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Abstract

This research paper investigated the applicability of a machine learning forecasting model,

as a solution to improved inventory management for a local Small to Medium-sized Enter-

prise (SME). The investigation was conducted through the development of various neural

networks using the SMEs Point of Sale data, which spanned two and a half years. Sales

data was combined with external data, such as weather patterns and yearly periodicity to

test possible correlation with demand. The neural networks developed were compared to

two other forecasting methods using statistical performance measures. The methods com-

pared were Support Vector Regression and an Auto-regressive Integrated Moving Average

model. The analysis was carried out on one perishable item across models to test the va-

lidity of the predictive methods. This product’s demand patterns were representative of

the volatile demand patterns observed for products sold by the SME. Reliability was then

tested using a second perishable product across models. After performing the analysis the

Recurring Neural Network (using Long Short Term Memory) performed the best overall

with a 20% Mean Absolute Percentage Error in predictions.
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Chapter 1

Introduction

1.1 Research background

The Fourth Industrial Revolution (4IR) signifies the incorporation of Information Tech-

nology (IT) into business processes [1]. More specifically, 4IR has given rise to the ability

to analyse and extract valuable insights from big data. This has changed the way products

and services are developed and marketed to consumers. These key characteristics of 4IR

have created a world where information from intelligent machines is at the forefront of

profit driven initiatives.

The food and beverage service industry is often exposed to volatile demand fluctuations.

These fluctuations are based on uncontrollable factors that affect consumers’ day to day

demand. This not only creates a high level of food wastage but also creates instances

of unfulfilled demand. Therefore, the ability to predict demand with a high accuracy is

crucial in improving profitability within the industry.

The adoption of data analytics by large brands has caused a disruption within the industry

as it leverages the knowledge of individual customer needs. An example of this is the

recent initiative by McDonald’s to reduce costs and improve efficiencies. By using big

data, AI and data analytics, they have created a tailored customer experience through the

1



personalisation of their mobile application service [2]. The insights gathered from the

application allow McDonald’s to understand demand patterns and significant trends, thus

continuously enhancing their business and operational improvements.

The predictive tools and technologies that have been developed to improve efficiency

are widely available to large enterprises. From a cost perspective, they become a less

viable option for Small to Medium-sized enterprises (SMEs). This highlights the issue

that large scale solutions do not often address the needs and constraints of SMEs [3].

Ironically, small enterprises are more likely to operate on a finer line of repercussions from

inefficiencies, but are the last to gain from the developments made to reduce this.

A study conducted in 2012 [2] in the UK found SMEs had a 0.2% adoption rate of big data

analytics, compared to a rate of 25% in larger companies (1000+ employees). While the

number of SME’s incorporating data analytics in their strategies has grown since 2012,

the gap between small and large companies still remains. Because customer needs are

fulfilled in a customised way with large scale companies, small enterprises are under

pressure to deliver the same level of service to their consumers.

The realm of data analytics within the food service industry has pushed all boundaries.

The building block on which all subsequent analytical technologies has stemmed from is

the extraction and analysis of Point of Sale (POS) data [4]. This is an underestimated but a

critical step for any business adding an additional layer of understanding to the intricacies

of consumer behaviour.

For this project, one such SME (a coffee franchise) was investigated to understand how

data analytics could improve their operations. The company has 10 branches around

the city of Johannesburg strategically situated in central business areas. The franchise is

known as a fast turnover café with shelved food items and coffee product offerings. For

the purposes of non-disclosure, the shop was not named.
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1.2 Research motivation

The ability to predict and manage stock on an ongoing basis has proven successful in

larger enterprises. A study conducted in Nigeria tested the value of an inventory manage-

ment system on a 7up (a beverage brand created in America) bottling store. The research

found that implementation of a flexible inventory management system had a strong rela-

tionship to improved organisational performance [5].

SMEs in South Africa rarely have targeted inventory management tools available at a

price point that is affordable to them. The motivation for this research project came from

the need to equip an SME in the food and beverage service industry with the ability to

harness data analytics to improve their inventory management.

As with most small businesses, the coffee franchise under investigation lacked an un-

derstanding of the drivers of their customer behaviour. The result of this was product

quantities that did not reflect consumer demand. This inevitably led to difficulties in un-

derstanding how to increase business profitability through top line growth.

Two previous Honours research projects at the University of Witwatersrand were con-

ducted on the coffee franchise in 2019. The first analysis into the coffee shop [6] focused

mainly on descriptive analytics using dashboarding tools to graphically visualise the cur-

rent operations. The study also looked at an Auto-regressive Integrated Moving Average

(ARIMA) forecasting methodology (described in Chapter 2) utilising Holt Winters expo-

nential smoothing forecast to analyse the data from a predictive perspective.

The data for the project was provided by the coffee franchise through their POS system.

This data included total sales, quantity and items per branch from 2016 to 2019. Through

the analysis of this data, it was concluded that the tools utilised could not provide accurate

forecasting due to data volatility and insufficient information on the cost of goods.

The second analysis on the same coffee shop was run in parallel in 2019 [7]. The analysis

focused on developing predictive inventory models for each branch. The Newsvendor
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mathematical model was utilised (explained in chapter 2) with inventory data from 2018

to 2019. The accuracy of the models could not be confirmed due to limited data at the

time the research was conducted. The study made an assumption that the the demand was

constant throughout the year. Given this assumption it was likely the predicted demand

was largely different to the actual demand, as the demand was known to be volatile.

The two research investigations conducted proved that there was a gap in the coffee fran-

chises ability to accurately predict future demand. Utilising machine learning techniques

may provide the accuracy that is currently missing. As the algorithms have been known to

deal with volatile data far more accurately than traditional statistical methods [8].

1.3 Research questions and objectives

The primary research question can be framed as: With the help of machine learning tech-

niques, how can the coffee franchise improve their understanding of customer behaviour

and future demand, such that inventory management can be correctly aligned to con-

sumers’ needs and preferences?

This research seeks to:

• Produce a machine learning tool that is able to predict product demand using past

sales data; habits and demands of consumers based on time of year, month and

weather patterns.

• Evaluate the coffee franchise holistically for opportunities to further understand

customer behaviour and demand.

• Determine how these findings can streamline their inventory management for over-

all improvement in profitability.
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1.4 Research method overview

To implement data analytics into the SMEs business operations, the first step was access-

ing and extracting the POS data that was stored on a central database. This data was inter-

preted and analysed to understand what products and branches were the most sensible to

use in the development of a predictive tool. Subsequent to this, an intelligent system was

created using predictive inventory management methods. The methods utilised encom-

passed both traditional statistical techniques and machine learning methods. The results

of the methods were analysed and compared to determine the success of the predictive

methods tested.

The predictive model that was developed can be scaled and practically used as an inven-

tory management tool by the SME. All products would have their own specific demand

forecasting that would feed into the businesses resourcing decisions on a weekly or fort-

nightly basis.

The coffee franchise was also evaluated holistically. This was done to determine whether

any key business processes could change, in order to better manage their perishable in-

ventory and better understand their customer segment.

1.5 Research limitations

The coffee franchise has provided POS data from 2016 to June 2019 across their branches.

This resulted in 860 data points (weekends and public holidays did not have any associ-

ated data). This data indicated all product quantities sold, but lacked information on stock

availability for a specific day. Since there was not a way to determine if there was a short-

age of a product on a given day, an assumption was made that no excess demand was left

unfulfilled. The owner of the franchise has confirmed the validity in this assumption based

on his operations. Details on the day-to-day operations of the business from stock fulfil-

ment, stock taking and current demand management techniques were provided.
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The results of the machine learning models presented in Chapter 4 have been reported as

single values. A limitation of the study exists in that repeatedly running a model without

altering any inputs will still result in slight variations in the results, given the different

weighting the model assigns based on learning [9]. The nature of this data is chronolog-

ical, therefore it was not shuffled when input into the model. This reduced the difference

in output results significantly which was observed during testing.

1.6 Report layout

This report captured the process of creating a demand forecasting model. The breakdown

of chapters was as follows:

• Chapter 2 covered a literature review on the concepts, techniques and past work in

the fields that were explored and tested.

• Chapter 3 outlined the research methodology from data preparation to statistical

methods used to compare accuracy’s of the different models.

• Chapter 4 presented and analysed the results.

• Chapter 5 discussed and compared the outcomes of Chapter 4 to further understand

the results.

• Chapter 6 concluded the report and highlighted further research and recommenda-

tions.
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Chapter 2

Literature Review

2.1 Overview

This literature study was divided into five sections. Section 2.2 introduced the topic of

time series forecasting. This was followed by a review of notable works in the field of

time series forecasting specific to demand predictions. The focus of the Chapter was on

methods that were pursued within this study based on the findings in Section 2.3. In

Section 2.4, 2.5 and 2.6 the traditional statistical method of ARIMA and machine learn-

ing methods to solving time series forecasts were discussed respectively. These sections

covered both the theoretical background of the methods and the respective software im-

plementation theory. Section 2.7 compared the two approaches (machine learning versus

statistical methods) and their relative success and shortfalls within the field. Section 2.8

highlighted the statistical performance measures utilised to evaluate the success of various

models. These methods were implemented into the study to draw comparisons.

2.2 Time Series forecasting

A time series can be described as a series of data that is observed sequentially over a

specific period of time [10]. The aim of time series forecasting is to utilise past data to
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predict future outcomes based on historical observations of trends and patterns.

There are three main types of models in time series forecasting, each representing dif-

ferent ways in which inputs (commonly known as predictor variables) may influence the

predicted outcome. The first is an explanatory model, where variables are assumed to

have a relationship with the output variable along with an “error” variable to account for

random variation that may occur [11]. For example, demand can be seen as a function of

a number of variables illustrated below [11]:

Demand = f (temperature, time o f week, time o f month, time o f year,error) (2.1)

The second is a time series model which uses historical data to predict the outcome. This

model does not make use of external variables as the explanatory model does. This is

represented in the equation below [11]:

Demandt+1 = f (Demandt ,Demandt−1, ...,error) (2.2)

The third type of model is a mixed model, which is a combination of the explanatory and

time series model described above.

Forecasting methods rely heavily on the identification of trends, seasonal patterns and or

cyclic patterns within the data. There are slight nuances that differentiate these patterns.

Trends are clearly observed increases or decreases in the data. Seasonal patterns usually

present themselves graphically as an oscillating frequency depending on the time of year

or month. Cyclic patterns are observed when there is no fixed frequency but rises and falls

are apparent. Data with random fluctuations that do not exhibit the patterns described are

often difficult to use to build a predictive model [11].

Historically, time series forecasting have used statistical techniques such as the ARIMA

model, which has been one of the more successful methods to compute forecasts [11]. In

recent years machine learning has proved to be successful in its ability to predict based
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on highly volatile historical data (data with random fluctuations). This paper explored

and compared these techniques in their applicability to forecast demand for the coffee

franchise.

2.3 Significant works in the field

Time series forecasting is used in problem solving in many fields. Many researchers have

tailored forecasting techniques, in some cases using a hybrid of techniques in order to

optimise results.

In 2012 Karin Kandananond [10] explored forecasting techniques that dealt specifically

with auto-correlated time series. These are time series that when compared to a lagged

version of the same series show a visible trend or similarity in the pattern. Auto-correlated

time series are not stationary by nature. Methods compared in Kandananond’s analysis

were Artificial Neural Networks (ANN), Support Vector Machines (SVM) and ARIMA.

The findings of the research referenced above showed that for the specific forecasting of

a consumer goods company, SVM was the most successful method.

In 2018, Takashi Tanizaki set out to forecast demand in restaurants [12] using machine

learning. The following methods were tested: Bayesian Linear, Boosted Decision And

Decision Forest Regression, using the Step-wise method (a statistical analysis method).

His research reported forecasting success rates of approximately 85% across these meth-

ods.

An exploratory research paper reported in 2019 [13] looked into the use of machine learn-

ing for predictions in Fast Moving Consumer Goods (FMCG). Their research showed that

from 2013 there has been a significant increase in the number of articles that explored

machine learning within the field of forecasting. A general consensus within the arti-

cles reviewed was that machine learning had proven to be significantly more successful

in accurate demand forecasting than statistical methods, more specifically, deep learn-

ing.
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In 2020 Hyojoo Son and Changwan Kim [14] utilised deep learning to forecast electricity

demand, using twenty-two years of data with variables such as economic performance,

demographics and weather conditions. These variables were non-linear, making machine

learning a better methodology due its ability to handle volatility in data. The paper used a

Long Short-Term Memory (LSTM) neural network as the preferred method. The results

of the LSTM neural network were compared to several other machine learning and sta-

tistical tools (SVR, ANN, ARIMA). The conclusion drawn was that LSTM outperformed

all four of the models in comparison. The comparison was carried out through the use of

various statistical performance measurement tools such as: Mean Absolute Error (MAE),

Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE) which

was discussed further in Section 2.8.

The above mentioned papers along with numerous others in the field: [15], [16], [17],

[18] had seen great success in the incorporation of machine learning into their forecast-

ing. Within demand predictions two applicable papers, one dealing with electricity de-

mand [14] and the other dealing with sales demand [18] exhibited similar data types and

dependant variables. Using this information along with in depth research into powerful

machine learning tools to predict demand, various neural networks were applied to the

coffee franchise data (specific focus on the LSTM method within Recurring Neural Net-

works (RNN)). Neural network models were then compared to another successful method

in machine learning known as SVM (specifically Support Vector Regression (SVR)) along

with the ARIMA statistical technique.

There is a large scope of methodologies that exist within time series forecasting. There-

fore, it was necessary to prioritise methodologies covered in this paper given the existing

research available. This literature review confined itself to the selected methods and topics

explored in this paper.
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2.4 Auto-regressive Integrated Moving Average (ARIMA)

2.4.1 Theoretical background

The ARIMA method is one of the more common methods utilised in time series forecast-

ing. As implied in its title, it combines the theories behind auto-regressive, integrated and

moving average models [11].

An ARIMA model requires a stationary time series. This is a time series that is inde-

pendent of time i.e. it exhibits no trends or seasonality. A series that is dependent on

time can be transformed to a stationary time series via the method of differencing. Dif-

ferencing is essentially a plot of the difference in subsequent values of the time series in

question. Using the plot of the differenced values creates a new time series that should

be stationary. If the series is still not stationary the method is repeated. This gives rise to

different orders of differencing. The process of creating a stationary time series represents

the “integrated” aspect of ARIMA [11].

While it is possible to identify whether a time series is stationary or not from the plot of

the series itself, an alternative method is the use of an auto-correlation function (ACF)

plot [11]. The ACF plot illustrates any correlation a series may have by evaluating the

series against a number of lagged versions of the series. Figure 2.1 illustrates how one

may extract an understanding of whether a series is stationary or not.

(a) non-stationary (b) stationary

Figure 2.1: ACF Plots [11]

Figure 2.1a exhibits a typical non-stationary series where the ACF plot moves to zero
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slowly. Figure 2.1b is an example of a stationary series, the ACF plot quickly jumps to

zero and there are no correlations that lie outside of the 95% limit (the blue dotted line)

[11]. The 95% confidence limit indicates the threshold for which data shows correlation.

Points that are above this limit exhibit a strong correlation, whereas the data points of

uncorrelated sequences fit within the band [19]. The equation used to calculate a 95%

confidence band is as follows [19]:

±1.96√
N

(2.3)

where 1.96 is derived from the cumulative distribution function of the standard normal

distribution and N is the sample size.

Auto-regression relies on the previous values to output a future value. This differs from

linear regression which makes use of both dependent and independent variables. An auto-

regressive model of order p can be written as [11]:

yt = c+φ1yt−1 +φ2yt−2 + ...+φpyt−p + εt (2.4)

where yt represents the dependant variable at time interval t, c represents a constant, φ

represents a parameter and εt represents white noise.

A Moving Average (MA) model can be represented by the following formula [11]:

yt = c+θ1εt−1 +θ2εt−2 + ...+θqεt−q + εt (2.5)

where q represents the order of the MA model, θ represents a parameter and yt then

becomes a weighted MA of past forecast errors.

Combining the methodologies explained above, results in a non-seasonal ARIMA model,

represented by the following [11]:

y
′
t = c+φ1y

′
t−1 + ...+φpy

′
t−p +θ1εt−1 + ...+ εt (2.6)
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where y
′
t is the differenced series.

This ARIMA model is better expressed in the form of ARIMA(p,d,q) where p represents

the coefficient of the order of auto-regression (also known as the lag order), d is the degree

of differencing and q is the order of the MA element [11]. The order of the MA element

indicates the size of the MA window from which the residual errors are linearly combined

[20].

To gauge the order of a model, a number of methods can be used. Using the ACF and

the partial ACF (PACF) plot one can deduce the p coefficient through inspection. In more

recent years the use of an automatic computing function (available as a package on various

programming languages) allows the statistical analysis to be performed automatically on

an input data set. This function calculates the most optimum model [11].

2.4.2 Software implementation of ARIMA

As mentioned above, there are statistical packages available that automatically perform

the statistical analysis on the input data to generate an ideal model fit. The automatic

function (known as auto.arima in Python, a computer programming language) utilises a

variation of the Hyndman-Khandakar algorithm which makes use of unit root tests and

the Akaike Information Criterion (commonly known as AIC) to automate the ARIMA

function [11]. Both of these concepts are elaborated on in subsequent paragraphs.

A unit root test is able to test for stationarity, which indicates whether differencing is

required. Unit root tests make strong assumptions regarding the input data which is used

as a hypothesis to either “reject” or “fail to reject” within the algorithm [11]. For this

reason the unit root test is rather a tool to assist in confirmation, but should not be used as

the only tool in determining the characteristics of a data set.

One commonly used unit root test is the Augmented Dickey-Fuller (ADF) test. The ADF

test begins with a null hypothesis that there is time dependency within the data. This

is either confirmed or rejected [21]. The output of the ADF test is a p− value that sets
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the threshold for stationary data versus non-stationary data. If the p− value is less than

0.05 the data is considered to be stationary and if it is greater than 0.05 the data is not

stationary, indicating that the method of differencing will be required.

The AIC is given by the following equation [11]:

AIC =−2log(L)+2(p+q+ k+1) (2.7)

where L is the likelihood of the data (this relates to a statistical output on the fit of the

data to the model), k = 1 if c 6= 0 (c representing the constant in Equation 2.6) and k = 0

if c = 0 (the parenthesis in the equation refers to the number of parameters in the model).

Minimising the AIC equation will result in optimised parameters for the ARIMA model

[11]. As evident from Equation 2.7 AIC is only useful in selecting the values for p and q

but not d. The parameter d relies on unit root tests to inform its value.

The automatic fitting of the ARIMA model uses the theory described above. This auto-

mated function also allows the user to modify internal settings for customised use. By

switching the step-wise or approximation options off within the function, the algorithm’s

built in functionality to speed up the process is stopped. This allows the algorithm to

rather search through a wider model space, which can produce better results [11].

2.5 Support Vector Machines (SVM) and Support Vector

Regression (SVR)

2.5.1 Theoretical background

SVM was developed in 1995 by Vladimir Vapnik. It is commonly used as a classification

tool within machine learning. The concept behind SVM can also be applied to regression

problems, this is known as SVR [22].

SVM methodology makes use of a hyper-plane that acts as a decision boundary. The
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objective of the model is to maximise the margin, which is defined as the distance between

the hyper-plane and specific training samples known as support vectors. By maximising

the margin, the model is able to avoid over fitting and have a lower generalisation error

[23].

In nonlinear problems a kernel SVM is utilised. Kernels effectively transform a two

dimensional (2D) plane into a multidimensional space. This allows a linear hyper-plane

that is created in a multidimensional space to project back as a nonlinear hyper-plane in

the original 2D space [24].

In 1997 Drucker et al. [22] created the SVR extension to SVM. Their technique involved

the use of a “tube” of margin ε (epsilon) used in approximating a regression function.

Similar to SVM, the margin is created through the use of support vectors. Figure 2.2

below illustrates a simplistic view of the margin on a 2D plane [25].

