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Abstract: Sales forecasting is an essential part of supply chain management. In

retail business, accurate sales forecasts lead to significant cost reductions. Statis-

tical methods that are commonly used for sales forecasting often overlook impor-

tant aspects unique for the sales time series, which lowers the forecast accuracy.

In this thesis we explore whether it is possible to improve short-term sales fore-

casting by employing deep neural networks. This thesis analyzes performance of

various traditional deep neural network designs and proposes a novel architec-

ture. It also explores several data preprocessing methods, both traditional and

non-traditional, which turns out to be a crucial part of sales forecasting using

deep neural networks. The best methods of deep neural network approach that

we found are then compared to other forecasting methods such as traditional

neural networks or exponential smoothing.
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Abstrakt: Předpov́ıdáńı prodej̊u je nezbytnou součást́ı ř́ızeńı dodavatelských

řetězc̊u. U maloobchod̊u mohou přesné předpovědi značně snižovat náklady.

Přesnost předpověd́ı je však u statistických př́ıstup̊u často zhoršena t́ım, že

techniky zanedbávaj́ı d̊uležité vlastnosti, specifické pro časové řady prodej̊u.

Ćılem práce je zjistit, zda je vhodné pro řešeńı problému předpov́ıdańı prodej̊u

použ́ıt hluboké neuronové śıtě. Tato práce testuje r̊uzné běžně použ́ıvané

návrhy hlubokých neuronových śıt́ı a nav́ıc navrhuje novou architekturu hluboké

neuronové śıtě kombinuj́ıćı tradičńı př́ıstupy. Pozornost je věnována taky

předzpracováńı dat, což se ukáže být stěžejńı prvek předpov́ıdáńı prodej̊u pomoćı

hlubokých neuronových śıt́ı. Nejlepš́ı nalezené metody jsou porovnány např́ıklad

s tradičńımi neuronovými śıtěmi nebo s exponenciálńım vyhlazováńım.

Kĺıčová slova: předpověd prodej̊u, hluboké neuronové śıtě, strojové učeńı
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Introduction

Supply chain management is the practice of coordinating flow of goods, and

services. The flow starts from raw materials and moves through parts suppliers,

manufacturers, wholesalers to retailers and finally to consumers. The goal of

the whole system is to create customer satisfaction while lowering the costs by

eliminating unnecessary expenses and handling.

A crucial aspect of supply chain management that precedes most of the activ-

ities is forecasting. Proper forecasting helps to ensure that there is just enough

supply to satisfy demand on time. Without good forecasts it is easy to overes-

timate or underestimate the demand. In the first case, a business ends up with

over-stock which increases labor and storage costs and it might force the business

to sell the products at discount with lower profit margin. In case of products

with short durability, over-stock often leads to raised spoilage and consequently

to financial loss. On the other hand, with underestimated demand, business is

exposed to stock-outs. In such a case, retailer might either make a last-minute

rush order to their supplier with higher purchase price or lose potential sales and

disappoint the customers. Disappointed customers whose preferred products are

out of stock are very likely to switch stores and never come back [1].

The only way to balance between stock-outs and over-stocks is accurate fore-

cast. In practice, forecasting can never be perfect but its accuracy highly depends

on the forecasting method. For a business with large revenues, even a small im-

provement in forecast accuracy can have a significant impact on company’s profit.

Despite the availability of computer-based forecasting systems, businesses (es-

pecially the small ones) often used to rely on subjective forecasting methods based

on personal judgment and opinion, past experience or best guess. In the last two

decades, computer-based forecasting systems gained popularity. Unfortunately,

commonly only the simplest forecasting methods, such as moving average, with

quite a low accuracy are used. In order to minimize the costs and cover the

demand, it is necessary to go beyond simple forecasting and exploit more sophis-

ticated methods which consider various factors that influence the sales.

In this thesis we present a deep learning approach to sales forecasting. In the

last few years, deep neural networks [2] outperformed previous state-of-the-art

methods in various tasks. While traditional neural networks have been previously

successfully applied to forecasting sales, there is not much work done related to

sales forecasting using deep neural networks. One of the possible reasons is the

absence of public data, since deep neural networks require a large amount of

training inputs.
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The goal of this thesis is to examine deep neural networks as an approach

to short-term sales forecasting. To discover whether deep neural networks are a

suitable model for this task, we collect a large amount of sales data and use this

data to train various models. In order to determine whether a model is good

enough, we should explore many different architectures and learning settings.

Since data preprocessing is an important part of training neural networks, we need

to experiment with it as well. To be able to state whether deep neural networks

are appropriate method for sales forecasting, we compare their performance to

other forecasting methods, including traditional neural networks. To summarize,

our primary goals are to:

• Explore some of the deep neural network models.

– Try various architectures of different models.

– Experiment with learning parameters.

– Examine several methods of data preprocessing.

• Compare deep neural networks to some other approaches.

• Recommend suitable methods for sales forecasting problem.

In the first chapter we describe artificial neural networks and their training

process. Here we also present some of the deep architectures that are currently

often used. The second chapter introduces the problem of time series forecasting

and describes a number of forecasting methods together with ways to evaluate

their performance. In the third chapter we review related work made in the field

of sales forecasting and in the field of deep neural networks. The fourth chapter

is about the problem that we are solving. It introduces sales forecasting in gen-

eral, the data that we collected and includes an exploratory analysis of this data.

The fifth chapter contains the actual experiments. At first we discuss how we

conducted the experiments and prepared the data. Here we depict the methods

of data preprocessing, including non-traditional methods, that we used in our

experiments. Afterwards, we introduce several forecasting methods that will be

used as our benchmarks. Finally, we describe the experiments with neural net-

work models. We try convolutional neural networks and a few types of recurrent

networks and propose a new architecture that combines both of these approaches.

We evaluate the accuracy of these models, compare them to our benchmarks and

to traditional neural network. In addition we analyze the ability of the models to

generalize to different data. In the last chapter we discuss some of the extensions

to our models that we tried based on the results of our experiments, and propose

some ideas for future research.
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1. Artificial Neural Networks

In this chapter we introduce artificial neural networks and the process of their

learning. We further describe some of the popular deep neural network architec-

tures. In the end of the chapter we mention some problems related to the neural

networks and ways to solve or reduce them.

1.1 Introduction to Artificial Neural Networks

Artificial neural network (ANN) is a machine learning model inspired by sophisti-

cated functionality of biological nervous systems. Currently it is one of the most

powerful computational models since it is robust, universal and has a strong theo-

retical background. It is widely used for solving classification or prediction prob-

lems in various fields such as medicine, industry, science or business [3, 4, 5, 6].

ANN is basically a composition of highly interconnected processing elements

called neurons. Individual neurons are able to receive input signal, process it and

pass the processed result as an output signal to other neurons using weighted

synaptic connections. As the pieces of information are passed from neurons to

neurons, they are transformed and combined many times. In order for transfor-

mations to result in correct solution, the synaptic weights between neurons must

be adjusted to appropriate values specific for a given problem. These weights

are configured through a learning process, however in general, finding the cor-

rect weights is an NP-complete problem [7] and there is no guarantee of global

solution.

1.1.1 Feedforward Neural Networks

The simplest form of ANN is a (single layer) perceptron [8]. It is a model for

supervised learning of binary classifiers - a function that maps input data to a

binary value representing corresponding class. The mapping is done by separating

the classes using a linear separator which is an (n−1)-dimensional hyperplane in

n-dimensional input space. For given input vector x = (x1, x2, ..., xn) perceptron

constitutes function

φ

(
n∑

i=1

wixi + b

)
where w = (w1, w2, ..., wn) is a vector of perceptron weights (representing the

linear separator) b is bias (shift of the linear separator) and φ is a non-linear

activation function. For a single perceptron, the activation function is usually
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defined as

φ(x) =

1 if x > 0

0 otherwise.

A graphical representation of a single layer perceptron is showed in Figure 1.1

x1

x2

x3

...
xn

∑
φ y

1

b

w1

w2

w3

wn

Figure 1.1: Perceptron

Single layer perceptron is quite limited since it is not able to learn patterns

that are not linearly separable. For example, it is impossible for a perceptron to

learn a simple XOR function [9].

An extension of a single layer perceptron is a multilayer perceptron (MLP)

(see i.e. [10]). In the first (hidden) layer MLP transforms the input data using

a non-linear transformation into a space where it becomes linearly separable.

A single hidden layer makes MLP a universal approximator which means it is

able, with a finite number of neurons, to approximate any continuous function

on compact subsets of Rn to any defined degree of accuracy [11].

MLP is an example of a feedforward neural network (FNN) model. It means

that it can be represented as multiple layers of neurons where each neuron is

connected by synaptic connection with each neuron from the previous layer (see

Figure 1.2). The input layer is connected to the network input and all the con-

nections proceed towards the last, output layer. The layers between input and

output layer are called hidden layers.
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Figure 1.2: Feedforward neural network

Instead of weight vector, FNN uses multiple weight matrices that repre-

sent the weights between consecutive layers. We will denote these matrices by

W (1),W (2), . . . in order from the input layer so that W
(1)
ij represents weights from

the j-th input neuron to the i-th hidden neuron etc. Similarly we will denote the

biases b(1), b(2), . . . Output layer and each hidden layer are associated with a non-

linear activation function denoted by φ(1), φ(2), . . . A commonly used activation

function for FNN is logistic sigmoid defined as

φ(x) =
1

1 + e−x
.

For a feedforward network with a single hidden layer and input vector x =

(x1, . . . xn) the network output is computed as

f(x) = φ(2)(W (2)(φ(1)(W (1)x+ b(1))) + b(2))

where φ(1)(W (1)x+ b(1)) represents the hidden representation.

From now on, we will include the bias term in the weight matrix. Figure 1.1

shows how the bias term can be represented as a weight from additional neuron

with output of 1 in each layer except for the output layer.

1.1.2 Learning Process

As already mentioned, the correctness and accuracy of FNN depends on weights

of the synaptic connections between the neurons. In this section we will describe

some of the most commonly used methods to obtain these weights. There are

specific types of neural networks such as self-organizing maps [12] that are trained

using unsupervised learning methods. In this thesis we will only use supervised

training so we will only cover methods of supervised learning. These methods
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infer the model parameters from labeled training data - examples consisting of

input and corresponding output.

There exists a specific learning algorithm for a perceptron [8], however it can-

not be extended to learning FNNs; thus we will concentrate on other algorithms.

The most popular learning method is backpropagation which stands for backward

propagation of errors. This algorithm was first introduced in 1970s [13] but it

was not of much usage until 1986 when it was showed that this method can be

used to generate internal representations of data in neural networks [14].

Suppose we have a training set consisting of m training examples {(x(1), d(1)),

(x(2), d(2)), ..., (x(m), d(m))} where x(i) denotes i-th input vector and d(i) denotes

desired output. The goal of backpropagation is to find a combination of network

weights that minimize given error function, which is a function of actual network

outputs and desired outputs. The way this algorithm works is that it starts

with random weights, computes network output for every training example and

updates each weight in the network so that the update causes the actual network

outputs y(i) = f(x(i)) to be closer to the desired outputs d(i). After minimizing

the error function for sufficiently large training set, the network is expected to

interpolate and give appropriate output even for new, previously unseen inputs.

A commonly used error function is

E =
1

2

m∑
i=1

‖y(i) − d(i)‖2.

In each step, network weights are updated using gradient descent algorithm (with

gradients propagated backwards) to minimize this error. Commonly a faster

alternative to gradient descent is used, called stochastic gradient descent, which

approximates the true gradient over the whole data set by gradients for a single

example or a smaller subset of examples called a mini-batch. While iterating

through the training set, the weights are continuously updated. The update for

each weight is computed as negative gradient of the cost function with respect to

the specific weight

∆w = −∂E
∂w

.

To be able to compute the gradients of the error function, we need to guarantee

that it is continuous and differentiable. This necessarily means that the activa-

tion function of each neuron must be continuous and differentiable. The logistic

sigmoid activation function satisfies this constraint with derivation

∂

∂x
φ(x) = φ(x)(1− φ(x)).

Because of the hierarchical structure of FNN, the form of the cost function can

be very complicated. However it is possible to obtain the gradients for weights
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in every layer more easily, by using chain rule. It means that we can express the

error derivatives in one layer in terms of the error derivatives from the next layer.

We will describe the procedure using notation from Section 1.1.1 for a network

with a single hidden layer, but it can be easily extended for more layers. We now

assume a single training sample with desired output d has been presented to the

network with actual network output y. For the weight matrix W (2) we compute

the update for wji which is the weight from i-th hidden neuren to j-th output

neuron using following equation:

∆Ew
(2)
ji = − ∂E

∂wji

= −∂E
∂yj

∂yj
∂ξj

∂ξj
∂wji

= −∂E
∂yj

∂yj
∂ξj

yi

= (dj − yj)φ′(2)(ξj)yi = δjyi.

Here ξj =
∑

i′∈hidden

w
(1)
ji′ yi′ is input of the j-th output vector. For the hidden layer,

the equation is slightly different. Now wji represents weight from i-th input

neuron to j-th hidden neuron:

∆Ew
(2)
ji = − ∂E

∂wji

= −

( ∑
k∈output

∂E

∂ξk

∂ξk
∂yk

)
∂yj
∂ξj

∂ξj
∂wji

= −

( ∑
k∈output

∂E

∂ξk
wkj

)
∂yj
∂ξj

yi

=

( ∑
k∈output

δkwkj

)
φ′(1)(ξj)yi

where δk is pre-computed from updates of the previous layer.

The backpropagation algorithm is summarized in Algorithm 1. The α term

represents a learning rate. The higher this value is, the faster the neurons train

but the accuracy of training is decreasing. It is often beneficial to use greater

learning rate in the beginning of training and decrease it to fine-tune when net-

work weights are close to the optimum.
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Algorithm 1 Backpropagation algorithm

1: initialize network weights with random values

2: for epoch← 1, ...,#epochs do

3: for each batch of samples do

4: for all (x(k), d(k)) ∈ batch do

5: y(k) ← network output for input x(k)

6: end for

7: compute the error function E on current batch

8: for each synaptic weight wji do

9: compute ∆Ewji

10: w
(new)
ji ← w

(old)
ji + α∆Ewji

11: end for

12: end for

13: end for

There are several potential adjustments to this algorithm. An example of such

adjustment is momentum which eliminates oscillations in the gradient descent.

The idea behind momentum is to not only follow the negative gradient direction

but also include correction direction of the previous update. In our algorithm

this would mean to replace the code in Line 10 by

wij(t+ 1)← wij(t) + α∆Ewij + αm(wij(t)− wij(t− 1)).

