,170 0,055 0,305 

Estimated by ANN 0,512 0,152 0,057 0,279 

Cake 2 

  

Based on recipe 0,195 0,200 0,046 0,559 

Estimated by ANN 0,204 0,216 0,062 0,518 

Cake 3 

  

Based on recipe 0,200 0,200 0,070 0,530 

Estimated by ANN 0,205 0,203 0,065 0,527 

Cake 4 

  

Based on recipe 0,200 0,570 0,027 0,230 

Estimated by ANN 0,21 0,477 0,057 0,256 

Cake 5 

  

Based on recipe 0,535 0,086 0,068 0,379 

Estimated by ANN 0,422 0,174 0,057 0,347 

 

Table 73 and Figure 87 show a good correlation between the calculated temperature based 

on the recipe and the calculation based on the ANN estimates. The highest difference 

between them was only 1,44K within the calculations for cake 5. The mean residuals were 

with all cakes below 1K and the highest standard deviation at 0,53K. Cake 5 showed high 

differences between the recipe based and ANN estimated carbohydrate and fat content. 

However these differences influenced the final temperature calculation by maximal 1,44K. 

This shows that the accuracy of the ANN estimation is sufficient to estimate a temperature as 

accurate as the standard 1 point meat probe method (see 4.1).  

Table 73: Calculated temperatures based on recipe vs. ANN estimation 

Cake 1 Cake 2 Cake 3 Cake 4 Cake 5 

Min residual [K] -0,45 -0,14 0,00 -0,62 0,00 

Max residual [K] 0,00 0,06 0,04 0,00 1,44 

Mean residual [K] -0,31 -0,04 0,02 -0,34 0,95 

Standard deviation [K] 0,16 0,07 0,01 0,23 0,53 
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Figure 87: Calculated temperature profile of cakes 
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During 3 cake tests the container was also equipped with a temperature sensor in the 

geometric middle to measure the actual temperature development in the cake. However 

since the cake batter rose until a minimum temperature of approximately 75°C was reached 

inside the cake only the recorded values from 75°C to 100°C suitable to compare the 

calculated to the measured data (see Figure 88). 

 

Figure 88: Calculated temperatures based on ANN vs. 1 point meat probe of cake 1 
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Figure 89: Calculated temperatures based on ANN vs. 1 point meat probe 

Table 74: Calculated temperatures based on ANN vs. 1 point meat probe 

Mean of residues [°C]  SD [°C] 

Cake 1 -1,1 1,6 

Cake 2 -6,6 0,4 

Cake 3 -0,8 1,9 

 

The calculated temperature developments of the cakes from 75°C to 100°C showed 

satisfactory results, except for cake 2 (see Figure 89 and Table 74). However the 

temperature deviance for cake 3 is nearly constant, leading to the assumption that the 

thermocouple was pushed away from the center of the cake when it rose and was not 

measuring the center spot of the cake. However the calculated temperatures using only the 

provided data from the oven sensor system and the best performing ANNs showed 

comparable results to the initial temperature modeling tests (see 4.1).  
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5 Conclusion 

5.1 Center temperature calculation of food in an oven  

The temperature behavior modeling tests with different food types showed promising results. 

The requirement to be as accurate as the standard 1 point meat probe which is currently 

provided with the normal household ovens was met and even surpassed. Compared to a 6 

point meat probe the temperature measured with the standard 1 point meat probe deviated 

on average 5K and the calculated temperature deviated on average only 2,3K. In the 

temperature range above 50°C, which is crucial for the estimation of the pasteurization 

effect, the calculated temperature deviated on average only 2,1K with an average standard 

deviation of 1,0K. These values suggest that the chosen method to monitor the temperature 

development inside the food is sufficient to control the cooking process. The calculated 

temperature can be used to estimate the pasteurization effect or estimation of required time 

to obtain the desired end temperature of the food to use the residual heat of the oven to save 

energy. 

The pasteurization tests with real microbiological contaminations of Staphylococcus aureus 

and Escherichia coli K12 showed similar results. Estimated thermal destruction of the 

Staphylococcus aureus bacteria were more accurate based on the calculated temperature 

than with the measured temperature of the 1 point probe. However the Escherichia coli 

embedded in the potato dough was not completely destroyed, although the desired end 

temperature was achieved in the tests that were monitored with the calculated temperature. 

Half of the 1 point meat probe monitored food did not reach the desired end temperature in 

the center of the food. 

Despite the not complete destruction of the bacteria in the tests food with Escherichia coli 

K12 the pasteurization function utilizing the calculated temperature performed acceptable. 

The end temperature range indicated by the omega labels was constant and always in the 

desired region. 

Regarding the results with the Escherichia coli K12 it was shown that this bacteria strain 

exhibits slightly higher temperature resistance than Salmonella enteritidis. The Escherichia 

coli K12 showed a 40% higher D-Value compared to Salmonella enteritidis in eggs (Jin, et 

al., 2008). 

Salmonella enteritidis displayed thermal resistance parameters of D65=0,92min and z-

value=12,98K in standard peptone saline solution which is comparable to the used Merck 

standard nutrient broth (Rustia, et al., 2005). Calculating the F-value of the tests containing 

the Escherichia coli K12 using the thermal resistance values of Salmonella enteritidis with a 
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40% higher D-Value showed F-values of 5 which means that the starting concentration of 106 

bacteria should be destroyed down to 10 cfu/ml, which are still 2 log cycles more than was 

achieved in the real tests. This could still be a result of an initial counting error during the 

verification of the start bacteria count or the thermal resistance of the used Escherichia coli 

K12 strain was even higher than reported. 

So for a pasteurization function with the calculated or even the 1 point meat probe a safety 

margin should be considered for the thermal resistance values provided. However the used 

model for the pasteurization function showed good potential and was considered as a 

possibility to model the thermal behavior of food in the oven. 

5.2 Sensor system 

The sensor system inside the oven was able to collect useful information about the food that 

was successfully utilized to train different ANNs for the classification of different kinds of 

pizzas and for the estimation of thermal conductivity and composition of different food stuffs. 

The information provided by each sensor was used by the ANNs to build good categorization 

or estimation models. No used sensor information could be removed from the training data of 

the good ANNs without decreasing the performance of more than one ANN. 

The oxygen sensor proved very useful as a valuable input source for the different ANNs. The 

information provided by the camera in some cases was needed to provide good results 

especially for the pizza classification but also had its restrictions that allowed an ANN to 

memorize some of the training data by an characteristic that stemmed from the boundaries of 

the camera system and not from the food itself. 

With the used methods no direct effect of the infrared distance sensors data on the individual 

ANNs could be seen and it mostly had no critical impact onto the output results after it was 

removed. Furthermore the height profile when it was combined with the camera information 

did not produce an accurate 3d model that could have been very useful as data source for 

the ANN training. However the preliminary tests for the center temperature calculation using 

only the characteristic length and width of the food showed very promising results, so the 

actual volume of the food was not necessarily needed to provide good results for the 

temperature calculation. 

The infrared temperature sensor was necessary for the categorization ANNs to differ 

between frozen and fresh food. However its removal from the training data of the 

composition estimation ANNs did not affect them greatly.  