Figure 2.2: SVR margin of error [25]

The utilisation of different kernels can lead to different regression estimates within SVR.

Three of the most common kernel types are linear, polynomial and a Gaussian Radial
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Based Function (RBF) that are represented by the following equations respectively [26]:

K(x,y) = a1x∗y+a2 (2.8)

K(x,y) = (a1x∗y+a2)
h (2.9)

K(x,y) = exp(
1

δ 2 (x− y)2) (2.10)

where x and y represent feature vectors, a1 and a2 are constants, ∗ represents the dot

product, h is the polynomial degree and δ represents the bandwidth of the RBF kernel.

These equations are used to map points to a feature space.

To approximate the regression, training data is represented in the following form [26]:

G = {(xt ,dt)}n
t=1 (2.11)

The input xt at time t relates to an output dt . A regression function f (xt) needs to achieve

an output close enough to dt given input xt . In cases of non-linearity there is a nonlinear

transformation that maps the input space into a different dimension, briefly discussed

above. This is represented in the following way [26]:

f (xt) = ωϕ(xt)+b ϕ : Rn,F,ω ∈ F, (2.12)

where ω represents a weighted vector and b is constant which offsets the function. Further

detail on the mathematical derivation presented above was discussed by Oscar Calveria,

Enric Monte and Salvador Torra in their research paper on SVR in forecasting [26].
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2.5.2 Software implementation of SVR

As described above, the three most common kernels within SVR are the linear kernel,

polynomial and RBF kernel. In order to transform the input data into the required dimen-

sion, the kernels use a number of specified parameters that aid in carrying out the learning

process. These parameters are defined in the Python environment using various libraries

and packages (these libraries and packages hold various functions and algorithms that

can be applied in the programming environment). This specific library, known as Scikit-

learn, assists with the modelling of an SVR model. It defines the following parameters as

follows [27]:

• Degree: this refers to the degree of the polynomial kernel function (represented by

h in Equation 2.9), this parameter is not utilised by the other kernels.

• Gamma: this represents a coefficient for the chosen kernel, it determines the ex-

tent of the effect of outlying points on the model [28]. Gamma is represented in

Equation 2.8 to 2.10 by the terms a1 and 1
δ 2 respectively.

• C: this represents a regularisation parameter, the strength of the regulation is in-

versely proportional to C. This term indicates to the optimisation model how much

error can be tolerated, therefore stipulating the balance between over fitting and

under fitting a curve [28].

• Epsilon: this specifies the epsilon tube distance discussed previously in this section.

2.6 Neural networks in forecasting

2.6.1 Overview

Machine learning models were introduced as forecasting techniques in FMCG due to the

insufficient predictive capability of linear models that were historically used. The methods

used in machine learning are able to present a realistic predictive model that can provide

a more cognitive representation of forecasting [13].
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Artificial Neural Networks (ANNs) are a subset of AI and can be defined as a broad termi-

nology that encompasses technology that allows computers to mimic the human cognitive

function [29]. ANNs form the basis of deep learning which incorporate multiple neural

network layers [29]. Convolutional Neural Networks (CNNs) and Recurrent Neural Net-

works (RNNs) are types of neural networks. The theory and implementation of these

methods are described in detail within this section.

2.6.2 Theoretical background

2.6.2.1 Overview

Figure 2.3 below illustrates an overview of the stages found in a neural network learning

process in machine learning [30]. Labelled data is defined as the historical data of the

metric being predicted, for example: number of sales, cost of product etc. Labelled data

is split into three categories, one for training the algorithm, one for validating the data in

order to tune parameters, and lastly data to act as a test sample and evaluate the perfor-

mance of the algorithm. Similar to labelled data, feature data is input data provided by the

user. But unlike labelled data, feature data acts as a guide for the algorithm by providing

a level of correlation or pattern to the labelled data.

Figure 2.3: Learning stages in neural networks [30]

Hyper parameters defined as Θ in Figure 2.3 are not determined by the algorithm but

rather act as inputs into the learning algorithm [30]. Hyper parameters are tuned through

testing various values, the success of this tuning is measured on the validation data. The

most successful hyper parameter values result in an algorithm with the most successful
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hypothesis. This hypothesis proceeds into the testing phase. Depending on the type of

training data available different learning scenarios are possible within machine learning

[30]:

• Supervised learning: labelled data is available and used for training.

• Unsupervised learning: only unlabelled data is available, meaning testing of the

accuracy of the algorithm is difficult.

• Semi-supervised learning: labelled and unlabelled data is available for training.

• Transductive inference: Similar to semi-supervised learning except the objective is

to predict the points of the unlabelled test data only.

• On-line learning: dynamically training and testing continuously.

• Reinforcement learning: the learning algorithm interacts with the environment in

order to predict outcomes.

• Active learning: the learning algorithm adaptively collects training samples, which

is useful in cases where labels are expensive to obtain.

2.6.2.2 Artificial Neural Networks (ANNs)

ANNs consist of numerous non-linear computing elements that form part of a hidden

layer network in-between input and output layers [15]. Because of its structure, ANNs

are known to handle outliers and non-linear data patterns well.

A study based on developing a sales forecasting system [15] customised an ANN to the

specific problem to produce a successful model. This indicated how crucial customisation

is to ensure success in accurate forecasting. Customising an ANN involves configuration

of the architecture, such as the number of layers, the number of nodes in each layer and

the subsequent connections among nodes to bring the network together, as seen in Figure

2.4 below [10]. Ensuring the model’s applicability to the problem is therefore strongly
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dependant on the selection and development of the correct architecture.

Figure 2.4: The architecture of a neural network [10]

2.6.2.3 Deep Neural Networks (DNNs)

A DNN utilises deep learning by using more than one hidden layer [8]. The concept of

a hidden layer is illustrated in Figure 2.4. By this definition ANNs are essentially the

building blocks to deep learning and DNNs.

The inner workings of a DNN are similar to that of an ANN. The computational flow starts

with data inputs being weighted and passed through the nodes in the network. Each node

has an activation function attached to it [31]. The activation function acts as a trigger

which either allows the node to send its output to the next node or not (mimicking the

brain’s neural network to an extent). In recent years a commonly used activation function

is the sigmoid s-shaped function (explained in Section 2.6.3). The data moves through

the network via the nodes in one direction (feed-forward) until the output is reached.

This output is then passed through a loss function. The purpose of the loss function is

to compute the difference between the output and the historical training data. The neural

network is programmed to minimise this difference or “loss” through the process of back

propagation, which entails the models’ weights readjusting iteratively through the use of

an optimisation function (discussed in Section 2.6.3) [31]. Programming tools such as
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TensorFlow and its machine learning libraries allow a large part of the computing to be

done in the background.

A study conducted by Lawrence Snyder [16] provided a detailed example into the cus-

tomisation of a DNN with parameters from The Newsvendor Problem. The concept of

the Newsvendor Problem is based on determining the optimum amount of newspaper a

newsvendor should buy each morning to optimise profit, taking into account the under-

age and overage costs. These costs are associated with potentially overstocking and not

selling all newspapers, versus understocking and the subsequent loss of sales [32]. The

mathematical equation used to solve the Newsvendor Problem, known as the Newsven-

dor Model, is based on retrofitting past sales records to a cumulative distribution function.

The weaknesses of such methods has been highlighted in Chapter 1, as it was the chosen

method for a previous study conducted on the coffee franchise. In summary this method

cannot handle the volatility that data may present.

Lawrence Snyder’s study used the relevant mathematical equations from the Newsvendor

Model as inputs into the loss function utilised in DNN. The loss function used was both

a Newsvendor loss function and a revised Euclidian loss function [16]. This was not only

able to predict the demand but also minimise the costs associated, thus taking the network

a step further. This paper compared the results to other attempts at solving a multi-feature

Newsvendor problem (MFNV) i.e. the Newsvendor Problem where demand is depen-

dent on a multitude of variables, known as features. These features could be things such

as current weather conditions, the day of the week, time of the year etc. The compari-

son of the results showed that DNNs outperformed other methods in their ability to deal

with volatile and sparse historical data. The ability to incorporate the concepts of the

Newsvendor Problem into the algorithm showed that DNNs do not replace other previ-

ously successful inventory management solutions, but rather improved on them.
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2.6.2.4 Dense Layers

Dense layers are fully connected layers within a network, each neuron within a layer re-

ceives input from all the neurons present in the layer before [33]. Figure 2.5 below illus-

trates this using the TensorFlow Playground which allows one to visualise hypothetically

structured networks [34].

Figure 2.5: Dense Neural Network Representation on TensorFlow Playground [34]

The use of an activation function is what differentiates a dense layer from a linear network.

If a linear activation function was utilised in a dense network the results achieved would be

the same as a linear network. By using non-linear activation layers, dense layers stacked

together create a level of complexity which classifies them as deep learning [35].

Dense layers are considered to be an elementary type of neural network due to the inability

to process repetition in time. This means for a single input the output will always be the

same ( f (2) = 9 will always be the same despite whether f (2) appears as the first input, a

middle input, or as the last input) [35].

2.6.2.5 Convolutional Neural Networks (CNNs)

A Convolutional Neural Network (CNN) uses smoothing parameters as part of its data

processing [36]. The network works similarly to a DNN described in the previous sec-
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tion, but with a few differences. Figure 2.6 below shows a simplified view of the CNN

architecture [36]. The input data is passed through both a convolution and pooling layer,

the main purpose of these layers is to smooth the input data. The convolution layer per-

forms a similar function as a weighted MA, it assigns specific weights to all inputs and

sums them before output. The pooling layer groups vectors into set sizes and then as-

signs a generalised summary statistic for each group. Some common pooling types are

max pooling, average or mean pooling [36]. Thereafter the output from convolution and

pooling layers goes through the Rectified Linear Unit (ReLu) non-linear transformation.

Once non-linearity has been applied the output layer applies an activation function to the

output data.

Figure 2.6: A simplified CNN architecture [36]

CNNs are most commonly applied in computer vision, where inputs are matrices of pixel

values. The network is able to learn representations of large inputs better than other

networks [37] .

2.6.2.6 Recurrent Neural Networks (RNNs)

An RNN differs from a feed-forward neural network in that it uses feedback loops with

a time variable, in this way the neurons form a cycle. The recurrent in RNN refers to the

trait that neurons only fire for a specific period before they get temporarily deactivated.

These neurons can get reactivated at a later point in time. In this way the inputs from

much earlier are still able to be accounted for [23].
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A weakness of the RNN is the vanishing gradient problem. This problem arises when the

partial gradients used in the network approach zero. The gradient determines the level of

training that can occur, hence when it approaches close to zero, very little to no training

can happen [38]. A solution to the problem was developed and named Long Short-Term

Memory (LSTM) which is a branch of RNN. An LSTM network is able to handle time

series data with long time steps. The neuron in an RNN is replaced with three sigmoid

layers in an LSTM that allows for a “forget function”.

Figure 2.7: An LSTM memory cell structure [14]

Figure 2.7 illustrates the LSTM memory cell [14]. The structure of the cell enables the

extraction and memory of information for a long period of time. This makes the LSTM

method a popular choice in deep learning in time series forecasting [14].

2.6.3 Software implementation of neural networks

2.6.3.1 Multi step and single step neural networks

A single step model predicts one value into the future by defining a set input, known as a

data window. This is done without the use of feedback [39]. This is the most simplistic

structure of a neural network model. Figure 2.8 below illustrates the data window input

for a single step model [40]. This comprises of three parts: an input, offset and output

(equal to one for a single step model). The offset can also be accepted as zero if there

is no delay in the time step predicted versus the time steps inputted. Another aspect of
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data windowing is the definition of features (independent variables) and labels (dependant

variables) in the data set.

Figure 2.8: Data window for a single step model [40]

The multi step model is able to predict more than one time step into the future given a set

window of data. There are two types of multi step models. The first behaves similarly

to the single step model while the other is auto-regressive in nature i.e. it incorporates

feedback from previous predictions into the next prediction [39]. These two different

methods are referred to as single shot and auto-regressive respectively [40]. Figure 2.9

below shows an auto-regressive data window. This illustrates the feedback loop the model

incorporates as it makes a series of predictions [40].
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Figure 2.9: Data window for a multi step auto-regressive model [40]

2.6.3.2 Data normalisation and standardisation in neural networks

A key aspect of neural networks is the form of input data entering the model. Data nor-

malisation is the task of scaling the data, usually performed before the data is inputted into

a neural network. If data is not pre-processed in this manner, an unstable and unsuccess-

ful model usually results [41]. This is because of the weights and error metrics calculated

between predicted and actual values. When working with unscaled data that has a large

range between the minimum an maximum values the computational requirements become

difficult.

The scaling of data is achieved in two ways, either through normalising or standardising

the real value inputs. Data normalising is achieved by rescaling the data to fit between

the range of zero and one. Equation 2.13 illustrates the formula utilised to perform this

scaling:

xnormalised =
x−min

max−min
(2.13)

where x is the real value input, max and min represent the largest and smallest values

within the data range respectively, and xnormalised is the scaled input ready to be entered
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into the model [21].

Data standardisation differs from data normalisation in that it re-scales the distribution of

values such that the mean of the observed value is zero, and the standard deviation is one.

This method works the best when the data fits a Gaussian distribution, indicating that the

data is already well centred [21]. Equation 2.14 illustrates the formula utilised to perform

this scaling:

xnormalised =
x−mean

σ
(2.14)

where the mean is calculated as the average value of the data and σ represents the standard

deviation, which is calculated as follows:

σ =

√
∑(x−mean)2

count(x)
(2.15)

Both methods of scaling data have to be tested on individual data sets to determine which

performs the best [21].

2.6.3.3 Optimisers in neural networks

In DNNs in order to assess the performance of a model (how close a predicted outcome

was to the expected) a loss function is utilised during training and validation. The objec-

tive of the model is to minimise the loss function through the use of an optimiser [42].

Optimisers use a specific algorithm to change the weights and learning rate of the model

(among other attributes) in order to minimise the loss.

In time series analysis, some commonly used optimisers are Stochastic Gradient Descent

(SGD), Root Mean Squared Propagation (RMSprop) and Adaptive Moment Estimation

(Adam).

SGD is based on the gradient descent method of optimisation covered in detail by Good-

fellow et al. [8]. Given that a gradient indicates the direction of increase, the method

uses the negative gradient direction to minimise the loss [43]. It is a commonly used
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optimisation function that has been faulted only on its slowness to produce results.

The RMSprop algorithm adapts its learning to reach convergence. This algorithm is a

derivative of the Adaptive Gradient Algorithm, both algorithms are based on the squaring

of gradients [8]. RMSprop differs from the Adaptive Gradient Algorithm in that it utilises

a MA of the squared gradient [43]. This algorithm is widely used in DNN.

The Adam optimiser makes use of an adaptive learning rate which makes it computa-

tionally efficient. “Adam” stems from the term adaptive moments. It is similar to the

algorithm of RMSprop combined with momentum. It uses the exponential MA of the

gradients to scale the learning rate [43]. Further detail into the mathematical properties of

the algorithm is covered by Goodfellow et al. [8].

2.6.3.4 Activation functions in neural networks

The activation function in a neural network is attached to each neuron within the network

to determine whether the neuron is fired or not. This indicates that the activation function

determines the output of the deep learning model, thereby acting as a key differentiator

between linear regression and neural networks [44].

Figure 2.10 below illustrates two common activation functions, sigmoid and hyperbolic

tangent (tanh). The difference as illustrated is that sigmoid runs from zero to one and tanh

runs from negative one to one [44].
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Figure 2.10: Sigmoid and tanh activation functions [44]

The sigmoid function is represented by the following equation:

f (x) =
1

1+ e−x (2.16)

and the tanh function is represented by the equation below:

tanh(x) =
ex− e−x

ex + e−x (2.17)

The magnitude of neurons that can be found in a network have made it necessary for

activation functions to be computationally efficient. Therefore, in recent years non linear

activation functions have been introduced as they have proven to be more efficient than

linear activation functions. A common type of non linear activation is known as the

ReLU function. Non linear functions are able to handle back propagation through the use

of their derivative functions. They also perform well in the stacking of layers in more

complex neural networks. Figure 2.11 below illustrates the ReLU function, while it may

look linear, it behaves as a nonlinear function (it gives an output if x is positive and zero
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otherwise) [45].

Figure 2.11: ReLU activation function [45]

2.7 Comparison between traditional and machine learn-

ing techniques

Machine learning algorithms can be used to predict outcomes based on previous events.

The difference in these algorithms to other statistical analyses is that the sample complex-

ity i.e. the amount of learning data provided significantly affects the potential accuracy of

its output [30].

The drawbacks of traditional statistical models is the underlying linear method that sup-

ports the model. The linear methodology struggles to handle volatile data points that

fluctuate drastically.

A case study was conducted on both machine learning and statistical analysis tools ap-

plied to the prediction of customer demand in a restaurant. The study utilised POS data

and other external factors such as the weather to predict the future number of customers
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[12]. The comparison assessed three machine learning regression techniques; Bayesian

Linear Regression, Boosted Decision Tree and Decision Forest Regression and the Step-

wise Statistical Method. All four technologies yielded accuracy’s greater than 85% com-

pared to actual outcomes. There was also no large difference between the results of the

regression techniques and statistical method. This could have be due to the simplicity of

the predicted metric. The study illustrated that as the complexity and dependants of the

output increase so does the gap between the results of machine learning and traditional

techniques.

This deduction is further shown by a study conducted in 2012 that compared two machine

learning techniques with a traditional forecasting technique [10]. The application of these

methodologies was tested in the field of supply chain forecasting. The methods utilised

were ANN, SVM and ARIMA. The study aimed to predict the demand for various prod-

ucts over time using MAPE, a statistical tool to calculate the accuracy of the forecasting.

The outcomes found that the machine learning techniques, specifically SVM performed

the best.

In this study, the auto-correlation (ACF) structure of the products being tested varied, but

had no visible effect on the results. This signified that similar trends over a time period

did not affect the performance of the machine learning tools. This differed to the ARIMA

model that did not perform as well, the model is known to be successful in situations with

higher auto-correlation in data points [12].

2.8 Methods to measure the performance of models

In order to evaluate the models in this paper a unified performance test was needed to en-

sure the most successful method was accurately represented. For times series prediction

MAE, Mean Squared Error (MSE) and MAPE are some of the most popular and recom-

mended techniques across research papers referenced in this literature review. Both MAE

and MSE are scale dependant errors, therefore they are only comparable in series with

the same units, while MAPE is unit free [11]. The three measures can be explained as
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follows.

2.8.1 Mean Absolute Error (MAE)

The MAE measure takes the mean of the error between predicted and actual test data as

seen in the equation below [46]:

MAE =
∑

n
i=1 |yi− ŷi|

n
(2.18)

where yi and ŷi represent the actual value and the predicted value respectively and n rep-

resents the sample size.

2.8.2 Mean Squared Error (MSE) and Root Mean Squared Error

(RMSE)

The MSE and RMSE metrics are linked together as they both stem from the same base

calculation provided below [46]:

MSE =
∑

n
i=1(yi− ŷi)

2

n
(2.19)

The RMSE is a more popular version of the MSE as it takes the square root of equation

2.19. While the RMSE may be more difficult to interpret it does allow the output to be in

the same unit scale as the data. This proves to be an advantage when reporting the metric

[11].

2.8.3 Mean Absolute Percentage Error (MAPE)

The MAPE is calculated using the following formula [46]:

MAPE =
100%

n
∑

n
i=1 |yi− ŷi|

yi
(2.20)
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A shortfall of MAPE is that even though it is unit free it places a large penalty on negative

errors, therefore it will favour a method that forecasts lower than the actual outcome

[46].

33



Chapter 3

Research Method

3.1 Methodology overview

To investigate whether a model could successfully forecast demand for the coffee fran-

chise, various machine learning and statistical models were developed as part of the re-

search method. A main objective was to determine whether a forecasting model would be

able to reduce wastage and improve profitability through accurate predictions of demand

for perishable food.

The methodology overview was as follows:

• An analysis on available branch and product data was carried out. This determined

the most suitable branch and product/s to use in the investigation.