Here αm is a momentum rate which defines how much the oscillations will be

neutralized.

Another adjustment are RMSProp optimizer [15] that divides the learning

rate by exponentially decaying average of recent root mean squared gradients

or Adagrad optimizer [16] that divides the learning rate by sum of the previous

gradients. These optimizers adapt the learning rate individually for each network

weight which allows larger updates in case of small gradients and smaller updates

in case of large gradients. This increases robustness of the network and leads to

faster and more reliable convergence.

1.1.3 Data Preprocessing

In general, neural networks are known to learn faster and give better performance

if the inputs are preprocessed before being fed to the network [17]. Here we will

describe several objectives of data preprocessing.

First of all, it is often desired to reduce the input space. In case of many input

variables, it usually helps the network to manually choose the most important
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variables or combine several variables to a single one. By limiting the number

of input variables it is possible to reduce the amount of training vectors needed.

This results in shorter training time.

Another form of preprocessing that is usually used when training and using

neural networks is data normalization (scaling). Above all, this solves the problem

when different units are used to measure each input variable and the values of

some variables are significantly larger than others and therefore dominate the

input. In addition, normalizing inputs help the network to learn faster.

Besides input space reduction and normalization, preprocessing may be used

to remove or repair noisy and corrupted data or to manually pre-extract features

to simplify the learning process. Both of these can lead to significant improve-

ments in learning, however they are strongly domain-specific and usually require

deeper analysis of the data.

1.2 Deep Neural Networks

Artificial neural network architectures were always inspired by their biological

counterparts. When the cat’s visual cortex was studied in 1962, it was discovered

that more complex cells exhibit more sophisticated behavior [18]. This gave rise

to an idea of artificial neural network with multiple successive nonlinear layers

of neurons - deep neural networks. These should use the intermediate layers to

build up multiple levels of abstraction.

Even though it was theoretically possible to train these deep neural networks

using standard backpropagation algorithm, researchers soon found out that in

reality it did not work very well. In 1991 vanishing and exploding gradients [19]

were described as origins of this problem. Both of these problems are further

described in Section 1.3.

As a result of mentioned problems, the depth of practical neural networks was

usually limited to a single hidden layer for a long time. The expression deep learn-

ing arose in 2000s with huge advances in the field of deep neural networks such as

deep belief networks [20] with outstanding error rate on the MNIST dataset [21],

improved convolutional neural networks with its first GPU implementations [22]

or hierarchically stacked long-short term memory (LSTM) networks [23].

Since 2009 deep neural networks started to break records in many machine

learning competitions and turned out to be state-of-the-art method in various

fields such as sequence labeling, handwriting and image recognition, language

modeling and others. In 2011 a max-pooling convolutional neural network pro-

duced twice better error rate than human test subjects in traffic sign recognition
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contest [24]. This was a huge breakthrough since it was the first system to achieve

superhuman visual pattern recognition.

By 2012, deep learning brought excellent results in image recognition and

classification. In 2012 a huge convolutional network [25] was introduced, that

significantly outperformed previous state-of-the-art methods for image classifi-

cation. The network featured 60 million parameters and was trained using very

efficient GPU implementation. In the same year even better results were achieved.

A convolutional neural network with 109 parameters showed that it was possible

to build high-level, class-specific feature detectors from only unlabeled data [26].

They were pre-training the network on 10 million unlabeled images downloaded

from the internet, on 1000 machines each with 16 cores for three days. After the

pre-training, the network was trained to recognize 22,000 object categories from

ImageNet [27] dataset. It achieved a leap of 70% relative improvement over the

previous state-of-the-art results.

Outperforming all other approaches on several benchmarks, in the last few

years LSTM networks also showed promising results [28, 29, 30, 31, 32, 33].

These benchmarks were related to various fields such as keyword spotting, speech

recognition, language identification or social signal classification. Since that time,

both LSTM networks and GPU based convolutional networks have been the most

competition-winning or benchmark record-setting deep learning methods.

1.2.1 Recurrent Neural Networks

Neurons and their connections in FNNs form an acyclic graph. By allowing

cyclical connections we create so called recurrent neural networks (RNNs) (see

i.e. Elman’s simple recurrent network (SRNN) [34]). The most important feature

of RNN is that recurrent connections allow retaining information from the past

inputs and therefore keep some kind of an internal state of the network. This

feature enables detection of long-term temporal correlations in input data and

makes the RNN suitable for processing sequential inputs.

An RNN can be converted into a FNN by unfolding over time. An example of

unfolding a simple recurrent neural network with a single input and output per

time step is shown in Figure 1.3. The input to the hidden layer at each time step

consist of the actual input at the time step and activation of the hidden layer

from previous time step. Therefore, besides stacking multiple recurrent layers,

RNNs also deliver a different concept of depth in the form of multiple nonlinear

layers when unfolded in time.
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Figure 1.3: Unfolding Elman’s simple recurrent neural network

A commonly used algorithm for training RNNs is backpropagation through

time [35]. This algorithm uses unfolded recurrent network and trains it with

standard backpropagation algorithm. The main difference is that the recurrent

weights are shared across the unfolded layers so the gradients at each time step

need to be summed up.

There is a problem with RNNs regarding vanishing gradient which causes

elimination of contributions from earlier layers. This results in inability to learn

long-range dependencies and limits RNNs to looking back only a few time steps.

One of the possible solutions is a different neural network architecture called

LSTM network that is covered in the next section.

LSTM Network

LSTM network [36] was introduced for the first time in 1997. It was designed to

hold information for a long period of time. Since 1997 it has been improved and

extended by many researchers. Through the time, basic LSTM networks and their

modifications have become state-of-the-art method for many difficult machine-

learning problems such as handwriting recognition [37], language modeling [38],

prediction of protein secondary structure [39] or audio data analysis [40]. This

section describes the network exactly as it is used later in the experiments. That

means the original LSTM architecture introduced by Hochreiter [36] extended by

a forget gate [41] that was added three years later.

As shown in Figure 1.3 in a standard RNN the repeating module is a simple

self-recurrent connection on hidden neurons. In a LSTM network, the repeating

module consists of a more complex structure called memory cell. Its architecture

is briefly depicted in Figure 1.4. A memory cell is composed of a neuron with

self-recurrent connection that enables maintaining its state over time and three

non-linear gating units - input gate, output gate and forget gate. The gating
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units regulate the information flow through the cell and manage its memory.

memory

cell input

memory

cell output

input gate output gate

forget gate

Figure 1.4: LSTM memory cell

The input signal of the memory cell consists of the input from current time

step and memory cell output from the previous time step. The input signal

presents new values for the cell state and defines behavior of the gates. The

input gate filters which cell state values will be updated by the new input and

decides how strong the updates will be. It might completely block the input

signal or allow it to fully or partially update the state of memory cell. The forget

gate determines how much of the previous cell state will be remembered. It also

allows to completely reset the state. The output gate serves as a filter of the cell

state and decides which parts of it will affect other neurons.

To fully understand the functionality of memory cell, we provide formulas

that describe how the forward pass is actually realized. The formulas are given

below, while the detailed schema of memory cell can be found in Figure 1.5.

z(t) = g(Wzxt +Rzyt−1 + bz) cell input at time t

i(t) = σ(Wixt +Riyt−1 + bi) input gate at time t

f(t) = σ(Wfxt +Rfyt−1 + bf ) forget gate at time t

c(t) = z(t) ∗ i(t) + c(t− 1) ∗ f(t) cell state at time t

o(t) = σ(Woxt +Royt−1 + bo) output gate at time t

yt = h(c(t)) ∗ o(t) cell output at time t
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Where:

∗ represents point-wise multiplication of two vectors

xt = input vector at time t

yt = output vector at time t

Wz,Wi,Wf ,Wo = input weight matrices for input vector, input gate, forget

gate and output gate respectively

Rz, Ri, Rf , Ro = recurrent weight matrices for input vector, input gate, forget

gate and output gate respectively

bz, bi, bf , bo = bias vectors for input vector, input gate, forget gate and out-

put gate respectively

σ = activation function of the gates, always logistic sigmoid

g = cell input activation function

h = cell output activation function

forget gate

input gate

output gate

c

xt

yt−1

yt

yt

+∗+
σ

xt

yt−1

bf ∗ +
σ

xt

yt−1

bi

+

g

xtyt−1 bz

∗
h

yt

yt

+
σ

xt

yt−1

bo

Figure 1.5: LSTM memory cell in detail

The concept described above is just a basic variant of LSTM network. There

are several other variations for example LSTM cell with peepholes [42] (connec-
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tions from the cell to the gates) or a simplification of LSTM called gated recurrent

unit (GRU) [43]. The GRU combines forget gate and input gate into a single up-

date gate and it does not contain any output gate to control how much of its

state will be exposed. It always exposes the whole internal state. For further

details and other variations see, for example, a large-scale systematic overview

and comparison of eight LSTM variations presented by Greff et al. [44].

1.2.2 Convolutional Neural Networks

The first convolutional neural network (CNN) was introduced in 1979 [45] and

was given a name Neocognitron. The architecture of this network was very similar

to the modern contest-winning CNNs [22, 24, 25, 26]. It is often described as the

first actually deep network, however the depth did not mean a lot then, since

the network was not trained using backpropagation. It was trained using local

unsupervised learning rules based on winner-takes-all methods.

Since Neocognitron, the backpropagation algorithm was designed, compu-

tational power increased significantly, efficient GPU implementation and many

other improvements to neural networks and their training were discovered. As a

result, while the architecture remains similar, we are able to exploit CNNs in a

much greater ways. This section describes basic principles of CNNs and presents

some of the advances that were made during past decades and led to current

excellent results.

CNNs are often associated with image recognition and classification tasks.

They make use of a commonly used technique for image processing - convolution

filtering. It is a simple way to emphasize or remove certain features from the

image. Filtering is a neighborhood operation where the value of an output pixel

is computed as a linear combination of the original pixel’s neighborhood. The

weight matrix of this linear combination is called convolution filter or convolu-

tion kernel. Using this simple operation it is possible to do for example image

smoothing, sharpening or edge enhancement. Figure 1.6 shows the result of an

image convolution with a simple kernel 1 4 1

0 0 0

−1 −4 −1

 .
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Figure 1.6: An example of edge enhancement using image convolution.

0 0 0 0 0 0

0 1 3 0 1 0

0 0 1 2 0 0

0 1 2 1 0 0

0 0 1 1 3 0

0 0 0 0 0 0

Input

0 1 0

1 2 1

0 1 0

Convolution filter

5 8 6 2

3 9 6 3

4 8 7 4

2 5 7 7

Output

Figure 1.7: Convolution filter applied to a matrix representing the values of pixels.

The convolution is a linear combination of pixel’s neighborhood. For instance the

value of the first pixel is computed as 0×0+1×0+0×0+1×0+2×1+1×3+0×0+

1×0 + 0×1. Here we handled the edges by adding zero values, another option is

to copy neighboring values.

CNN is a type of FNN, however, instead of fully-connected layers it features

three kinds of layers - convolutional layer, pooling layer and fully-connected layer.

A complete CNN is created by stacking these layers onto each other. The fully-

connected layer is usually only the last one or last few layers and it is supposed

to provide a high-level reasoning.

The convolutional layer is the core building block of a CNN. Neurons in this

layer represent a filter (or multiple filters that are applied simultaneously) and

perform a convolution across the input. An important fact is that the same convo-

lutional filter is applied across the whole image. The idea behind this architecture

is that the same features that are learnt at one part of the input can also be found
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in other parts of the input. The convolutional filter represented by neurons in

convolutional layer is therefore also called a feature detector. The network is

supposed to learn filters that are activated by visual features such as edges, color

blocks or more complex and higher level features in case of hierarchically stacked

layers. A huge advantage of this architecture is that since the same convolutional

filter is applied across the whole image, the number of network parameters can be

significantly smaller than in case of FNN. This makes the training notably easier

even in case of large networks and helps to prevent overfitting (see Section 1.3).

Figure 1.8: Each neuron in convolutional layer (blue) is connected to the full

depth of a local region in the input space. There are multiple neurons all pro-

cessing the same region - these represent different filters. Each of these filters

process the input region with different weights. These filters are replicated to

process all the input regions in exactly the same way.

Pooling layers are usually inserted between successive convolutional layers.

Their function is to reduce the spatial size of the representation and decrease

the number of network’s parameters. The pooling layer partitions its input into

non-overlapping regions and applies a down-sampling operation to each region.

Its output is for example maximum of each region, average, sum or L2-norm

(|x| =
√∑

|xk|2). The intuition behind this is that the exact location of a

feature is not as important as its relative location to other features.

2 7 0 1

5 1 4 1

2 5 4 3

3 9 6 1

max pool
7 4

9 6

Figure 1.9: An example of max-pooling. The layer input is partitioned into 4

regions and each of them is down-sampled using max-pooling operation.
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In case of image processing, the network input is usually a 3D matrix where

the depth represents for example color channels. Convolution can be however also

applied to inputs with lower dimensions, for example time series (see i.e. [46]).

Similarly to images, convolutional networks might be able to reveal and exploit

various features of a time series without need to identify them manually.

1.3 Problems

Training a neural network is not a simple task and there are several common

possible problems. This section introduces these problems and describes some

approaches how to overcome them.

Non-convexity

Due to the nonlinear activation functions, the problem of finding optimal pa-

rameters of neural network is generally non-convex. Therefore there does not

necessarily exist a global solution and network might get stuck in a local opti-

mum - weight configuration for which no small change would reduce the error.

This problem has been studied and propagated by researches for a long time.

Recent results however show, that local minima are, in general, not a serious

issue [47].

Overfitting

Overfitting is one of the major issues with neural networks training. With a large

number of parameters, the network does not only learn general patterns but it

also learns random noise that occurred in training data. Such a network then

performs very well on data that it has been trained on, but it does not generalize

to previously unseen inputs which is the primary goal.

It is important to notice, that if the size of training set is significantly larger

that the number of network parameters there is basically no chance of overfitting.

The issue can be therefore solved by simply collecting more training data. This

is however often not possible. The amount of labeled training data is limited

and it is often not sufficient especially in case of deep neural networks with many

parameters. A commonly used solution to missing labeled training data is pre-

training the network using unlabeled data [26] or generating more training data

by transforming the available data so that the label is preserved.

A common technique to avoid overfitting is early stopping [48]. This method

introduces a validation data, which is a part of data, separated from training data.

The network is not trained on validation data, they only serve for monitoring the
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error on unseen data during the training. When the network begins to overfit, it

is easily noticeable, for the error is decreasing on the training data but increasing

on the validation data.

