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Abstract. Reverse logistics can reduce production costs by re-inclusion of waste in the  

production chain, which, after proper processing, can be raw materials, semi-finished 

products or products. Proper reverse logistics management improves the efficiency of waste 

material flows in the manufacturing company. Computational intelligence tools can be 

a good tool for managing reverse logistics in a company. In the paper, we use artificial 

neural networks to predict waste production volume on the basis of the previous months. 

We trained the network with waste data from a real production company. We obtained 

satisfactory prediction accuracy. 
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1. Introduction 

Proper business management is usually based on an analysis of both the enter-

prise and its surroundings. In addition to the current information, information about 

future events in the company and its environment is extremely important. Deci-

sions can be more accurate if they are made on the basis of reliable predictions. 

Forecast demand in the enterprise is due to uncertainty related to the future as well 

as delays in time since the decision was taken as a result of its consequences. Fore-

casts are used in many areas of the company, among others, in sales, production, 

human resources, inventory, finance, or logistics. Accurate forecasts are also 

needed for reverse logistics activities. 

As statistics show, most waste is generated in the production process [1]. Indus-

trial waste in Poland is the largest proportion of all waste. Waste generated from 

the production activity is therefore the main object of reverse logistics due to the 

scale of occurrence and the degree of risk to the environment. Reverse logistics is 

designed to incorporate waste after proper recycling into the logistic chain as raw 

materials or semi-finished products. Reverse logistics models waste streams  and 

related information from their origin to their place of management, involving 

the recovery of value (through re-use, recycling or reclaiming) or to the proper 

disposal or long-term storage to economize operation and to protect the environ-

ment [2]. Waste management is not only a civic obligation but also a practice and 

commitment to the current waste management [3]. 
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One of the ways to increase company performance and competitiveness is to 

reduce production costs or total cost [4]. One of the tasks of reverse logistics is to 

reduce production costs by re-inclusion of waste in the production chain, which, 

after proper processing, can be raw materials, semi-finished products or products. 

Proper reverse logistics management improves the efficiency of waste material 

flows in the manufacturing company. Enterprises increasingly focus their attention 

on environmental actions by adopting an environmental goal not only to minimize 

the amount of waste generated, but above all the opportunity to bring as much 

waste into the economic cycle as possible. Quantitative assumptions for projects, 

reducing the negative impact of generated waste on the environment can only be 

fulfilled if it is possible to predict the size of precipitation streams. Various fore-

casting methods are used to manage reverse logistics. They allow accurate forecast-

ing of waste, which translates into quantifiable planning of return flows. In the 

paper we use artificial neural networks to train them from past data to predict 

monthly waste production. The paper is organized as follows. In the next section, 

we provide a brief introduction to neural networks. Section 3 describes the data 

collected in the examined company and their analysis. Experiments performed 

on real data are presented in Section 4. 

2. Neural networks 

Neural networks can be divided in terms of their distinguishing characteristics, 

i.e. the type of input signal, the network architecture or the way they are taught. 

The input signal can be a binary signal (Hopfield network, Hamming network, 

ART 1) or a continuous signal (perceptron, Kohonen network) [5]. 

Considering the structure of the network, there are three basic types: unidirec-

tional networks, recursive networks, and cellular networks. In unidirectional net-

works, neuronal connections are carried out from the neuron of the lower layer to 

the neuron of the higher layer. The first layer is the input layer and the last one is 

the output layer. There are no links between the neurons within the same layer or 

the connections from the upper layer to the lower layer. An example of this type of 

network is the perceptron. In recurrent networks, there are two-way links between 

neurons of different layers. Connections in the return direction can provide feed-

back. There are connections between neighbouring neurons in the cellular network. 

Neural networks also distinguish the type of training. Networking can be done 

under supervision (teaching with a teacher) or without supervision (teaching with-

out a teacher). Networking is about enforcing a specific neural network response to 

the input signals. Therefore, the choice of teaching method is very important. 