The power measurement data and the scale data were also used by the ANNs to provide 

good results. Nevertheless the power that was taken up by the food during the heating up 
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phase was not crucial for the thermal conductivity and composition ANNs that provided the 

best results. But some ANNs showed in the input influence evaluation that the power data 

was used as expected by the ANNs to distinguish between different thermal conductivities 

respectively foods with different heat absorption rates. 

In conclusion the image analysis and shape measurement have to be improved to obtain 

more useful data for better model building by the ANNs. Better shape measurement could be 

achieved for example with a laser scanner based on a line laser and the already used 

camera. The improved 3d shape data could then be used to assist the image analysis since 

the general shape of the food is already provided by the laser scanner.  

5.3 Artificial neural net 

This work showed that artificial neural networks are very powerful building categorization and 

estimation models based on multiple data inputs. Even small ANNs could handle the large 

number of input data and find patterns to classify or predict certain food criteria. However 

careful attention has to be given to the design and evaluation of the ANNs. The different 

steps in which different ANNs were trained for different tasks with diverse sample sets 

demonstrated quite well the mistakes that can be done utilizing artificial neural networks. 

The fresh pizza categorization ANNs showed that when the training data set is too small or 

the number of hidden neurons to big the ANN tends to overfitting. If no third tests data set is 

used the overfitting of the net might not be detected by cross validation with the validation 

data set.  

Furthermore it could be seen that the ANNs trained with the cake data set also tended to 

overfitting. These ANNs were trained with a data set that contained 44 data samples. This 

showed that the rule of thumb from Masters (Masters, 1993) that suggested only a maximum 

of 4 hidden neurons for this sample set size seemed to be the most applicable of the rules of 

thumb for this case. 

The training procedure had also an influence onto the final results. In this work the training 

was stopped when a high correlation of the ANN results and the validation set was found. 

However this method led some times to a premature stop of the training. This probably 

happened when a new training cycle was started and the randomized training data was 

introduced to the ANN. Within the first training steps the newly set factors and thresholds 

produced an ANN output that resulted in a high correlation with the validation set but was not 

trained sufficiently to give a good result for the training data. But since the training results of 

the ANN where only measured on the validation data the ANN had not passed to enough 
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training cycles to learn the patterns of the training data and consequently only gave a good 

correlation with the validation data. 

It could also be seen that with more training data available better ANN results could be 

achieved. With complete data sets with less than 70 individual entries even small ANNs 

tended to overfitting. The ANNs that were trained with complete datasets with more than 120 

individual entries produced more useful models.  

5.4 Food classification 

The pizza classification done by the 3 individual ANNs showed promising results compared 

to the one ANN attempt. However dividing the complete pizza data set into the main 

categories decreased the amount of available training data for the ANNs that were trained to 

categorize the pizzas into their sub categories.  

With only 23 data sets for the fresh pizza sub categories even the 2 hidden neurons ANN 

showed signs of overfitting when certain sensor information was deleted from the data sets. 

The good result of the fresh pizza sub categories ANN could only be attributed to the simpler 

linear function that could also be used to categorize the fresh pizzas. 

The frozen pizza ANNs had problems differing between the frozen prebaked and not 

prebaked pizzas. The 8 hidden neurons ANN for frozen pizza classification was too large for 

the frozen pizza data set consisting only out of 32 individual entries. 

Nevertheless the 8 hidden neurons ANN that was trained to classify the pizzas into their 

main category worked quite well and showed that it should be possible to build a fully 

automatic oven that can choose the appropriate cooking function for the food based on the 

information measured automatically with a multi sensor system and evaluated by an ANN.  

5.5 Estimation of food thermal conductivity and composition 

The ANNs that were trained to estimate the thermal conductivity and the composition of the 

different food showed mixed results. The ANNs with a higher number of test data sets for the 

training were more likely to learn the pattern inside the data to give a good estimation of the 

thermal conductivity or a certain part of the main composition. 

The cake composition ANNs were prone to overfitting which could be attributed to the low 

number of test samples. Only the water content estimation ANNs with 8 to 4 hidden neurons 

were able to find a suitable pattern from the limited data base. The ANNs for the pizza 

composition estimation showed no direct sign of overfitting. But only the ANNs for the 

carbohydrate content showed good results. 
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By combining all the data sets of the different food categories the available training data for 

the ANNs increased and resulted in more successfully trained nets. Nearly all components of 

the combined food categories could be estimated by the ANNs with an acceptable accuracy 

except the fat content. This information of the composition and the thermal conductivity of the 

food combined with the additional attributes of the food that were also obtained sufficed to 

calculate the temperature profile in the food comparable to the information that can be 

provided based on the recipe.  

Table 75: Results of good estimation ANNs 

Food category 
Estimated 

component 

R² total 

sample set 

Mean of 

residues 
SD of residues 

Cake Water 0,9656 -0,00069 0,013 

Pizza Carbohydrates 0,8533 0,00098 0,013 

Combined food 

categories 

Thermal 

conductivity 

[W/(m*K)] 

0,9249 2,21E-05 0,015 

Carbohydrates 0,9271 0,00084 0,034 

Protein 0,8173 -0,00018 0,011 

Water + 

minerals 
0,9242 -0,00074 0,039 

 

5.6 Calculation of food temperature from estimated composition 

There was no critical difference between the calculated center temperature from the data 

based on the literature values of the food and the estimated values from the ANNs. The 

calculated temperature values based on the ANN data deviated maximally only 1,44K and 

showed mean residuals lower than 1K. So the calculated temperature based on the 

composition data estimated by the ANNs was in the same accuracy range as the standard  

1 point meat probe.  

The center temperature calculation based on data acquired with the sensor system in the 

oven showed also very promising results. The calculated values were comparable to the one 

point meat probe. Furthermore it was shown that the calculated temperature can have an 

advantage over the one point meat probe in measuring respectively calculating the 

temperature of rising food.  

In the cake tests the meat probe was fixed to the baking container in the height of the center 

of the final cake. So the recorded temperature of the meat probe showed only after 2/3 of the 
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total baking time the actual center temperature of the cakes. With the calculated temperature 

and the actual height information of the cake that can be measured during the baking with 

the infrared distance sensor the center temperature can be estimated over the whole baking 

process. 

5.7 Concluding remark 

The complete sensor system with the use of ANNs for food classification and composition 

estimation for the thermal behavior modeling showed a great potential. The used sensors 

except for the infrared temperature sensor are already widely used in the automotive or 

multimedia industries. All sensors and I/O hardware could be fitted into a normal household 

oven. Some currently available high end household appliances provide sufficient 

computational power to perform the needed data collection and modeling of the temperature 

behavior of the food. So a real automatic oven should be possible. This oven could be able 

to detect the type of the food, choose the according baking temperatures and time, judge the 

potential thread of a contamination with bacteria and its kind, monitor the calculated 

temperature of the food until the food has reached a save temperature and stop the heating 

ahead of time to optimally use the residual heat and save energy.  