Another method for improving generalization is weight regularization. Weight

regularization is based on a fact, that smaller network parameters lead to smooth

outputs which change slowly and do not learn the noise. To achieve smaller

network parameters, an additional term is added to the error function of the

network to penalize large weights. One of the most commonly used regularization

techniques is L2 regularization also known as weight decay [49]. Weight decay

regularization is realized by adding term

1

2
λ
∑
i

w2
i

to the network cost function. Here wi are network parameters and λ is a param-

eter that controls how strongly large weights are penalized.

A quite recent approach to avoid overfitting is using dropouts [50]. The idea

of dropouts is to randomly temporarily drop units with their connections from

the neural network during training. It has been shown that dropouts signifi-

cantly reduce overfitting and present major improvements over other regulariza-

tion methods. The simplest example of dropouts is removing each unit with a

fixed probability, independent of other units. An effective probability of dropout

is often surprisingly large. The paper that introduces dropouts claims that 0.5

has shown to be close to optimal for various networks and tasks.

Vanishing or Exploding Gradient

Vanishing gradient results from the fact that with each subsequent layer in the

network, magnitude of the gradients gets exponentially smaller. Exploding gra-

dient is an opposite problem usually connected with recurrent neural network

described in Section 1.2.1. Since the problems have been introduced for the first

time [19], several ways of partially overcoming these problems were explored such

as specific network architectures (i.e. LSTM network described in Section 1.2.1),

unsupervised pre-training or regularization of network’s weights which also helps

to overcome overfitting. Another option is using more practical activation func-

tion. While logistic sigmoid or hyperbolic tangent enhance vanishing of the gradi-

ent, several other activation functions such as rectified linear unit (ReLU) defined

as φ(x) = max(0, x) do not have this property.
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Curse of Dimensionality

The term curse of dimensionality was first brought up in 1960 by Richard Bell-

man [51]. It refers to a problem when large number of input features cause

network to memorize the data and perform worse than when trained using in-

puts with less features. Since each feature adds another dimension to the input

space, significantly more training data is needed to sufficiently populate the input

space [52]. The curse of dimensionality can be overcome by properly selecting and

reducing input features. One of the most common feature extraction methods is

for example principal component analysis [53].
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2. Forecasting

In this chapter we introduce the problem of time series forecasting and describe

some of the commonly used forecasting methods such as exponential smoothing,

ARIMA model and a few machine learning approaches.

2.1 Time Series Forecasting

A time series [54] is a sequence of numerical data points made out of successive

measurements across a time interval. An example of time series is daily house-

hold energy consumption, interest rates, fuel price, company profits or monthly

rainfall.

Time series usually contain a lot of fluctuations - either random or system-

atical. These fluctuations are often analyzed to observe the nature of the phe-

nomenon represented by the series and extract their characteristics. The system-

atic pattern can be decomposed into two main aspects - trend and seasonality.

The trend component is linear or nonlinear pattern that does not repeat within

the range of given time series. Contrastingly, seasonal component repeats in

systematic intervals.

The most common motivation that leads to time series analysis is obtaining

its future values. Because of the random noise which is practically always present,

future values of real-life time series usually cannot be computed precisely. How-

ever most of the times they can be predicted with admissible inaccuracies. Since

forecasting models can only operate with limited amount of information, they

are unable to exploit all the causalities that affect the predicted variable. Instead

of that, they make inferences about future values based on its past behavior, in

some cases combined with some other external variables.

2.2 Forecasting Methods

For the purpose of this thesis we will use the following notation. The observation

at time t will be denoted by a subscript t, i.e. yt. The observed data will be

represented as y0, y1, ..., yt−1 while predicted values will be represented as ŷt,

ŷt+1, ..., ŷt+n.

There is a wide range of forecasting methods, each of them having specific

properties, accuracies, advantages and disadvantages. There is no generally su-

perior forecasting method, the best method usually strongly depends on nature

of the data. When choosing the right method, it is necessary to evaluate its
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performance by predicting past values that we already know the true value of.

2.2.1 Basic Methods

The most simple forecasting method is naive method which predicts the next value

to be the same as the latest observed value. Naive approach can even consider

seasonality and predict value from the last season. For a single-step prediction

this method is quite effective and since it is very easy to implement, it is commonly

used as a benchmark. Another simple methods are average, moving average or

weighted moving average which uses higher weights for newer observations.

2.2.2 Exponential Smoothing

Exponential smoothing describes a class of forecasting methods that weight past

observations using exponentially decreasing weights. This section depicts some

variations of the algorithm that have been proposed since it was introduced for

the first time in 1950s. The algorithms in this chapter are mainly based on a

book Forecasting: principles and practice [55].

Simple Exponential Smoothing

The original exponential smoothing method [56] suggested in 1956 by Brown is

only suitable for time series without any seasonal or trend patterns. The value

ŷt+1 is forecasted as lt which is an estimated level at time t. The estimated level

is defined as

lt = αyt + (1− α)lt−1

where 0 ≤ α ≤ 1 is a smoothing parameter, which can be chosen based on past

experience or optimized to minimize forecasting error using a statistical technique

such as least squares method. The value for initial level l0 is usually y0, however if

the time series is sufficiently long and α is not too small the initial level does not

significantly affect the resulting forecast. In case of multi step ahead prediction,

the same forecast value is used for each forecasting horizon (ŷt+h = lt).

Holt’s Linear Trend Method

In 1957 Charles Holt extended Brown’s exponential smoothing [57] to enable

forecasting time series with trend. This method uses estimated level lt similarly

as it is used in simple exponential smoothing in additional combination with

estimated trend bt which represents an estimation of the slope of time series.
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These values are computed as follows:

lt = αyt + (1− α)(lt−1 + bt−1)

bt = β(lt − lt−1) + (1− β)bt−1

where 0 ≤ α ≤ 1 is smoothing parameter for level and 0 ≤ β ≤ 1 is smoothing

parameter for trend. The actual predicted value at time t+ h is then defined as

ŷt+h = lt + hbt.

The forecasting function is not constant as it was with simple exponential smooth-

ing, but linear in forecasting horizon h.

Holt-Winters Seasonal Method

Holt-Winters seasonal method [58] also called triple exponential smoothing was

first suggested in 1960. This method combines three smoothing equations that

compute estimated level lt , estimated trend bt and estimated season st. There

are two variants of this method. The first one, additive method, uses the sea-

sonal component expressed in absolute terms and is suitable for time series with

constant seasonal variations. The second, multiplicative method, uses the sea-

sonal component expressed in relative terms and is suitable for time series with

seasonal components proportional to the level. The estimates and prediction of

the additive method are computed as follows:

lt = α(yt − st−m) + (1− α)(lt−1 + bt−1)

bt = β(lt − lt−1) + (1− β)bt−1

st = γ(yt − lt−1 − bt−1) + (1− γ)st−m

ŷt+h = lt + hbt + st−m+b(h−1) mod mc+1

where 0 ≤ α ≤ 1 is smoothing parameter for level, 0 ≤ β ≤ 1 is smoothing

parameter for trend and 0 ≤ γ ≤ 1− α is smoothing parameter for season. The

last term of prediction equation ensures that the last estimated season from the

observed data is used. In comparison, the multiplicative method uses following

equations:

lt = α
yt
st−m

+ (1− α)(lt−1 + bt−1)

bt = β(lt − lt−1) + (1− β)bt−1

st = γ(
yt

lt−1 − bt−1

) + (1− γ)st−m

ŷt+h = (lt + hbt)st−m+b(h−1) mod mc+1.
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2.2.3 ARMA and ARIMA Models

Autoregressive moving average (ARMA) model [59] is often used for modeling

time series and predicting their future values. It is a combination of two models,

namely autoregressive model (AR) and moving average model (MA).

AR(p) model refers to the autoregressive model of order p. It models the time

series as a noisy linear combination of the values at last few time step. This model

is able to handle a wide range of different time series patterns. Mathematically

it can be expressed as

ŷt = c+

p∑
i=1

ϕiyt−i + εt

= c+ ϕ1yt−1 + ϕ2yt−2 + ...+ ϕpyt−p + εt

where ϕi are the model parameters, εt is random error at time t and c is constant.

AR model is restricted to stationary time series - a series whose properties, such

as mean, variance, autocorrelation, etc. are independent of the time at which the

series is observed.

MA(q) model refers to the moving average model of order q. It is also a

regression-like model but instead of using past values, it models the time series

using past forecast errors. It can be expressed as

ŷt = µ+

q∑
i=1

θiεt−i + εt

= µ+ θ1εt−1 + θ2εt−2 + ...+ θpεt−p + εt

where µ is the mean of the time series, θi are the model parameters and εt is

white noise. It is not possible to fit this model using linear least square method,

since the random error terms are not observable.

By combining AR(p) and MA(q) models we obtain an ARMA(p, q) model. It

models the time series as

ŷt = c+

p∑
i=1

ϕiyt−i +

q∑
i=1

θiεt−i + εt.

The ARMA model was first described in 1951 [59]. It was, however, really popu-

larized much later, in 1971 when a well-known Box-Jenkins methodology [54] for

ARMA model selection and parameter estimation was introduced.

The ARMA model is limited to stationary time series which is quite a restric-

tion since in practice most of the time series contain trend or seasonal patterns

which makes them non-stationary. This is why a generalization of this method

called autoregressive integrated moving average model(ARIMA) [54] model has

been proposed. This model first transforms a non-stationary time series to a

stationary one by applying finite differencing of the data points.
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2.2.4 Machine Learning Methods

In the last two decades, machine learning models have shown to be a real compe-

tition to the classical statistical models when it comes to time series forecasting.

Rather than processing data using pre-programmed algorithm, machine learning

methods are based on building models that learn, grow and change when exposed

to new data. Data provided to the model in order to train it, is called training

data.

Machine learning methods are able to solve various classification, clustering or

regression tasks. In this section, we will only focus on the algorithms for regression

since these are the most relevant ones when it comes to time series forecasting.

It is however possible to transform the problem of time series prediction into

classification problem, for example by predicting one of several possible ranges of

the output value.

Regression problems are usually solved using the methods of supervised, or

possibly semi-supervised learning. That means, at least some of the input data

are labeled - the desired output is provided. Training data therefore consists of

pairs (x, y) where x = (x1, ...xn) is model input consisting of n features and y is

desired output. For our prediction task, x might be a vector of previous values

x = (y0, y1, ..., yt−1) and y would be a single predicted value yt or even a vector

of multiple predicted values (yt, yt+1, ...).

Artificial Neural Networks

In comparison to statistical forecasting methods, ANNs can easily model data

with nonlinear relationships between variables and overcome other limitations

such as problems with outliers. Another advantage of ANNs is that they are

often able to discover features in the data, that other models do not exploit.

Probably the most critical flaw of ANN models is that they work as a black box,

meaning that they deliver the results without any explanation.

A regression using neural networks is done either by scaling data into appro-

priate range, coverable by a standard activation function such as logistic sigmoid

or hyperbolic tangent. Another option is using activation function without lim-

ited range, for example softplus function given by

φ(x) = ln(1 + ex).

The network weights and biases ale trained by feeding past data into the

network. The problem with this approach is variable input size, since neural

networks are trained with a fixed architecture that includes number of input

neurons. This problem is usually solved in two ways. The first way is to introduce
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a recurrent neural network that maintains its state and is able to process inputs

of any length. Another option is to only use a fixed number of past time steps

for prediction.

Random Forests

Random forest [60] is an ensemble of decision trees [61], with each tree constructed

using a random subset of the training data. To introduce random forests, we will

first briefly describe how do decision trees work.

Decision tree is a non-parametric supervised learning method. It is commonly

known for solving classification tasks, however it can also be used for regression.

Decision tree is supposed to predict the correct output by learning simple decision

rules inferred from the training data features.

During the training phase, a tree with decision nodes and leaf nodes is incre-

mentally built. For a classification task, the tree is built by breaking down the

training dataset into smaller and smaller subsets containing instances of similar

values. For a regression task, in each step a regression model is built for every

independent variable (input feature). The models are fit to predict the output

value. Then the data is split at several split points and at each split point, the

sum of squared errors between predicted values and actual values are computed.

Variable and split point with the lowest error is chosen as the next decision node.

Each part of the split is then recursively processed in the same manner.

x2 ≤ 17 x2 > 17

11

x1 < 2.1

8

x1 ≥ 2.1

3

x4 ≤ 9

16

x4 > 9

Figure 2.1: An example of decision tree for regression tasks. The green circles

represent decision nodes and red squares represent the output value.

After the tree is fit, the actual classification or regression is done by walking

the tree from the root node to a leaf according to the decision rules in each node.

The leaf value is the predicted output.

A fully developed tree often suffers from overfitting and exploits random fea-

tures that occurred in the training set but are not likely to occur generally. To

overcome this problem, a validation set is usually used to prune the tree.
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A random forest is composed of an arbitrary number of decision trees that all

take part in determining the predicted output. In case of classification problem,

the trees vote for the final class and the most popular one is chosen. In case

of regression problem, the output might be computed for instance as an average

of their responses. Random forests as a forecasting model do not require much

parameter tuning, they are quite fast and able to work well even with unbalanced

and missing data.

Support Vector Machines

Support vector machines (SVMs) [62] are a set of supervised machine learning

methods used both for classification and regression tasks. In case of classification

problems, the input data can be imagined as points in n-dimensional space, where

n is determined by number of features. The classification into two classes is per-

formed by finding a hyper-plane that appropriately differentiates the input data.

It is however often not possible to linearly separate the two classes. SVMs solve

this problem by transforming the input data into the space of higher dimension

where the data becomes linearly separable (see Figure 2.2).

x

y

x

z

Figure 2.2: Red and blue circles in the illustration picture represent data from two

different classes. In the left subfigure, these two classes are not linearly separable.

By including another feature z = x2 + y2 and therefore transforming data into

the space of higher dimension, data becomes linearly separable (right subfigure).

Even though the classification tasks are more common for SVMs, they are

also capable of solving regression problems. This algorithm is called ε-SV regres-

sion [63] and its goal is to find a linear function f(x) that has at most ε deviation

from the target values from a training set. Obviously, many regression problems

cannot be appropriately described using a linear model. In this case, the data is

also transformed into a space of higher dimension where such a function exists.
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Formally, the objective is to find a linear function

f(x) = wTx+ b

where we want to assure that it is as flat as possible. This is achieved by mini-

mizing norm value wTw:

J(w) =
1

2
wTw.

For each training sample (x, y) the function must satisfy the condition∣∣y − (wTx+ b)
∣∣ ≤ ε.

Finding the desired function is an optimization problem that can be expressed in

standard quadratic programming form and then solved using appropriate tech-

niques.