• The specific branch and perishable product formed the input data used to evaluate

the following benchmark models:

– ARIMA

– SVR

• The same input data was used to evaluate the following neural networks:
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– Linear network (used as a baseline neural network)

– Dense layers

– CNN

– RNN (LSTM)

• The results were compared via statistical measures (MSE, RMSE, MAE).

• The MAPE of the top performing models was calculated and compared.

• An additional product was tested on the top performing models to gauge the relia-

bility of the models.

• The reliability and validity of the models in relation to its ability to successfully

forecast demand was discussed.

• The forecasting models’ ability to improve profitability and the overall business

model was investigated and discussed.

• Other areas of improvement over and above demand forecasting that may impact

profitability and or waste reductions were identified and discussed.

3.2 Branch and product selection method

To test the validity of the forecasting models, one product from a branch was selected to

test across the models, in order to draw comparisons on the accuracy of predictions. The

parameter selection and tuning of the various models was based on this product. To test

the reliability of the models, a second product from a branch was tested. The same tuning

parameters were utilised during the second testing. This was done to confirm whether the

model’s results could be replicated and carried out to all perishable products across the

coffee franchise. This Section outlined the process of selecting the specific branch and

products used in this investigation.

35



3.2.1 Overview of coffee franchise data

The POS data from the coffee franchise was stored in a SQL (a database management

language) database. The database contained 42 tables of data (see Appendix A for a

breakdown). The tables were connected by the variable “sumid” with which other vari-

ables such as: items, price, branch, date etc. were linked together. Access to the data

was granted by the coffee franchise owner as part of the ethical clearance for this research

report.

Table 3.1 below captured the main information extracted from the database. Nine out of

150 available variables were extracted from the database as they proved to be the most

useful information needed to build a forecasting tool. Table 3.1a indicated the number of

stores tagged in the data, of which only nine store ID’s were linked to current operating

branches of the coffee franchise. Of these nine stores only five had data from their POS

system that could be extracted for the available years successfully, these are circled in

Table 3.1a.
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STRID

237

97

116

222

141

208

191

298

326

333

349

352

357

396

(a) Store ID list

Prioritised Variables Unit

Sumid Number

Sumdate Date

Sumgrossales Currency

Strid Number

Ibritemname Text String

Ibritemplu Number

Ibrcaegoryname Text String

Ibrnumsold Quantity

Ibrpricesold Currency

(b) Prioritised variables from POS data

Table 3.1: Coffee franchise data summary

Figure 3.1 below shows an example of the SQL query utilised to extract the main data

required. This code was used to extract data from the store number (STRID) 237 for

2019. A similar code was run for the other four branches from 2016 to June 2019.

Figure 3.1: Example of an SQL query
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3.2.2 Analysis on coffee franchise data

Each of the fives branches data was analysed separately to determine the highest volume

of perishable products sold from 2016 to 2019. The top five perishable products from each

branch were then collated. This was used to determine the top five perishable products

sold overall (this was done on a volume basis and not on a cost or profit margin basis).

Figure 3.2 shows the top five products across branches. Muffins, breakfast and croissants

were the top three products sold.

Figure 3.2: The top 5 products sold by volume between 2016 and mid 2019

The graphical plots of the top three products sold across the years were then examined

to understand the quality of data available. Figure 3.3 to 3.5 show the daily volumes

sold across branches per product in 2016. Similar graphs were examined for the years

2017, 2018 and 2019. The patterns seen in Figure 3.5 indicated that the croissant data

was unreliable. This could be due to the various product categories that include the field

“croissant” (plain croissant, chocolate croissant etc.). This may mean that the cashier

randomly assigned a croissant purchase to any one of those options.
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Both the muffin and breakfast data in branches 237 and 333 in Figures 3.3 and 3.4 exhib-

ited no extreme or inexplicable outlying data points. They also displayed similar volatility

patterns observed across perishable products. Therefore, they proved to be useful as in-

dicative products for testing.

Branch 237 was the selected branch as it was open for the most days over the period

from 2016 to mid 2019. Hence, it offered more time steps for the model to be trained

on. Breakfast was an item that was more problematic to the coffee franchise owner, in

terms of wastage from inaccurate stock in comparison to muffins. For this reason it was

the chosen Product 1 going forward. Muffins were selected to be Product 2 (used to test

reliability) going forward. The naming convention of these products was Product 1 and

Product 2 for the remainder of this paper.
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Figure 3.3: Daily number of muffins sold for 2016 across branches
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Figure 3.4: Daily number of breakfasts sold for 2016 across branches
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Figure 3.5: Daily number of croissants sold for 2016 across branches

3.3 Data and data preparation method

3.3.1 Weather data set

A number of external factors were considered specifically when building a neural network

as the architecture allowed for multiple features to be examined in relation to one desired

output.
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To add external factors to the data set, Pretoria airport weather data was utilised [47].

The data included 13 columns of metrics for weather measures taken at hourly intervals

throughout the day. Table 3.2 below shows a summary of the measurement variables

along with the format and units. The addition of weather into the data set was based on

the hypothesis that weather may influence the buying patterns of consumers, a similar

study conducted on electricity demand found positive results in incorporating external

environmental factors [14].

Weather Measurements Unit

Local time in Wonderboom / Pretoria (airport) Time

Temperature Degree Celsius

Atmospheric pressure at station mm of mercury

Atmospheric pressure reduced to mean sea level mm of mercury

Relative humidity %

Mean wind direction m/s

Mean wind speed 10m above ground m/s

Maximum gust value m/s

Stand out issues Text string

Stand out issues 2 Text string

Total Cloud Cover Number/description

Horizontal visibility km

Dewpoint Temp 2m from surface (C) Degree Celsius

Table 3.2: Weather dataset summary

Pretoria’s weather was used even though the location of the coffee franchise was central

Johannesburg. This was due to the lack of availability of historic weather data for Jo-

hannesburg. The Pretoria weather data still allowed for a relative relationship to be built

given the close proximity of the two areas.
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3.3.2 Data preparation

In order to prepare the data, both the coffee franchise data and the weather dataset had to

be combined.

The weather dataset was prepared in the following way:

• All time intervals before 8:00 and after 17:00 were excluded based on the opera-
tional hours of the coffee shops.

• Only the following metrics were considered:

– Date and time.

– Temperature (Celsius).

– Mean wind speed 10m above ground (m/s).

– Rain (0-3).

– Stand out issues (text describing rain conditions).

– Cloud cover (0-3).

– Total cloud cover (text describing cloud conditions).

• Further data cleansing was carried out:

– Rain was ranked from 0 – 3 based on none, light, heavy or thunderstorm cri-
teria.

– Cloud cover was ranked from 0 – 3 based on clear, few clouds, scattered clouds
or overcast criteria.

– The average wind speed of 1- 1.5 m/s was considered not windy.

– All metrics were reported as a daily average of the hourly measurements. This
aggregation was useful as it indicated the weather pattern for the day. This
turned out to be similar for the two cities, therefore making the weather data
compatible for predictions in Johannesburg.

Once the weather data set was prepared, it was linked to the POS data set via the date

column. In addition, a column for the day of the week was added as a feature to account

for any patterns presented across Monday to Friday.
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Figure 3.6 below shows graphical plots of the data for Product 1. The quantity sold was

plotted against the average daily temperature in Figure 3.6b and the average rain in Figure

3.6c (scaled rain data followed the process highlighted in data preparation). Wind speed

and cloud cover were not included in the initial analysis to avoid unnecessary noise to the

data set before tuning took place.

(a) Number of Product 1 items sold 2016/01-2019/07

(b) Average daily temperature in Gauteng 2016/01-2019/07

(c) Rainfall (scaled) 2016/01-2019/07

Figure 3.6: Plot of temperature and rain against number of Product 1 items sold between
2016 and mid 2019

A major aspect of time series forecasting is the inclusion of periodicity in the data, espe-

cially in neural networks where patterns and relations are built between features. To in-

troduce periodicity, adding the weekday (represented by numbers one to five) and month

of the year (represented by numbers one to twelve) was not sufficient as there was a dis-

joint between day/month one and day/month twelve. The disjoint occurs because of the

jump from twelve to one graphically, even though December is a month before January

(a similar issue was noted with the days of the week). A recommended method was to

add sinusoidal (sine and cosine) curves to data set [40]. Figure 3.7 below illustrates the

incorporation of sine and cosine curves to represent monthly and yearly patterns.
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(a) sine and cosine curves of days in a month

(b) sine and cosine curves of days in a year

(c) sine and cosine curves of months in a year

Figure 3.7: sine and cosine curves representing various periodicity
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The final step in data preparation was the scaling of feature and label inputs through both

data normalisation and data standardisation as discussed in Section 2.6.3. Both meth-

ods were performed to test which resulted in the most successful model. For the coffee

franchise’s POS data, data normalisation using a scale from zero to one proved to output

better predictive results when the subsequent neural network models were run. Figure 3.8

illustrates the normalised data. It was evident that the rain measurement had a longer tail

than the other data points. This was not considered an issue as there were no obvious or

large differences within the data that were potential errors. A longer tail could represent

extreme weather such as thunderstorms observed on specific days, an occurrence that was

not unusual in Gauteng.

Figure 3.8: Normalised data

As seen in Figure 3.8 many of the input features discussed earlier were not accounted

for. It was evident some features were adding noise to the data rather than offering a

correlation to the number of items sold. The exclusion of these features from the final

input data was done iteratively, through model testing and through observation of the data

plots. Analysing the data plots assisted in identifying any visible correlation between the

data. If it was apparent none existed it was excluded from the final input.
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3.4 Implementation method of benchmark models

3.4.1 Environment Overview

The following environment settings were used to develop both the ARIMA and SVR mod-

els for the coffee franchise data set (See Appendix B and C for the code extract):

• Python notebook hosted in Google Collaboratory

• Scikit-learn package

• Statsmodel package

• Pmdarima package

• Numpy package

• pandas package

• Matplotlib.pyplot

3.4.2 ARIMA

The ACF plots seen in Figure 3.9 and Figure 3.10 were created to determine whether

the data series was stationary or not. The plot showed a number of lagged versions of

the series of data, which indicated whether or not the data set was correlated (this was

discussed in detail in Section 2.4). Figure 3.9 shows an ACF plot of the entire data set,

whereas Figure 3.10 shows an ACF plot of the data for the first 30 lags. Examining the

patterns of both plots, it was clear that the data was not stationary and would require a first

order level of differencing. In the ARIMA(p,d,q) model, this would affect the d value,

which represents the level of differencing required to transform the data to a stationary

data series.
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Figure 3.9: ACF plot for 800+ lags

Figure 3.10: ACF plot for 30 lags
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Figure 3.11: PACF plot for 30 lags

Figure 3.11 shows the PACF plot for the data set. Analysis of the data reflected in Figure

3.11 revealed a correlation between residuals. Confirmation of the first order differenc-

ing requirement for the data was indicated by the differences in the level of significance

between the first and succeeding lags.

3.4.2.1 Parameter tuning

The automatic modelling of the ARIMA model described in Section 2.4.2 was carried

out to define the parameters for the model using the coffee franchise data. The automatic

function was run with and without editing the step wise and approximation criteria. The

outputs in Table 3.3 were given by the automatic function, suggesting an ARIMA model

with an order of (4,1,1) to be the optimum given it has the lowest AIC score.

Parameters AIC

p d q

4 1 1 -1135.87

0 1 2 -1126.38

Table 3.3: Automatic ARIMA modelling results with AIC values
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Figure 3.12 below shows the output after running the automated modelling function for

ARIMA. The results captured a significant amount of statistical analysis performed to

reach the suggested modelling parameters.

Figure 3.12: Output from the automatic ARIMA function

From the libraries installed in the Python environment, functions (such as model. f it)

could be called to build an ARIMA model given the set input parameters. From these

functions a density plot of the residual errors was extracted. The density plot in Figure

3.13 showed the mean centred around zero, indicating there was no bias in the prediction

[20].
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Figure 3.13: ARIMA residual density plot

Once the model fitting proved to be successful, the model was utilised to extract predic-

tions using a portion of input data. This portion of data was allocated as testing data, it

represented 33% of the total data set based on theoretical recommendations [20]. The

success and performance of the model was tested via the statistical measures MAE, MSE

and RMSE (these were also used to evaluate the neural networks) and reported in Chapter

4. These measures were discussed in detail in the upcoming Section 3.6.

3.4.3 SVR

SVR as described in Chapter 2 is a supervised machine learning model specifically de-

signed for regression analysis.

The data pre-processing followed the same methodology used for neural networks. The

SVR algorithm can take in a number of feature inputs to use in the prediction of one

output. Different feature inputs were tested in a similar manner to the tuning of the

neural networks to determine whether an increased feature number improved the SVR

model.

To test the SVR algorithm against the coffee franchise data set the RBF, polynomial and

linear kernels were used. The kernels used a number of specified parameters in order

to carry out the learning process in the Python environment, as described in Section
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2.5.

3.4.3.1 Parameter tuning

In order to tune these parameters across kernels, a built in grid search function (from the

Scikit-learn library) was used with K-fold cross validation. The function was developed to

automate the hyper parameter tuning process that was otherwise a time-consuming task.

To determine the best performing parameters, the process used cross validation. K-fold

cross validation divided the data set into folds, each fold was involved in the testing and

training process in order to extract the most accurate model parameters [48].

The parameter tuning was an iterative process to define the ranges in which the model

was optimised. This began with four to five values ranging from much smaller than one to

much greater than one. The range was narrowed down depending on the best parameters

selected by the grid search method. Figure 3.14 below showed a Python code extract of

the implementation of grid search and the range input for the parameters C, epsilon, and

gamma. This process was repeated for both the polynomial and linear kernels.

Figure 3.14: Python code extract to execute a grid search for RBF

Figure 3.15 shows the Python code extract of the performance scoring used in conjunc-

tion with the cross-validation technique to define the best performing parameters for the

model.
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Figure 3.15: Python code to evaluate performance for grid search in SVR

The parameters suggested by the grid search method were captured in Table 3.4. To

ensure the grid search outputs were correct, the outputs were inputted into a separate

model with a smaller data set. This model was fitted and tested to extract the performance

metrics which were then compared to the grid search metrics. Some of the parameters in

Table 3.4 had default as their selection. This was because the SVR default calculation for

epsilon and gamma was more suitable than the grid search for these parameters. It was

found that utilising the grid search for two parameters at a time outputted better results.

The brackets next to default indicated the Scikit-learn default parameter calculation.

C Gamma Epsilon degree

RBF 0.1 100 Default (0,1) -

Polynomial 250 Default ( 1
n f eatures∗X .var()) Default (0,1) 3

Linear 10 10 Default (0,1) -

Table 3.4: Optimum parameters for SVR across kernels

3.5 Implementation method of neural networks

3.5.1 Environment overview

The environment was set up with a Python notebook hosted on Google Collaboratory (see

Appendix D for extract) with the following libraries installed:

• TensorFlow

• Keras
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• Numpy

• Scikit-learn

3.5.2 Overview of the implementation method

To develop the neural networks Google Collaboratory was utilised. This is an online cloud

hosted notebook that runs Python (extension .ipynb). Google Collaboratory has made the

sharing and running of Python scripts accessible via web browsers, in addition it also

provides accessibility to the machine learning libraries mentioned above.

A tutorial on time series forecasting created by TensorFlow [40] outlined the recom-

mended process to explore neural networks on a time series data set. A simple single

step neural network was created first, which was able to build a prediction for one time

step into the future. This was done for a number of networks, starting with the baseline,

a linear model, a dense model and lastly two more complex networks: CNN and RNN.

Once the performance of these models had been evaluated statistically, a multi step model

for the aforementioned networks was developed. This was done in two parts, first as a

single shot model, where the steps were predicted at once and then as an auto-regressive

model where a single output was fed back into the loop to further improve the next gen-

erated prediction (described in Section 2.6).

Before the neural networks were generated, a data-window was created. The purpose

of the window was to create a set input length (number of time steps fed into the input),

offset (number of time steps that the future prediction was offset by) and the output length

which for the single step model was one. This was increased to a desired output for the

multi-step model.

For the coffee franchise, demand forecasting for a week in advance would be beneficial

based on the current business operations. Meal preparations were done in a central kitchen

and then distributed in the mornings; most packaged meals had a maximum shelf life of

two days. Based on this an ideal data window would take in an optimum input based on
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the most effective training results, and the output would ideally be five days ahead.

The initial data set was divided into three sets: training, evaluating and testing using 60%,

20% and 20% of the data respectively. These ratios were based on recommended ratios,

where the biggest portion of the data set was advised to remain as training data [34].

While developing the time series model it was crucial to ensure the data input was kept

in chronological order instead of shuffled. Therefore the first 60% of the time series data

was used to train the model and the remaining 40% split between evaluating and testing,

where testing used the most recently dated data.

A brief outline of the neural network models developed was described in the subsequent

sections below, along with an overview of the methodology used in tuning the parameters

of the networks.

3.5.3 Baseline and linear models

The baseline and linear models were developed to create a baseline performance measure-

ment from which the performance of the more complex neural networks could be com-

paratively assessed against. This helped in ascertaining whether the specific parameters

and tuning that was applied to the complex networks improved the accuracy significantly

more than the baseline.

For the single step models developed (these are models that predict one step into the fu-

ture, as described in Section 2.6.3) two baseline models were used. The first base model

utilised resulted in a flat line for predictions. The second was a linear model that was built

with slightly more complexity than the baseline model, whilst still quite simplistic in con-

figuration. Essentially the linear model is a dense layered network without an activation

function [40].

For multi step models (models that predict more than one time step ahead, either as a

single-shot or by means of auto-regression, described in Section 2.6.3) two additional

baseline models were developed. The baseline model configuration termed “Last” in all
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graphical results in Chapter 4, used the previous input as the predicted output. Another

baseline model termed “Repeat” repeated the entire previous input window as a prediction

output.

3.5.4 Dense layers

A dense layered network as described in Section 2.6.2.4 is similar to a linear model. The

key difference in the dense layer model was the number of layers stacked between input

and output layers. The network also had an activation function, which created a more

complex regression algorithm.

A multi step input dense model built with a single step output was also created to under-

stand the impact of using more than one time step as an input to predict one output.

3.5.5 CNN

The CNN architecture utilised was a convolutional and pooling layer that aimed to smooth

input data before weights were assigned. The theory behind CNNs was discussed in

Section 2.6.2.5. This architecture was implemented through the use of the Keras library

on TensorFlow. The development of a CNN was similar to that of the multi dense layered

network. The different nuances between these two models was captured in the specific

CNN layered architecture that was extracted when developing the model.

3.5.6 RNN (LSTM)

The RNN architecture used feedback loops in order to retain memory of training in-

stances. In addition, the network made use of an LSTM layer to enhance its performance.

This theory was described in Section 2.6.2.6. As described above for CNNs, the utilisation

of both TensorFlow and Keras made the development of the network straightforward. The

specific architecture for the LSTM layer could be called directly from the Keras library

on TensorFlow.
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In the development of multi step models, the RNN (LSTM) was also developed us-

ing auto-regression (referred to as AR LSTM) in addition to the single-shot prediction

methodology. The auto-regressive model differed from the single shot approach based

on the prediction process. The single-shot method made all predictions at once. The

auto-regressive model used the first predicted output to further improve the next time step

output through the use of a loop configuration [40].

3.5.7 Parameter tuning

As described in Section 2.6 parameter tuning forms a large part of the software devel-

opment for neural networks. The process of parameter tuning was implemented across

the various single step and multi step (single shot and auto regressive) models developed

(described in Sections 3.5.3 to 3.5.6) .

The process of parameter tuning for the neural networks was carried out manually. Pre-

vious research papers indicated successful starting point values or methods. These were

used as a benchmark to determine the best suited parameters for the model via the process

of elimination. The following subsections detail the most crucial parameters in time series

forecasting [49].