The system could be used furthermore not only in the household. Every closed heating 

system that is loaded with only one type of food can utilize this system. Professional ovens 

that are used to prepare multiple pieces of food could even monitor the temperature 

development for different sized pieces of food, if the different pieces were captured 

individually (e.g. with a laser scanner) and the temperature calculation is conducted for each 

individual piece.  
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6 Summary 

Thermal processing of foods influences their quality and health values. Too long heating of 

food can destroy vitamins and nutrients but too little heating can cause survival of foodborne 

pathogens or lower the digestibility. So to achieve the optimal quality of the food the thermal 

processing has to be controlled depending on the food type. Since the food that is prepared 

in a household oven is mainly not directly supervised by the user the household oven is a 

good basis for an automatic thermal device that can control the thermal processing of food to 

achieve optimal parameters. To be able to optimally control the heating process the kind of 

food and temperature inside the food during the process have to be known.  

The aim of the work presented was the development of an automatic household oven that 

was able to recognize the type of food and estimate the temperature inside it during the 

baking process.  

To verify the application of the calculated food temperature for automatic cooking and 

pasteurization control the method was tested initially with different types of food. The values 

needed for the temperature calculation were initially acquired by manual measurement or 

literature. The calculated temperature of the food was compared to a reference temperature 

measured with a multipoint temperature probe during the heating process and the 

pasteurization control abilities were tested using food with defined contamination of 

Escherichia coli respectively Staphylococcus aureus. The chosen method showed better 

results than the currently available standard one point meat probe and was selected for the 

further development of the automatic oven. 

To model the temperature distribution in food the following variables have to be known.  

• Initial temperature of food – Ti  

• Surrounding temperature of food - T∞ 

• Thermal diffusivity of food – α 

• Time of the heating process - t 

• Characteristic length of food – L 

• Heat transfer coefficient - h  

• Surface area of food - A 

• Volume of food - V 

To automatically gather the required data for the temperature calculation inside the food 

different sensors were chosen and built into a standard household oven. A movable sensor 

carrier was put into the cooling channel of the oven to harbor the temperature unstable 

optical sensors. An infrared thermometer to measure the surface temperature of the food, an 
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infrared distance sensor to acquire a height profile of the food and a CMOS camera that 

provided a picture of the cavity for further image analysis were mounted on the carrier. 

Temperature sensors inside and outside the oven cavity were providing the cavity and 

ambient temperature. A scale to determine the weight of the food and container inside the 

oven was situated under the oven and a λ-probe (oxygen sensor) was built into the oven 

cavity to measure the oxygen content inside the oven and indirectly calculate the humidity of 

the air. A current and voltage sensor to measure the power consumption of the whole oven 

during operation was put between the electric connection of the oven and the power plug to 

measure the power that was taken up by the food during a defined heating cycle to get an 

indirect measure of the thermal diffusivity of the food. 

A program was developed in LabVIEW to gather the signals provided by the different 

sensors and evaluate them. The software was furthermore capable to control the oven. The 

program was able to analyze the image provided by the CMOS camera extracting the length, 

width, base area and number of objects of the picture. Furthermore a 3d model of the image 

information combined with the height profile of the food could be created. However the 

accuracy of the generated 3d models was only ±20% and thus the surface area information 

was not used for further evaluation. 

The data gathered during the heat up phase of the oven from different foods was used to 

train several artificial neural networks to categorize the different foods into their 

corresponding food category for an automatic preparation. For the categorization tests 

different pizzas that were categorized into 8 categories were prepared in the oven with the 

sensor system and different artificial neural networks were trained with the gathered data to 

categorize the pizzas automatically. A combination of three ANNs with a combined number 

of 16 hidden neurons was able to categorize 71 pizzas wherein 22 where unknown to the 

ANNs with only 2 mistakes.  

To estimate the thermal diffusivity of the food, which depended on the composition, several 

artificial neural networks were trained to estimate the individual composition components 

(carbohydrate, fat, protein, water) and the thermal conductivity of the food. The ANNs were 

also trained with the data of different foods gathered during the heat up of the oven. Except 

for the fat component of the food all components could be estimated by different ANNs with a 

maximum number of 8 hidden neurons with the highest standard deviation of 3,8% (Mean of 

residues < 0,1%). Using these ANNs estimations to calculate the thermal diffusivity of the 

food and applying it to the center temperature calculation resulted in a maximum deviation of 

1,4K compared to the data used for training the ANNs. 
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The performed work shows that a fully automated household oven that can categorize the 

food and calculate the center temperature of the food is possible by using several sensors to 

gather directly measurable data and ANNs for categorization and component estimation of 

the food.  
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7 Zusammenfassung 

Die thermische Verarbeitung von Lebensmitteln beeinflusst maßgeblich deren Qualität und 

ernährungsphysiologischen Eigenschaften. Durch das Erhitzen der Lebensmittel werden 

verschiedene gewünschte beziehungsweise unerwünschte Veränderungen erreicht. Die 

mikrobiologische Sicherheit, die Haltbarkeit und Verdaubarkeit können erhöht werden. 

Jedoch zerstört zu langes oder starkes Erhitzen Vitamine und Nährstoffe. Die Temperatur- 

und Zeit-Parameter bei denen diese Effekte auftreten sind von Lebensmittel zu Lebensmittel 

verschieden. Somit muss die Temperatur und deren Einwirkzeit während der thermische 

Verarbeitung in Abhängigkeit vom Lebensmittel überwacht und kontrolliert werden, um die 

optimale Qualität der Nahrungsmittel zu erhalten.  

Im Haushalt ist die Überwachung der Temperatur innerhalb und außerhalb des 

Lebensmittels sehr schwierig. Zudem ist das Wissen über optimale 

Temperatur/Zeitparameter für die verschiedenen Speisen unzureichend. Besonders 

Gerichte, die im Haushaltsbackofen zubereitet werden, erfahren wenig Beachtung während 

des Backens. Somit bietet sich der Haushaltsbackofen an eine automatische Kontrolle für die 

thermische Verarbeitung von Lebensmitteln zu realisieren, um bestmögliche 

Qualitätsparameter zu erreichen. Die optimale Steuerung der thermischen Zubereitung im 

Backofen ist maßgeblich abhängig von der Art des Lebensmittels und der äußeren und 

inneren Temperatureinwirkung während des Garvorgangs. 

Das Ziel der Arbeiten war die Entwicklung eines automatischen Haushaltsbackofens, der in 

der Lage ist, die Art des Lebensmittels zu erkennen und die Temperatur im Inneren des 

Lebensmittels während des Backens zu errechnen. Die Verwendbarkeit der errechneten 

Temperatur innerhalb der Lebensmittel zur automatischen Gar- und 

Pasteurisierungsüberwachung wurde mit verschiedenen Arten von Speisen getestet. Die 

hierzu erforderlichen Werte für die Berechnung der Temperatur innerhalb der Lebensmittel 

basierten zunächst auf manuellen Messungen oder auf Literaturwerten. Ein Mehrpunkt-

Temperatur-Einstechfühler mit sechs Messpunkten lieferte die Referenztemperatur zur 

Ermittlung der Genauigkeit der errechneten Temperaturen. Die Überprüfung der 

Pasteurisierungskontrolle geschah durch das Zubereiten von Lebensmitteln mit einer 

definierten Belastung von Escherichia coli und Staphylococcus aureus, bei denen die 

tatsächliche Reduktion der Keimbelastung mit der auf den errechneten oder gemessenen 

Temperaturen basierenden Abtötungsrate verglichen wurde. 