2.3 Performance Evaluation

When choosing and tuning suitable forecasting model, prediction accuracy should

be the primary concern. It is very important to acknowledge that the main goal

is to obtain a model that most accurately predicts new data, not the data it was

trained on. To compute the prediction accuracy or inversely, prediction error, the

model is usually trained on a part of a series and it is measured how accurately

it predicts the rest of the series.

There are few factors to be considered when selecting a forecasting error calcu-

lation method. The first one is whether it is scale independent. A scale dependent

error is on the same scale as the data and therefore it can usually only be used to

make comparisons on the time series that are on the same scale. Second feature

that might limit the function usage is whether it is able to handle zero values. A

common pattern is that in order to gain scale independence, the error is scaled.

The scaling unfortunately often rules out time series containing zero values. The

third, often ignored, factor is whether the error is biased in a way that it system-

atically prefers models whose predictions are too low or reversely, too high. The

last important characteristic is interpretability of the error. Table 2.1 presents

some of the commonly used methods for computing forecasting error. Their com-

parison based on described characteristics can be found in Table 2.2. It may be

noticed that zero denominator in formulas for SMAPE and MIBRE implies zero

error and therefore it can be properly handled.
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Method Method name Formula

MAE mean absolute error mean(|ŷi − yi|)

MAPE mean absolute percentage error mean( |ŷi−yi||yi| )

SMAPE symmetric mean absolute percentage error mean( |ŷi−yi||yi|+|ŷi|)

MSE mean squared error mean((ŷi − yi)2)

RMSE root mean squared error
√

mean((ŷi − yi)2)

NRMSE normalized root mean squared error

√
mean((ŷi−yi)2)

ȳ

lnQ [64] -
∑

ln( ŷi
yi

) =
∑

ln(yi
ŷi

)

MIBRE mean inverted balanced relative error mean( |ŷi−yi|
max(ŷi,yi)

)

Table 2.1: Forecasting error calculation methods

Method Scale independent Non-biased Zero values Interpretable

MAE 7 X X X

MAPE X 7 7 X

SMAPE X 7 X X

MSE 7 X X X

RMSE 7 X X X

NRMSE X X X X

LnQ X X 7 7

MIBRE X 7 X 7

Table 2.2: Comparison of forecasting error calculation methods
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3. Related Work

According to our research there are currently no available results of using deep

learning to forecast future sales. Multiple studies show that this problem can be

approached by more simple neural networks such as conventional feed-forward

networks [65, 66] or shallow recurrent networks [67]. On the other hand, in the

last decade deep neural networks have outperformed classical neural network ar-

chitectures in many fields. In this chapter we present previous studies related

to sales forecasting using conventional forecasting methods and traditional neu-

ral networks as well as studies presenting state-of-the-art performance of deep

architectures or their usage for time series analysis.

3.1 Sales Forecasting

Sales forecasting is a common business practice. Studies from 2000 [68] however

indicate that judgmental procedures are more frequent than quantitative or causal

methods. They showed that out of quantitative methods, usually the most simple

ones are used, for example moving averages or simple regression. This study also

showed that most of the firms never even tried to use unconventional methods

for sales forecasting such as neural networks or genetic algorithms. In addition, a

study of the evolution of sales forecasting management [69] from 2006 shows that

familiarity of companies with more sophisticated forecasting methods is actually

decreasing over time.

The study of the evolution of sales forecasting management also showed that

the method that companies are most satisfied with, is exponential smoothing.

Exponential smoothing is a traditional method that has been used in practice

for a long time. In 2010 Gelper, Fried and Croux presented a robustified version

of exponential and Holt-Winters smoothing [70]. They suggested a pre-cleaning

mechanism that identifies and down-weights outlying values. Their methods are

significantly less sensitive to outliers than the original ones and comparisons show

that the robust Holt–Winters method also yields better forecasts in case of fat-

tailed error distributions.

Even though the neural network approach to sales forecasting is not frequently

used, it has been around for quite a long time. In 1997 Thiesing and Vornberger

[65] applied neural network to predict future values of weekly demand of 20 items

in German supermarket. They trained a simple feedforward multilayer perceptron

network with a single hidden layer to predict sales for the next week. Along with

the past amount they also used other indicators such as price change indicator
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or promo action indicator. Compared to two other simple prediction techniques

already used by the supermarket (naive prediction and moving average) the neural

networks gave considerably better results.

Another comparison [66] of artificial neural networks and traditional fore-

casting methods was made in 2001 on US monthly aggregate retail sales. They

compared neural network approach to Holt-Winters exponential smoothing (see

Section 2.2.2), ARIMA model (see Section 2.2.3) and multiple regression (see

i.e. [71]). They employed both one-step and multi-step ahead forecast with pre-

dictions of up to 12 months. As a neural network model they used a simple FNN

with eight units in hidden layer. They compared the performance of each method

across two time periods. The first time period was affected by a large macroeco-

nomic instability, while the second period contained significantly less fluctuations.

Their results for the first period showed that ANNs provide superior forecast over

traditional methods for both one-step and multi-step ahead prediction. In the

second period, ARIMA model seemed to outperform neural networks, but the

difference was not statistically significant.

There are also more recent results in this field. In 2015 a recurrent neural

network approach to sales prediction [67] was presented. They tried to predict

6 monthly sales series using different types of partial recurrent networks. Their

results showed that partial recurrent networks can outperform other statistical

forecasting methods on certain time series but they did not confirm any general

superiority of them.

3.2 Deep Neural Networks

In the last decade, deep neural networks led to many breakthroughs. Lots of

them were made in the field of image classification [25, 72]. In 2015, the 1st

place on the ILSVRC 2015 classification task, ImageNet detection, ImageNet lo-

calization, COCO detection, and COCO segmentation was won by deep residual

networks [73]. They solve the problem of degradation, where accuracy gets sat-

urated with increasing network depth, in a very specific way. They introduce

shortcut connections that perform identity mapping and skip one or more layers.

This allowed them to successfully train models with more than 100 hidden layers

that showed an excellent performance.

Another field where deep neural networks show outstanding performance is

natural language processing. An example of such a task is character-level lan-

guage modeling with a task of predicting the next character in a stream of text.

Recurrent neural networks with a Hessian-Free optimizer [74] has shown excep-
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tional results when solving this task [75]. The researchers that introduced this

approach presented a new temporal network architecture called multiplicative

recurrent neural network that gates the recurrent weight matrix with the input

symbol. They used three datasets of size about 100MB. The datasets included

characters, digits and punctuation. They trained the network on many shorter

sub-sequences, with every prediction supported by at least 50 characters of con-

text. The training took 5 days on 8 GPU units. They showed that it was very

easy for the network to learn words, however a much harder task is to learn

correct semantic and syntactic structure. Compared to different methods, the

network learned to balance parentheses and quotes over long distances and it was

also able to extract higher level knowledge from the text.

In 2015 a deep recurrent neural network model was introduced that connected

computer vision and natural language processing by solving a task of generating

natural sentences describing given image [76]. This task is very challenging and

is significantly harder than image classification or object detection. There is a

need to capture objects in the image, detect their attributes and relations to each

other. Besides visual understanding, a correct language model is necessary. As

an image encoder, they used a convolutional neural network pre-trained for an

image classification task. The last hidden layer of this network was then fed to

a recurrent neural network, specifically LSTM network, that served as a decoder

and generated resulting sequences. The LSTM model was trained to predict each

word of the sentence given the input from convolutional network and preced-

ing words. Using this architecture extended by dropouts and ensembling, they

achieved state-of-the-art results on multiple datasets and reached near-human

performance.

Deep neural networks are applicable for various tasks in many fields of study.

A good example is biology. In 2014 recurrent neural network predicting pro-

tein secondary structure from the amino acid sequence provided outstanding re-

sults [39]. This is a classical bioinformatics problem, often solved using feedfor-

ward neural networks or support vector machines. Even though it is a prediction

task, its character is a bit different since the entire sequence is known beforehand,

not only the past observations. They exploit this feature by using bidirectional

recurrent neural network. It is a combination of two separate multilayer recurrent

networks, one working forward from the beginning of the sequence and one going

backward from the end. Their results are then combined using a feedforward

neural network. On a given dataset, this architecture outperformed previous

state-of-the-art results.

There are also other studies suggesting that recurrent neural networks out-

perform standard methods in the time-series forecasting task. A comparative
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analysis of the wind speed forecasting accuracy of ARIMA models and recurrent

neural networks [77] showed that recurrent neural network models outperformed

the ARIMA models. Their data was collected on the same tower and over the

same time period for a variety of heights and the task was to forecast 15 minute

ahead wind speeds. They compared two variants - univariate and multivariate

settings. In univariate settings, each height was treated separately. In multivari-

ate setting the input variables from different heights were combined into single

input vector. The recurrent neural networks outperformed ARIMA models on

both univariate and multivariate settings.
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4. Problem Analysis

In this chapter we will describe the problem of retail sales forecasting with focus

on short-term sales forecasting which is the problem that we were dealing with.

We will also present the sales data that we used in our experiments and provide

its exploratory analysis.

4.1 Sales Forecasting

Sales forecasting might be done on multiple levels. Long-term forecasting, such as

forecasts for next few years are necessary for strategic planning. These forecasts

are usually applied to groups of aggregated products, since yearly forecasts of

individual products would be very imprecise and usually even pointless. These

forecasts help to make the right business decisions and they are affected by many

economical and environmental factors.

Medium-term forecasting refers to forecasting sales for the next few weeks

or months. Medium-term forecasts are necessary in the terms of planning pro-

duction, creating contracts with suppliers, hiring more personnel, ordering goods

with higher durability, etc. Depending on the purpose of forecast, these forecasts

may be useful for individual products or groups of products.

In this thesis we will focus on short-term forecasting, specifically on forecasting

daily sales. The short-term forecasts are mostly used to determine the amount

of goods that should be ordered from suppliers, but they might be also used for

other purposes such as managing the number of employees that must be present

in the store in the next few days. The products that need to be predicted on

daily bases are usually groceries with short durability such as meat, fruit and

vegetables, dairy products, baked food and also some drugs or toiletries. These

products are often referred to as fast-moving consumer goods (FMCG).

The short-term forecasts are usually made at stock keeping unit (SKU) level.

The SKU specifies a product and all its attributes distinguishing it from other

products such as flavor, color, manufacturer, packaging size etc. It also includes

the specific store in which the item is sold, since the sales of the same product

might vary significantly in different locations.

Daily sales are much harder to forecast than monthly or weekly sales since
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aggregation removes a lot of random noise.1 With daily sales usually come lower

volumes, high volatility and they are also affected by a large number of factors

such as holidays, promo actions or weather. Daily sales time series often have

trend pattern and multiple seasonal patterns such as weekly seasonality or yearly

seasonality. The season is not even necessarily related to a strict period of time,

it can be affected by other factors such as moving holidays (Easter) or climate

conditions (i.e. the first warm weekend in a year). Another feature of sales time

series is that they often contain outliers - an unrepresentative observations. It

is often not easy to distinguish outlier from a pattern that should be considered

when predicting future sales. Additionally, there is a question of how to handle

historical stock-outs. There are obviously zero sales during stock-outs, however

it does not mean that there was no customer demand. All these factors need to

be considered in order to compute sufficiently accurate forecast.

To forecast daily sales, it is necessary that the sales are very frequent. Prod-

ucts that are not sold on daily bases are not suitable for this type of predictions

because of large noise and irregularity. In practice, the stores usually order these

kind of products less frequently for a longer period of time and it is sufficient to

forecast weekly or monthly sales, or even yearly sales in some specific cases.

4.2 Data

There is not a lot of scientific research done in the field of sales forecasting.

The problem is that companies are not willing to share their data, not even

with their own suppliers. For the purpose of this thesis we mainly used data

provided by Logio company. We collected sales data from 27 different stores,

mostly supermarkets, some of them with multiple physical stores. Altogether we

gathered sales data of approximately 18 millions SKUs differing in many factors

such as product type, product life time or sale frequencies. It is very rare to

obtain dataset of such a size in this field.

The data provided by Logio company was used for the most of our experi-

ments, however it is not public. We were also allowed to use a public dataset

provided by Rossmann, a major European Pharmacy retailing company, for a

kaggle.com competition. This dataset contains daily sales of 1,115 Rossmann’s

drug stores located across Germany. The sales in this dataset are aggregated by

1A coefficient of variation defined as ratio of standard deviation to mean of the series is

a good measure of volatility or uncertainty. The higher this value is, the higher is volatility.

Consider, for example, two normal distributions N(270, 80) and N(150, 65). Their coefficients

of variations are 0.3 and 0.43 respectively. By aggregating these distributions we obtain a

distribution N(420, 103.1) with coefficient of variation approximately 0.25.
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stores and are therefore quite different from data provided by Logio company.

We used this dataset to inspect how well do our models generalize to different

data and also to present our models.

The Rossmann dataset consists of sales aggregated by stores thus all the time

series are very frequent and suitable for daily sales forecasting. The only flaw in

the data was missing sale records for several stores. We filled this gaps with zero

sales to obtain dense time series, containing a sales record for each day between

the start and the end of the series.

While the Rossmann dataset was almost ready to be used in our experiments,

it was necessary to process and analyze the data provided by Logio company. We

aggregated all the sales by product (SKU) and day to determine daily sales of each

product and filled the days with no sales with zeros. After that, we eliminated

short time series and series with low frequencies and chose 10,000 products to

create a dataset that we will refer to as Multistore dataset. We additionally cut

away a randomly long part of the end of those time series that will be used for

validation and testing purposes (see Section 5.1). We did this because most of

the series ended in the same few days (when the data was collected). These last

days of the series were used for evaluations and testing and we wanted to make

sure the endings are randomly distributed during the year and our results are not

affected by any seasonality.

Since daily sales of 10,000 products produce a huge amount of training data,

we decided to also create a smaller and simpler version of Multistore dataset. The

idea was to first determine the most suitable models using the small Multistore

dataset and then train them using the full Multistore dataset. For our small

dataset we separated 2,000 SKUs from a single store and processed their time

series so that they covered the same time window.

4.3 Exploratory Data Analysis

We have already described how we obtained three datasets of sales time series.

In this section we analyze each one of them and provide an overview of the time

series used in our experiments.

4.3.1 Small Multistore Dataset

The small dataset consists of 2,000 time series which are daily sales of the 2,000

most frequently sold items in a single supermarket (covering several physical

stores). These time series are dense, meaning that missing data in the middle

of the series were replaced by zero sales. Each time series consist of 1,122 time
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steps and they come from the same time range. The dataset contains 91 negative

values which are caused by returns. These values occur rarely, so they would not

affect our results and we will only make sure they will not be used for testing

purposes.