3.5.7.1 Features

In Section 3.3, the preparation of the input data to include features was discussed. These

features allowed the network to build complex patterns around the relationship between

the feature and the desired output variable (referred to as a label in neural networks). The

neural networks were tested with and without the inclusion of features (external factors

such as rain and average daily temperature) to understand whether this brought more

accuracy to the predictions. The risk of adding too many features to the data set was noise

creation resulting in a difficult learning process for the model.
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3.5.7.2 Batch size

The effects of a batch size of 32 and 64 were tested. Experimental testing carried out

on time series predictions in the Indian stock market [49] showed that a batch size of 32

yielded the best results. This led to an initial hypothesis before tuning had taken place

that the optimum batch size for the neural networks developed would also be 32. This

was tested and the results were captured in Chapter 4.

3.5.7.3 Epochs

One epoch refers to a single iteration of all training instances. There was a fine balance

between choosing an epoch number that was too small or too large. The first would result

in a network unable to successfully find patterns, the second would lead to a case of over-

fitting. This was where the model followed the patterns of the training data too closely,

and failed in the evaluation and testing data [18]. The number of epochs tested were 20,

50 and 100.

In addition, a metric known as patience level was also altered between five and ten. The

patience level refers to the number of epochs that the network would run through before

it performs an early stop if there was no progress in validation. The metric patience was

set at ten as recommended by TensorFlow [40]. To test the effect patience had on the

performance of the model the level was also reduced and the results were captured.

3.5.7.4 Optimiser

In Section 2.6.3 three commonly used optimising algorithms for time series were dis-

cussed. The purpose of the optimiser was to minimise the loss function. In this case the

MSE was utilised as a loss function based on recommended times series settings from

TensorFlow [40]. These three optimisers: SGD, RMSprop and Adam were tested on the

neural networks to evaluate their relative performance. In order to account for the reported

slowness of the SGD optimiser, the epochs were also increased to observe if this had an

effect on the performance of the model.
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3.5.7.5 Window size

Data windowing allows input data to be broken down into input windows during the

training process as discussed in Section 2.6.3 and 3.5.2.

According to research papers on DNNs, it has been commonly observed that a smaller

window size resulted in a more accurate model [49]. By reducing the window size, the

network was not overwhelmed by pattern finding and memorising within each window,

allowing it to perform optimally. Variations in window sizes were tested on the coffee

franchise data to determine whether a smaller window size had a positive effect on training

and validation.

3.5.7.6 Activation function

As discussed in Section 2.6.3 the three most relevant activation functions were tested

on the model, these were the ReLU, sigmoid and tanh functions. All neurons within

the neural network have the same activation function, this was automatically built into

TensorFlow. Therefore for testing, each neural network was tested with one activation

function at a time. The ReLU function is a complex activation function, as it has the

ability to handle back-propagation. Thus it was expected to be the better performing

activation function. This was tested for and the results were presented in Chapter 4.

The parameters were tuned according to the methodologies and starting points indicated

above. The results of the tuning process were presented in Chapter 4 along with the statis-

tical measures used to evaluate the performance (discussed further in Section 3.6).

3.6 Methods to evaluate performance

3.6.1 Measures to test the validity of the models

To evaluate the performance of the models during the process of tuning and overall in

comparing neural networks to ARIMA and SVR, all the measures outlined in Section 2.8

were used except MAPE. MAPE was excluded from initial evaluations because the data
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was in a normalised state i.e. it ranged from zero to one during model development. The

formula for MAPE becomes unstable and inaccurate when using small numbers due to

the denominator [50]. In data sets such as the normalised coffee franchise POS data, the

MAPE calculation would be extremely large and inaccurate. Therefore the MAPE could

only be considered when the data was returned back to its normal state.

The calculation methodology of MAE, MSE and RMSE is different, and therefore in

some instances it was expected that the measures would differ in their result of the best

performing model for a given situation. RMSE does not treat each error the same. If

there is a significant error the RMSE has a high negative impact compared to the MAE

measurement [51]. A low MAE score is indicative of a forecast that prioritises the median

(an equal split above and below the forecast). This is different to when the RMSE (and

MSE) score is low, which indicates the forecast has prioritised the mean instead (the met-

rics looks at the average forecasting accuracy). Both nuances were considered during the

parameter tuning and final model comparisons. To evaluate these metrics the TensorFlow

and Scikit-learn metric libraries were utilised.

After the models were built and tested, the top three performing models were transformed

back into their original state to test the MAPE and draw comparisons on their perfor-

mance.

3.6.2 Measures to test the reliability of the models

As mentioned in Section 3.2 a component of the research methodology was to test the

method on more than one product to gain an understanding of the reliability of the model.

The model training, evaluating and testing on Product 1 was repeated numerous times to

ensure reliability of results. In addition the model was also trained, evaluated and tested

with Product 2 data to understand the models’ performance with completely new product

data.

Give the proximity and similarity of the branches within the coffee franchise, it was not

necessary to test across branches. Even though Product 1 did not respond well to the
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addition of weather patterns, Product 2 was modelled with the inclusion of these external

patterns initially to test whether weather data improved the model.

The tuning performed on the Product 1 was kept constant for the Product 2. The graphical

and statistical results were captured in Chapter 4.
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Chapter 4

Results and Analysis

4.1 Overview

Table 4.1 shows a summary of the performance metrics for each of the models discussed

in Chapter 3. These results were discussed in further detail throughout the Chapter.

This summary indicated that neural networks on average outperformed both ARIMA and

SVR in their statistical scoring. The multi step CNN model performed the best overall

across measurements, followed by the multi step RNN and dense model, both of which

exhibited similar performances. This was followed in performance efficacy by the auto-

regressive RNN and SVR models.

SVR exhibited better results than the single step neural networks and the multi step linear

network model. This indicated that as a machine learning algorithm SVR was competitive

with some of the more simplistic machine learning neural network models. The results

from SVR also indicated that the model outperformed ARIMA.

63



Model: MAE MSE RMSE

ARIMA 0.090 0.014 0.12

SVR 0.069 0.0080 0.088

Single step: linear 0.097 0.015 0.12

Single step: Dense layers 0.084 0.012 0.11

Single step: CNN 0.093 0.017 0.13

Single step: RNN (LSTM) 0.096 0.013 0.11

Multi step: Linear 0.040 0.059 0.024

Multi step: Dense layers 0.053 0.0086 0.093

Multi step: CNN 0.050 0.0075 0.087

Multi step: RNN (LSTM) 0.054 0.0065 0.081

Multi step: AR RNN (LSTM) 0.060 0.0071 0.084

Table 4.1: Comparative statistical results of the tested methods on Product 1

4.2 Benchmark models’ results and analysis

4.2.1 ARIMA results and analysis

Figure 4.1 below showed the ARIMA model output on using Product 1 data from the

coffee franchise. The results were based on the normalised input.

Figure 4.1: ARIMA output with normalised data
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Similar to the single step neural network models, the ARIMA model predicted one time

step into the future. The rolling forecast method was used to create the graphical plot seen

in Figure 4.1 by rerunning the model at each time input.

The statistical results captured in Table 4.1 showed that the ARIMA model had some

of the higher MAE, MSE and RMSE values. This indicated that the model was one

of the lower performing models. The MAE, MSE and RMSE measures are all scale

and unit dependant measures. Therefore, the measures are best used as a comparative

measurement across the models.

It is difficult to evaluate the meaning of a MAE value of 0.090 for the ARIMA model,

given the data underwent a process of normalisation. This meant that the data input into

the ARIMA model was not the actual number of units sold but rather a scaled version

of the value. Table 4.2 below states the differences between the actual data and the nor-

malised version of this data.

Data type: Count Mean Minimum value Maximum value

Product 1 867 11 1.0 24

Product 1 normalised 867 0.42 0.0 1.0

Table 4.2: Key differences in Product 1 data after normalisation

In order to interpret a meaning for the MAE value, Equation 2.13 is utilised. This equation

stated that in order to normalise the data the minimum value was subtracted from the data

point and then divided by the difference between the minimum and maximum values.

This equation was reordered to produce the equation used to translate a normalised data

point to its original value. Using the data in Table 4.2 this conversion would result in

following equation:

x = (xnormalised × 23)+1 (4.1)

Which indicated the method used to transform the mean, minimum value and maximum

values back into its original form in Table 4.2.
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The conversion stated in Equation 4.1 is substituted into the equation used to calculate

MAE (Equation 2.18) for each yi and ŷi. The substitution exercise resulted in a formula

to convert the MAEnormalised to the actual MAE value based on the original data. This is

shown below:

MAE = 23×MAEnormalised (4.2)

Using Equation 4.2 the MAE for the ARIMA model equated to 2.1. This valued rep-

resented the mean of the absolute error in ARIMA forecasting. If the average units of

Product 1 sold is ±11 this indicated the average error in predicting would either be two

units above or two units below the actual number sold.

The values for RMSE and MSE can also be converted using a similar methodology. But

this did not add any value to the interpretation of the individual model performance. The

MSE and RMSE values were better utilised for comparative purposes between models.

The different calculation methodologies for these metrics meant the results offered differ-

ent views on the performance of models, in terms of how the errors were spread around

the actual value. This was discussed further in Chapter 5.

4.2.2 SVR results and analysis

Figure 4.2 below shows the SVR model fit output utilising the grid search recommended

parameters. The results captured in Table 4.1 were for the SVR model with a polynomial

kernel. This model proved to be the best performing amongst the SVR models.

The results of all three kernels tested are captured below in Table 4.3.
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Figure 4.2: SVR results from grid search

Kernel type: MAE MSE RMSE

RBF 0.13 0.026 0.16

Polynomial 0.069 0.0080 0.088

Linear 0.16 0.039 0.20

Table 4.3: Performance of SVR model across kernels

From the results in Figure 4.2 the RBF model exhibited the closest trend line to the actual

data points (marked as red dots). However, the results captured in Table 4.3 reflect that it

was the worst performing kernel amongst the three kernels tested in SVR. The test data

was separated from the training data. Therefore, it was likely that the RBF over-fitted to

the training data which resulted in inaccurate predictions of unseen data.

From Table 4.3 it is evident that the simplicity of the linear kernel would not allow the

model to accurately predict the volatile data presented.

The success of the polynomial kernel likely came from its ability to avoid over fitting

to the training data pattern. This allowed it to predict unseen data better than the RBF

kernel. The MAE stated in Table 4.3 and 4.1 for the polynomial kernel was converted

using Equation 4.2. This resulted in an actual MAE of 1.6. This implied that the average

absolute error is 1.6 units of Product 1.
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The SVR model performed better when more features were inputted into the model. The

optimum feature list was determined through trial and error and resulted in the following

final features:

• Rain

• Temperature

• Day of the week

• All sine and cosine curves described in Section 3.3.2

Comparing the MAE of the two benchmark models showed that the average absolute unit

difference between these two models is ±0.5. Meaning the ARIMA model will on average

have a unit error of 0.5 higher than the SVR model when predicting the estimated demand

for Product 1.

4.3 Neural network results and analysis

4.3.1 Parameter tuning results

The following comparison of results across tuning parameters looked at both test and vali-

dation results separately. Separating the test and validation results was necessary to ensure

that the model was not over or under fitted. In Section 3.5 the different neural networks

under single step and multi step models were listed. For the purpose of comparison and

tuning; the baseline, first and linear models served as a benchmark for the neural network

results. For this reason they were not examined as closely as the complex networks.

The graphical results displayed in this section are captured as numerical values in Ap-

pendix E. These values were used for detailed analysis during the process of parameter

tuning.
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4.3.1.1 Features

In Section 3.3.2 the complete feature list was filtered down to include: day of the week,

daily temperature, rain and sinusoidal curves spanning the year. This was done to exclude

any features that were contributing more noise to the data set (such as the other sinusoidal

curves and weather patterns). To further test whether the filtered list of features improved

the results, the model was run solely with the sinusoidal curves in Figure 3.7b.

The results below in Figure 4.3 to 4.5 showed that across all metrics, there was a visible

improvement in prediction accuracy when day of the week and daily temperature were

excluded. For Product 1 this was understandable, as weather might not effect the demand

for the product as much as it would for temperature dependant food (such as juices or

salads in summer and hot drinks in winter).

Figure 4.3 to 4.5 also illustrated that the multi step model had better prediction accu-

racy, which was expected given its ability to handle more complex analysis and training

compared to a single step model.

69



(a) Single step models with all features in-
cluded

(b) Multi step models with all features in-
cluded

(c) Single step models with only sine and
cosine curve features included

(d) Multi step models with only sine and co-
sine curve features included

Figure 4.3: Comparison of MAE across models that include all features, and those that
include only sine and cosine curves of year periodicity 1

1For all subsequent graphs within parameter tuning the y-axis references the following models:

• Baseline: Baseline network

• Last: Baseline model - repeats the last window step

• Repeat: Baseline model - repeats the last input window

• Linear: Linear neural network

• Dense: Dense layers neural network

• Conv: CNN

• LSTM: RNN (LSTM)

• AR LSTM: Auto-regressive RNN (LSTM)
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(a) Single step models with all features in-
cluded

(b) Multi step models with all features in-
cluded

(c) Single step models with only sine and
cosine curve features included

(d) Multi step models with only sine and co-
sine curve features included

Figure 4.4: Comparison of MSE across models that include all features, and those that
include only sine and cosine curves of year periodicity

71



(a) Single step models with all features in-
cluded

(b) Multi step models with all features in-
cluded

(c) Single step models with only sine and
cosine curve features included

(d) Multi step models with only sine and co-
sine curve features included

Figure 4.5: Comparison of RMSE across models that include all features, and those that
include only sine and cosine curves of year periodicity

4.3.1.2 Batch size

In Figure 4.3c, 4.3d, 4.4c, 4.4d, 4.5c and 4.5d the results shown used a batch size of

32. Figure 4.6 to Figure 4.8 below show the model with a batch size of 64. There was

minimal improvement in the forecasting accuracy with a larger batch size and in some

cases it negatively impacted the forecasting accuracy.

A batch size of 32 yielded marginally better results. This was confirmed by experimental

testing carried out on time series predictions in the Indian stock market [49] that showed

that a batch size of 32 yielded the best results. A possible reason that a batch size of 64 did

not perform as well as a batch size of 32, could be due to larger the amount of samples

shown to the network when the batch size was set to 64. These samples were used to
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update the networks weights, therefore overloading the network with samples may have

led to inaccurate forecasting.

(a) Single step models with a batch size of
64

(b) Multi step models with a batch size of 64

Figure 4.6: MAE across models with a batch size of 64

(a) Single step models with a batch size of
64

(b) Multi step models with a batch size of 64

Figure 4.7: MSE across models with a batch size of 64
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(a) Single step models with a batch size of
64

(b) Multi step models with a batch size of 64

Figure 4.8: RMSE across models with a batch size of 64

4.3.1.3 Epochs

In Figure 4.3c, 4.3d, 4.4c, 4.4d, 4.5c and 4.5d 50 epochs were used. Figure 4.9 to 4.11

below shows the model results for 20 and 100 epochs respectively. From the figures it

was evident that the optimum number of epochs was between the range of 50 to 100.

This was confirmed by testing the model with 150 epochs, which resulted in a decrease in

performance.
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(a) Single step models with epochs set to 20
(b) Multi step models with epochs set to 20

(c) Single step models with epochs set to
100

(d) Multi step models with epochs set to 100

Figure 4.9: Effect of number of epochs on MAE across models
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(a) Single step models with epochs set to 20 (b) Multi step models with epochs set to 20

(c) Single step models with epochs set to
100

(d) Multi step models with epochs set to 100

Figure 4.10: Effect of number of epochs on MSE across models
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(a) Single step models with epochs set to 20
(b) Multi step models with epochs set to 20

(c) Single step models with epochs set to
100

(d) Multi step models with epochs set to 100

Figure 4.11: Effect of number of epochs on RMSE across models

TensorFlow in [34] recommended a patience setting of ten. Therefore in all figures up

till this point this was the patience setting used. To further test the epoch settings the

patience was reduced to five. The results are seen in Figure 4.12 to 4.14 below. In general

a patience of ten yielded better results. A lower patience can improve the oscillation in

graphs through an early stop of the learning stage, but this can also hinder the learning

ability of the model, hence in some cases a larger patience is ideal [34]. In the case of the

coffee franchise data set, a larger patience did result in a better performing model. The

model was also run with a patience larger than ten to confirm this and the results were

conclusive. In order to ensure the model ran optimally the patience was capped at ten to

avoid a slow training, evaluating and testing process.
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(a) Single step models with epochs = 50 and
patience = 5

(b) Multi step models with epochs = 50 and
patience = 5

(c) Single step models with epochs = 100
and patience = 5

(d) Multi step models with epochs = 100 and
patience = 5

Figure 4.12: MAE across models with epoch = 100 and 50 and patience = 5
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(a) Single step models with epochs = 50 and
patience = 5

(b) Multi step models with epochs = 50 and
patience = 5

(c) Single step models with epochs = 100
and patience = 5

(d) Multi step models with epochs = 100 and
patience = 5

Figure 4.13: MSE across models with epoch = 100 and 50 and patience = 5
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(a) Single step models with epochs = 50 and
patience = 5

(b) Multi step models with epochs= 50 and
patience = 5

(c) Single step models with epochs = 100
and patience = 5

(d) Multi step models with epochs = 100 and
patience = 5

Figure 4.14: RMSE across models with epoch = 100 and 50 and patience = 5

The figures above illustrated that the optimum number of epochs was between 50 and 100.

Therefore the number of epochs was set to 75 with a patience of ten going forward.

4.3.1.4 Optimiser

Figure 4.15 to 4.17 show the performance results for the models tested with an Adam,

RMSprop and SGD optimiser, as described in Section 2.6.3. The role of the optimiser

is to minimise the loss between actual versus predicted values through the alteration of

model weights and learning rates.

It was clear from the results that the figures presented, that the SGD optimiser was the

worst performing optimiser. The Adam and RMSprop optimisers were equally successful

as they exhibited similar results. The detailed analysis on the results from both these
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tests showed that the RMSprop optimiser had an advantage over the Adam optimiser.

Therefore the RMSprop was the selected optimiser utilised in the neural network models

going forward.

(a) Single step models with an Adam opti-
miser

(b) Multi step models with an Adam opti-
miser

(c) Single step models with an RMSprop op-
timiser

(d) Multi step models with an RMSprop op-
timiser

(e) Single step models with an SGD opti-
miser

(f) Multi step models with an SGD opti-
miser

Figure 4.15: Effects of optimiser on MAE across models
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(a) Single step models with an Adam opti-
miser

(b) Multi step models with an Adam opti-
miser

(c) Single step models with an RMSprop op-
timiser

(d) Multi step models with an RMSprop op-
timiser

(e) Single step models with an SGD opti-
miser

(f) Multi step models with an SGD opti-
miser

Figure 4.16: Effects of optimiser on MSE across models
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(a) Single step models with an Adam opti-
miser

(b) Multi step models with an Adam opti-
miser

(c) Single step models with an RMSprop op-
timiser

(d) Multi step models with an RMSprop op-
timiser

(e) Single step models with an SGD opti-
miser

(f) Multi step models with an SGD opti-
miser

Figure 4.17: Effects of optimiser on RMSE across models

4.3.1.5 Window size

The initial input width window size, along with the values used to test the effects of an

increased and decreased window size are captured in Table 4.4 below. The models marked

with a dash did not have a configuration that allowed the window size to be altered.
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Model: Initial input width: Input width increased to: Input width decreased to:

Single step models:

Baseline N/A - -

Linear 1 - -

Dense 1 - -

Multi step dense 10 15 5

CNN 10 15 5

RNN (LSTM) 1 - -

Multi step models:

Baseline N/A - -

Linear 1 - -

Dense 1 - -

CNN 3 6 2

RNN (LSTM) 10 15 5

AR LSTM 10 15 5

Table 4.4: Current and adjusted window size inputs for parameter tuning

The results from the initial input width window size are reflected in Figures 4.15 to 4.17

c.and d. (RMSprop optimiser). These results were compared to the results of the altered

window sizes, shown in Figures 4.18 to 4.20.