Die verwendete Methode zur Berechnung der Temperatur im Lebensmittel zeigte bessere 

Ergebnisse als die derzeit verfügbare Einpunkt-Temperatur-Sonde und wurde für die weitere 

Entwicklung des automatischen Backofens ausgewählt. 
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Um die Temperaturverteilung in einem Lebensmittel zu berechnen, müssen folgende 

Variablen bekannt sein. 

• Anfangstemperatur des Lebensmittels – Ti  

• Umgebungstemperatur des Lebensmittels - T∞ 

• Temperaturleitfähigkeit des Lebensmittels – α 

• Zeit des thermischen Prozesses - t 

• Charakteristische Länge des Lebensmittels – L 

• Wärmeübergangskoeffizient - h  

• Oberfläche des Lebensmittels - A 

• Volumen des Lebensmittels - V 

Die für die Temperaturberechnung benötigten Variablen sollten möglichst automatisch 

erfasst werden. Zusätzliche in den in den Haushaltsofen verbaute Sensoren lieferten die 

notwendigen Daten für die Berechnung der Temperatur im Inneren der Lebensmittel. Ein 

beweglicher Sensorschlitten, der die temperaturempfindlichen optischen Sensoren aufnahm, 

wurde in den Kühlkanal des Ofens gebaut. Der Sensorschlitten beherbergte ein 

Infrarotthermometer, um die Oberflächentemperatur des Nahrungsmittels zu messen, ein 

Infrarot-Abstandssensor zur Ermittlung des Höhenprofils des Lebensmittels und eine CMOS-

Kamera, die das Bild des Backraums aufnimmt. Temperatursensoren befanden sich 

innerhalb und außerhalb des Backraumes und ermittelten die Temperaturen im Ofen und der 

Umgebung.  

Eine Waage unterhalb des Backofens erfasste das Gewicht der Lebensmittel und der 

Behälter im Inneren des Ofens. Mit Hilfe einer λ-Sonde (Sauerstoffsensors) im Backraum ließ 

sich der Sauerstoffgehalt im Inneren des Ofens messen und so indirekt die Feuchtigkeit der 

Luft während des Backens ermitteln. Ein Strom- und Spannungs-Sensor ermöglichte die 

Messung der Energiemenge, die die Nahrung während eines definierten Heizzyklus 

aufgenommen hatte. 

Ein Programm zur Aufnahme und Auswertung der Signale der verschiedenen Sensoren 

wurde in LabVIEW entwickelt. Daneben steuerte die Software den normalen Betrieb des 

Ofens. Das Programm war zudem in der Lage automatisch die Länge, Breite, Grundfläche 

und die Anzahl der Objekte aus dem Bild der CMOS-Kamera zu extrahieren und ein 3D-

Modell des Lebensmittels aus den Bildinformationen in Kombination mit dem Höhenprofil zu 

erstellen. Die Genauigkeit der generierten 3D-Modelle erreichte jedoch nur ± 20% und wurde 

deshalb nicht für die weitere Auswertung verwendet. 
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Mit Hilfe des Programms konnten die Sensordaten von verschiedenen Lebensmittel-Tests 

über eine definierte Aufheizphase bis zum Ende des Garvorgangs gesammelt werden. 

Die während der Aufheizphase aufgenommen Datensätze ermöglichten das Training 

mehrerer künstlicher neuronaler Netze, die die verschiedenen Lebensmittel in die 

entsprechenden Kategorien einordnen sollten, um so das optimale Backprogram 

auszuwählen. Das Training der Kategorisierungs-KNN geschah mit Hilfe von Datensätzen 

verschiedener Arten von Pizza, die in 8 Kategorien unterteilt waren. Eine Kombination von 

drei KNN mit einer gesamt Anzahl von 16 versteckten Neuronen konnte 71 Pizzen mit 2 

Fehlern kategorisieren, wobei 22 Pizzen den KNNs unbekannt waren. 

 

Zur Abschätzung der thermische Diffusivität der Nahrung, die von der Zusammensetzung 

abhängt, wurden mehrere künstliche neuronale Netze trainiert, die die einzelnen 

Komponenten (Kohlenhydrate, Fett, Protein, Wasser) und die thermische Leitfähigkeit des 

Lebensmittels prognostizieren. Mit Ausnahme des Fettanteils der Lebensmittels konnten alle 

Komponenten durch verschiedene KNNs mit einem Maximum von 8 versteckten Neuronen 

mit einer Standardabweichung von maximal 3,8% (Mittelwert der Residuen <0,1%) geschätzt 

werden. 

Unter Verwendung der KNN-Ergebnisse wurde die thermische Diffusivität des Lebensmittels 

ermittelt und auf Basis dieser der Kerntemperaturverlauf von verschiedenen Lebensmitteln 

berechnet. Die auf Grundlage der KNN Werte berechneten Kerntemperaturen ergaben 

lediglich eine maximale Abweichung von 1,4 K im Vergleich zu den berechneten 

Temperaturen auf Basis von Literaturwerten. 

Die durchgeführte Arbeit zeigt, dass ein vollautomatischer Haushaltsbackofen, der die 

Lebensmittel kategorisieren und die Temperatur innerhalb dieser während des Garvorgangs 

abschätzen kann, möglich ist. Dies ermöglichte der Einsatz mehrerer Sensoren zur direkten 

beziehungsweise indirekten Messung der äußeren Eigenschaften der Lebensmittel sowie 

KNNs für die Kategorisierung und Abschätzung der Lebensmittelzusammensetzung.  
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I Center temperature calculation tests 

a Dimensions and weight of food for center temperature calculation tests 

Food Weight [g] Length [mm] Width [mm] Height [mm] 

Potato dough 1 1003 180 100 62 

Potato dough 2 1000 145 110 64 

Potato dough 3 1000 140 105 65 

Potato dough 4 1008 140 110 67 

Potato dough 5 1010 150 100 68 

Potato dough 6 1000 140 110 65 

Potato dough 7 1000 140 110 64 

Potato dough 8 2000 210 130 80 

Pork roast 1 981 160 130 60 

Pork roast 2 2214 220 160 75 

Pork roast 3 997 160 150 68 

Roast beef 1 830 200 100 53 

Roast beef 2 1080 200 100 64 

Roast beef 3 1725 170 170 60 
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b Graphs calculated temperature vs. 1 point temperature probe 

Calculated temperature vs. 1 point probe potato dough 2 

 

Calculated temperature vs. 1 point probe potato dough 3 
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Calculated temperature vs. 1 point probe potato dough 4 

 

Calculated temperature vs. 1 point probe potato dough 5 
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Calculated temperature vs. 1 point probe potato dough 6 

 

Calculated temperature vs. 1 point probe potato dough 7 
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Calculated temperature vs. 1 point probe potato dough 8 

 

Calculated temperature vs. 1 point probe pork roast 2 
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Calculated temperature vs. 1 point probe roast beef 2 

 

Calculated temperature vs. 1 point probe roast beef 3 
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II Legend for flow diagrams 

 

Ovals: Start and end symbols 

 

Arrows: showing “flow of 

control” 

 

Rectangle with double lines: 

Subprogram or subroutine 

 

Rectangle: Operations or 

processing steps 

 

Diamond: Conditional or 

decision. These typically 

contain a Yes/No question or 

True/False test 

 

Parallelogram: Input and 

Output 

 