As Figure 4.1 shows, daily sales follow approximately an exponential distri-

bution.
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Figure 4.1: Histogram of daily sales representing 95% of the data. Negative values

and the most extreme values were removed before plotting for better clarity. The

red line represents exponential distribution that we fit the data to.

Sales time series often contain patterns that are affected by season or big

holidays such as Christmas. As a result, the average daily sales vary in different

months. Even though the variations would be stronger for specific products or

groups of products, even the average daily sales over all products are higher in

some months than in the others (see Figure 4.2).

In addition to variations caused by season and holidays, daily sales are also

strongly affected by weekdays. Significant within-week sales swings are shown in

Figure 4.2. As can be seen there is a large peak on Fridays which can be explained

by customers often shopping for a whole weekend on Friday. On the contrary,

mean Sunday sales are significantly lower than any other day of week.
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Figure 4.2: Aggregated mean sales computed over the whole dataset.

The dataset consists of 2,000 time series corresponding to the daily sales of

2,000 different SKUs. Each of the series follows different patterns, consists of its

own specific trend and seasonal components. In addition, the average sales of

each item are very different (see Figure 4.3). Besides the differences, there is a

pattern that all of the series follow in a similar manner - holidays. Figure 4.4

show how most of the series produce a huge peak a few days before Christmas

and New Year’s Eve and then there are no sales on December 25th and January

1st.
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Figure 4.3: Average daily sales by product.
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Figure 4.4: The plot captures the period around the Christmas holidays and

covers all the time series from the dataset normalized by their mean. The strong

peaks are one and two days before Christmas and New Year’s Eve

The last aspect of the time series that we analyzed was autocorrelation -

the correlation of a time series with its own shifted values. We studied the

autocorrelation of a number of time series in our dataset and came up with two

general patterns, see Figure 4.5, that occur with only small diversities. In the

first pattern, the largest correlation is between subsequent days and then it is

slowly decreasing for a while with increasing day shift. There is usually also

slightly higher correlation with other days corresponding to the same weekday

(shifts which are multiples of 7). This pattern explains the effectivity of naive

forecasts. The second pattern shows very large correlation with days of the same

weekday and a bit smaller correlation with surrounding days.
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Figure 4.5: When observing autocorrelation of the series, we found two general

patterns. These two example autocorrelations represent these patterns.
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The mean autocorrelations can be found in Figures 4.6 and 4.7. The later

figure represents a longer time period and shows that the correlation is slowly

decreasing with longer time lag but the pattern remains the same. There is also

a slightly visible peak near the end of the series corresponding to the correlation

with same day in the next year.
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Figure 4.6: Mean autocorrelation with maximum lag of 70.
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Figure 4.7: Mean autocorrelation with maximum lag of 400. Only every 7th lag

is shown.

4.3.2 Large Multistore Dataset

We carried out a similar analysis on the large dataset with similar results. This

dataset consists of 10,000 time series representing daily sales of various products

from multiple stores. These series were also filled to become dense. Again,

daily sales follow approximately exponential distribution (see Figure 4.8), but

the values are somewhat smaller than values in the small dataset.
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Figure 4.8: Histogram of daily sales representing 96% of the data. The most

extreme values were removed before plotting for better clarity.

Series in the large dataset do not come from the same time range and they

are not of the same length. Their lengths vary between approximately 1 and 4

years. A histogram of time series lengths is shown in Figure 4.9.
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Figure 4.9: Histogram of time series lengths.

Mean monthly and weekday sales in the large dataset show the same patterns

as in the small dataset (see Figure 4.10). The sales in January are again consider-

ably smaller than sales in other months. This can be explained by people saving

money after Christmas and many people are also trying to shop less in order to

meet their New Year’s resolutions such as losing weight or spending less money.
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Figure 4.10: Aggregated mean sales computed over the whole dataset.

In addition to daily sales, the large dataset also contains sale price for each

product and day. Unsurprisingly, we were able to detect a significant correlation

between price and amount sold. Figure 4.11 shows a histogram of correlations

over all time series. Negative correlation, which dominates the dataset, usually

corresponds to the effect of promo actions where even small decrease in price

causes large increase of amount sold. There are however also products with

positive correlation of price and amount sold. These cases are usually connected

with highly seasonable products that are sold in large amounts during a specific

period of time for example before Christmas. Their price, which was regular or

even higher during this period, is significantly lowered after the season but sales

go down too.
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Figure 4.11: Histogram of correlations between price and sold amount over all

time series.

4.3.3 Rossmann Dataset

Data in the Rossmann dataset were provided by Rossmann for a kaggle.com com-

petition and they allowed us to use this data for the purpose of this thesis. Data
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in this dataset are quite different from the Multistore dataset since it contains

daily sales aggregated by stores. These data are public.

The dataset consists of 1,115 time series representing aggregated daily sales of

1,115 stores. The missing dates were filled with zeros to obtain dense time series.

Each time series is 942 days long except for one, which starts one day later. All

the other series come from the same time range between January 1st, 2013 and

July 31st, 2015. Daily sales in Rossmann dataset follow a gamma distribution.

A histogram of these values is depicted in Figure 4.12.
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Figure 4.12: Histogram of daily sales. Zero values where excluded when fitting

to gamma distribution.

The patterns in mean monthly and weekday sales in the Rossmann dataset are

more significant (see Figure 4.13). The sales in December are apparently larger

than sales in any other month. This corresponds to the nature of the stores -

Rossmann products are often used as a Christmas gift, while not many people

buy Christmas gifts in a supermarket. It can be also noticed that there are almost

no sales on Sundays. The reason is that most of the Rossmann stores are closed

on Sunday.
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Figure 4.13: Aggregated mean sales computed over the whole dataset.
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In comparison to large differences between mean daily sales of each product,

mean daily sales of each store are not that different; see Figure 4.14. Also, as

shown in Figure 4.15, the autocorrelation with lags that are multiples of 7 is

significantly higher in this dataset.
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Figure 4.14: Average daily sales by store.
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Figure 4.15: Mean autocorrelation with maximum lag of 70.
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5. Experiments

Using the datasets described in Chapter 4 we conducted various experiments in

order to find the most appropriate model for predicting next 7 days of sales time

series based on the past sales. Our goal was to train a universal model, that would

be able to predict sales of a product without being trained on its history. This

would allow very fast predictions, after the model has been trained sufficiently.

Our models were prepared in Python using Keras1 library. We used the Mul-

tistore dataset described in Section 4.2 to find and prepare the best model. First,

the small variant of the dataset was used to train a large number of models. The

models that have shown the most promising results were then also trained using

large data. We compared their behavior and analyzed their performance in con-

trast to three other forecasting methods. In addition, we trained the best models

on the Rossmann dataset (Section 4.2). We examined how well do our trained

models generalize and analyzed whether it makes sense to fine-tune pre-trained

model to forecast Rossmann time series, which are significantly different from

Multistore data.

5.1 Model Evaluation

To select the best model and compare its performance to other models or different

forecasting methods, it is necessary to correctly evaluate model’s accuracy. When

determining the accuracy, it is especially important that the measurements are

unbiased and made using new data that has never been seen and used before.

To achieve unbiased evaluations, we split both Multistore dataset and Rossmann

dataset into three parts - training set, validation set and test set. Each experiment

can be then divided into three steps - training, evaluation and test phase. In this

section we depict these tree steps and describe which error functions we chose to

be used for evaluations and tests.

5.1.1 Training Phase

Training the model means finding the appropriate parameters. In case of neural

networks, it means to find network weights that produce the best results on the

training set. The objective of our training was to minimize MSE on time series

from the training set which is done using backpropagation algorithm described

in Section 1.1.2 or some of its modifications.

1http://keras.io
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5.1.2 Evaluation Phase

By evaluating the model we were able to determine how well it learns and performs

in comparison to other models. The evaluation consists of two parts.

First of all we need to be able to determine whether the model itself is learning

anything and whether it is not overfitted - behaving very well on training data,

but not able to generalize to unseen data. We do this by regularly computing loss

on the validation data set and portion of the training set that we refer to as an

evaluation set. These losses are computed during the training phase, after each

epoch. If the loss computed on the evaluation set is not decreasing, it means that

the model is not learning anymore. If it is decreasing for the evaluation set, but

not decreasing for the validation set, it means that the model is overfitting.

It is common to compute the loss over the whole training set during training

instead of computing it in on evaluation set after each epoch. We used the later

method even though it is slightly more time consuming. We believe it makes

more sense to compute both losses on equally trained model.

The second part of evaluation is actual evaluation of model’s predictions.

After the model is trained, we compute the predictions of the last few time steps

of the time series from validation set. These are the data that the model has

not been trained on. If the model predictions are scaled or normalized in any

way, it is necessary to postprocess them so that the predictions correspond to

the actual amount that will be sold. Only that way we will be able to compare

prediction errors of different models with different preprocess methods. Based

on this comparison made on the validation set, we can choose the appropriate

model.

5.1.3 Test Phase

It is important that the actual final model performance is evaluated on different

data than the model was trained on and chosen by. This would bring an unwanted

bias into our result. We therefore use the test set to do the final evaluation of

the models’ accuracy by predicting the last few time steps of each time series.

5.1.4 Error Functions

To evaluate accuracy of models it was necessary to choose unified criterion. We

considered all the error functions mentioned in Section 2.3 and decided to use

RMSE, SMAPE and MIBRE. While NRMSE seems to have the best properties

(as shown in Table 2.2), its normalization based on average of the whole series is

very unstable.
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The chosen error functions were not used in the same manner. It is not possible

to use RMSE to compare models over multiple different time series because it is

scale dependent. We can however use it to compare behavior of multiple models

on a single (potentially specific) time series and find out their strengths and

weaknesses. To compare models over different time series we used SMAPE and

MIBRE. Most of the times smaller SMAPE value corresponded to smaller MIBRE

value. Thus, for the purpose of this thesis we mostly use SMAPE for model

comparison since it is clearer and more easily interpretable.

5.2 Data Preparation

As described in previous section, we first needed to randomly split the datasets

into three disjunctive sets of data, namely training set, validation set and test set.

In case of the large dataset this led to 2,000 time series in both validation and

test set and 6,000 time series in training set. In case of the small dataset, we did

not use the test set since we only wanted to choose the most promising models.

Their accuracy was evaluated on the test set extracted from the large dataset.

Note that the test set in large Multistore dataset was carefully selected so that

it does not contain any time series from the small Multistore dataset. We hence

split the small Multistore dataset into a validation set with 400 time series and

training set with 1,600 time series. The Rossmann dataset that contains 1115

time series was split into train set consisting of 781 time series and test set and

validation set both of size 167.

The length of our time series varied from around 500 days to around 4 years.

To predict sales for the next seven days it is enough to consider a much shorter

history. Too much historical data might be misleading and additionally, given

a too long past, neural networks would need to learn a lot of parameters and

it might lead to a problem with learning. We decided to train the network to

predict the next seven days based on 28 and 91 days long look back. These

numbers represent 4 and 13 weeks long period and the divisibility by length of

the week is made on purpose to help the network with weekly seasonalities.

To utilize the whole time series, we split it into many small training series.

The splitting can be depicted as a sliding window shifting by a single day and

providing a new time series with each shift. The series created by this process

were used for training and for the first part of evaluation. The second part of

evaluation and tests were only made by predicting the ends of the time series. The

process of splitting significantly increased the amount of training data. We were

able to extract around 1,640,800 training examples (the exact number depends
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on the look back) out of the 1,600 training series from the small dataset. Out

of the 10,000 large dataset training time series we extracted 4,918,502 training

examples.

Preprocessing is a crucial part of neural networks training. Chapter 4 shows

that there are significant differences between individual time series in our datasets.

To be able to create a universal forecasting model, data normalization is necessary.

In addition, as described in Section 1.1.3, it is helpful to preprocess the network

input as it usually increases the learning speed. Besides that, it is often necessary

to preprocess the network outputs as well so that the network is actually able to

output the correct values.

We experimented with several ways of preprocessing on our small dataset

however it took a lot of time to preprocess each input series right before feeding

into the network. We therefore decided to choose a few preprocessing methods,

store preprocessed series and experiment with different models using these pre-

processed data. It is worth noting that for the second part of evaluation and

testing it was not possible to use these preprocessed data. It was necessary to

preprocess the data right before feeding into network so that we were able to

apply an inverse operation to the result to obtain the actual prediction. As a side

effect we were able to observe how much time do the predictions take overall.

We used two traditional and developed two novel preprocessing methods to

use in our experiments with different models:

Min-max normalization (MMN) transforms data into

new range [A,B] using the following equation:

MMN(yi) =
yi −min

max−min
(B − A) + A

Where min and max are minimum and maximum of the series respectively.

This preprocessing transforms each series into the same interval of values.

Normalizing the series and especially the output values into interval [0, 1]

would allow us to use logistic sigmoid as an activation function for the

output layer. To be able to predict values larger than maximum or smaller

than minimum of the series, we normalized the series into interval [0.2, 0.8].

Z-score normalization (ZN) is a commonly used normalization that trans-

forms all the input vectors to a common scale with zero mean and standard

deviation of one. This is done using following equation:

ZN(yi) =
yi − µ
σ

where µ is the mean of the series and σ is standard deviation. The values in

processed series are concentrated around zero. If we use the same prepro-

cessing for the output series, we could use for example hyperbolic tangent as
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an activation function for the output. We also experimented with modified

hyperbolic tangent, for example with doubled values that allow to output

values more deviated from the mean of the series.

Normalized weekday difference (NWD) preprocessing was proposed in or-

der to help the network and manually pre-extract a specific features of sales

time series - weekday regularity. We computed mean sales for each day of

week and used normalized difference between actual sale and average sale

for corresponding weekday both for network inputs and desired outputs.

This should relieve the network from need to learn this strongly problem-

specific feature and allow it to concentrate on other aspects of provided

time series. It was very important to compute the weekday mean correctly

and only include the past time steps of the series, otherwise we would bring

a bias to our data. The resulting series may contain values of an arbitrary

size so we additionally scaled them using MMN preprocessor.

Weekday ratio (WR) is similar to the NWD preprocessing however it uses

ratio of the sales to corresponding weekday. We suggested this form of

preprocessing since it additionally serves as a normalization.

5.3 Benchmarks

This section describes forecasting techniques that were used as benchmarks for

our experiments.

Exponential Smoothing

Our first benchmark method is exponential smoothing. This method is commonly

used for sales forecasting in practice since it works well generally and can provide

accurate forecasts, comparable to those obtained with more complex methods.

