


Abstract – In this study, four artificial neural network models 
are designed for the daily meal demand in places where mass 
meals are produced. It is aimed to avoid the cost of overproduction  
in the places where mass meals are produced and at the same time 
to prevent the ending of the meals with less food production. In the 
study, the number of people eating food was estimated by using the 
data obtained from the university dining hall. Feed-forward 
neural network, function fitting neural network, cascade-forward 
neural network, and multilayer perceptron neural network 
models and linear regression methods are used in the developed 
prediction models. The best results were obtained with multilayer 
perceptron with 93% accuracy and cascade-forward neural 
network models with 85% accuracy.

Keywords – artificial neural network; regression; meal demand 
prediction 

I. INTRODUCTION

Today, with the development of the industry, the 
globalization of the world, the increase of large and small 
enterprises, the opening of new educational institutions and 
shopping centers, the food sector is growing day by day. Based 
on this growth, the influence of food companies also increases. 
In the dining area, many companies are showing respect to their 
domains. Catering companies are at the forefront in regular 
works and organizations, also restaurants are in shopping malls 
and dining halls in schools and workplaces. As the food market 
continues to develop, the most important problem is the cost for 
the companies. Every catering company wants to keep costs 
down to the lowest level. In this case, the exact number of 
people who eat food plays the most important role in costs. If 
the number of people is not known correctly, costs and wastes 
may increase and problems such as not having food can be 
encountered. 

The motivation of this study is to predict the number of 
people who will eat according to the meal to be prepared, using 
the data obtained from university dining hall. It is aimed to 
prevent the problems that will arise when too much or little  
meal is produced in this view. This problem has been tried to 
be solved by using the proposed artificial neural network 
models.

Artificial neural networks (ANN) are data processing 
systems that are inspired by biological neural networks. A 
neural network is a parallel distributed processor consisting of 
simple units that have a natural tendency to store information. 
These networks are used to store information about the inter-

neuron connections known as synaptic weights. Similarly , 
ANNs are composed of many operators and are interconnected 
by weights carrying numerical representations of different  
forms [1].

The dataset used in the study was divided into two sets as test 
and training dataset, and the predictions were obtained by test 
data after being trained by the proposed model with training 
data. These operations are repeated separately using different  
network structures and parameters in the MATLAB software 
and the Python language to get the best results.

Four different ANN models were designed in the study. 
These are feed-forward neural network (FFNN), function fitting 
neural network (FITNET), cascade-forward neural network 
(CFNN) and multilayer perceptron neural network (MLP). 
Estimates were also made using linear regression (LR) which is
a statistical method, and these statistical results were used to 
compare the accuracy of the results obtained from artificial 
intelligent based models.  

Three different neural networks (FFNN, FITNET, and
CFNN) are modeled in the MATLAB environment. Differen t  
network structures are used in each of the models. For CFNN, 
FITNET and FFNN models, 3, 2 and 1 hidden layers are used 
respectively. Bayesian Regularization (TRAINBR) was used as 
training function, Hyperbolic Tangent Sigmoid (TANSIG) and 
Log-Sigmoid (LOGSIG) were used as transfer functions in each 
of these methods. The accuracy of the proposed models was 
determined by Mean Squared Normalized Error (MSE), Mean 
Absolute Error (MAE) and Multiple Correlation Coefficien t  
(R).

In the models proposed using the Python language, the Scikit 
Learn library, specially designed for machine learning, has been 
used. Logistic Sigmoid Function (LOGISTIC) was used as the 
activation function in the MLP model. Finally, the results were 
also estimated by the LR method. The accuracy of the proposed 
models was determined by R.

In order to train the models, k-fold cross-validation, one of 
the methods of segmentation of the data set, has been used. In 
this method, all the data are divided into k equal group. One of 
these groups is used for training and the other remaining groups 
for testing. This operation is repeated every time until k is 
reached. Thus, all groups are used for both testing and training. 
With k-fold cross-validation, mistakes arising from incorrect
grouping of data are prevented. The value of k in this study was 
set as 5 [2].
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II. RELATED WORKS

In recent years, many studies have been done on artificial 
neural networks and demand prediction.

to predict daily demand of the refectory by using LR,
techniques of ANN such as multi-layer neural network and 
radial basis function neural networks. The study has showed 
that by using different statistical and artificial intelligence 
methods daily food demand can be predicted well than experts’ 
decisions [3].

The future demand quantities of the dried apricot product of 
Malatya province were estimated by Karahan using ANN. The 
developed model has five input and one output variables and 
the network has one hidden layer with 5 neurons. The estimates 
produced by the developed neural network model showed that 
the model is reliable and consistent [4].

Blecher has determined which forecasting model would most 
accurately predict meal demand in Title IIIc congregate lunch 
programs designed for serving older adults. Forecasting 
techniques including naive, moving average (three versions) 
and simple exponential smoothing were applied to data 
collected over a 4-month period from seven meal sites located 
in a large urban area. An analysis of the forecasting models 
using mean absolute deviations and MSE indicated that simple 
mathematical forecasting techniques provided better 
predictions of meal demand than did the naive method for all 
sites [5].

III. DATASET AND MODELS

A. Dataset

Before the dataset is used, the text inside is converted to 
numeric values. In addition, a grouping operation has been 
performed for the similar data. For example, fried potatoes, 
aubergine fries, and mixed fries are collected in the frying 
group. In this way, the learning ability of the network is 
increased. There are 6 attributes in the dataset. 5 (days of the 
week, soups, main courses, side meal, and exam week) of them 
are input and 1 (number of people) is output data. Table 1 shows
a sample of the attributes content. A dataset sample converted 
to numerical values is given in Table 2. 