 

III Comparison of the different lighting situations in the oven  

Initially different lighting-conditions for the image acquisition were tested. For the lighting of 

the cavity 4 different light sources were provided in the oven. The 4 different light sources 

were: 

• Normal oven lamp 40w (Phillips XK5) positioned in the upper right corner of the oven 

• Normal oven lamp 25w (Phillips XD6) positioned in the left sidewall of the oven 

• 3W Seoul Z-LED P4 (dimmed to approx. 1W [100lm] ) white led with 125° wave 

angle, positioned on the sensor carrier at top of the cavity 

• Normal daylight  

These 4 different light sources were tested for the image acquisition in different 

combinations. The results can be seen in the following table: 
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Light sources Image Light sources Image 

Upper right cavity 

 

Top led 

 

Sidewall 

 

Top led + daylight 

 

Upper right + 

sidewall 

 

Upper right + 

sidewall + led 

 

Sidewall + led 

 

Upper right + led 

 

Sidewall + led + 

daylight 

 

Note: The led-lighting in this test was partially 

blocked from a part of the upper cavity, which 

created a shadow in the upper part of the picture 

(door side). This part of the upper cavity was 

removed afterwards therefore the shadow should 

not appear in further images. 

 

  



x 
 
 
IV Recipes 

a Cake 

Flatcake 

Ingredients  

Flour 500g 

Margarine 250g 

Sugar 250g 

Eggs 3 

Milk (3,5% fat) 300g 

Baking powder 17g 

Salt 1 pinch 

Mix the baking powder with about 50 g of flour. Cut the margarine into pieces. Mix the remaining 

flour, the margarine and the sugar until there are flakes. Then add the milk and the eggs at once. 

Add the baking powder flour mixture.  

 

b Pizza 

Homemade pizza 

Ingredients  

Dough  

Yeast (fresh) 30g 

Lukewarm water 200g 

Flour 330g 

Salt ½ tsp. 

Oil 2 tbsp. 

Topping  

Readymade pizza topping (Oro di Parma) 200g 

Ham slices cut in pieces (1x1cm) 300g 

Grated mozzarella cheese 200g 

Put yeast, salt oil, and water in a bowl and mix it on the highest speed till the yeast is dissolved. 

Add the flour. Go on highest speed until the dough looks ok. Add more flour if needed. Take the 

dough out of the bowl and put it for rising in a bowl for 30 minutes. Roll the dough in the size of 

the whole tray with a height of ½ cm. Add the pizza topping to the dough. Spread out the ham 

pieces and then the mozzarella on the dough. 
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Calzone 

Ingredients  

Dough  

Yeast (fresh) 30g 

Lukewarm water 200g 

Flour 330g 

Salt ½ tsp. 

Oil 2 tbsp. 

Filling  

Readymade pizza topping (Oro di Parma) 200g 

Ham slices cut in pieces (1x1cm) 200g 

Paprika 200g 

White mushrooms 200g 

Salami slices cut in pieces (1x1cm) 200g 

Grated mozzarella cheese 200g 

Put yeast, salt oil, and water in a bowl and mix it on the highest speed till the yeast is dissolved. 

Add the flour. Go on highest speed until the dough looks ok. Add more flour if needed. Take the 

dough out of the bowl and put it for rising in a bowl for 30 minutes. Roll the dough double the size 

of the desired calzone size with a height of ½ cm. 

 

Mix filling ingredients together and put onto one half of dough. Fold dough together and compress 

edges. 
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c Pastry 

Danish yeast buns 

Ingredients  

Flour 1000g 

Margarine 80g 

Yeast (fresh) 50g 

Milk (3,5% fat) 700g 

Salt 10g 

1. Melt margarine in a pot, add milk and control the heat that the milk heats up to +37 °C 

2. Crumble yeast into bowl  

3. Add all other ingredients, and when all ingredients are well mixed, knead the dough for 5 

minutes on highest speed 

4. Cover the dough and let it rise for about 30 minutes (dough should double its size) at room 

temperature, ca 22°C 

5. Knead the dough slightly with hands to remove air bubbles 

6. Divide dough into desired number of pieces (49 g ± 1 g each) 

7. Shape into round buns (manually or automatically)  

8. Allow the buns to rise for 30 min in an oven with the oven lamp on at room temperature, ca 

22°C 

Swedish yeast buns 

Ingredients  

Flour 850g 

Sugar 85g 

Margarine 100g 

Yeast (fresh) 50g 

Milk (3,5% fat) 500ml 

Salt 2,5g 

1. Melt margarine in a pot, add milk and control the heat that the milk heats up to +37 °C 

2. Crumble yeast into bowl  

3. Add all other ingredients, and when all ingredients are well mixed, knead the dough for 5 

minutes on highest speed 

4. Cover the dough and let it rise for about 30 minutes (dough should double its size) at room 

temperature, ca 22°C 

5. Knead the dough slightly with hands to remove air bubbles 

6. Divide dough into desired number of pieces (49 g ± 1 g each) 

7. Shape into round buns (manually or automatically)  

8. Allow the buns to rise for 30 min in an oven with the oven lamp on at room temperature, ca 

22°C 
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Brioche 

Ingredients  

Flour 1000g 

Sugar 100g 

Butter 500g 

Yeast (fresh) 50g 

Eggs 660g 

Add flour, salt, sugar, yeast, and eggs into a bowl and knead for 4 - 5 minutes. Start at slow 

speed and get to high speed at the end. Then add the butter (small piece (around 25 g) by piece) 

at medium power. When homogenous knead for 15 - 20 minutes at maximum power with the 

kitchen machine. After 8 minutes of kneading remove the dough from the edges of the bowl and 

add one table spoon of flour, possibly repeat this for one or a few times, depending on the 

consistency, continue to knead to reach the total kneading time of 15 - 20 minutes. The pastry is 

ready when it does not stick to the bowl. The dough should be quite soft but not sticky to fingers. 

Place the dough into the bowl and turn it into 1 table spoon of flour. 

Store the dough, cover tightly with foil, into the fridge for at least 12 hours. The next day: Pre-heat 

an oven (not the one to be tested) to 60 °C. Remove the dough from the bowl and knead shortly 

by hand with some flour. Take 40 - 45 g of dough per brioche and form the to a round shape like 

buns use a space of around 8 x 8 cm per brioche on the tray. 

Cover the brioche on the tray with a towel and place it into the pre-heated oven – leave the door a 

little open! Leave the dough 30 - 40 minutes for rising 

Petits choux 

Ingredients  

Water 500g 

Flour 380g 

Sugar 5g 

Salt 10g 

Butter 250g 

Yeast (fresh) 50g 

Eggs 600g 

Boil up together the water, butter, salt and sugar. Then remove the pan from the hotplate, add 

slowly the flour and beat well with a spatula. Place on the hotplate and cook for a short time 

(around 10 sec) until the dough doesn't stick to the sides. The dough must not be cooked.  

Leave to cool down in mixing bowl for approximately 5 to 10 minutes then add eggs gradually 

beating continuously with a kitchen machine at slow speed. Remove the dough from the bowl 

edges after 4 eggs are added. The mixture should be of soft piping consistency (like custard 

pudding), which will hold its shape. Sometimes the last egg is not necessary. 