We used an existing implementation of exponential smoothing in R program-

ming language called ETS [55]. It is a very sophisticated implementation cov-

ering 15 separate exponential smoothing methods including simple exponential

smoothing, Holt’s linear trend method and both additive and multiplicative Holt-

Winter’s exponential smoothing. The ETS model automatically selects the best

exponential smoothing method for given time series and also determines unknown

parameters of the time series by minimizing the squared prediction error.

As Figure 5.1 shows, it is quite easy for this method to correctly predict time

series that are regular, however irregular time series can often produce significant

errors.

53



050100150200
Amount real salesETS

−56 −49 −42 −35 −28 −21 −14 −7 0Day510152025
Amount

Figure 5.1: Example predictions of exponential smoothing with exceptionally

high (upper series) and low (lower series) SMAPE error value.

Random Forests

As our second benchmark we chose random forests for their robustness and accu-

racy. We used their Scikit-learn [78] implementation with unlimited depth of the

trees and trained a separate estimator for each day of forecasting horizon. The

data that was fed into forest was not normalized in any way.

We found out that it was not optimal to fit this model using all the data

since the training speed increased linearly to the input size, however the error

produced was not decreasing any more after a sufficient amount of training data

was presented to the model (see Figure 5.2).

050010001500200025003000

Seconds

100 trees150 trees

0 20000 40000 60000 80000 100000Training samples0.240.260.280.300.320.340.36

Error

Figure 5.2: Error and training time of random forests method with increasing

number of presented training data. The error is computed on validation set from

small Multistore dataset.
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Weekday Average

As the last benchmark we used a simple model that predicted the sales to be the

average sale of the corresponding day of week. We suggested this benchmark to

ensure that our models with WR and NWD preprocessors would not simply learn

to predict zero difference or unit ratio. As we will see, this model produced quite

bad results and it is easy to outperform it.

5.4 Models

To determine whether neural networks and especially deep neural networks are a

suitable model for sales prediction, we tried various neural network architectures

combined with several preprocessing methods. For each model, we tried different

numbers of layers, neurons, different learning rates, learning methods or other

parameters in order to find the appropriate settings. Since deep neural network

models are quite computationally expensive, even when training on GPU as we

did, it is only possible to try a limited amount of variations. We tried more

than 180 different architectures and settings and we believe that this number is

sufficient enough to back up our results.

The first class of models that we tried were simple FNNs with a single hidden

layer. This architecture with a simple min-max or z-score normalization was

already applied to a similar problem [65] and we will use it as a neural network

based benchmark.

We then decided to use recurrent neural networks (see Section 1.2.1), for these

models are theoretically the most suitable ones for time series processing. There

are several options from which we selected traditional SRNN, LSTM network and

GRU network. We compared these models to each other, to simple feedforward

neural networks and to our benchmark model. In our comparisons we focused on

the ability to accurately predict our sales time series but we also compared the

speed of learning and prediction.

Another deep learning model that seemed promising were convolutional neural

networks (see Section 1.2.2). CNNs might be able to detect repeating patterns

in time series or even extract features that are not that easily spotted by human

or statistical models. We tried various architectures varying in amount of filters,

their sizes and numbers of layers. Similarly as for previous models, we also tried

different kinds of parameter settings to discover the most suitable combination.

Besides standard models, we also tried several hybrid models that combined

recurrent and convolutional layers in various manners. Out of these models we

selected an architecture that seemed to work the best and tuned the parameters
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of this network.

Along with exploring different neural network architectures, we also exper-

imented with network inputs. First of all it is possible to change look back -

the number of time steps that are fed into network and used for prediction. We

experimented with 28 days (4 weeks ∼ 1 month) and 91 days (13 weeks ∼ 3

months). Next to the look back, we also tried various time series preprocessing

described earlier in Section 5.2.

5.5 Small Dataset Experiments

In this section we depict the experiments that we conducted using the small

Multistore dataset. These data were used to train many variations of selected

models differing in preprocessing, architecture and learning parameters. In the

end of the section, we describe the best models that we found for each type of

deep neural network and compare their performance.

5.5.1 Simple Feedforward Neural Network

The first type of neural network we tried to train was a simple feedforward neural

network. FNNs are commonly used and they have been previously used to forecast

sales time series.

We experimented with network parameters, activation functions and learning

rule variations and prepared some of the models to be very similar to networks

implemented by Thiesing and Vornberger in 1997 [65]. Our models also consisted

of a single hidden layer and among others we tried to use the same preprocessing

method. We also used backpropagation algorithm with momentum. The main

differences between our networks and their networks was in the provided data -

while they used monthly time series, we forecasted daily time series and we used

no other indicators such as price or advertising campaigns.

When experimenting with number of neurons in hidden layer, we found 100 to

be a sufficient amount. Most of our experiments with feedforward neural networks

therefore use 100 hidden neurons. We tried all of our 4 preprocessing methods

with both stochastic gradient descent and RMSProp optimizer while adjusting

the learning rate. The overall results can be found in Table 5.1.
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look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 232.7 0.2421 0.3482

z-score normalization (ZN) 28 321.7 0.2459 0.3527

normalized weekday difference (NWD) 28 322.3 0.2531 0.3602

weekday ratio (WR) 28 315.1 0.2417 0.3487

min-max normalization (MMN) 91 306.2 0.2343 0.3391

z-score normalization (ZN) 91 264.9 0.2303 0.3336

normalized weekday difference (NWD) 91 313.5 0.2488 0.3560

weekday ratio (WR) 91 288.0 0.2425 0.3504

Table 5.1: The best mean error achieved by FNN on validation data for each

preprocessing method.

We did not achieve very good results with NWD preprocessor however the WR

preprocessor worked very well in combination with softplus activation function

in the output layer and logistic sigmoid activation function in the hidden layer.

With look back of 28 time steps, we were able to achieve the best results with

this preprocessor.

Very good results were also achieved using the MMN preprocessor using RM-

SProp optimizer with quite large learning rate of 0.1. This network was not

learning very well (see Figure 5.3) but surprisingly it consistently resulted in

smaller error than networks trained using smaller learning rate.

We also tried the ZN preprocessor which transforms the series so that they

have zero mean and standard deviation equal to one. Both inputs and outputs

are therefore values around 0. To allow the network to produce this type of

outputs we propose to use a modified hyperbolic tangent function that doubles

the output value. We will refer to this function as doubled hyperbolic tangent

(DHT). This activation function produces outputs in range [−2, 2]. Among other

variations that we tried, DHT activation function worked out the best. With ZN

preprocessing, look back of 91 days and RMSProp optimizer with learning rate

0.0005 we achieved the best results out of all the FNN models.
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Figure 5.3: Learning curves of a FNN with MMN preprocessor trained with

RMSProp using different learning rates. Learning rate of 0.1 leads to problems

with learning, however it consistently led to better results. Note that the error

values produced on train set cannot be compared to error values produced on

test set. The reason is that each set contains different time series and MMN

preprocessor normalizes each series in very different way - a large outlier in the

series may cause the preprocessed amounts to be very small leading to smaller

MSE which is the objective function of the network.

As can be seen in Table 5.1, when comparing the results for 28 days long

look back, the best SMAPE was achieved by WR preprocessing. However, a

significantly smaller RMSE was achieved by MMN preprocessing (with a large

learning rate as mentioned before). We compared the actual predictions of both

networks and analyzed them. In many cases the predictions of the network with

WR preprocessor seemed more legitimate and valid and in our opinion, they

exploited the features of the series in a greater way even though the error was

larger (see Figure 5.4). This confirms that using SMAPE as a primary objective

is a good choice.
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Figure 5.4: Example time series where usage of WR preprocessing resulted in

larger error than usage of MMN preprocessing. Even though the error is higher,

we believe that predictions with WR preprocessing seem very reasonable since

they follow the pattern that occurred in the past or current trend.

5.5.2 Recurrent Networks

As a next step we tried three basic variants of recurrent neural networks, namely

simple recurrent network (SRNN), GRU and LSTM all described in Section 1.2.1.

Recurrent neural networks are usually used with time series data and therefore

it makes sense to analyze their applicability to sales forecasting.

The recurrent models consisted of an input layer, hidden layers consisting of

recurrent units and a dense layer that processes the output from recurrent units

into the actual prediction. We combined all three variants of recurrent units with

our preprocessing methods, tuned the parameters and learning process and we

even tried dropouts (see Section 1.3) in several cases where the model seemed to

be overfitting. We have tried many architectures differing in number of hidden

layers and neurons in hidden layers. Again, we decided to work mostly with

a single layer of recurrent units. Adding more layers produced only negligible

improvement in overall errors but it significantly affected the learning speed.

We discovered that recurrent networks did not behave very well when trained

using simple gradient descent algorithm, RMSProp algorithm gave noticeably

better results. We also found out that these networks take considerably longer

time to train than FNNs. The training speed of LSTM and GRU was around 10x

slower on average but it varied a lot depending on the architecture and number of
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hidden neurons. The training speed of SRNN was around 2x slower than training

speed of FNNs.

The smallest error values achieved for each preprocessing method can be found

in Table 5.2. There was a surprising difference between results with look back of

28 and 91. In the first case, the best results were achieved using WR preprocessor,

however this preprocessor produced the worst results in case of 91 days long look

back.

Compared to FNN, SRNN did not provide much different results. We exam-

ined some of the time series that produced the largest error difference between

these two models and realized, that many times the difference was only caused

by a vertical shift in prediction (see Figure 5.5).

look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 324.3 0.2461 0.3538

z-score normalization (ZN) 28 325.3 0.2423 0.3486

normalized weekday difference (NWD) 28 330.3 0.2507 0.3574

weekday ratio (WR) 28 327.9 0.2404 0.3472

min-max normalization (MMN) 91 313.8 0.2376 0.3432

z-score normalization (ZN) 91 297.4 0.2342 0.3397

normalized weekday difference (NWD) 91 305.5 0.2445 0.3522

weekday ratio (WR) 91 314.3 0.2457 0.3543

Table 5.2: The best mean error achieved by SRNN on validation data for each

preprocessing method.
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Figure 5.5: Example time series with significant error difference between FNN

and SRNN model predictions.

The LSTM network which is more complex than SRNN produced only slightly

better results (see Table 5.3). Considering that the training speed is much worse,

the overall performance of this network is not very good. Here we experimented

with retaining network state between individual input samples corresponding to

subsequent parts of the time series. The idea was to allow the model to exploit

patterns occurring in a much longer period of time than 28 or 91 days that we

used as a look back size. These experiments however did not lead to superior

results.

look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 332.4 0.2470 0.3551

z-score normalization (ZN) 28 323.2 0.2392 0.3451

normalized weekday difference (NWD) 28 329.5 0.2471 0.3529

weekday ratio (WR) 28 323.8 0.2348 0.3398

min-max normalization (MMN) 91 303.5 0.2413 0.3488

z-score normalization (ZN) 91 291.6 0.2378 0.3444

normalized weekday difference (NWD) 91 317.2 0.2451 0.3513

weekday ratio (WR) 91 264.5 0.2340 0.3395

Table 5.3: The best mean error achieved by LSTM on validation data for each

preprocessing method.

The GRU network showed the best results out of all recurrent neural network
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models. Even though GRU models are less complex than LSTM models, their

superiority has been also observed in other experiments [79]. Similarly as before,

the best results were achieved using WR preprocessor with softplus activation

function in the output layer and ZN preprocessor with DHT activation function.

The error comparison can be seen in Table 5.4.

look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 317.6 0.2497 0.3582

z-score normalization (ZN) 28 318.3 0.2375 0.3429

normalized weekday difference (NWD) 28 325.7 0.2515 0.3579

weekday ratio (WR) 28 332.4 0.2381 0.3443

min-max normalization (MMN) 91 288.5 0.2414 0.3466

z-score normalization (ZN) 91 289.3 0.2343 0.3399

normalized weekday difference (NWD) 91 308.5 0.2496 0.3561

weekday ratio (WR) 91 235.5 0.2293 0.3332

Table 5.4: The best mean error achieved by GRU on validation data for each

preprocessing method.

We inspected the predictions of the best GRU network and compared them to

predictions of FNN and LSTM network. As can be seen in Figure 5.6 the GRU

network often exploited features of the series that were not discovered by any

of the two other networks. This is the desired behavior of deep neural network

models.
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Figure 5.6: Example time series where the best GRU network significantly out-

performs both the best LSTM network and the best FNN.

5.5.3 Convolutional Networks

The CNNs are known for their ability to extract various important features from

input data. We trained such a network on our data, extended by a dense layer on

the top. This dense layer should combine the features revealed by convolutional

layers and perform prediction,

Although the CNNs also outperformed all our benchmark models, they did

not produce results as good as FNN or RNN models did. We experimented with

different activation functions, various number of convolutional layers, kernel sizes

and numbers of kernels. We found out that in our case, increasing number of

convolutional layers actually did not lead to significantly better results. What

improved the error was increasing the number of convolution kernels, but only

to some point. After reaching a specific number of kernels, different for each

preprocessing method, the error did not improve any more.

The best results were achieved using ZN preprocessor with 91 days long look

back. This network consisted of a single convolutional layer with 16 convolutional

kernels of size 7 and a max-pooling layer with pooling regions of size 2. The over-
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all error comparison of convolutional networks combined with our preprocessing

methods can be found in Table 5.5.

look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 335.3 0.2713 0.3835

z-score normalization (ZN) 28 323.0 0.2457 0.3526

normalized weekday difference (NWD) 28 325.2 0.2665 0.3761

weekday ratio (WR) 28 319.3 0.2423 0.3481

min-max normalization (MMN) 91 316.9 0.2661 0.3775

z-score normalization (ZN) 91 305.7 0.2383 0.3437

normalized weekday difference (NWD) 91 308.5 0.2631 0.3730

weekday ratio (WR) 91 302.4 0.2384 0.3443

Table 5.5: The best mean error achieved by convolutional models on validation

data for each preprocessing method.

5.5.4 Hybrid Networks

Convolutional networks by themselves did not reach the performance of recurrent

networks. Nevertheless, we believe that feature extraction using convolutional

neural networks could be effective when combined with some form of recurrence

that keeps track of the long term relations. Therefore, in addition to traditional

approaches, we suggested a hybrid model combining convolutional layers with

recurrent cells.

We tried several possible options of combining the convolutional and recurrent

approaches including two separate models combined in the last dense layer or

recurrently processing features detected by the convolutional layers. The method

that seemed the most promising was a network consisting of a layer of GRU

memory cells and convolutional layers processing the whole sequence output from

the recurrent layer. We will refer to this network as GRU-convolutional neural

network (GRU-CNN). This architecture combines the advantages of ability to

capture long-term relations in input as well as convolutional feature extraction.