From analysis of the figures below, an increased window size showed improvement in the

MAE and MSE values, but a decrease in performance according to RMSE values. The

overall performance of the models using an increased window size, proved to be similar

to the models’ performance using the initial window size settings. The detailed analysis

across all performance measures showed that the initial window input width performed

marginally better. These initial settings were also recommended values by TensorFlow

[40]. Therefore, these settings were kept the same.
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(a) Single step models with an increased
window

(b) Multi step models with an increased
window

(c) Single step models with a decreased win-
dow

(d) Multi step models with a decreased win-
dow

Figure 4.18: Effects of window size on MAE across models

85



(a) Single step models with an increased
window

(b) Multi step models with an increased
window

(c) Single step models with a decreased win-
dow

(d) Multi step models with a decreased win-
dow

Figure 4.19: Effects of window size on MSE across models
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(a) Single step models with an increased
window

(b) Multi step models with an increased
window

(c) Single step models with a decreased win-
dow

(d) Multi step models with a decreased win-
dow

Figure 4.20: Effects of window size on RMSE across models

4.3.1.6 Activation functions

Figures 4.15 - 4.17 c. and d. showed the results for the ReLU activation function which

was also used till this point. Figure 4.21 to 4.23 below shows the results for the sigmoid

and tanh activation functions.

From the results it was evident that the sigmoid activation function was the weakest per-

former. The results of the tanh and ReLU activation functions exhibited a similar perfor-

mance. Theoretically ReLU is an activation function designed to handle more complex

networks. Therefore, it was kept as the activation function going forward.
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(a) Single step models with a tanh activation
function

(b) Multi step models with a tanh activation
function

(c) Single step models with a sigmoid acti-
vation function

(d) Multi step models with a sigmoid activa-
tion function

Figure 4.21: Effects of activation functions (tanh and sigmoid) on MAE across models
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(a) Single step models with a tanh activation
function

(b) Multi step models with a tanh activation
function

(c) Single step models with a sigmoid acti-
vation function

(d) Multi step models with a sigmoid activa-
tion function

Figure 4.22: Effects of activation functions (tanh and sigmoid) on MSE across models
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(a) Single step models with a tanh activation
function

(b) Multi step models with a tanh activation
function

(c) Single step models with a sigmoid acti-
vation function

(d) Multi step models with a sigmoid activa-
tion function

Figure 4.23: Effects of activation functions (tanh and sigmoid) on RMSE across models

4.3.1.7 Data split

As stated in Section 3.5.2 the training data set constituted 60% of the total data set. The

remaining data was split evenly between evaluation and testing (20% each). Learning

curves (plots of the loss per iteration during training and evaluation) of the single step

models which are shown in the forthcoming sections (e.g. Figure 4.28) displayed patterns

that indicated the evaluation data set was too small in comparison to the training data

set [52]. The learning curves did not show 75 epochs due to the machine learning error

handling that stopped the model from learning when it picked up repetitive patterns in

the results. While this did not largely affect the results of the model, it was ideal to have

a smooth learning curve, therefore the data split was adjusted to 60%, 30% and 10%

respectively.
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4.3.2 Baseline results and analysis

The results presented in subsequent subsections are based on the testing portion of the

input data set. These results have different output lengths as seen on the x-axis of Fig-

ures 4.24, 4.26 etc. This is due to differences in the models’ set-up which varies in terms

of window size and output length. The models’ results display three graphs which rep-

resent iterations of testing on the testing data set in order to ensure the stability of the

results.

4.3.2.1 Single step model

A linear transformation was the simplest model that could be created for the data set.

While the data shown in Figure 4.24 had promising results for predicted versus actual

numbers, the model was relying solely on one input to predict the next output. Figure 4.25

showed the learning curve for the training, at each iteration the loss decreased smoothly

as expected given the simplicity of the model.

Figure 4.24: Single step model linear results
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Figure 4.25: Single step linear learning curve

4.3.2.2 Multi step model

The results in Figure 4.26 were not as good as the single step linear model results. The

simplicity of the model did not allow for the behaviour to be captured correctly, resulting

in a stagnant output. Figure 4.27 showed the learning curve of the model, which exhibited

a similar pattern to that of the single step model.

Figure 4.26: Multi step model linear results
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Figure 4.27: Multi step linear learning curve

The graphical results of the linear models’ indicated that it might be a successful predic-

tion method. But it was not the best neural network for the data set purely because of its

simplicity. The average prediction it made ran very close to the mean average line. This

resulted in a MAE for the multi step linear model to be one of the lowest values across

models. But upon observation, these would not fluctuate enough with the volatility of any

of the input features in a future scenario.

The single step linear model had an MAE of 0.097 and the multi step linear model had

an MAE of 0.040, shown in Table 4.1. When these values were converted using Equation

4.2 the results were 2.2 and 0.92 respectively. This indicated an average absolute error of

±2 and ±1 units respectively.

4.3.3 Dense layers results and analysis

4.3.3.1 Single step model

Figure 4.28 below showed the learning curve of a single step dense model. The learning

curve indicated that the validation data was not sufficient for this model [52]. This was

most likely because the dense layer used one input to determine an output, making train-

ing and predicting fairly inaccurate. In Figure 4.29 and 4.30, the input signal and learning

curve for a single step multi input step dense model is shown. This model utilised more
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than one input to predict an outcome and thus exhibited better results and learning pat-

terns.

Figure 4.28: Single step dense layer learning curve

Figure 4.29: Single step multi input step dense layer input signal
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Figure 4.30: Single step multi input step dense layer learning curve

4.3.3.2 Multi step model

Similar to the linear model, the dense layer multi step model in Figure 4.31 was based on

a single input time step. This was not ideal for the coffee franchise data set even though

it proved to be more powerful than the linear model. Figure 4.32 exhibited a “good fit”

learning curve as defined by Brownlee in his article on model diagnosis using learning

curves [52].

Figure 4.31: Multi step model dense layer results
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Figure 4.32: Multi step dense learning curve

The MAE values for the single step (multi input step) and the multi step dense layer

model were converted from their normalised values shown in Table 4.1 to the MAE value

corresponding to the original input data (using Equation 4.2). These values were 1.9 and

1.2 respectively. Despite the functionality of the multi input single step dense layer model,

the pure multi step model still outperformed in terms of statistical results. This indicated

that the model’s algorithm was more reliant on a multi step output to utilise the extent of

its predictive capabilities, rather than a multi step input configuration.

4.3.4 CNN results and analysis

4.3.4.1 Single step model

The single step CNN in Figure 4.33 was able to take in multiple time steps of data into

the model. It is possible for a single step model to have the ability to take in multiple time

steps of data, as the nomenclature of a single step model refers to its output ability not its

data input intake.

The CNN model was superior in performance to the multi input step dense model. This

was due to the CNN model’s ability to run on an input of any length, as the layer was

applied to a sliding window of inputs [40].

The learning curve in Figure 4.34 showed minor patterns suggestive of inadequate eval-
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uation data [52]. This indicated that the model could improve given a larger data set that

could apportion a greater amount of data to evaluation.

Figure 4.33: Single step CNN results

Figure 4.34: Single step CNN learning curve

4.3.4.2 Multi step model

The CNN model in Figure 4.35 was able to understand changes over time given its ability

to input multiple time steps and use it predict multiple outputs at once. The model results

indicated that it was superior to the dense multi step model. Figure 4.36 showed a “good

fit” learning curve as described above [41].
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Figure 4.35: Multi step CNN results

Figure 4.36: Multi step CNN learning curve

From Table 4.1 the MAE values revealed that apart from the linear model, the multi

step CNN model had the best (lowest) error. This value was 0.050. When converted

it represented just over one (1.2) of a Product 1 item as an average absolute error in

predictions. The single step CNN shared an unsuccessful result similar to the ARIMA

model.
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4.3.5 RNN (LSTM) results and analysis

4.3.5.1 Single step model

Research indicated that RNNs, specifically LSTM have proven to be well suited for time

series forecasting as the network was able to maintain an internal state from time step to

time step [40]. The results of the single step LSTM model shown in Figure 4.37 along

with the statistical results displayed in Table 4.1 indicated that the model did not perform

as well as expected. This may be due to the simplistic single step model that does not

allow the LSTM layer to properly display its abilities.

The learning curve for this model shown in Figure 4.38 however, followed the textbook

definition of a good learning curve.

Figure 4.37: Single step LSTM results
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Figure 4.38: Single step LSTM learning curve

4.3.5.2 Multi step model

Single shot model

Figure 4.39 showed the results for a multi step model using the single shot methodology,

i.e. all the predictions were made at once. The model results were an improvement from

the single step model above, as observed through the learning curve in Figure 4.40.

Figure 4.39: Multi step LSTM results
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Figure 4.40: Multi step LSTM learning curve

Auto regressive model

Figure 4.41 and 4.42 below showed the results and the learning curve for the auto-

regressive model respectively. The performance of this model compared to the single shot

model above was very similar. Both have performed better than the single step version of

the LSTM model.

Figure 4.41: Multi step AR LSTM results
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Figure 4.42: Multi step AR LSTM learning curve

The single step RNN (LSTM) model had an MAE similar to the single step linear model in

Table 4.1. The MAE values for both the multi step models within RNN ranged from 0.054

to 0.060. Using the conversion from Equation 4.2 this resulted in an average absolute error

in predictions of 1.2 to 1.4 units of Product 1. This indicated that the LSTM model had

an average absolute error of ±1.3 units when predicting the demand of Product 1.

4.4 Further analysis on the top performing models

4.4.1 MAPE evaluation on the top performing models

The three best performing models were the multi step CNN, RNN (LSTM) and dense

neural networks. To evaluate MAPE, these models were transformed back into their orig-

inal form through an inverse scaling process built into the original normalisation func-

tion.

The MAPE values are calculated according to Equation 2.20. This equation indicated that

each individual error is divided by the actual demand on a specific day, this summation is

then averaged to result in an average absolute percentage error.

The multi step CNN model (Figure 4.43 below) resulted in a MAPE value of 29%, the

RNN (LSTM) model (Figure 4.44) resulted in a MAPE value of 20% and the dense model

102



(Figure 4.45) resulted in a MAPE value of 28%. Through both graphical inspection and

the statistical MAPE value, the RNN (LSTM) exhibited the best model behaviour.

Figure 4.43: multi step CNN after inverse scaling - across 10 days of test data

Figure 4.44: multi step RNN (LSTM) after inverse scaling - across 10 days of test data

Figure 4.45: multi step dense layers after inverse scaling - across 10 days of test data
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4.4.2 Product 2 results and analysis

Product 2 was tested on the top three models developed for Product 1. This was done to

evaluate the reliability of the model on different product data.

Product 2 was tested with weather data to determine whether it improved results. Similar

to the Product 1 data set, the addition of weather patterns did not assist in the models’

ability to predict. Table 4.5 below shows the statistical measurements of the results from

the models tested. These statistical measurements could not be compared to the Product

1 measurements as the input data was different.

Model: MAE MSE RMSE

Multi step: Dense layers 0.048 0.0058 0.063

Multi step: CNN 0.041 0.0045 0.072

Multi step: RNN (LSTM) 0.049 0.0060 0.069

Table 4.5: Comparative statistical results for the tested methods using Product 2 data

An exercise similar to the one performed for Product 1 to convert the MAE to a value that

could be interpreted was conducted. Table 4.6 below shows the summary of key metrics

between the original and normalised data sets for Product 2.

Data type: Count Mean Minimum value Maximum value

Product 2 864 33 4 73

Product 2 normalised 864 0.42 0.0 1.0

Table 4.6: Key differences in Product 2 data after normalisation

Using the data in Table 4.6 this conversion resulted in following equation:

Product 2 : x = (xnormalised × 69)+4 (4.3)
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which indicated the method used to transform the mean, minimum value and maximum

values back into its original form in Table 4.6.

The conversion stated in Equation 4.3 is substituted into the equation used to calculate

MAE (Equation 2.18) similar to Product 1. The formula to convert the MAEnormalised to

the actual MAE value based on the original data is shown below:

Product 2 : MAE = 69×MAEnormalised (4.4)

Using the equation above the converted MAE values for multi step dense layers, CNN

and RNN (LSTM) are 7.3, 6.8 and 7.4 for Product 2 respectively.

In order to compare these values to Product 1, the MAE percentage was calculated. This

percentage is different to MAPE as it is the MAE value divided by the mean/average

demand [51]:

MAE% =
MAE

Mean demand
×100 (4.5)

Where the mean demand for Product 2 is captured in Table 4.6. This equation indicated

that from an average of 33 items of Product 2 sold per day the predictions would roughly

have an average absolute error of seven items. As an MAE percentage this equates to

±21%.

The MAE value for Product 1 converted to its original value was 1.2 for the three top

models. Using Equation 4.5 to calculate the MAE percentage using the mean value for

Product 1 captured in Table 4.2 resulted in an average percentage of ± 11%. Compara-

tively the MAE percentage for Product 1 proved to be better than that for Product 2 by a

10% difference.

Figure 4.46 to 4.48 show the graphical outputs for the models when predicting over a time

window for Product 2.
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Figure 4.46: multi step CNN with Product 2

Figure 4.47: multi step RNN with Product 2
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Figure 4.48: multi step dense layers with Product 2
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Chapter 5

Discussion

5.1 Discussion on the models developed for Product 1

5.1.1 Overview

Model: Converted MAE

ARIMA 2.1

SVR 1.6

Single step: linear 2.2

Single step: Dense layers 1.9

Single step: CNN 2.1

Single step: RNN (LSTM) 2.2

Multi step: Linear 0.92

Multi step: Dense layers 1.2

Multi step: CNN 1.2

Multi step: RNN (LSTM) 1.2

Multi step: AR RNN (LSTM) 1.4

Table 5.1: Converted MAE for Product 1 models analysed in Chapter 4
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Table 5.1 summarises the converted MAE values calculated in Chapter 4. These values,

the RMSE and MSE values in Table 4.1 and the theoretical background behind the models

evaluated, was discussed in this section to further understand the results obtained.

The results obtained from the models tested with Product 2 data were also discussed

in relation to the indicative reliability of the models. Further to this the potential busi-

ness processes that could be altered in order to improve inventory management were dis-

cussed.

5.1.2 Discussion based on the model architecture

From the models developed for Product 1 there was a clear performance gap between

the machine learning methods and the traditional statistical technique of ARIMA. There-

fore, it could be deduced that for this type of data ARIMA has been superseded by the

methodologies found in machine learning.

The (p,d,q) ARIMA model discussed in Section 2.4 accounted for a demand pattern

that fell within the boundaries of a level of auto-regression, integration (differencing) and

moving average residual errors. These were represented by the respective p, d and q

values that formed inputs into the model. It was clear that extreme “noise” or volatility in

the data could not be captured by this model and the three components on which it was

based on.

In addition, the input data used for the ARIMA model was solely past time series data.

This was unlike the neural networks where input feature data that assisted the model

in understanding the demand behaviours was incorporated. For this reason the ARIMA

methodology may not be rigorous enough to predict the future demand of volatile sales

data.

The SVR model performed better than the single step neural networks and closely fol-

lowed the performance of the multi step neural networks. Although it is widely known

that neural networks have proven to be superior in forecasting compared to other machine

109



learning algorithms [53], SVR offered a model configuration that could be mathemati-

cally tracked throughout the process. A difficulty with the building of neural networks

was the inability to track the calculation process from neuron to neuron within layers.

This is because the neural network became too complex in its computation.

The single output step configuration of the neural network proved to be too simplistic for

the data set utilised. For the neural network to compute complex data, a large enough

input size needed to be computed for a set output. This was proven by the results in Table

5.1 that clearly indicated the superior performance of the multi output step neural network

models.

It is also important to reiterate that even though the converted MAE performance of the

multi step linear model seen in Table 5.1 indicated it had the lowest MAE value, the

graphical outputs shown in Chapter 4 highlighted that the model was predicting values

close to the average value. Therefore this outputted a lucrative MAE score that did not

reflect the same success in its graphical plot. This was expected given the linear model

was created as a baseline model due to the simplicity of the architecture.

The success of both the CNN and RNN (LSTM) models was due to the complexity of the

architecture that allowed the models to handle volatile data well. Both methods have a

different way of handling their input data; CNN through the use of smoothing layers and

RNN (LSTM) through the use of feedback loops and Long Short Term Memory. Both

these methods proved to be successful in their ability to predict demand for Product 1. The

Auto-regressive RNN (LSTM) model was not as successful as the single shot methodol-

ogy within the multi output step configuration. This indicated that the data patterns were

more accurately predicted at once rather than through the use of auto-regression.

The MSE and RMSE values for the multi step RNN (LSTM) model were lower than that

of the multi step CNN model. Opposite to this was the results of MAE, where the CNN

model had the lowest value between the two models. This was an indication that the

prediction patterns differed slightly between the models. This was discussed further in
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the next section.

5.1.3 Discussion on statistical measures

The conclusions drawn for the top performing models based on Product 1 were different

based on the evaluation of MAE, MSE and RMSE versus the evaluation of MAPE. It was

not surprising that the best performing model determined by the MAE, MSE and RMSE

metrics did not output the best MAPE. This was because of the specific nuances in each of

the statistical calculations. The MAPE measure calculated the average of the individual

percentage errors across the predicted range [51]. This meant that a high error when

demand was low would significantly impact the MAPE value [51]. Compared to MAE

where the absolute difference between actual and predicted was first calculated before

averaging the values.

The RMSE and MSE were calculated for all the models tested. The square root of the

MSE seen in Equation 2.19 is heavily impacted by a large error. In this way the RMSE was

useful in understanding large outlying errors in predictive models. These errors may have

gone undetected in other statistical calculations as the errors are averaged and weighted

equally (especially in the calculation of MAE). Values from Table 4.1 therefore indicated

that the multi step linear model had some of the larger errors across models. The opposite

was true for the multi step RNN (LSTM) model which had the lowest RMSE value. This

indicated that the model did not have any major outlying errors in its predictions.

The lowest MAPE value was calculated for the RNN (LSTM) model, this equated to a

value of 20%. According to a paper written on electricity demand predictions [14] this

value was deemed to be within an acceptable range for accurate forecasting. The paper

stated a MAPE between 10% and 20% could produce accurate forecasting. And a MAPE

of 10% or less would result in highly accurate forecasts.
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5.2 Discussion on the models developed for Product 2

Product 2 was tested on the top performing models developed, in order to determine

the reliability of the models using another perishable product data set. The tuning from

Product 1 was kept constant, therefore it was expected that Product 2 would not perform

as well as the tuning was tested on Product 1 results only.

Even though the results of Product 2 testing were not as good as Product 1, both the

repetition in Product 1 testing and Product 2 testing indicated that the models were reliable

in their performance results [54]. By definition if the results can be replicated several

times the models can be accepted as reliable. In addition, both products exhibited similar

MAE percentages that had a 10% difference between their respective values.

Both products did not show an improvement to prediction results when weather data was

incorporated. One can assume given these results that weather dependent food items such

as hot chocolate will do even better using all the periodicity curves and temperature. But

given that the wastage of these items was rare, predicting the demand for hot chocolate

for the coffee franchise would be unnecessary.

5.3 Discussion on the business operations

A research objective stated in Section 1.3 was to evaluate the coffee franchise holistically.

This formed part of the objectives, because building a machine learning tool stemmed

from the need to manage inventory effectively. Apart from comparing forecasting mod-

els that are able to estimate the demand numbers of a given perishable item depending

on the time of year, external patterns etc. a number of other business initiatives can be

implemented to better understand demand in the various branches. The following two

paragraphs outlined two broad areas for business improvement:

From discussions with the coffee franchise owner, it was evident that the process for

reporting low stock levels was manual. It depended on the employees willingness to
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report feedback to the central operations team. If this process is streamlined into a cen-

tral reporting requirement and set as a KPI for staff members, an accurate view of how

quickly or slowly perishable food items leave the shelves can be understood. Therefore

at a branch-by-branch level, the movement of products can be better understood and pre-

pared for.