Place the puffs (30 g +/- 1 g) on the tray with an icing bag (round opening of 1.4 cm), place them 

with a distance of 3 - 4 cm 
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Scones 

Ingredients  

Milk (3,5% fat) 340g 

Flour 680g 

Sugar 42g 

Salt pinch 

Margarine 170g 

Baking powder 21g 

Sift together the flour, the raising agent and the salt. Thoroughly rub the margarine into the sifted 

ingredients until the mixture resembles fine breadcrumbs. Add the sugar and mix thoroughly to a 

firm dough with the milk. Turn the dough onto a floured board; handle as little s possible and 

avoid over-kneading. Roll out, using as little flour as possible, to 12,5 mm thickness. Cur 

according to requirements using a 50 mm diameter, plain circular cutter. Do not use the outer 

edge of the dough; leave 3 mm between cut and do not re-roll the dough. The weight of dough 

left over is to be within the limits of 425g to 482 g. 

 

Small cakes 

Ingredients  

Butter, with fat content of 80% to 90% 340 g ± 0,5 g 

White sugar, fine (grain size 0.1 - 0.35 mm) 340 g ± 0,5 g 

Fresh egg mixture 300 g ± 1 g 

Wheat flour without raising agent, unbleached 

Type 405 

450 g ± 1 g 

Baking powder 15 g ± 0,5 g 

Salt 6 g ± 0,1g 

All ingredients shall be at ambient temperature before starting. Beat together butter and sugar in 

a food mixer until it becomes soft and pale in color so that all the sugar is incorporated into the 

mix. Gradually add the egg mixture. Sift the flour, baking powder and salt together and gently fold 

into the mixture; loosen the mixture as required from the edge of the bowl to ensure that the 

mixture is homogeneous. The temperature of the mixture shall be 23 °C ± 2 °C directly after 

mixing 
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Specier 

Ingredients  

Flour 400g 

Icing sugar 100g 

Margarine 300g 

Put the soft margarine, the flour and the castor sugar in a bowl and stir the ingredients with a 

hand mixer or food processor. Form the dough to a roll with a diameter of 45 to 50mm. Let the 

dough rest for 24 hours in the fridge. Cut the roll in slices with a thickness of 5mm and distribute 

the small cakes evenly on the tray 

 

V Nutritional information pizzas 

a Fresh pizza 

Number Type Manufacturer Carbohydrates Fat Protein Rest 

Fresh pizza thick 

1 Elsässer Flammkuchen 

Duc De Coeur 

(Lidl) 22% 14% 5% 63% 

2 

Homemade Pizza thick 

ham Home made 18% 7% 12% 75% 

3 

Pizza thick ham (Knack 

und Back) Knack & Back 18% 7% 14% 76% 

2 

Deep dish pizza 

carnivores delight Home made 22% 14% 12% 63% 

Fresh pizza thin 

3 

Homemade Pizza thin 

margherita Home made 24% 9% 10% 67% 

2 

Pizza thin margherita 

(Aldi Cucina) Aldi Cucina 22% 9% 14% 69% 

3 

Pizza thin margherita 

(Knack und Back) Knack & Back 24% 9% 13% 68% 

Fresh pizza calzone 

1 

Homemade calzone 

speciale large Home made 19% 10% 9% 71% 

4 

Homemade calzone 

speciale medium Home made 19% 10% 9% 71% 

2 

Homemade calzone 

speciale small Home made 19% 10% 9% 71% 
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b Frozen pizza 

Number Type Manufacturer Carbohydrates Fat Protein Rest 

Frozen pizza prebaked 

3 

Big Pizza Texas 

Peperoni-Salami Wagner 30% 12% 10% 57% 

3 Edelsalami 

Freiberger 

Lebensmittel 

GmbH &Co 25% 11% 9% 64% 

2 

 Flammkuchen Wagner 22% 14% 7% 64% 

1 

Pizza Ciabatone 

Calabrese Salame Dr. Oetker 25% 13% 10% 62% 

1 Salami Wagner 25% 12% 11% 63% 

1 

Steinofen Familien Pizza 

Salami Speciale Riggano (Aldi) 28% 9% 10% 63% 

1 

Steinofen Familien Pizza 

Speziale Riggano (Aldi) 28% 9% 10% 63% 

1 

Steinofen Familien Pizza 

Vegetarisch Riggano (Aldi) 28% 5% 7% 67% 

1 Steinofen Pizza Speziale Riggano (Aldi) 24% 9% 10% 68% 

2 Steinofen Spinat Riggano 23% 9% 8% 67% 

Frozen pizza not prebaked 

2 

Die Pizza Frische 

Peperoni Salami Riggano 26% 11% 12% 63% 

2 

Flammkuchen Elsässer 

Art Maitre Pierre 25% 9% 6% 66% 

1 Ofenfrische Diavolo Dr. Oetker 28% 7% 8% 66% 

1 

Ofenfrische Peperoni 3 

Käse Dr. Oetker 28% 7% 9% 65% 

3 Ofenfrische Salami Dr. Oetker 28% 8% 9% 63% 

1 Ofenfrische Speciale Dr. Oetker 26% 7% 9% 67% 

Frozen prebaked calzone 

5 

Ristorante Pizza Calzone 

Speciale Dr. Oetker 22% 14% 11% 64% 
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c Chilled pizza 

Number Type Manufacturer Carbohydrates Fat Protein Rest 

Chilled parbaked pizza 

2 Pizza Salami Girone 21% 10% 10% 69% 

2 Flammkuchen mit Speck 

Toutes de 

Saveur de 

l´Alsace 25% 11% 8% 65% 

1 Prima Pizza Salami Girone 21% 10% 10% 69% 

2 

Tatoria Alfredo Pizza 

Salami (Chilled) Girone 24% 11% 12% 65% 

 

d Pizza snack 

Number Type Manufacturer Carbohydrates Fat Protein Rest 

Pizza snack 

1 

Crostini Rauchschinken 

und Porree Riggano 27% 11% 9% 62% 

1 Baguette Salami Kclassic 27% 11% 9% 62% 

3 Bistro Baguette Salami Dr. Oetker 28% 10% 7% 62% 

1 Mini Pizza Salami Galileo 27% 8% 10% 65% 

1 Piccolinis Salami Wagner 27% 11% 10% 62% 

2 Pizzies Salami Wagner 23% 11% 11% 67% 

 

VI Evaluation of ANN 

a ANNs for all pizza categories (Main + subcategories) 

2x4 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9691 0,9887 0,9229 0,8346 

RMSE 0,3936 0,2335 0,6860 0,9291 

MAE 0,1268 0,0545 0,3529 0,4530 

SE 0,0474 0,0321 0,1768 0,0610 

Mistakes 8 3 5 77 
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2x3 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9415 0,9717 0,8516 0,7573 

RMSE 0,5311 0,3682 0,8584 1,1113 

MAE 0,2564 0,1356 0,6316 0,6368 

SE 0,0609 0,0488 0,2079 0,0730 

Mistakes 19 8 11 98 

 

2x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9106 0,9223 0,8762 0,7939 

RMSE 0,6504 0,6106 0,7609 1,0021 

MAE 0,3718 0,3390 0,4737 0,6197 

SE 0,0746 0,0809 0,1843 0,0658 

Mistakes 27 19 8 112 

 