We experimented with various architectures of this type and various network

sizes. The best results were achieved with a single GRU layer with 50 neurons.

More neurons caused networks to overfit independently of the rest of the network.

Upon this recurrent layer we tried to build various convolutional architectures.

However, once again the best results were achieved with a single convolutional

layer with 16 kernels of size 7, followed by a max-pooling layer with regions of

size 2 and a fully-connected layer.

The best results by each preprocessing method are summarized in Table 5.6.
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As can be seen, with this architecture we were able to slightly outperform the

pure GRU network which has shown the best results so far. Figure 5.7 shows

example time series where GRU-CNN significantly outperformed the best GRU

network.

look back RMSE SMAPE MIBRE

min-max normalization (MMN) 28 326.9 0.2478 0.3552

z-score normalization (ZN) 28 323.3 0.2434 0.3498

normalized weekday difference (NWD) 28 328.0 0.2515 0.3585

weekday ratio (WR) 28 315.6 0.2416 0.3480

min-max normalization (MMN) 91 299.8 0.2355 0.3403

z-score normalization (ZN) 91 276.9 0.2281 0.3326

normalized weekday difference (NWD) 91 306.4 0.2428 0.3486

weekday ratio (WR) 91 272.4 0.2337 0.3391

Table 5.6
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Figure 5.7: Example time series where the best GRU-CNN significantly outper-

forms the best GRU model, which has been the best model so far.
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5.5.5 Analysis of Small Dataset Experiments

The errors of the best models (chosen by SMAPE value) of each type computed

on the validation set can be seen in Table 5.7. These error values cannot be

interpreted as model accuracy, since the models were tuned and chosen based on

these errors. However, this processes gave us the best architecture for each type

of model. Parameters of these architectures are summarized in Table 5.8.

Training time of different models strongly depends on the specific architecture.

It took a few minutes to train a FNN, dozens of minutes to train CNN and a few

hours to train recurrent and hybrid networks on the small dataset. Despite these

differences, after the models were trained, they were all able to predict the 400

validation series in a few seconds.

RMSE SMAPE MIBRE

GRU-CNN 276.9 0.2281 0.3326

GRU 235.5 0.2293 0.3332

FNN 264.9 0.2303 0.3336

CNN 297.2 0.2330 0.3378

LSTM 264.5 0.2340 0.3395

SRNN 297.4 0.2342 0.3397

Table 5.7: The best mean results achieved on validation data for each method.

The best results were chosen and ordered by SMAPE value. Note that the net-

work parameters were tuned using validation data, so the results do not represent

model performance in general.

FNN SRNN LSTM GRU CNN GRU-CNN

preprocessor ZN ZN WR WR ZN ZN

look back 91 91 91 91 91 91

layers 1 1 1 1 2 3

hidden act. sigmoid tanh tanh tanh ReLU tanh, ReLU

output act. DHT DHT softplus softplus DHT DHT

neurons 100 100 100 100 16× 7 50 + 16× 7

algorithm RMSProp RMSProp SGD RMSProp SGD SGD

learning rate 0.0005 0.0005 0.1 0.001 0.01 0.05

Table 5.8: Description of the best model of each type of network. Layers refer

to the number of hidden layers, hidden act. and output act. denote activations

in hidden and output layers respectively. Neurons denote the number of hidden

neurons, algorithm is the learning algorithm. Note that both LSTM and GRU

neurons have additional inner cells with their own activation function. In both

cases a hard sigmoid was used - a linear approximation of sigmoidal activation.
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As can be seen in Table 5.7 the best errors produced by each model type are

very similar. These values are mean errors across the whole dataset, but we also

analyzed the errors more deeply. We computed the SMAPE value for each method

and time series from validation set and studied the correlation coefficients between

errors produced by each method. The results of this analysis can be seen in heat

map dendrograms in Figures 5.8 and 5.9. Most of the errors are significantly

correlated and it might be noticed that the models in dendrograms are mostly

grouped by the same method of preprocessing. This suggests that preprocessing

method is the main factor that affects which types of series would be forecasted

with lower accuracy.
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Figure 5.8: Heat map dendrogram showing correlations between errors produced

by different models with look back ok 28 days. The errors were computed on time

series from validation set. Each model description is in the format X-Y where X

is a type of model and Y is preprocessing method.

67



LSTM-M
MN

GRU-M
MN FNN-ZN CONV-
ZN

GRU-C
ONV-M

MN
FNN-M

MN
SRNN-M

MN GRU-W
R

GRU-C
ONV-W

R
CONV-

WR FNN-W
R

LSTM-W
R

SRNN-W
R

SRNN-Z
N

GRU-C
ONV-ZN LSTM-Z

N GRU-ZN CONV-
MMN

CONV-
NWD SRNN-N

WD
LSTM-N

WD
FNN-N

WD
GRU-N

WD
GRU-C

ONV-N
WD GRU-CONV-NWDGRU-NWDFNN-NWDLSTM-NWDSRNN-NWDCONV-NWDCONV-MMNGRU-ZNLSTM-ZNGRU-CONV-ZNSRNN-ZNSRNN-WRLSTM-WRFNN-WRCONV-WRGRU-CONV-WRGRU-WRSRNN-MMNFNN-MMNGRU-CONV-MMNCONV-ZNFNN-ZNGRU-MMNLSTM-MMN0.750.800.850.900.951.00

Figure 5.9: Heat map dendrogram showing correlations between errors produced

by different models with look back of 91 days. The errors were computed on time

series from validation set. Each model description is in the format X-Y where X

is a type of model and Y is preprocessing method.

Among the preprocessing methods, ZN and WR usually produced the lowest

error. A comparison of SMAPE values for different preprocessing methods and

models can be seen in Figure 5.10.
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Figure 5.10: SMAPE by preprocessing method and model type.

5.6 Large Dataset Experiments

Studies [73, 80] from the last few years show that deeper neural networks lead

to even better results. Deeper models consist of significantly larger number of

parameters that must be trained. To be able to handle such a large architecture

and avoid network overfitting, more data must be introduced.

We used our large Multistore dataset to train deeper architectures. The larger

the architecture and the training set are, the longer it takes to train the network.

Training most of these models took many hours. We have reached more than 12

hours with some of our models and were not able to increase the training speed

anymore, because of limited memory of our GPU. Thus we were not able to

conduct such a large-scale experiment as we did with the small dataset. We only

experimented with models that produced the best results on the small dataset.

We tuned their parameters using the validation set and then compared their

performance to the models trained using the small dataset and to our benchmark

models. The performance was compared using the test set extracted from the

large dataset. This data was never seen by any of the models and was never used

before to tune any parameters or compare the models.
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For experiments on the large dataset we chose FNN, GRU network and GRU-

CNN because these models produced the best performance on the small dataset.

First of all, we used the same network architectures as were used in small dataset

experiments. The only difference was in the amount of training data. Then

we experimented with extending the models by adding more neurons and more

layers.

According to the expectations, the FNN did not seem to improve with multiple

hidden layers. However we were able to lower the error on validation set by adding

more hidden neurons to a single hidden layer. The best results were achieved

with 200 hidden neurons. In comparison, adding one hidden layer to the GRU

network led to improvement in accuracy. The lowest error value on validation set

was achieved with architecture consisting of a hidden layer with 100 GRU cells

and second hidden layer with 50 GRU cells. The best GRU-CNN architecture

that we found consisted of a single GRU layer with 100 GRU cells and a single

convolutional layer with 32 kernels of size 7 and ReLU activation function. Upon

this layer a max-pooling was done before fully-connected layer. A summarization

of the best architecture of each type of model can be found in Table 5.9.

FNN GRU GRU-CNN

preprocessor ZN WR ZN

look back 91 91 91

layers 1 2 3

hidden act. sigmoid tanh tanh, ReLU

output act. DHT softplus DHT

neurons 200 100 + 50 100 + (32× 7)

algorithm RMSProp RMSProp SGD

learning rate 0.01 0.001 0.01

Table 5.9: Description of the best model of each type of network. Layers refer

to the number of hidden layers, hidden act. and output act. denote activations

in hidden and output layers respectively. Neurons denote the number of hidden

neurons, algorithm is the learning algorithm. Note that GRU neurons have addi-

tional inner cells with their own activation function. In both cases a hard sigmoid

was used - a linear approximation of sigmoidal activation.

5.6.1 Analysis of Large Dataset Experiments

The average RMSE computed on the test set is lower than average RMSE values

computed on the validation set extracted from small dataset. The reason is

that RMSE strongly depends on the scale of the series. Since time series in

large dataset contained lower values, RMSE became lower. Contrarily, value of
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SMAPE is significantly higher when computed on the test set. We analyzed

this behavior and found that several time series in the test set ended with zero

sales (see Figure 5.11) which did not happen in the small dataset. This caused

SMAPE for the product to be 1 which is the highest possible value in case of

non-negative values as the sales are. In practice, this is a very specific situation

usually caused by stock-outs (which could be prevented using good forecasts) or

by intentionally selling-out the product which is known beforehand so the forecast

would not lead to incorrect decisions. Due to the problems with zero sales we

introduce a modified version of SMAPE error denoted as SMAPE-NONZERO.

This error value does not include days where actual amount sold is zero. Based

on this value, we will compare the overall model performance.

0204060

Amount real salesprediction

−98−91−84−77−70−63−56−49−42−35−28−21−14 −7 0Day05101520

Amount

Figure 5.11: Example time series from the test set that end with zero sales. The

models do not expect this behavior.

As can be seen in Table 5.10 all the methods show very similar accuracy. The

weekday average benchmark showed the poorest performance. It would probably

be more accurate if the average only considered last few values or a weighted

average was used. We however proposed this benchmark to check whether our

models with preprocessing based on weekday means did not learn to naively pre-

dict weekday mean. Since all the models easily outperformed this benchmark, one

can see that it did not happen. Random forests method also did not outperform

our models. We trained the estimator with 100 trees using 120,000 training sam-

ples. Adding more training samples or more trees did not lead to better results.

The accuracy of exponential smoothing is comparable to most of our results.

Performance of the models trained on small dataset is quite surprising. Even

though GRU-CNN showed the best results on the validation set, its accuracy

computed on the test set was worse than accuracy of LSTM or GRU network. The

most likely reason is that results of GRU-CNN on validation set were biased, since

the network parameters were tuned using this dataset. The network performed
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very well on this data, but it was not able to generalize.

Dataset RMSE SMAPE MIBRE
SMAPE-

NONZERO

Exponential Smoothing 44.2 0.3706 0.4149 0.2377

Random Forests 95.3 0.3220 0.4219 0.2445

Weekday Average 60.2 0.3268 0.4272 0.2498

GRU small 42.7 0.3144 0.4122 0.2359

LSTM small 43.5 0.3153 0.4134 0.2369

FNN small 44.3 0.3230 0.4221 0.2414

GRU-CNN small 41.6 0.3210 0.4176 0.2419

SRNN small 43.3 0.3226 0.4221 0.2422

GRU large 42.4 0.3105 0.4078 0.2316

FNN large 40.1 0.3153 0.4128 0.2353

GRU-CNN large 44.3 0.3185 0.4170 0.2386

Table 5.10: Model performance evaluated on the test set. Column Dataset indi-

cates which dataset the model has been trained on.

Based on the SMAPE-NONZERO values in the above table, we have made

following observations:

1. The GRU network trained on large dataset outperforms other neural net-

work models, including FNN, trained on large dataset.

2. The models trained on large dataset show performance superior to the cor-

responding models trained on small dataset.

3. The GRU network trained on large dataset seems to outperform all our

benchmarks.

To determine whether these results are statistically significant, we trained the

GRU network, GRU-CNN and FNN for three times with different weight initial-

izations both on large and small dataset. Since training of GRU network and

GRU-CNN takes many hours, we were not able to manage a larger examination.

Each time we tested our models on the same test set, however the size of our test

set (2000 samples) is quite large to provide a reliable estimate of accuracy. The

resulting means and standard deviations of SMAPE-NONZERO can be found in

Table 5.11.
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Dataset Mean Standard deviation

GRU small 0.23698 0.00087

FNN small 0.24154 0.00014

GRU-CNN small 0.24316 0.00092

GRU large 0.23198 0.00027

FNN large 0.23602 0.00067

GRU-CNN large 0.23846 0.00094

Table 5.11: Mean and standard deviation of SMAPE-NONZERO based on three

runs with different random weight initializations. Column Dataset indicates

which dataset the model has been trained on.

We now determine whether our observations are statistically significant ac-

cording to the statistics in Table 5.11. We will use 98% as our desired confidence.

To confirm the first observation, we had to compare error distribution of GRU

network to error distributions of CNN and GRU-CNN (all trained on the large

dataset) and find the confidence interval for the difference between their means.

We used Welch’s t-test to find the confidence interval. Based on our sample,

the error of GRU network is lower than the errors of FNN and GRU-CNN by

somewhere between

• 0.00143 and 0.00665 in case of FNN

• 0.00248 and 0.01048 in case of GRU-CNN

with 98% confidence.

To confirm the second observation, we needed to compare error distribution

of each GRU, FNN and GRU-CNN models trained on large dataset to their

counterpart trained on the small dataset. Again, we examined the 98% confidence

intervals for the difference between their means. According to our data, the error

differences between model trained on the small dataset and model trained on the

large dataset were with 98% confidence in following ranges:

• (0.00138, 0.00863) for the GRU network

• (0.00246, 0.00857) for the FNN

• (0.00123, 0.00819) for the GRU-CNN

Therefore, according to our results, the models trained on the large dataset per-

form better than models trained on the small dataset with 98% confidence.

To verify the third observation, we have to test the errors of GRU network

agains the errors produced by the benchmark models. The exponential smooth-

ing and weekday average models are deterministic. We therefore need to check,
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whether it is proper to claim, that mean error of GRU model is lower than

0.2377 and 0.2498. We state the null hypothesis that the mean error is equal

to 0.2377, which is the error produced by exponential smoothing, against an

alternative hypothesis that the error is lower. With t-statistics of -29.96 and
p-value

2
= 0.00056 < 0.02 we reject the null hypothesis in favor of the alternative

hypothesis. Our last benchmark, random forests algorithm is not deterministic

since it is only trained using a subset of data. We therefore run the algorithm

for three times, using different random subset of data each time, to compute the

mean and standard deviation of its SMAPE-NONZERO value. The mean error

of random forests was 0.24432 with standard deviation 0.00015. Based on our

results, this error is higher than the error of GRU network by somewhere between

0.01138 and 0.01330 with 98% confidence.