Table 1: A sample of the dataset content.
Attribute Description

Days of the Week (1-5) (A) 
Monday, Tuesday, Wednesday, 
Thursday, Friday

Soups (0-9) (B) 
Noodle soup, chicken soup, lentil 
soup, etc.

Main Courses (0-14) (C) 
Beef meal, meal with beef meat, 
chicken meal, meal with chicken 
meat, fish, etc.

Side Meal (0-5) (D) 
Rice, pasta with sauce, spaghetti,
etc.

Exam Week (0-1) (E)
Exam week or not (each day at the 
exam week marked as 1)

Number of People (0-9) (F) 
Number of people eating at the 
dining hall

Table 2: A sample of the dataset.
A B C D E F
3 3 3 1 0 1
4 3 12 0 0 2
5 5 2 4 0 2
1 0 5 4 1 0
2 3 10 1 1 0
3 3 5 1 1 0
4 5 14 5 1 0
5 3 3 2 1 0
1 3 8 1 0 0
3 3 2 1 0 0

B. Cascade-Forward Neural Network Model

The network structure used in the CFNN model is shown in  
Figure 1.

Figure 1: Structure of the CFNN. 

The key features of the model are listed below: 
Number of hidden layers: 3 
Training function: Bayesian Regularization
Transfer functions: tansig and logsig
Performance criteria: MSE, MAE, and R 

C. Function Fitting Neural Network Model

The network structure used in the FITNET model is shown 
in Figure 2.

Figure 2: Structure of the FITNET. 

The key features of the model are listed below:
Number of hidden layers: 2
Training function: Bayesian Regularization
Transfer functions: tansig and logsig
Performance criteria: MSE, MAE, and R 

D. Feed Forward Neural Network  Model

The network structure used in the FFNN model is shown in
Figure 3.

Figure 3: Structure of the FFNN. 



The key features of the model are listed below:
Number of hidden layers: 1
Training function: Bayesian Regularization
Transfer functions: tansig and logsig
Performance criteria: MSE, MAE, and R 

E. Multilayer Perceptron Neural Network  Model 

The key features of the model are listed below: 
Number of hidden layers: 50
Activation function: logistic
Number of iterations: 50.000

F. Linear Regression Model  

In this method, data were divided into two groups, 80% as 
training data and 20% as test data. The accuracy is calculated 
using the functions of the Scikit learning library.

IV. RESULTS AND DISCUSSIONS

All prediction models were evaluated in terms of three 
performances measured, (1) R value is used for measuring the 
correlation between target and predicted values, (2) MSE 
measures the average of the squares of the errors, (3) MAE
measures the closeness of the predictions to the target values. 
Equations of these performance measures are given in 
equations (1), (2) and (3), respectively [6]

                                                          (1)

                                                    (2)

                                                       (3)

where n is the number of data points used for testing, Pi is the 
predicted value, Oi is the observed value and Om is the 
average of the observed values.

According to the results given in Table 3, 4, 5 and 6, the 
following results are obtained: 

Best results are achieved with the CFNN model for MSE as 
1.500 at second fold, MAE as 1.0875 at fifth fold and R as 
0.8883 at fifth fold.
For the CFNN model, average values of 2.0478, 1.1272 and 
0.8682 were obtained for MSE, MAE and R, respectively.
Best results are achieved with the FITNET model for MSE as 
1.8697 at first fold, MAE as 1.0334 at second fold and R as 
0.8640 at second fold.
For the FITNET model, average values of 2.2958, 1.1956 and 
0.8215 were obtained for MSE, MAE and R, respectively.
Best results are achieved with the FFNN model for MSE as 
2.0564, MAE as 1.1363 and R as 0.8616 at second folds.
For the FFNN model, average values of 2.8657, 1.3287 and 
0.7887 were obtained for MSE, MAE and R, respectively.
The best results are achieved with the MLP model for R as 
0.9639 at second fold.
For the MLP model, an average value of 0.9171 was obtained
for R. 

Table 3: The results obtained with the CFNN model.

Fold # MSE MAE R
1 1.8304 1.0955 0.8562
2 1.5000 1.1721 0.8485
3 2.5294 1.1551 0.8771
4 2.1873 1.1262 0.8712
5 2.1921 1.0875 0.8883

Average 2.0478 1.1272 0.8682

Table 4: The results obtained with the FITNET model.
Fold # MSE MAE R

1 1.8697 1.0602 0.8309
2 1.8852 1.0334 0.8640
3 2.4574 1.2867 0.8516
4 2.5608 1.3293 0.7632
5 2.7061 1.2687 0.7979

Average 2.2958 1.1956 0.8215

Table 5: The results obtained with the FFNN model.
Fold # MSE MAE R

1
2
3
4
5

Average

Table 6: The results obtained with the MLP model.
Fold # R

1 0.8136
2 0.9639
3 0.9629
4 0.9518
5 0.8935

Average 0.9171

Figures 4, 5 and 6 show performance graphs for MSE of 
CFNN, FITNET, and FFNN models. The best performance 
results were reached in the 34th, 21st and 10th epochs for the 
CFNN, FITNET, and FFNN models, respectively.

Figure 4: Performance graph of CFNN model. 



Figure 5: Performance graph of FITNET model. 

Figure 6: Performance graph of FFNN model. 

V. CONCLUSION

In this study, four different artificial neural network models  
were designed to predict the number of people who will eat 
according to the meal to be prepared, using the data obtained 
from university dining hall, and satisfactory results have been 
achieved. The results show that the MLP and CFNN models are 
more successful than the other designed models.

The successful results show that existing methods can be 
improved and better results can be achieved using different 
methods/models. 
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