1x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9255 0,9334 0,9038 0,8565 

RMSE 0,5991 0,5675 0,6882 0,8448 

MAE 0,2821 0,2542 0,3684 0,4744 

SE 0,0687 0,0752 0,1667 0,0555 

Mistakes 19 13 6 87 

 

b ANNs for main pizza categories 

2x4 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,9210 

RMSE 0 0 0 0,2774 

MAE 0 0 0 0,0769 

SE 0 0 0 0,0182 

Mistakes 0 0 0 18 
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2x3 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,8010 

RMSE 0 0 0 0,4434 

MAE 0 0 0 0,1453 

SE 0 0 0 0,0291 

Mistakes 0 0 0 28 

 

2x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9861 0,9799 1 0,7630 

RMSE 0,1132 0,1336 0 0,4979 

MAE 0,0128 0,0179 0 0,1709 

SE 0,0130 0,0182 0 0,0327 

Mistakes 1 1 0 31 

 

1x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9439 0,9804 0,8716 0,8760 

RMSE 0,2265 0,1336 0,3693 0,3397 

MAE 0,0513 0,0179 0,1364 0,1154 

SE 0,0260 0,0182 0,0825 0,0223 

Mistakes 4 1 3 27 

 

c ANNs for fresh pizza sub-categories 

2x4 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,7243 

RMSE 0 0 0 0,4237 

MAE 0 0 0 0,1795 

SE 0 0 0 0,0486 

Mistakes 0 0 0 14 
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2x3 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,7867 

RMSE 0 0 0 0,3755 

MAE 0 0 0 0,0897 

SE 0 0 0 0,0431 

Mistakes 0 0 0 5 

 

2x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,8928 

RMSE 0 0 0 0,2532 

MAE 0 0 0 0,0385 

SE 0 0 0 0,0290 

Mistakes 0 0 0 2 

 

2x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,9780 

RMSE 0 0 0 0,1132 

MAE 0 0 0 0,0128 

SE 0 0 0 0,0130 

Mistakes 0 0 0 1 

 

d ANNs for frozen pizza sub-categories 

2x4 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 1 1 1 0,6458 

RMSE 0 0 0 0,4749 

MAE 0 0 0 0,2059 

SE 0 0 0 0,0475 

Mistakes 0 0 0 20 
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2x3 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,8921 0,9221 0,8533 0,8095 

RMSE 0,2425 0,2000 0,3333 0,3284 

MAE 0,0588 0,0400 0,1111 0,1078 

SE 0,0429 0,0417 0,1250 0,0328 

Mistakes 2 1 1 11 

 

2x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,7575 0,7412 0,8533 0,7074 

RMSE 0,3835 0,4000 0,3333 0,4316 

MAE 0,1471 0,1600 0,1111 0,1863 

SE 0,0678 0,0833 0,1250 0,0432 

Mistakes 5 4 1 19 

 

1x2 hidden neurons 

 

Total sample set Training set Validation set 3% Noise set 

R² 0,9472 1,0000 0,8601 0,7063 

RMSE 0,1715 0 0,3333 0,4082 

MAE 0,0294 0 0,1111 0,1667 

SE 0,0303 0 0,1250 0,0408 

Mistakes 1 0 1 17 
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VII Coefficients of multiple linear regression  

a Pizza classification –  

i disregarding confidence interval  

Input values All pizzas 
Main pizza 

category 
Fresh pizza Frozen 

Start temperature - oven [°C] -7,88E-02 -5,46E-04 -3,89E-02 -7,68E-03 

Start temperature - cooling channel [°C] 4,04E-02 3,50E-02 -2,57E-02 -4,48E-03 

Time - phase 1 [sec] -3,83E-02 -1,12E-02 1,12E-02 -8,93E-03 

Time - phase 2 [sec] -4,57E-03 -1,12E-03 -2,08E-03 -1,28E-03 

Power - phase 1 [Wh] 3,37E-03 -2,13E-03 3,42E-04 -6,55E-03 

Power - phase 2 [Wh] -2,84E-03 -9,15E-04 -7,83E-03 -2,91E-03 

Start temperature - object [°C] 1,80E-02 -5,18E-03 -2,41E-03 1,75E-02 

Object height [cm] -3,02E-01 -9,94E-02 -3,59E-02 -3,53E-02 

Start weight [g] -1,04E+00 -1,63E-01 -6,55E-01 -2,07E-01 

Start humidity [g/m³] -5,99E-03 -2,36E-03 -9,90E-05 2,47E-04 

Humidity over time - phase 1 [g/m³*s] 9,33E-05 -3,66E-05 1,81E-04 3,16E-05 

Humidity difference - phase 1 [g/m³] 1,35E-02 -2,35E-03 1,05E-02 2,63E-03 

Humidity over time - phase 2 [g/m³*s] -2,28E-04 -5,89E-05 -1,88E-05 -5,41E-05 

Humidity difference phase 2 [g/m³] -1,30E-02 -4,23E-03 -2,71E-03 -1,02E-02 

Base area - object [cm²] -1,49E-03 -4,04E-04 -1,04E-03 -2,13E-03 

Number of objects 1,88E-01 1,86E-01 
  

Constant 1,89E+01 5,48E+00 4,29E+00 9,75E+00 

 
    

R² 0,777 0,693 0,94 0,427 

R² (when model was rounded) 0,753 0,611 1 0,192 

Mistakes (when model was rounded) 49 26 0 16 
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ii 95% confidence interval 

Input values All pizzas 
Main pizza 

category 
Fresh pizza Frozen 

Start temperature - oven [°C] 
    

Start temperature - cooling channel [°C] 
 

6,12E-02 -7,26E-02 
 

Time - phase 1 [sec] -4,09E-02 
   

Time - phase 2 [sec] -1,00E-02 
   

Power - phase 1 [Wh] 
    

Power - phase 2 [Wh] 
  

-1,28E-02 
 

Start temperature - object [°C] 
    

Object height [cm] 
    

Start weight [g] -2,02E+00 -6,68E-01 -8,80E-01 
 

Start humidity [g/m³] -3,84E-03 -2,14E-03 
  

Humidity over time - phase 1 [g/m³*s] 
    

Humidity difference - phase 1 [g/m³] 
    

Humidity over time - phase 2 [g/m³*s] 
    

Humidity difference phase 2 [g/m³] 
   

-2,61E-02 

Base area - object [cm²] 
 

-1,64E-03 -1,45E-03 -3,46E-03 

Number of objects 3,09E-01 1,82E-01 
  

Constant 1,94E+01 2,34E+00 7,08E+00 5,92E+00 

 
    

R² 0,723 0,629 0,938 0,372 

R² (when model was rounded) 0,706 0,564 1 0,165 

Mistakes (when model was rounded) 53 29 0 16 
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b Component estimation – Water content of cake and carbohydrate content of pizza 

  Cake Pizza 

Input values 
Water 

Water  

95% conf. Carbohydrate 

Carbohydrate 

95% conf. 