5.7 Rossmann Dataset Experiments

The Rossmann data is quite different from Multistore data and it provides an

opportunity to inspect versatility of our models. The experiments conducted

using Rossmann dataset are also attached on the CD and serve as an illustration

of our experiments.

Here we introduce another error function called RMSPE which was used in

the Kaggle competition. This error function is given by√√√√ 1

n

n∑
i=1

(
yi − ŷi
yi

)2

where any day and store with zero sales is ignored in scoring. Ignoring days with

zero sales is again reasonable because it generally means that the store is closed

which is known in advance.

The best score that was achieved in the competition was 0.10021. Our results

are not completely comparable to this result for two reasons. First of all this

score was computed on a different data which is not available. Second, we do

not include any other indicators in our prediction such as store type, closest

competition, holidays, promo actions etc.

We trained the best architectures of each model type using Rossmann dataset

for demonstration purposes, however in this section we will focus on the models

that already showed the best performance on the Multistore dataset. We proposed

a triple-evaluation of these models:

1. Use model trained on the full Multistore dataset. This model would only

be trained using samples from Multistore dataset and it would never see

any samples from the Rossmann dataset before evaluation.
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2. Use model trained on the Rossmann dataset. This model would have ran-

domly initialized parameters and then would be trained on samples from

Rossmann dataset.

3. Use model pre-trained on the full Multistore dataset and then trained using

the Rossmann dataset. This model would be initialized with parameters

learnt using Multistore dataset and then will be trained more using samples

from Rossmann dataset.

The error of the first option tells us whether our models are universal enough to

predict very different sales time series. The second option shows us whether the

models are suitable for aggregated data. The last option examines the power of

supervised pre-training.

5.7.1 Analysis of Rossmann Dataset Experiments

The Rossmann dataset experiments were made over each type of model. Here we

will only analyze the results of the best models identified using the Multistore

dataset. The RMSPE errors achieved by these models are summarized in Ta-

ble 5.12. Values of SMAPE, MIBRE and SMAPE-NONZERO were substantially

smaller than the same errors on the Multistore dataset. This corresponds to the

fact that aggregated series contain less noise. On the contrary, RMSE error was

much higher since it is on the same scale as data and aggregated data involves

higher values.
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Variant Model RMSPE

FNN 1. FNN 1x200 ZN 91 pretrained only 0.23448

FNN 2. FNN 1x200 ZN 91 0.13549

FNN 3. FNN 1x200 ZN 91 pretrained 0.12640

GRU 1. GRU 100 50 WR 91 pretrained only 0.24039

GRU 2. GRU 100 50 WR 91 0.12629

GRU 3. GRU 100 50 WR 91 pretrained 0.13730

GRU-CNN 1. GRU CNN WR 91 pretrained only 0.22671

GRU-CNN 2. GRU CNN WR 91 0.13761

GRU-CNN 3. GRU CNN WR 91 pretrained 0.13723

Table 5.12: Model performance evaluated on the test set. Column Variant in-

dicates the type of evaluation - 1. model trained on the Multistore dataset, 2.

model trained on the Rossmann dataset, 3. model pre-trained on the Multistore

dataset and then trained using the Rossmann dataset. Column Model indicates

model name used in the experiments, it can be found by this name on the attached

CD.

As Table 5.12 shows, GRU network produced the lowest error on this dataset

too. Models that were only trained using the Multistore dataset performed signif-

icantly worse. In spite of that, models with weights pre-trained using Multistore

dataset and then trained using the Rossmann dataset resulted in the lowest error

for two out of three models, namely FNN and GRU-CNN. This result indicates

that such a pre-training might lead to increase in accuracy. To confirm this

hypothesis it would be necessary to repeat the experiments for more times.
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6. Extensions

Based on the results of our experiments we propose several extensions that might

improve the performance of our deep neural network models and lead to more

accurate forecasts. In this chapter we describe these extensions, present the

results of the extensions that we tried and suggest some of them for future work.

6.1 Fine-tuning

The first extension that we tried is fine-tuning. Just before predicting the future

values of each time series, we would train the network for a while using the past

values of the same series. This allows to introduce more historical data in our

predictions without increasing the size of look back, which significantly increases

the network architecture and consequently the time that is necessary for training.

A disadvantage of this extension is that it significantly prolongs the time spent

on predicting. We experimented with multiple training epochs of fine-tuning

and tried to fine-tune two of our models, namely GRU network and GRU-CNN.

In all the experiments, fine-tuning resulted in larger error values. We did not

experiment with various learning rates a lot, but according to what we tried, this

extension is not very useful.

6.2 Ensembling

Ensemble methods use multiple learning algorithms, combined by averaging or

voting, to obtain better predictive performance. A diversification is quite impor-

tant when combining models, which means that ensemble of very similar tech-

niques is likely to perform worse than more diverse ensemble. According to our

analysis in Section 5.5.5 various neural network models produced highly corre-

lated errors. The main differences were achieved by using different data prepro-

cessing. Consequently, it seems appropriate to combine models that use different

preprocessing or combine them with completely different forecasting methods.

We selected two of our models trained on large Multistore dataset, namely the

best FNN network which uses ZN preprocessor and the best GRU network which

uses WR preprocessor. In addition, we decided to experiment with predictions

of random forests and exponential smoothing as well. We have examined all the

combinations of these models. Even though we only did a simple averaging of

these models, we identified three combinations that led to better results than each

of the individual models from the combination. These combinations, together
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with their error value can be found in Table 6.2. Error of the individual models

is shown in Table 6.1.

SMAPE-NONZERO

Exponential Smoothing 0.2377

Random Forests 0.2445

GRU 0.2316

FNN 0.2353

Table 6.1: Error of the individual models computed on the test set.

SMAPE-NONZERO

GRU + FNN 0.2307

GRU + FNN + Exponential Smoothing 0.2306

FNN + Exponential Smoothing + Random Forests 0.2349

Table 6.2: Combinations of models that produced lower error value than each

individual model from the combination. The error is computed on the test set.

6.3 Future Work

There are many possible extensions that can be done to our models and it was

not possible to try each one of them. In this section we suggest several other

extensions that might be done in future work.

Since the most important factor that distinguished our models was prepro-

cessing, it makes sense to introduce more methods of preprocessing and try to

combine them with each model. One of the possible preprocessing is STL decom-

position that decomposes the series into seasonal, trend and error component. It

might be easier for the models to forecast each part separately. Another option is

to forecast seasonal and trend component with more simple forecasting method

and only try to find patterns and predict the error component using deep neural

networks.

As might be seen in the results of our experiments on the small dataset (see

Section 5.5), the experiments with look back of 91 days produced significantly

better results than experiments with look back of 28 days. This suggests that

increasing the look back size might improve the prediction accuracy. This can

be, however, only done to some extent, since increasing the network input size

increases the number of parameters that need to be trained.

The analysis of large Multistore dataset confirms the correlation between price

and amount that was sold. Based on this fact, it might help to provide the
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network with information about price. The information about expected price

change should help the network to predict for example increased sale in case

of promo action. Moreover, the retailers usually know about the price change

beforehand, so it is perfectly valid to assume that this information is available.

To improve the forecast accuracy it might be also helpful to indicate special

days such as holidays or days with active promo actions. A network with inputs

extended in such a way should be able to find patterns how these indicators affect

the sales in the corresponding day and other surrounding or correlated days.

In this thesis we analyzed deep neural networks for daily sales forecasting.

Another option is forecasting aggregated weekly or monthly sales. These series

are very different from daily sales time series. They comprise of different features

and contain significantly less noise. Aggregated sales are also easier to predict

using standard statistical methods than daily sales.
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Conclusion

In this thesis we showed that forecasting sales using deep neural networks might

help to increase the accuracy of short-term forecasts when done properly. Even

though the improvement in accuracy is quite small, it may help to significantly

reduce the costs in retail business.

We collected and processed a lot of sales data which we then used to experi-

ment with various deep neural network models. Our goal was to train a universal

model, that would be able to predict sales of a product without being trained on

its history.

Using a smaller subset of the data we examined over 180 different architec-

tures covering traditional feedforward neural networks, simple recurrent networks,

LSTM networks, GRU networks, convolutional networks and novel architectures

combining recurrent elements with convolutional layers. We studied their perfor-

mance with various learning settings and preprocessing methods, including un-

conventional preprocessing techniques such as forecasting the ratio to the mean

sales of corresponding day of week. This technique, together with standard z-

score normalization usually produced the best results.

The best architectures that we found using the smaller subset of data were

then extended and trained using the whole dataset. We have shown that adding

more data, which also enables to expand the architectures without problems

with overfitting, helps to increase accuracy of forecast. The experiments on small

dataset suggested that the hybrid model that we proposed makes predictions

with highest accuracy. The final testing however showed, that the lowest error

was achieved by GRU network trained on the full dataset in combination with

preprocessing that computes the ratio to the mean sales of corresponding day of

week. This network outperformed all the other neural network models and also

all our benchmarks, including a very sophisticated implementation of exponential

smoothing that involves 15 different exponential smoothing techniques, which is

a great achievement.

We have also experimented with using trained models to forecast different

kind of sales time series to test its ability to generalize. This data came from

different kind of stores, involved different types of products and the sales were

aggregated over the whole store. We found that the models that were trained on

very different data did not perform very well. However, such a pre-trained model

seems to be a good starting point for further training on completely different sales

data.

As a reaction to the results of our experiments, we suggested several extensions
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and some of them we have already tried. We discovered that the accuracy of

models can be further improved by combining models. We showed that it is

reasonable to combine models that use different data preprocessing, since it is

the main factor that affects the diversity of forecast errors.

Training a deep neural network may take many hours, however once a network

is trained, the actual forecasting is very fast. We believe that a trained model

might be used for quite a time, since these models are not limited to a specific

time range. The accuracy might be however increased by introducing more recent

data from time to time.

Based on our experiments, we suggest that recurrent neural networks, specifi-

cally GRU network, are the best architecture for this type of problem. We advise

to use this network with preprocessing that computes the ratio to the mean sales

of corresponding day of the week. According to our analysis, this setup is superior

to traditional forecasting techniques and we believe that using this technique may

help to remarkably reduce the expenses related to supply chain. The best results

might be however achieved by ensembling this technique with other approaches

such as feedforward neural networks.

Forecasting sales with deep neural networks has a weakness of being a black

box algorithm. This is a very discouraging factor in business and it may prevent

them from being used in practice since retailers often prefer simple forecasts in-

stead of more accurate techniques. Despite this property, forecasting daily sales

of frequently sold products using deep neural networks is a perfectly valid alterna-

tive to traditional forecasting techniques. The forecasting is fast and deep neural

networks are able to exploit features that are ignored by traditional methods and

consequently produce forecasts with higher accuracy.

82



Bibliography

[1] Daniel Corsten and Thomas Gruen. Desperately seeking shelf availability:

an examination of the extent, the causes, and the efforts to address retail

out-of-stocks. International Journal of Retail & Distribution Management,

31(12):605–617, 2003.

[2] Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning. Nature,

521(7553):436–444, 2015.

[3] Javed Khan, Jun S Wei, Markus Ringner, Lao H Saal, Marc Ladanyi,

Frank Westermann, Frank Berthold, Manfred Schwab, Cristina R Antonescu,

Carsten Peterson, et al. Classification and diagnostic prediction of can-

cers using gene expression profiling and artificial neural networks. Nature

medicine, 7(6):673–679, 2001.

[4] Barry Lennox, Gary A Montague, Andy M Frith, Chris Gent, and Vic Be-

van. Industrial application of neural networks—an investigation. Journal of

Process Control, 11(5):497–507, 2001.
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Acronyms

ANN artificial neural network. 5, 27, 34

ARMA autoregressive moving average. 26

CNN convolutional neural network. 16, 17, 55, 63, 66, 73

DHT doubled hyperbolic tangent. 57, 62, 66, 70

FNN feedforward neural network. 6–8, 12, 17, 18, 34, 55–63, 66, 70, 72, 73,

76–78

GRU gated recurrent unit. 16, 55, 59, 61–66, 70, 72–74, 76–78, 81

LSTM long-short term memory. 11–16, 20, 35, 55, 59, 61–63, 66, 72

MMN min-max normalization. 52, 53, 57–62, 64, 65

NWD normalized weekday difference. 53, 55, 57, 60–62, 64, 65

ReLU rectified linear unit. 20, 66, 70

SKU stock keeping unit. 37–39, 41

SRNN Elman’s simple recurrent network. 12, 55

SVM support vector machine. 29

WR weekday ratio. 53, 55, 57–62, 64–66, 68, 70, 77

ZN z-score normalization. 52, 57, 60–66, 68, 70, 77
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Attachments

The CD attached to this thesis contains an electronic version of this text in file

thesis.pdf, a source code with experiments on the Rossmann dataset in folder

experiments and a README file with requirements and detailed description of

the experiments folder. Since the Multistore dataset is not public, we could not

attach the experiments conducted on Multistore dataset.

Folder experiments contains:

• file requirements.txt with list of required libraries.

• Python scripts with methods for preprocessing, training and evaluation of

models.

• A raw data folder that contains CSV files with Rossmann data downloaded

from Kaggle, IPython notebook that transforms this data into train, vali-

dation and test set. This folder also contains these datasets in the form of

pickled Pandas DataFrames.

• Folder preprocessed data, which includes subfolders with preprocessed data

and an IPython notebook that was used for creating those subfolders.

• An exploratory data analysis folder containing a single file - an IPython

notebook with exploratory analysis of Rossmann dataset. Results of this

analysis were presented in Section 4.3.3

• Folder benchmarks with three subfolders containing our benchmark models.

Each subfolder contains an IPython notebook with benchmark model and

performance evaluation. The exponential smoothing subfolder also contains

an R script that was used for predictions.

• Folders models FNN, models RNN, models hybrid and models CNN with

neural network models. Each of them contains several subfolders with mod-

els. The main file of each model is IPython notebook model.ipynb with

model description, definition, evaluation and in most of the cases training

process. The training process is missing for models that were only evalu-

ated using pre-trained weights and were not trained on Rossmann dataset.

Models that have been pre-trained on Multistore dataset also contain a

weights pretrained.h5 file with pre-trained weights. Models that have been

trained contain a file weights.h5 with trained weights and other files related

to training such as log file.
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All the IPython notebooks are also included in HTML format so they can

be viewed without any necessary installations. We did not include each model

with each architecture and each set of parameters that we experimented with.

It is though very easy to modify the settings of a model. Every model.ipynb file

contains a cell with settings such as batch size or look back and a cell where the

model and preprocessor are defined. All the model parameters and variations

must be set here, except for the learning rate which might be also defined as a

parameter of the train method, since its value might change during the training.
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