Supervised teaching is based on the appropriate weight selection, so that the output 

signals are as close as possible to the desired values. The set of learning data 

includes both input signal groups and responses to these signals. On the other hand, 

unattended learning is based on independent analysis of the dependence in the test 

set by the neural network. During learning, the network receives no information 



Decision support for reverse logistics using neural networks 125

about the desired response. Training data contain only a set of input signals. 

Networks with such action are called self-organizing or self-associative [6]. 

The most commonly used neural architecture in both research and commercial 

models are perceptron networks. These are unidirectional networks, where neurons 

are grouped in at least two layers. There may be one or more hidden layers between 

these layers. The signals are passed from the input layer to the output layer, without 

feedback to the previous layers [7]. The perceptron network was used in experi-

ments  in this article. We used a network with one hidden layer with ten neurons 

and one output neuron, presented in Figure 1. 
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Fig. 1. Feedforward artificial neural network used in the experiments 

Layers in feedforward neural networks consist of neurons [8]. The operation of 

the neuron can be described using the formula 
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where n is the number of inputs to the neuron, x1, …, xn are input signals, w0, …, wn 

are synaptic weights, y is the output value, w0 is bias and f is the activation 
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function. Synaptic weights are parameters (real numbers) that are adapted during 

training from data. The input signals x0, …, xn are multiplied by the corresponding 

weights w0, …, wn. The resulting values are summed and then subjected to an acti-

vation function that is usually nonlinear to enable the existence of more than one 

layer. Then we can describe a multilayer neural network by the following formulas. 

The output of the i-th neuron in step t of the training algorithm is 
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The error on the ith output of the k-th layer is defined by 
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The error is defined between neuron output and the desired (training) value from 

the training dataset. And finally the network weights are modified in each step t by 
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where η is a learning coefficient set in advance.  Formulas (2)-(5) define the back-

propagation algorithm used to adapt the network weights to the dataset in an itera-

tive process. Weights are initialized randomly as there exists no simple way to 

choose optimal weight values at the beginning of the training process. 

Neural networks are used to solve various problems [9-12]. However, every 

problem requires a proper network design and adaptation. The appropriate network 

topology, the number of neurons in layers and sometimes the number of network 

layers must be chosen. Next, we need to prepare a training and testing set. 
The network must be trained and afterwards tested with data not used during 

training. 

3. Data acquisition and preparation 

The research uses data concerning manufacturing volume from one of the typical 

manufacturing companies. The waste catalogue according to the Regulation of the 

Ministry of the Environment of 9 December 2014 on the waste catalogue divides 

the waste according to the source of their formation into twenty groups. Each type 
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of waste is assigned a six-digit code, and in the data used in the paper, there is 

waste from the following groups: 08 01 11 - Waste paint etc., 15 01 02 - Plastic 

packaging, 13 01 10 - Mineral hydraulic oils, 15 01 10 - Packaging contaminated 

by hazardous substances, 15 02 02 - Sorbents, 15 02 03 - Filter materials, wiping 

cloths, 16 02 13 - Used equipment containing dangerous components. Data were 

normalised to ease the artificial neural network process. 

The nature of the production process in the researched enterprise results in cer-

tain dependencies between the generated waste of the groups being distinguished. 

Indication of the existence of links between different categories is one of the basic 

objectives of economic research. Correlation is a measure of the relationship between 

variables, which is determined by the correlation coefficient [13]. The seven 

selected waste groups were analyzed for correlation to determine to what extent 

the data are interrelated. For this purpose, the Pearson correlation coefficient was 

calculated for the respective waste groups. This coefficient has a value in the range 

<–1; 1>, where zero means total absence of correlation, 1 means complete positive 

correlation, and –1 signifies complete negative correlation. Positive correlation 

means that the value of the second variable increases with the increase of the first 

variable. In the case of negative correlation, the increase in the value of the first 

variable causes the second variable to fall. The Pearson correlation coefficient is 

expressed by formula: 
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where xi is the i-th value of variable x, yi unit i-th value of variable y, x  is the 

arithmetic mean of variable x, y  the arithmetic mean of variable y, and n is the 

number of observations. The obtained results from the correlation analysis are pre-

sented in Table 1. Correlation coefficients indicate that the data are not correlated, 

thus all waste groups will be predicted separately. 