Start temperature - oven [°C] -5,698E-04 
 

2,762E-03 2,152E-03 

Start temperature - cooling channel [°C] -1,273E-03 
 

3,027E-05  

Time - phase 1 [sec] -5,013E-05 
 

-4,494E-04  

Time - phase 2 [sec] -9,849E-05 
 

-5,151E-05  

Power - phase 1 [Wh] 2,170E-04 
 

5,720E-04 6,335E-04 

Power - phase 2 [Wh] -3,890E-04 
 

-6,683E-05  

Start temperature - object [°C] -5,884E-03 -8,651E-03 -1,568E-03 -1,826E-03 

Object height [cm] 2,472E-03 
 

-7,229E-04  

Start weight [g] 3,053E-03 
 

5,706E-03  

Start humidity [g/m³] -2,563E-04 
 

-4,411E-05  

Humidity over time - phase 1 [g/m³*s] 5,252E-05 
 

1,440E-05  

Humidity difference - phase 1 [g/m³] 7,250E-03 1,093E-02 -2,416E-03  

Humidity over time - phase 2 [g/m³*s] 1,920E-06 
 

-2,046E-06  

Humidity difference phase 1 [g/m³] 3,222E-04 
 

2,470E-04  

Base area - object [cm²] -2,879E-05 
 

9,384E-05  

Number of objects 
  

2,463E-03 4,198E-03 

Constant 4,434E-01 4,361E-01 1,704E-01 8,598E-02 

 
  

  

R² 0,544 0,549 0,652 0,555 
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c Combined food categories – Thermal conductivity , carbohydrates, protein and rest 

i Disregarding confident interval 

Input values 
Thermal 

conductivity Carbohydrates Protein Rest 

Start temperature - oven [°C] -3,210E-05 5,869E-04 -1,175E-04 -2,017E-04 

Start temperature - cooling channel [°C] 2,848E-04 -9,452E-05 -5,425E-05 6,989E-04 

Time - phase 1 [sec] 3,844E-04 -1,037E-03 2,019E-04 1,139E-03 

Time - phase 2 [sec] 8,537E-05 -2,073E-04 4,778E-05 2,483E-04 

Power - phase 1 [Wh] -3,226E-04 5,824E-04 -1,019E-04 -8,946E-04 

Power - phase 2 [Wh] 7,035E-05 -1,935E-04 6,781E-05 2,100E-04 

Start temperature - object [°C] -1,570E-03 3,678E-03 -7,025E-04 -4,534E-03 

Object height [cm] 3,751E-05 4,470E-04 -1,221E-04 -6,357E-06 

Start weight [g] -7,392E-03 1,911E-02 -3,124E-03 -2,172E-02 

Start humidity [g/m³] 8,654E-05 -1,988E-04 3,691E-05 2,490E-04 

Humidity over time - phase 1 [g/m³*s] 5,748E-06 -1,137E-05 2,516E-06 1,616E-05 

Humidity difference - phase 1 [g/m³] 8,346E-04 -1,716E-03 3,656E-04 2,360E-03 

Humidity over time - phase 2 [g/m³*s] 3,249E-06 -7,626E-06 1,645E-06 9,390E-06 

Humidity difference phase 1 [g/m³] 3,545E-04 -8,525E-04 1,949E-04 1,029E-03 

Base area - object [cm²] -9,671E-05 2,179E-04 -3,941E-05 -2,774E-04 

Number of objects -4,325E-03 9,953E-03 -1,952E-03 -1,245E-02 

Category 2,217E-02 -5,113E-02 9,461E-03 6,386E-02 

Constant 3,346E-01 4,700E-01 4,807E-02 3,157E-01 

 
    

R² 0,639 0,583 0,491 0,653 
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ii 95% confidence interval  

Input values 
Thermal 

conductivity Carbohydrates Protein Rest 

Start temperature - oven [°C]     

Start temperature - cooling channel [°C]     

Time - phase 1 [sec]     

Time - phase 2 [sec]     

Power - phase 1 [Wh]     

Power - phase 2 [Wh]     

Start temperature - object [°C] -7,929E-04 4,068E-03 -4,657E-03 -1,586E-03 

Object height [cm]     

Start weight [g]     

Start humidity [g/m³]  -2,462E-04 3,172E-04 1,109E-04 

Humidity over time - phase 1 [g/m³*s]     

Humidity difference - phase 1 [g/m³]  -3,969E-03 5,015E-03 1,746E-03 

Humidity over time - phase 2 [g/m³*s] 2,618E-06 -1,469E-05 1,857E-05 6,462E-06 

Humidity difference phase 1 [g/m³]     

Base area - object [cm²]  2,030E-04 -2,471E-04 -8,539E-05 

Number of objects -1,475E-03 1,341E-02 -1,540E-02 -5,250E-03 

Category 1,839E-02 -6,406E-02 8,280E-02 2,896E-02 

Constant 5,792E-02 3,566E-01 4,032E-01 3,611E-01 

 

    

R² 0,441 0,606 0,675 0,661 
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VIII Influence of sensor data on ANN performance of combined foods 

Sensor Used as ANN Input 

Power x x x 0 0 0 0 0 

IR temperature 0 0 x 0 x x x x 

IR distance 0 x 0 x 0 x x x 

Scale x x x x x x x x 

Oxygen sensor x x x x x 0 x x 

Camera x 0 0 x x x 0 x 

Category x x x x x x x 0 

 Carbohydrates Protein 

R² Total sample set 0,9267 0,9201 0,7553 0,8943 0,8944 0,8367 0,8828 0,8094 

R² Training set 0,9388 0,9473 0,7425 0,9091 0,9158 0,835 0,8998 0,8129 

R² Validation set 0,8960 0,8483 0,7969 0,8583 0,8429 0,8474 0,8416 0,8071 

R² 3% Noise set 0,9045 0,7570 0,6276 0,8627 0,7708 0,8222 0,8582 0,7462 

Power 0 0 0 0 x x x x 

IR temperature 0 x x x x x x x 

IR distance x x x x 0 0 0 x 

Scale x 0 x x x x x x 

Oxygen Sensor x x 0 x 0 x x 0 

Camera x x x 0 x 0 x 0 

Category 0 0 0 0 x x 0 x 

 Protein 

R² Total sample set 0,8398 0,8280 0,8704 0,9338 0,8416 0,8910 0,8121 0,8709 

R² Training set 0,8473 0,8287 0,8869 0,9433 0,8364 0,9081 0,8039 0,8858 

R² Validation set 0,8279 0,8347 0,8291 0,9102 0,8667 0,8751 0,8391 0,8342 

R² 3% Noise set 0,6692 0,7996 0,7721 0,8807 0,7374 0,8436 0,7899 0,7962 

Power x x 0 0 0 x x x 

IR temperature x x 0 x x 0 0 x 

IR distance x x x 0 x 0 x 0 

Scale x x x x 0 x 0 0 

Oxygen sensor 0 x x x x x x x 

Camera x 0 x x x x x x 

Category 0 0 x x x x x x 

 Protein Rest 

R² Total sample set 0,7707 0,8479 0,9480 0,9492 0,9338 0,9226 0,9361 0,9318 

R² Training set 0,7683 0,8728 0,9544 0,9539 0,9433 0,9179 0,9428 0,9284 

R² Validation set 0,7812 0,7937 0,9314 0,9373 0,9102 0,9350 0,9189 0,9439 

R² 3% Noise set 0,6685 0,8115 0,8921 0,9206 0,9019 0,8610 0,9120 0,9174 
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