The location of the coffee shops in the central business areas around Johannesburg makes

it possible to ring fence a loyal customer base. By doing this an investigation into what

the typical coffee franchise customer expects or frequents the coffee franchise for, using

ethnographic research can be carried out. A better understanding of customer needs will

ultimately allow the company to improve their product offering.

These initiatives along with a machine learning tool that harnesses AI can create optimised

and efficient business processes. The machine learning model has the ability to be scaled

to forecast the perishable stock of the coffee franchise using the methodology outlined in

this paper. Scaling the predictive models will result in an inventory management tool for

the coffee franchise across branches.

113



Chapter 6

Conclusion and Recommendations

6.1 Conclusion

This research investigation set out to build an inventory management tool using machine

learning for an SME. The SME/coffee franchise provided their POS data from which

several predictive tools were built. These tools used traditional statistical techniques and

varied forms of machine learning, to test whether a prediction tool could accurately pre-

dict the volatile demand patterns that occur in the coffee franchise’s data set. It was found

that the best performing model at its optimised state for the current data set had a 20%

MAPE. This implied that at an average number of 11 Product 1 units sold per day the

model could potentially have an average error of 20% on predictions. Further analysis

would be required to understand the opportunity cost of over stocking versus under stock-

ing, a feat described by the Newsvendor Problem in Chapter 2. The franchise would need

to evaluate the marginal profit from additional units versus the wastage or loss that would

occur when perishable items are not purchased within the required time period for the

product.

The neural networks in machine learning proved to outperform both traditional and other

types of machine learning methods (ARIMA and SVR). This indicated that the method-

ology in neural networking has potential to be very successful within the field of demand
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forecasting in the future.

The results in Chapter 4 show that the ARIMA model, which did not utilise input features,

did not perform as well as the machine learning methodologies. It could therefore be

concluded from this investigation that machine learning performs better on data sets with

high volatility than traditional techniques in demand forecasting.

The hypothesis that there would be a strong correlation between weather patterns and the

demand proved to be incorrect for the two products tested. This can be expected given

the products are not typically associated with certain types of weather as closely as an

ice tea or hot chocolate are. However, as the investigation aimed to improve inventory

management to reduce waste and meet demand, building neural networks that predicted

long life items would not assist the business in terms of profitability, as these items and

their ingredients have a longer shelf life.

While testing the hypothesis that weather and product demand demonstrated a correla-

tion, was not successful. Periodicity through the use of sine and cosine curves improved

the predictions of all the machine learning models. The periodicity enabled the mod-

els to build patterns around seasonal or cyclical trends, which proved to have more of a

correlation to demand than weather for the perishable products tested.

Over and above the development of a machine learning method for demand predictions,

the coffee shop was also evaluated holistically to determine whether the implementation

of small initiatives could have a significant impact on the understanding and management

of demand. Currently, based on the size of the franchise, initiatives around staff training

and customer surveys could change the way the business manages their inventory. The

way in which inventory is currently distributed could be revised to potentially offer a more

frequent restock to avoid the need for future planning and inevitable wastage.
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6.2 Recommendations and future work

The machine learning tool built as part of this investigation will need to be developed for

all perishable products at all branches for the coffee franchise. The tool would need to

have an easily accessible front end user interface, that at a weekly interval could be run

given the POS data of the previous weeks. This output would be indicative to assist the

central kitchen in their meal preparations.

Metrics such as cost of sale and profit margins should be factored into the model such that

the lesser of the two evils can be determined and modelled with accordingly.

The input data for the model was approximately 860 data points as the data set spanned

two and half years (on weekends the coffee franchise was not open). With more data the

model’s accuracy and ability to learn will improve. This was observed in the TensorFlow

time series example which utilised 7 years of weather data [40]. Most neural networks

take in tens of thousands of line items of input data. Therefore it can be extrapolated that

the 20% predictive error on the current model will improve as more data is fed into the

model. This hypothesis can only be confirmed when more data is accumulated from the

franchise.

Another element to consider given recent events is the inclusion of a national disaster as

a feature column. In this way the model is able to correlate a national disaster to a drop

in demand and quickly change demand predictions when there is no national disaster

present. This would be a long term consideration if the model is trained with 2016 to

2021 data.

Similar to the concept of a feature column for a national disaster, a column could also be

created for other public events. Events such as public holidays, school holidays, election

periods and ceremonial occasions. These events could have an effect on the typical cus-

tomer that frequents the franchise which may display differences in demand over those

specific periods.
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In conclusion, this paper has demonstrated that machine learning, specifically neural net-

works, has the ability to predict volatile demand patterns better than any statistical tech-

nique that has been available in the past. The accuracy of demand predictions will con-

tinue to improve as the understanding and building of neural networks continues to grow.

Implementing a similar small scale solution can assist small businesses in operational effi-

ciency and profitability without the high investment cost of software tools that are geared

towards larger corporations.
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Appendix A

Coffee franchise SQL output

summary

Table A.1 summarises the SQL database data structure from the coffee franchise. Data

was split amongst numerous tables, in order to link tables together the colour coded vari-

ables were used as linkages between tables.
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Appendix B

Python code: ARIMA

The following code was developed using the methodologies outlined in [20] and [55].

1 # -*- coding: utf -8 -*-

2 """ print ARIMA.ipynb

3

4 Automatically generated by Colaboratory.

5

6 Original file is located at

7 https :// colab.research.google.com/drive /1 WB8xTvIV8C7zK -

eWPhGx2uSZm5Rbidj6

8

9 # data preprocessing

10 """

11

12 import tensorflow as tf

13 import pandas as pd

14 import datetime

15 import os

16 import IPython

17 import IPython.display

18 import matplotlib as mpl

19 import matplotlib.pyplot as plt

20 import numpy as np
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21 import seaborn as sns

22

23 #graph config below

24 mpl.rcParams[’figure.figsize ’] = (8, 6)

25 mpl.rcParams[’axes.grid’] = False

26

27 !pip install pmdarima

28

29 from pmdarima import auto_arima

30 from statsmodels.tsa.stattools import adfuller

31 from sklearn.metrics import mean_squared_error

32 from math import sqrt

33 from pandas.plotting import autocorrelation_plot

34

35 from statsmodels.tsa.arima.model import ARIMA

36

37 from pandas import DataFrame

38

39 from google.colab import files

40 uploaded = files.upload ()

41

42 def parse(x):

43 return datetime.datetime.strptime(x, ’%Y/%m/%d’)

44 df = pd.read_csv(’strid_237_Jan_Dec_18_breakfast2503.csv’,sep=’,’,

parse_dates =["sumdate"], date_parser=parse)

45 df.head()

46

47 df.rename(columns ={’sumdate ’:’Date’},inplace=True)

48 df.rename(columns ={’Date ’:’Dateinmonth ’},inplace=True)

49 df.rename(columns ={’Month ’:’Month’},inplace=True)

50 df.rename(columns ={’Year ’:’Year’},inplace=True)

51 for col in df.columns:

52 print(col)

53

54 df = df.groupby(by=’Date’).agg({
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55 ’ibrnumsold ’: ’sum’ ,}).reset_index ()

56 df.head()

57

58 """ Trying to Normalise """

59

60 df.set_index(’Date’, inplace=True)

61 dfscaled = df

62 from sklearn.preprocessing import MinMaxScaler

63 scaler = MinMaxScaler(feature_range =(0, 1))

64 dfscaled= scaler.fit_transform(dfscaled)

65

66 dfscaled = pd.DataFrame ({

67 ’ibrnumsold ’: dfscaled [:,0],

68 })

69

70 dfscaled1 = dfscaled.melt(var_name=’Column ’, value_name=’Normalized

’)

71 plt.figure(figsize =(12, 6))

72 ax = sns.violinplot(x=’Column ’, y=’Normalized ’, data=dfscaled1)

73 _ = ax.set_xticklabels(df.keys(), rotation =90)

74

75 df = dfscaled

76

77 """ using method from: https :// medium.com/swlh/temperature -

forecasting -with -arima -model -in -python -427 b2d3bcb53 """

78

79 df[’ibrnumsold ’].plot(figsize =(12 ,5))

80

81 def adf_test(dataset):

82 dftest = adfuller(dataset , autolag = ’AIC’)

83 print("1. ADF : ",dftest [0])

84 print("2. P-Value : ", dftest [1])

85 print("3. Num Of Lags : ", dftest [2])

86 print("4. Num Of Observations Used For ADF Regression and

Critical Values Calculation :", dftest [3])
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87 print("5. Critical Values :")

88 for key , val in dftest [4]. items():

89 print("\t",key , ": ", val)

90

91 adf_test(df[’ibrnumsold ’])

92

93 import warnings

94 warnings.filterwarnings("ignore")

95

96 stepwise_fit = auto_arima(df[’ibrnumsold ’],

97 suppress_warnings=True ,

98 approximation=False ,

99 stepwise=False

100 )

101

102 stepwise_fit.summary ()

103

104 """ https :// machinelearningmastery.com/arima -for -time -series -

forecasting -with -python/

105

106 """

107

108 from statsmodels.graphics import tsaplots

109

110 df.head()

111

112 df = df.squeeze ()

113

114 autocorrelation_plot(df)

115 plt.show()

116

117 tsaplots.plot_pacf(df)

118 plt.show()

119

120 tsaplots.plot_acf(df)
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121 plt.show()

122

123 model = ARIMA(df, order =(4,1,1)) #114

124 #model_fit = model.fit(disp =0)

125 model_fit = model.fit()

126 print(model_fit.summary ())

127 # plot residual errors

128 residuals = DataFrame(model_fit.resid)

129 residuals.plot()

130 plt.show()

131 residuals.plot(kind=’kde’)

132 plt.show()

133 print(residuals.describe ())

134

135 X = df.values

136 size = int(len(X) * 0.66)

137 train , test = X[0: size], X[size:len(X)]

138 history = [x for x in train]

139 predictions = list()

140 for t in range(len(test)):

141 model = ARIMA(history , order =(4,1,1))#114

142 model_fit = model.fit()

143 output = model_fit.forecast ()

144 yhat = output [0]

145 predictions.append(yhat)

146 obs = test[t]

147 history.append(obs)

148 print(’predicted =%f, expected =%f’ % (yhat , obs))

149 error = mean_squared_error(test , predictions)

150 print(’Test MSE: %.3f’ % error)

151 # plot

152 plt.plot(test , label = ’Actual ’)

153 plt.plot(predictions , color=’red’, label = ’Predicted ’)

154 plt.show()

155
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156 from sklearn.metrics import mean_absolute_error

157 from sklearn.metrics import mean_squared_error

158

159 error = mean_absolute_error(test , predictions)

160 print(’Test MAE: %.3f’ % error)

161

162 error = mean_squared_error(test , predictions , squared=False)

163 print(’Test RMSE: %.3f’ % error)
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Appendix C

Python code: SVR

The following code was developed using the methodologies outlined in [56] and [48].

1 # -*- coding: utf -8 -*-

2 """ print SVR.ipynb

3

4 Automatically generated by Colaboratory.

5

6 Original file is located at

7 https :// colab.research.google.com/drive /1 aY3JGLnXtc7f_jqK -

bKrRxP25gyaEC6O

8

9 # data preprocessing

10 """

11

12 import tensorflow as tf

13 import pandas as pd

14 import datetime

15 import os

16 import IPython

17 import IPython.display

18 import matplotlib as mpl

19 import matplotlib.pyplot as plt

20 import numpy as np
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21 import seaborn as sns

22

23

24 #graph config below

25 mpl.rcParams[’figure.figsize ’] = (8, 6)

26 mpl.rcParams[’axes.grid’] = False

27

28 from google.colab import files

29 uploaded = files.upload ()

30

31 def parse(x):

32 return datetime.datetime.strptime(x, ’%Y/%m/%d’)

33 df = pd.read_csv(’strid_237_Jan_Dec_18_breakfast2503.csv’,sep=’,’,

parse_dates =["sumdate"], date_parser=parse)

34

35 df.rename(columns ={’sumdate ’:’Date’},inplace=True)

36 df.rename(columns ={’Date ’:’Dateinmonth ’},inplace=True)

37 df.rename(columns ={’Month ’:’Month’},inplace=True)

38 df.rename(columns ={’Year ’:’Year’},inplace=True)

39 for col in df.columns:

40 print(col)

41

42 df = df.groupby(by=’Date’).agg({

43 ’Dateinmonth ’: ’mean’,

44 ’Month’: ’mean’,

45 ’Day of the week’: ’mean’,

46 ’mean wind speed 10m above ground (m/

s)’:’mean’,

47 ’Avg day temp (deg C)’:’mean’,

48 ’Rain’:’mean’,

49 ’Cloud cover’:’mean’,

50 ’ibrnumsold ’: ’sum’ ,}).reset_index ()

51

52 df.drop([

53 ’mean wind speed 10m above ground (m/s)’,
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54 ’Cloud cover’

55 ], inplace=True , axis =1)

56

57 def getDayOfYear(dateTimeVect):

58 dayOfYearVect =[]

59 for datetime in dateTimeVect:

60 dayOfYear = 0

61 for i in range(1,datetime.month):

62 dayOfYear += daysInMonth[i]

63 dayOfYear += datetime.day

64 dayOfYearVect.append(int(dayOfYear))

65 return np.array(dayOfYearVect)

66

67 timestamp_s = df.Date

68 daysInMonth = [31, 29, 31, 30,31, 30, 31, 31, 30, 31, 30, 31]

69 print(getDayOfYear(df.Date))

70

71 month = 12

72 daysinyear = 366 #52.14*5 #52.14 weeks x 5 days a week

73 daysinmonth = 30.5

74

75

76 df[’Year sin’] = np.sin(getDayOfYear(df.Date).astype(int) * (2 * np

.pi / daysinyear))

77 df[’Year cos’] = np.cos(getDayOfYear(df.Date).astype(int) * (2 * np

.pi / daysinyear))

78

79 df[’Month sin’] = np.sin(df.Dateinmonth.astype(int) * (2 * np.pi /

daysinmonth))

80 df[’Month cos’] = np.cos(df.Dateinmonth.astype(int) * (2 * np.pi /

daysinmonth))

81

82 df[’MonthYear sin’] = np.sin(df.Month.astype(int) * (2 * np.pi /

month))
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83 df[’MonthYear cos’] = np.cos(df.Month.astype(int) * (2 * np.pi /

month))

84

85 df.drop([

86 ’Dateinmonth ’,

87 ’Month ’,

88 ], inplace=True , axis =1)

89

90 """ Trying to normalise """

91

92 df.set_index(’Date’, inplace=True)

93

94 dfscaled = df

95 from sklearn.preprocessing import MinMaxScaler

96 scaler = MinMaxScaler(feature_range =(0, 1))

97 dfscaled= scaler.fit_transform(dfscaled)

98

99 df

100

101 dfscaled = pd.DataFrame ({’Day of the week’: dfscaled [:,0],

102 ’Avg day temp (deg C)’: dfscaled [:,1],

103 ’Rain’: dfscaled [:,2],

104 ’ibrnumsold ’: dfscaled [:,3],

105 ’Year sin’: dfscaled [:,4],

106 ’Year cos’: dfscaled [:,5],

107 ’Month sin’: dfscaled [:,6],

108 ’Month cos’: dfscaled [:,7],

109 ’MonthYear sin’: dfscaled [:,8],

110 ’MonthYear cos’: dfscaled [:,9]

111 })

112

113 dfscaled

114

115 df = dfscaled

116
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117 df.head()

118

119 df.reset_index(drop=True , inplace=True)

120 df.head()

121

122 """#grid search """

123

124 df.shape

125

126 df= df.head (200)

127

128 from sklearn.model_selection import train_test_split

129

130 df[’index1 ’] = df.index

131

132 df.head()

133

134 df_days = df.loc[:,[’index1 ’,

135 ’Rain’,

136 ’Day of the week’,

137 ’Avg day temp (deg C)’,

138 ’Year sin’,’Year cos’,’Month sin’,’Month cos’,’

MonthYear sin’,’MonthYear cos’]]

139 df_ibrnumsold = df.loc[:,’ibrnumsold ’]

140

141 df_days

142

143 X= df_days

144 y= df_ibrnumsold.values.reshape(-1, 1)

145

146 X.shape

147

148 y.shape

149

150 y=y.ravel ()
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151

152 X_train , X_test , y_train , y_test = train_test_split(

153 X, y, shuffle=False)

154

155 import math

156 import pandas

157 from sklearn.preprocessing import MinMaxScaler

158 from sklearn.svm import SVR

159 from sklearn.model_selection import GridSearchCV , cross_validate

160 from sklearn.utils import shuffle

161

162 """for rbf"""

163

164 gsc = GridSearchCV(

165 estimator=SVR(kernel=’rbf’),

166 param_grid ={

167 ’C’: [1, 10 ,0.1 ,0.01] ,

168 ’gamma’: [1 ,10 ,100 ,150]

169 },

170 cv=5, scoring=’neg_mean_squared_error ’, verbose=0, n_jobs

=-1)

171

172 grid_result = gsc.fit(X, y)

173 best_params = grid_result.best_params_

174 best_svr = SVR(kernel=’rbf’, C=best_params["C"],

175 gamma=best_params["gamma"],

176 coef0 =0.1, shrinking=True ,

177 tol =0.001 , cache_size =200, verbose=False ,

max_iter =-1)

178 scoring = {

179 ’abs_error ’: ’neg_mean_absolute_error ’,

180 ’squared_error ’: ’neg_mean_squared_error ’}

181

182 scores = cross_validate(best_svr , X, y, cv=10, scoring=scoring ,

183 return_train_score=True)
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184 print("MAE :", abs(scores[’test_abs_error ’].mean()), "| RMSE :",

185 math.sqrt(abs(scores[’test_squared_error ’].mean())))

186

187 best_params

188

189 """for poly """

190

191 gsc = GridSearchCV(

192 estimator=SVR(kernel=’poly’),

193 param_grid ={

194 ’C’: [150 ,200 ,250 ,300] ,

195 ’degree ’:[4 ,5]

196 },

197 cv=5, scoring=’neg_mean_squared_error ’, verbose=True ,

n_jobs =-1)

198

199 grid_result = gsc.fit(X, y)

200 best_params = grid_result.best_params_

201 best_svr = SVR(kernel=’poly’, C=best_params["C"],

202 degree=best_params["degree"],

203 coef0 =0.1, shrinking=True ,

204 tol =0.001 , cache_size =200, verbose=True ,

max_iter =-1)

205 scoring = {

206 ’abs_error ’: ’neg_mean_absolute_error ’,

207 ’squared_error ’: ’neg_mean_squared_error ’}

208

209 scores = cross_validate(best_svr , X, y, cv=10, scoring=scoring ,

return_train_score=True)

210 print("MAE :", abs(scores[’test_abs_error ’].mean()), "| RMSE :",

math.sqrt(abs(scores[’test_squared_error ’].mean())))

211

212 best_params

213

214 """for linear """

139



215

216 gsc = GridSearchCV(

217 estimator=SVR(kernel=’linear ’),

218 param_grid ={

219 ’C’: [1,10],

220 ’gamma’: [10 ,1]

221 },

222 cv=5, scoring=’neg_mean_squared_error ’, verbose=2, n_jobs

=-1)

223

224 grid_result = gsc.fit(X, y)

225 best_params = grid_result.best_params_

226 best_svr = SVR(kernel=’linear ’,

227 C=best_params["C"],

228 gamma=best_params["gamma"],

229 coef0 =0.1, shrinking=True ,

230 tol =0.001 , cache_size =200, verbose=False ,

max_iter =-1)

231 scoring = {

232 ’abs_error ’: ’neg_mean_absolute_error ’,

233 ’squared_error ’: ’neg_mean_squared_error ’}

234

235 scores = cross_validate(best_svr , X, y, cv=10, scoring=scoring ,

return_train_score=True)

236 print("MAE :", abs(scores[’test_abs_error ’].mean()), "| RMSE :",

math.sqrt(abs(scores[’test_squared_error ’].mean())))

237

238 best_params

239

240 """#method 3

241

242 https ://www.youtube.com/watch?v=C64BIMx7Slw

243 """

244

245 import numpy as np
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246 from sklearn.svm import SVR