Table 1 

Correlation coefficients between individual monthly waste amounts 

Waste  80111 150102 130110 150110 150202 150203 160213 

80111 1.00 0.20 –0.04 0.09 0.23 –0.05 –0.08 

150102 0.20 1.00 –0.03 0.03 –0.01 –0.04 –0.04 

130110 –0.04 –0.03 1.00 0.02 –0.01 –0.04 0.07 

150110 0.09 0.03 0.02 1.00 0.17 –0.13 0.02 

150202 0.23 –0.01 –0.01 0.17 1.00 –0.06 0.06 

150203 –0.05 –0.04 –0.04 –0.13 –0.06 1.00 –0.04 

160213 –0.08 –0.04 0.07 0.02 0.06 –0.04 1.00 
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Figure 2 shows the annual production for all the collected groups of waste. 
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Fig. 2. Annual amounts of individual waste in the years 2009-2016 

in the examined enterprise 

4. Experiments 

We used the multilayer nonlinear perceptron neural network to predict waste 

production in the next month on the basis of the previous three months. The data 

are described in Section 3. We created our neural network in the Matlab Neural 

Network Toolbox with net = feedforwardnet(10) command. 

 

 

Fig. 3. Neural network defined in Matlab Neural Network Toolbox 

The training process took 100 epochs, i.e. full presentations of the training dataset 

and the error during training process is shown in Figure 4. 

After the training was complete we computed prediction and checked the 

trained network output against the data. The results of the obtained accuracy for 

each type of waste are presented in Table 2. 

An exemplary plot of the trained neural network output for waste number 80111 

against real data is presented in Figure 5. 
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Fig. 4. Error during training for 80111 waste 

Table 2 

Monthly waste amount prediction root mean square (RMSE) errors 

Waste  RMSE 

80111 0.1068 

150102 0.1012 

130110 0.1190 

150110 0.1899 

150202 0.2011 

150203 0.1298 

160213 0.1920 

 

 
Fig. 5. Exemplary plot of the trained neural network output for waste number 80111 

against real data 
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We can observe that the predicted waste volume is very similar to the real one, 

thus the presented neural network can be a useful tool in making decisions con-

cerning waste management in companies. 

5. Conclusions 

Production waste due its volume is a serious problem in today's economy. It is 

a big threat to the environment. Waste generated by the production activity is the 

main subject of reverse logistics due to the scale of occurrence and the possible 

hazard to the environment. The examined enterprise for environmental purposes 

not only adopted the minimization of the amount of generated waste, but also the 

possibility of bringing the processed waste back into the economic cycle as much 

as possible. Quantitative assumptions for projects reducing the negative impact of 

generated waste on the environment can only be fulfilled if it is possible to predict 

the size of waste streams. Various predictive methods are used to manage reverse 

logistics. They allow for accurate forecasting of waste, which translates into quan-

titative planning of return flows. The research has shown that forecasts of waste 

generated using artificial neural networks due to a relatively small forecast error 

may be the basis for the decision-making process in terms of return flows. 

After the data-driven training process, the systems predicted the amount of 

waste produced on the basis of the previous months. The results showed that the 

forecasts of the produced waste by neural networks may be the basis for the deci-

sion-making process in terms of return flows. Accuracy of forecasts translates into 

more efficient management of waste streams. Waste amounts in the previous 

months were inputs to the neural network.  We achieved very small prediction 

errors in the experiments on the real data from the manufacturing company. Future 

research would involve using other forecasting tools as well as changing the size of 

the neural network, e.g. by adding more layers. Forecast accuracy translates into 

better management of waste streams. 
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