247 import matplotlib.pyplot as plt

248 plt.style.use(’fivethirtyeight ’)

249 import pandas as pd

250

251 df.shape

252

253 df[’index1 ’] = df.index

254

255 df

256

257 df = df.head (60)

258

259 #get and print the last bit of data

260 actual_ibrnumsold=df.tail (10)

261 actual_ibrnumsold

262

263 #prep data to train

264 df = df.head(len(df) -10)

265

266 #create list to store indep and dep data

267 days_list = list()

268 ibrnumsold_list = list()

269

270 #get the dates and ibrnumsold

271 df_days = df.loc[:,[’index1 ’,

272 ’Rain’,

273 ’Day of the week’,

274 ’Avg day temp (deg C)’,

275 ’Year sin’,’Year cos’,’Month sin’,’Month cos’,’

MonthYear sin’,’MonthYear cos’]]

276 df_ibrnumsold = df.loc[:,’ibrnumsold ’]

277

278 df_index = df.loc[:,’index1 ’]

279
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280 days_list = df_days.values

281

282 #create dep dataset

283 for ibrnumsold in df_ibrnumsold:

284 ibrnumsold_list.append(float(ibrnumsold))

285

286 #print the lists

287 print(days_list)

288 print(ibrnumsold_list)

289

290 #create SVM

291

292 #create and train a svr using linear kernel

293 lin_svr = SVR(kernel=’linear ’, C=10, gamma =10)

294 lin_svr.fit(days_list , ibrnumsold_list)

295

296 #create and train a svr using poly kernel

297 poly_svr = SVR(kernel=’poly’, C=250 , degree =3)

298 poly_svr.fit(days_list , ibrnumsold_list)

299

300 #create and train a svr using rbf kernel

301 rbf_svr = SVR(kernel=’rbf’, C=0.2, gamma =200)

302 rbf_svr.fit(days_list , ibrnumsold_list)

303

304 #plot

305 plt.figure(figsize =(16 ,8))

306 plt.scatter(df_index , ibrnumsold_list , color=’red’, label=’data’)

307 plt.plot(df_index , rbf_svr.predict(days_list), color=’green’, label

=’RBF model’)

308 plt.plot(df_index , poly_svr.predict(days_list), color=’orange ’,

label=’polynomial model ’)

309 plt.plot(df_index , lin_svr.predict(days_list), color=’blue’, label=

’linear model’)

310 plt.legend ()

311 plt.show
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312

313 actual_ibrnumsold

314

315 days_test = actual_ibrnumsold.loc[:,[’index1 ’,

316 ’Rain’,

317 ’Day of the week’,

318 ’Avg day temp (deg C)’,

319 ’Year sin’,’Year cos’,’Month sin’,’Month cos’,’

MonthYear sin’,’MonthYear cos’]]

320

321 days_test = days_test.values

322

323 from sklearn.metrics import mean_squared_error

324

325 from sklearn.metrics import mean_absolute_error

326

327 ibrnumsold_test = actual_ibrnumsold.loc[:,’ibrnumsold ’]

328

329 ibrnumsold_test = ibrnumsold_test.ravel ()

330 ibrnumsold_test = ibrnumsold_test.reshape (-1,1)

331

332 error = mean_absolute_error(ibrnumsold_test ,rbf_svr.predict(

days_test))

333 print(’Test MAE rbf: %.3f’ % error)

334

335 error = mean_absolute_error(ibrnumsold_test ,lin_svr.predict(

days_test))

336 print(’Test MAE lin: %.3f’ % error)

337

338 error = mean_absolute_error(ibrnumsold_test ,poly_svr.predict(

days_test))

339 print(’Test MAE poly: %.3f’ % error)

340

341 error = mean_squared_error(ibrnumsold_test ,rbf_svr.predict(

days_test))
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342 print(’Test MSE rbf: %.3f’ % error)

343

344 error = mean_squared_error(ibrnumsold_test ,lin_svr.predict(

days_test))

345 print(’Test MSE lin: %.3f’ % error)

346

347 error = mean_squared_error(ibrnumsold_test ,poly_svr.predict(

days_test))

348 print(’Test MSE poly: %.3f’ % error)

349

350 error = mean_squared_error(ibrnumsold_test ,rbf_svr.predict(

days_test),squared=False)

351 print(’Test RMSE rbf: %.3f’ % error)

352

353 error = mean_squared_error(ibrnumsold_test ,lin_svr.predict(

days_test),squared=False)

354 print(’Test RMSE lin: %.3f’ % error)

355

356 error = mean_squared_error(ibrnumsold_test ,poly_svr.predict(

days_test),squared=False)

357 print(’Test RMSE poly: %.3f’ % error)
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Appendix D

Python code: Neural networks

The following code was developed using the methodologies outlined in [40].

1 # -*- coding: utf -8 -*-

2 """to print data preprocessing.ipynb

3

4 Automatically generated by Colaboratory.

5

6 Original file is located at

7 https :// colab.research.google.com/drive /1

czJbh074s8qlvORC7mhggDxPUDENQoVd

8

9 # Data processing

10 """

11

12 import tensorflow as tf

13 import pandas as pd

14 import datetime

15 import os

16 import IPython

17 import IPython.display

18 import matplotlib as mpl

19 import matplotlib.pyplot as plt

20 import numpy as np
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21 import seaborn as sns

22

23 #graph config below

24 mpl.rcParams[’figure.figsize ’] = (12, 12)

25 mpl.rcParams[’axes.grid’] = False

26

27 from google.colab import files

28 uploaded = files.upload ()

29

30 def parse(x):

31 return datetime.datetime.strptime(x, ’%Y/%m/%d’)

32 df = pd.read_csv(’strid_237_Jan_Dec_18_breakfast2503.csv’,sep=’,’,

parse_dates =["sumdate"],

33 date_parser=parse ,

34 )

35 df.head()

36

37 df.rename(columns ={’sumdate ’:’Date’},inplace=True)

38 df.rename(columns ={’Date ’:’Dateinmonth ’},inplace=True)

39 df.rename(columns ={’Month ’:’Month’},inplace=True)

40 df.rename(columns ={’Year ’:’Year’},inplace=True)

41 for col in df.columns:

42 print(col)

43

44 df = df.groupby(by=’Date’).agg({

45 ’Dateinmonth ’: ’mean’,

46 ’Month’: ’mean’,

47 ’Day of the week’: ’mean’,

48 ’mean wind speed 10m above ground (m/

s)’:’mean’,

49 ’Avg day temp (deg C)’:’mean’,

50 ’Rain’:’mean’,

51 ’Cloud cover’:’mean’,

52 ’ibrnumsold ’: ’sum’ ,}).reset_index ()

53 df.head()
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54

55 df.drop([

56 ’mean wind speed 10m above ground (m/s)’,

57 ’Cloud cover’

58 ], inplace=True , axis =1)

59

60 df.head()

61

62 for col in df.columns:

63 print(col)

64

65 plot_cols = [

66 ’Dateinmonth ’,

67 ’Month ’,

68 ’Day of the week’,

69 ’Avg day temp (deg C)’,

70 ’ibrnumsold ’,

71 ’Rain’,

72 ]

73

74 plot_features = df[plot_cols]

75 plot_features.index = df.Date #note if you index date then you will

have to remove this

76 _ = plot_features.plot(subplots=True)

77

78 plot_features = df[plot_cols ][:100]

79 plot_features.index = df.Date [:100]

80 _ = plot_features.plot(subplots=True)

81

82 df.describe ().transpose ()

83

84 def getDayOfYear(dateTimeVect):

85 dayOfYearVect =[]

86 for datetime in dateTimeVect:

87 dayOfYear = 0
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88 for i in range(1,datetime.month):

89 dayOfYear += daysInMonth[i]

90 dayOfYear += datetime.day

91 dayOfYearVect.append(int(dayOfYear))

92 return np.array(dayOfYearVect)

93

94 timestamp_s = df.Date

95 daysInMonth = [31, 29, 31, 30,31, 30, 31, 31, 30, 31, 30, 31]

96 print(getDayOfYear(df.Date))

97

98 month = 12

99 daysinyear = 366 #52.14*5 #52.14 weeks x 5 days a week

100 daysinmonth = 30.5

101

102

103 df[’Year sin’] = np.sin(getDayOfYear(df.Date).astype(int) * (2 * np

.pi / daysinyear))

104 df[’Year cos’] = np.cos(getDayOfYear(df.Date).astype(int) * (2 * np

.pi / daysinyear))

105

106 df[’Month sin’] = np.sin(df.Dateinmonth.astype(int) * (2 * np.pi /

daysinmonth))

107 df[’Month cos’] = np.cos(df.Dateinmonth.astype(int) * (2 * np.pi /

daysinmonth))

108

109 df[’MonthYear sin’] = np.sin(df.Month.astype(int) * (2 * np.pi /

month))

110 df[’MonthYear cos’] = np.cos(df.Month.astype(int) * (2 * np.pi /

month))

111

112 plt.plot(np.array(df[’Month sin’]) [:31])

113 plt.legend(’sin’)

114 plt.plot(np.array(df[’Month cos’]) [:31])

115 plt.legend(’cos’)

116 plt.xlabel(’days’)

148



117 plt.title(’Time of year signal ’)

118 plt.show()

119

120 plt.plot(np.array(df[’Year sin’]) [:366])

121 plt.legend(’sin’)

122 plt.plot(np.array(df[’Year cos’]) [:366])

123 plt.legend(’cos’)

124 plt.xlabel(’days’)

125 plt.title(’Time of year signal ’)

126 plt.legend

127 plt.show()

128

129 plt.plot(np.array(df[’MonthYear sin’]) [:366])

130 plt.legend(’sin’)

131 plt.plot(np.array(df[’MonthYear cos’]) [:366])

132 plt.legend(’cos’)

133 plt.xlabel(’days’)

134 plt.title(’Time of year signal ’)

135 plt.legend

136 plt.show()

137

138 df.drop([

139 ’Dateinmonth ’,

140 ’Month ’,

141 ’Avg day temp (deg C)’,

142 ’Rain’,

143 ’Day of the week’,

144 ’MonthYear sin’,

145 ’MonthYear cos’,

146 ’Month sin’,

147 ’Month cos’,

148 ], inplace=True , axis =1)

149

150 df.head()

151
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152 """ Split the data """

153

154 df.set_index(’Date’, inplace=True)

155

156 dfscaled = df

157 from sklearn.preprocessing import MinMaxScaler

158 scaler = MinMaxScaler(feature_range =(0, 1))

159 dfscaled= scaler.fit_transform(dfscaled)

160

161 column_indices = {name: i for i, name in enumerate(df.columns)}

162

163 n = len(dfscaled)

164 train_df = dfscaled [0:int(n*0.60)]

165 val_df = dfscaled[int(n*0.60):int(n*0.90)]

166 test_df = dfscaled[int(n*0.90) :]

167

168 num_features = dfscaled.shape [1]

169

170 """ Normalize the data """

171

172 dfscaled = pd.DataFrame ({

173 ’ibrnumsold ’: dfscaled [:,0],

174 ’Year sin’: dfscaled [:,1],

175 ’Year cos’: dfscaled [:,2],

176 })

177

178 dfscaled.describe ().transpose ()

179

180 train_df = pd.DataFrame ({

181 ’ibrnumsold ’: train_df [:,0],

182 ’Year sin’: train_df [:,1],

183 ’Year cos’: train_df [:,2],

184 })

185 val_df = pd.DataFrame ({

186 ’ibrnumsold ’: val_df [:,0],
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187 ’Year sin’: val_df [:,1],

188 ’Year cos’: val_df [:,2],

189 })

190 test_df = pd.DataFrame ({

191 ’ibrnumsold ’: test_df [:,0],

192 ’Year sin’: test_df [:,1],

193 ’Year cos’: test_df [:,2],

194 })

195

196 dfscaled1 = dfscaled.melt(var_name=’Column ’, value_name=’Normalized

’)

197 plt.figure(figsize =(12, 6))

198 ax = sns.violinplot(x=’Column ’, y=’Normalized ’, data=dfscaled1)

199 _ = ax.set_xticklabels(df.keys(), rotation =90)

200

201 drive.mount(’/drive ’, force_remount=True)

202

203 test_df.to_csv(’/drive/My Drive/test_df.csv’,index=True)

204 train_df.to_csv(’/drive/My Drive/train_df.csv’, index=True)

205 val_df.to_csv(’/drive/My Drive/val_df.csv’, index=True)

206 df.to_csv(’/drive/My Drive/df.csv’, index=True)

1 # -*- coding: utf -8 -*-

2 """ print modelling.ipynb

3

4 Automatically generated by Colaboratory.

5

6 Original file is located at

7 https :// colab.research.google.com/drive /1 QHMuUq5MQsuj5CXhP2 -

HwkVGb4dh2du8

8

9 # **0. Get data**

10 """

11

12 import tensorflow as tf

13 import pandas as pd

151



14 import datetime

15 import os

16 import IPython

17 import IPython.display

18 import matplotlib as mpl

19 import matplotlib.pyplot as plt

20 import numpy as np

21 import seaborn as sns

22

23 #graph config below

24 mpl.rcParams[’figure.figsize ’] = (8, 6)

25 mpl.rcParams[’axes.grid’] = False

26

27 from google.colab import drive

28 drive.mount(’/drive ’)

29

30 train_df = pd.read_csv(’/drive/My Drive/train_df.csv’)

31 test_df = pd.read_csv(’/drive/My Drive/test_df.csv’)

32 val_df = pd.read_csv(’/drive/My Drive/val_df.csv’)

33 df = pd.read_csv(’/drive/My Drive/df.csv’)

34

35 X_test = test_df.loc[:,[

36 ’Year sin’,

37 ’Year cos’

38 ]]

39 Y_test = test_df.loc[:,’ibrnumsold ’]

40

41 from google.colab import drive

42 drive.mount(’/content/drive ’)

43

44 train_df.set_index(’Unnamed: 0’, inplace=True)

45 test_df.set_index(’Unnamed: 0’, inplace=True)

46 val_df.set_index(’Unnamed: 0’, inplace=True)

47 df.set_index(’Date’, inplace=True)

48
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49 column_indices = {name: i for i, name in enumerate(df.columns)}

50 num_features = df.shape [1]

51

52 """# **1. Single Step models **

53

54 ## Data windowing

55 """

56

57 class WindowGenerator ():

58 def __init__(self , input_width , label_width , shift ,

59 train_df=train_df , val_df=val_df , test_df=test_df ,

60 label_columns=None):

61 # Store the raw data.

62 self.train_df = train_df

63 self.val_df = val_df

64 self.test_df = test_df

65

66 # Work out the label column indices.

67 self.label_columns = label_columns

68 if label_columns is not None:

69 self.label_columns_indices = {name: i for i, name in

70 enumerate(label_columns)}

71 self.column_indices = {name: i for i, name in

72 enumerate(train_df.columns)}

73

74 # Work out the window parameters.

75 self.input_width = input_width

76 self.label_width = label_width

77 self.shift = shift

78

79 self.total_window_size = input_width + shift

80

81 self.input_slice = slice(0, input_width)

82 self.input_indices = np.arange(self.total_window_size)[self.

input_slice]
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83

84 self.label_start = self.total_window_size - self.label_width

85 self.labels_slice = slice(self.label_start , None)

86 self.label_indices = np.arange(self.total_window_size)[self.

labels_slice]

87

88 def __repr__(self):

89 return ’\n’.join([

90 f’Total window size: {self.total_window_size}’,

91 f’Input indices: {self.input_indices}’,

92 f’Label indices: {self.label_indices}’,

93 f’Label column name(s): {self.label_columns}’])

94

95 w1 = WindowGenerator(input_width =22, label_width =1, shift=1,

96 label_columns =[’ibrnumsold ’])

97 w1

98

99 def split_window(self , features):

100 inputs = features[:, self.input_slice , :]

101 labels = features[:, self.labels_slice , :]

102 if self.label_columns is not None:

103 labels = tf.stack(

104 [labels[:, :, self.column_indices[name]] for name in self.

label_columns],

105 axis=-1)

106

107 # Slicing doesn ’t preserve static shape information , so set the

shapes

108 # manually. This way the ‘tf.data.Datasets ‘ are easier to inspect

.

109 inputs.set_shape ([None , self.input_width , None])

110 labels.set_shape ([None , self.label_width , None])

111

112 return inputs , labels

113
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114 WindowGenerator.split_window = split_window

115

116 # Stack three slices , the length of the total window:

117 example_window = tf.stack([np.array(train_df [:w1.total_window_size

]),

118 np.array(train_df [100:100+ w1.

total_window_size ]),

119 np.array(train_df [200:200+ w1.

total_window_size ])])

120

121

122 example_inputs , example_labels = w1.split_window(example_window)

123

124 print(’All shapes are: (batch , time , features)’) #batch is number

of training examples utilised , time and features , width and

height

125 print(f’Window shape: {example_window.shape}’)

126 print(f’Inputs shape: {example_inputs.shape}’)

127 print(f’labels shape: {example_labels.shape}’)

128

129 """## Plot

130 visualisation of split window

131 """

132

133 w1.example = example_inputs , example_labels

134

135 def plot(self , model=None , plot_col=’ibrnumsold ’, max_subplots =3):

136 inputs , labels = self.example

137 plt.figure(figsize =(12, 8))

138 plot_col_index = self.column_indices[plot_col]

139 max_n = min(max_subplots , len(inputs))

140 for n in range(max_n):

141 plt.subplot(3, 1, n+1)

142 plt.ylabel(f’{plot_col} [normed]’)

143 plt.plot(self.input_indices , inputs[n, :, plot_col_index],
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144 label=’Inputs ’, marker=’.’, zorder =-10)

145

146 if self.label_columns:

147 label_col_index = self.label_columns_indices.get(plot_col ,

None)

148 else:

149 label_col_index = plot_col_index

150

151 if label_col_index is None:

152 continue

153

154 plt.scatter(self.label_indices , labels[n, :, label_col_index],

155 edgecolors=’k’, label=’Labels ’, c=’#2ca02c ’, s=64)

156 if model is not None:

157 predictions = model(inputs)

158 plt.scatter(self.label_indices , predictions[n, :,

label_col_index],

159 marker=’X’, edgecolors=’k’, label=’Predictions ’,

160 c=’#ff7f0e ’, s=64)

161

162 if n == 0:

163 plt.legend ()

164

165 plt.xlabel(’Days’)

166

167 WindowGenerator.plot = plot

168

169 w1.plot()

170

171 """## Create tf.data.datasets """

172

173 def make_dataset(self , data):

174 data = np.array(data , dtype=np.float32)

175 ds = tf.keras.preprocessing.timeseries_dataset_from_array(

176 data=data ,

156



177 targets=None ,

178 sequence_length=self.total_window_size ,

179 sequence_stride =1,

180 shuffle=True ,

181 batch_size =32,)

182

183 ds = ds.map(self.split_window)

184

185 return ds

186

187 WindowGenerator.make_dataset = make_dataset

188

189 @property

190 def train(self):

191 return self.make_dataset(self.train_df)

192

193 @property

194 def val(self):

195 return self.make_dataset(self.val_df)

196

197 @property

198 def test(self):

199 return self.make_dataset(self.test_df)

200

201 @property

202 def example(self):

203 """ Get and cache an example batch of ‘inputs , labels ‘ for

plotting."""

204 result = getattr(self , ’_example ’, None)

205 if result is None:

206 # No example batch was found , so get one from the ‘.train ‘

dataset

207 result = next(iter(self.train))

208 # And cache it for next time

209 self._example = result
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210 return result

211

212 WindowGenerator.train = train

213 WindowGenerator.val = val

214 WindowGenerator.test = test

215 WindowGenerator.example = example

216

217 # Each element is an (inputs , label) pair

218 w1.train.element_spec

219

220 for example_inputs , example_labels in w1.train.take (1):

221 print(f’Inputs shape (batch , time , features): {example_inputs.

shape}’)

222 print(f’Labels shape (batch , time , features): {example_labels.

shape}’)

223

224 """## Single step model

225 predict a single features value one timestep into the future

226 """

227

228 single_step_window = WindowGenerator(

229 input_width =1, label_width =1, shift=1,

230 label_columns =[’ibrnumsold ’])

231 single_step_window

232

233 for example_inputs , example_labels in single_step_window.train.take

(1):

234 print(f’Inputs shape (batch , time , features): {example_inputs.

shape}’)

235 print(f’Labels shape (batch , time , features): {example_labels.

shape}’)

236

237 """## Baseline

238

239 model that returns current value as prediction
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240 """

241

242 class Baseline(tf.keras.Model):

243 def __init__(self , label_index=None):

244 super ().__init__ ()

245 self.label_index = label_index

246

247 def call(self , inputs):

248 if self.label_index is None:

249 return inputs

250 result = inputs[:, :, self.label_index]

251 return result[:, :, tf.newaxis]

252

253 import keras as keras

254

255 keras.backend.set_epsilon (1)

256 baseline = Baseline(label_index=column_indices[’ibrnumsold ’])

257

258 baseline.compile(loss=tf.losses.MeanSquaredError (),

259 metrics =[tf.metrics.MeanAbsoluteError ()])

260

261 val_performance = {}

262 performance = {}

263 val_performance[’Baseline ’] = baseline.evaluate(single_step_window.

val)

264 performance[’Baseline ’] = baseline.evaluate(single_step_window.test

, verbose =0)

265

266 """ create a wide window to display output below """

267

268 wide_window = WindowGenerator(

269 input_width =48, label_width =48, shift=1,

270 label_columns =[’ibrnumsold ’])

271

272 wide_window
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273

274 print(’Input shape:’, wide_window.example [0]. shape)

275 print(’Output shape:’, baseline(wide_window.example [0]).shape)

276

277 wide_window.plot(baseline)

278

279 """## Linear model

280

281 simplest trainable model - linear transformation from input to

output

282 """

283

284 linear = tf.keras.Sequential ([

285 tf.keras.layers.Dense(units =1)

286 ])

287

288 print(’Input shape:’, single_step_window.example [0]. shape)

289 print(’Output shape:’, linear(single_step_window.example [0]).shape)

290

291 MAX_EPOCHS = 75

292

293 def compile_and_fit(model , window , patience =10):

294 early_stopping = tf.keras.callbacks.EarlyStopping(monitor=’

val_loss ’,

295 patience=

patience ,

296 mode=’min’)

297

298 model.compile(loss=tf.losses.MeanSquaredError (),

299 optimizer=tf.optimizers.RMSprop (),

300 metrics =[tf.metrics.MeanAbsoluteError ()])

301

302 history = model.fit(window.train , epochs=MAX_EPOCHS ,

303 validation_data=window.val ,

304 callbacks =[ early_stopping ])
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305 return history

306

307 history = compile_and_fit(linear , single_step_window)

308

309 val_performance[’Linear ’] = linear.evaluate(single_step_window.val)

310 performance[’Linear ’] = linear.evaluate(single_step_window.test ,

verbose =0)

311

312 # Plot loss per iteration

313

314 plt.plot(history.history[’loss’], label=’training loss’)

315 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

316 plt.legend ()

317

318 print(’Input shape:’, wide_window.example [0]. shape)

319 print(’Output shape:’, baseline(wide_window.example [0]).shape)

320

321 """ used wide window in a similar manner to plot outcomes - each

prediction is independant of the other """

322

323 wide_window.plot(linear)

324

325 plt.bar(x = range(len(train_df.columns)),

326 height=linear.layers [0]. kernel [:,0]. numpy())

327 axis = plt.gca()

328 axis.set_xticks(range(len(train_df.columns)))

329 _ = axis.set_xticklabels(train_df.columns , rotation =90)

330

331 """## Dense

332 more powerful but still a single input model

333 """

334

335 dense = tf.keras.Sequential ([

336 tf.keras.layers.Dense(units=64, activation=’relu’),

337 tf.keras.layers.Dense(units=64, activation=’relu’),
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338 tf.keras.layers.Dense(units =1)

339 ])

340

341 history = compile_and_fit(dense , single_step_window)

342

343 val_performance[’Dense ’] = dense.evaluate(single_step_window.val)

344 performance[’Dense ’] = dense.evaluate(single_step_window.test ,

verbose =0)

345

346 # Plot loss per iteration

347

348 plt.plot(history.history[’loss’], label=’training loss’)

349 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

350 plt.legend ()

351

352 """## Multi step dense

353 access to multiple time steps when making a prediction

354 """

355

356 CONV_WIDTH = 10

357 conv_window = WindowGenerator(

358 input_width=CONV_WIDTH ,

359 label_width =1,

360 shift=1,

361 label_columns =[’ibrnumsold ’])

362

363 conv_window

364

365 conv_window.plot()

366 plt.title("Given 10 days as input , predict 1 day into the future.")

367

368 multi_step_dense = tf.keras.Sequential ([

369 # Shape: (time , features) => (time*features)

370 tf.keras.layers.Flatten (),

371 tf.keras.layers.Dense(units=32, activation=’relu’),
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372 tf.keras.layers.Dense(units=32, activation=’relu’),

373 tf.keras.layers.Dense(units =1),

374 # Add back the time dimension.

375 # Shape: (outputs) => (1, outputs)

376 tf.keras.layers.Reshape ([1, -1]),

377 ])

378

379 print(’Input shape:’, conv_window.example [0]. shape)

380 print(’Output shape:’, multi_step_dense(conv_window.example [0]).

shape)

381

382 history = compile_and_fit(multi_step_dense , conv_window)

383

384 #IPython.display.clear_output ()

385 val_performance[’Multi step dense ’] = multi_step_dense.evaluate(

conv_window.val)

386 performance[’Multi step dense ’] = multi_step_dense.evaluate(

conv_window.test , verbose =0)

387

388 # Plot loss per iteration

389

390 plt.plot(history.history[’loss’], label=’training loss’)

391 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

392 plt.legend ()

393

394 conv_window.plot(multi_step_dense)

395

396 print(’Input shape:’, wide_window.example [0]. shape)

397 try:

398 print(’Output shape:’, multi_step_dense(wide_window.example [0]).

shape)

399 except Exception as e:

400 print(f’\n{type(e).__name__ }:{e}’)

401

402 """ downside - input windows have to be exactly this shape. Conv.
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solves this

403

404 ## Convolution Neural Network

405 with multiple time steps

406 """

407

408 conv_model = tf.keras.Sequential ([

409 tf.keras.layers.Conv1D(filters =32,

410 kernel_size =(CONV_WIDTH ,),

411 activation=’relu’),

412 tf.keras.layers.Dense(units=32, activation=’relu’),

413 tf.keras.layers.Dense(units =1),

414 ])

415

416 """run on sample batch to check outputs are the expected shape

417

418 """

419

420 print("Conv model on ‘conv_window ‘")

421 print(’Input shape:’, conv_window.example [0]. shape)

422 print(’Output shape:’, conv_model(conv_window.example [0]).shape)

423

424 history = compile_and_fit(conv_model , conv_window)

425

426 #IPython.display.clear_output ()

427 val_performance[’Conv’] = conv_model.evaluate(conv_window.val)

428 performance[’Conv’] = conv_model.evaluate(conv_window.test , verbose

=0)

429

430 # Plot loss per iteration

431

432 plt.plot(history.history[’loss’], label=’training loss’)

433 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

434 plt.legend ()

435

164



436 print("Wide window")

437 print(’Input shape:’, wide_window.example [0]. shape)

438 print(’Labels shape:’, wide_window.example [1]. shape)

439 print(’Output shape:’, conv_model(wide_window.example [0]).shape)

440

441 LABEL_WIDTH = 24

442 INPUT_WIDTH = LABEL_WIDTH + (CONV_WIDTH - 1)

443 wide_conv_window = WindowGenerator(

444 input_width=INPUT_WIDTH ,

445 label_width=LABEL_WIDTH ,

446 shift=1,

447 label_columns =[’ibrnumsold ’])

448

449 wide_conv_window

450

451 print("Wide conv window")

452 print(’Input shape:’, wide_conv_window.example [0]. shape)

453 print(’Labels shape:’, wide_conv_window.example [1]. shape)

454 print(’Output shape:’, conv_model(wide_conv_window.example [0]).

shape)

455

456 wide_conv_window.plot(conv_model)

457

458 """## Recurrent Neural Network

459

460 using LSTM

461 """

462

463 lstm_model = tf.keras.models.Sequential ([

464 # Shape [batch , time , features] => [batch , time , lstm_units]

465 tf.keras.layers.LSTM(32, return_sequences=True),

466 # Shape => [batch , time , features]

467 tf.keras.layers.Dense(units =1)

468 ])

469
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470 """ return sequence above - if true - returns output for each input ,

if false the layer only returns the output of the final

timestep. Which gives the model a chance to warm up."""

471

472 print(’Input shape:’, wide_window.example [0]. shape)

473 print(’Output shape:’, lstm_model(wide_window.example [0]).shape)

474

475 history = compile_and_fit(lstm_model , wide_window)

476

477 #IPython.display.clear_output ()

478 val_performance[’LSTM’] = lstm_model.evaluate(wide_window.val)

479 performance[’LSTM’] = lstm_model.evaluate(wide_window.test , verbose

=0)

480

481 wide_window.plot(lstm_model)

482

483 # Plot loss per iteration

484

485 plt.plot(history.history[’loss’], label=’training loss’)

486 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

487 plt.legend ()

488

489 """## Performance """

490

491 x = np.arange(len(performance))

492 width = 0.3

493 metric_name = ’mean_absolute_error ’

494 metric_index = lstm_model.metrics_names.index(’mean_absolute_error ’

)

495 val_mae = [v[metric_index] for v in val_performance.values ()]

496 test_mae = [v[metric_index] for v in performance.values ()]

497

498 plt.ylabel(’MAE’)

499 plt.bar(x - 0.17, val_mae , width , label=’Validation ’)

500 plt.bar(x + 0.17, test_mae , width , label=’Test’)
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501 plt.xticks(ticks=x, labels=performance.keys(),

502 rotation =45)

503 _ = plt.legend ()

504

505 for name , value in performance.items():

506 print(f’{name :12s}: {value [1]:0.4f}’)

507

508 """ #**2. Multi Step Models **"""

509

510 OUT_STEPS = 10

511 multi_window = WindowGenerator(input_width =10,

512 label_width=OUT_STEPS ,

513 shift=OUT_STEPS)

514

515 multi_window.plot()

516 multi_window

517

518 """## Baselines

519

520 just repeating the last input time step

521 """

522

523 class MultiStepLastBaseline(tf.keras.Model):

524 def call(self , inputs):

525 return tf.tile(inputs[:, -1:, :], [1, OUT_STEPS , 1])

526

527 last_baseline = MultiStepLastBaseline ()

528 last_baseline.compile(loss=tf.losses.MeanSquaredError (),

529 metrics =[tf.metrics.MeanAbsoluteError ()])

530

531 multi_val_performance = {}

532 multi_performance = {}

533

534 multi_val_performance[’Last’] = last_baseline.evaluate(multi_window

.val)
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535 multi_performance[’Last’] = last_baseline.evaluate(multi_window.

test , verbose =0)

536 multi_window.plot(last_baseline)

537

538 """ below just repeats the last "window" like a stamp """

539

540 class RepeatBaseline(tf.keras.Model):

541 def call(self , inputs):

542 return inputs

543

544 repeat_baseline = RepeatBaseline ()

545 repeat_baseline.compile(loss=tf.losses.MeanSquaredError (),

546 metrics =[tf.metrics.MeanAbsoluteError ()])

547

548 multi_val_performance[’Repeat ’] = repeat_baseline.evaluate(

multi_window.val)

549 multi_performance[’Repeat ’] = repeat_baseline.evaluate(multi_window

.test , verbose =0)

550 multi_window.plot(repeat_baseline)

551

552 """## Single shot model

553

554 ### Linear

555 """

556

557 multi_linear_model = tf.keras.Sequential ([

558 # Take the last time -step.

559 # Shape [batch , time , features] => [batch , 1, features]

560 tf.keras.layers.Lambda(lambda x: x[:, -1:, :]),

561 # Shape => [batch , 1, out_steps*features]

562 tf.keras.layers.Dense(OUT_STEPS*num_features ,

563 kernel_initializer=tf.initializers.zeros)

,

564 # Shape => [batch , out_steps , features]

565 tf.keras.layers.Reshape ([OUT_STEPS , num_features ])
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566 ])

567

568 history = compile_and_fit(multi_linear_model , multi_window)

569

570 #IPython.display.clear_output ()

571 multi_val_performance[’Linear ’] = multi_linear_model.evaluate(

multi_window.val)

572 multi_performance[’Linear ’] = multi_linear_model.evaluate(

multi_window.test , verbose =0)

573 multi_window.plot(multi_linear_model)

574

575 # Plot loss per iteration

576

577 plt.plot(history.history[’loss’], label=’training loss’)

578 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

579 plt.legend ()

580

581 """### Dense """

582

583 multi_dense_model = tf.keras.Sequential ([

584 # Take the last time step.

585 # Shape [batch , time , features] => [batch , 1, features]

586 tf.keras.layers.Lambda(lambda x: x[:, -1:, :]),

587 # Shape => [batch , 1, dense_units]

588 tf.keras.layers.Dense (512, activation=’relu’),

589 # Shape => [batch , out_steps*features]

590 tf.keras.layers.Dense(OUT_STEPS*num_features ,

591 kernel_initializer=tf.initializers.zeros)

,

592 # Shape => [batch , out_steps , features]

593 tf.keras.layers.Reshape ([OUT_STEPS , num_features ])

594 ])

595

596 history = compile_and_fit(multi_dense_model , multi_window)

597
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598 IPython.display.clear_output ()

599 multi_val_performance[’Dense ’] = multi_dense_model.evaluate(

multi_window.val)

600 multi_performance[’Dense ’] = multi_dense_model.evaluate(

multi_window.test , verbose =0)

601 multi_window.plot(multi_dense_model)

602

603 # Plot loss per iteration

604

605 plt.plot(history.history[’loss’], label=’training loss’)

606 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

607 plt.legend ()

608

609 """### CNN"""

610

611 CONV_WIDTH = 3

612 multi_conv_model = tf.keras.Sequential ([

613 # Shape [batch , time , features] => [batch , CONV_WIDTH , features

]

614 tf.keras.layers.Lambda(lambda x: x[:, -CONV_WIDTH:, :]),

615 # Shape => [batch , 1, conv_units]

616 tf.keras.layers.Conv1D (256, activation=’relu’, kernel_size =(

CONV_WIDTH)),

617 # Shape => [batch , 1, out_steps*features]

618 tf.keras.layers.Dense(OUT_STEPS*num_features ,

619 kernel_initializer=tf.initializers.zeros)

,

620 # Shape => [batch , out_steps , features]

621 tf.keras.layers.Reshape ([OUT_STEPS , num_features ])

622 ])

623

624 history = compile_and_fit(multi_conv_model , multi_window)

625

626 IPython.display.clear_output ()

627
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628 multi_val_performance[’Conv’] = multi_conv_model.evaluate(

multi_window.val)

629 multi_performance[’Conv’] = multi_conv_model.evaluate(multi_window.

test , verbose =0)

630 multi_window.plot(multi_conv_model)

631

632 # Plot loss per iteration

633

634 plt.plot(history.history[’loss’], label=’training loss’)

635 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

636 plt.legend ()

637

638 """### RNN"""

639

640 multi_lstm_model = tf.keras.Sequential ([

641 # Shape [batch , time , features] => [batch , lstm_units]

642 # Adding more ‘lstm_units ‘ just overfits more quickly.

643 tf.keras.layers.LSTM(32, return_sequences=False),

644 # Shape => [batch , out_steps*features]

645 tf.keras.layers.Dense(OUT_STEPS*num_features ,

646 kernel_initializer=tf.initializers.zeros)

,

647 # Shape => [batch , out_steps , features]

648 tf.keras.layers.Reshape ([OUT_STEPS , num_features ])

649 ])

650

651 history = compile_and_fit(multi_lstm_model , multi_window)

652

653 IPython.display.clear_output ()

654

655 multi_val_performance[’LSTM’] = multi_lstm_model.evaluate(

multi_window.val)

656 multi_performance[’LSTM’] = multi_lstm_model.evaluate(multi_window.

test , verbose =0)

657 multi_window.plot(multi_lstm_model)

171



658

659 # Plot loss per iteration

660

661 plt.plot(history.history[’loss’], label=’training loss’)

662 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

663 plt.legend ()

664

665 """## Advanced: Autoregressive model """

666

667 class FeedBack(tf.keras.Model):

668 def __init__(self , units , out_steps):

669 super ().__init__ ()

670 self.out_steps = out_steps

671 self.units = units

672 self.lstm_cell = tf.keras.layers.LSTMCell(units)

673 # Also wrap the LSTMCell in an RNN to simplify the ‘warmup ‘

method.

674 self.lstm_rnn = tf.keras.layers.RNN(self.lstm_cell ,

return_state=True)

675 self.dense = tf.keras.layers.Dense(num_features)

676

677 feedback_model = FeedBack(units=32, out_steps=OUT_STEPS)

678

679 def warmup(self , inputs):

680 # inputs.shape => (batch , time , features)

681 # x.shape => (batch , lstm_units)

682 x, *state = self.lstm_rnn(inputs)

683

684 # predictions.shape => (batch , features)

685 prediction = self.dense(x)

686 return prediction , state

687

688 FeedBack.warmup = warmup

689

690 prediction , state = feedback_model.warmup(multi_window.example [0])
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691 prediction.shape

692

693 def call(self , inputs , training=None):

694 # Use a TensorArray to capture dynamically unrolled outputs.

695 predictions = []

696 # Initialize the lstm state

697 prediction , state = self.warmup(inputs)

698

699 # Insert the first prediction

700 predictions.append(prediction)

701

702 # Run the rest of the prediction steps

703 for n in range(1, self.out_steps):

704 # Use the last prediction as input.

705 x = prediction

706 # Execute one lstm step.

707 x, state = self.lstm_cell(x, states=state ,

708 training=training)

709 # Convert the lstm output to a prediction.

710 prediction = self.dense(x)

711 # Add the prediction to the output

712 predictions.append(prediction)

713

714 # predictions.shape => (time , batch , features)

715 predictions = tf.stack(predictions)

716 # predictions.shape => (batch , time , features)

717 predictions = tf.transpose(predictions , [1, 0, 2])

718 return predictions

719

720 FeedBack.call = call

721

722 print(’Output shape (batch , time , features): ’, feedback_model(

multi_window.example [0]).shape)

723

724 history = compile_and_fit(feedback_model , multi_window)
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725

726 IPython.display.clear_output ()

727

728 multi_val_performance[’AR LSTM’] = feedback_model.evaluate(

multi_window.val)

729 multi_performance[’AR LSTM’] = feedback_model.evaluate(multi_window

.test , verbose =0)

730 multi_window.plot(feedback_model)

731

732 # Plot loss per iteration

733

734 plt.plot(history.history[’loss’], label=’training loss’)

735 plt.plot(history.history[’val_loss ’], label=’evaluation loss’)

736 plt.legend ()

737

738 """## Performance """

739

740 x = np.arange(len(multi_performance))

741 width = 0.3

742

743

744 metric_name = ’mean_absolute_error ’

745 metric_index = lstm_model.metrics_names.index(’mean_absolute_error ’

)

746 val_mae = [v[metric_index] for v in multi_val_performance.values ()]

747 test_mae = [v[metric_index] for v in multi_performance.values ()]

748

749 plt.bar(x - 0.17, val_mae , width , label=’Validation ’)

750 plt.bar(x + 0.17, test_mae , width , label=’Test’)

751 plt.xticks(ticks=x, labels=multi_performance.keys(),

752 rotation =45)

753 plt.ylabel(f’MAE’)

754 _ = plt.legend ()

755

756 for name , value in multi_performance.items():
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757 print(f’{name:8s}: {value [1]:0.4f}’)
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Appendix E

Parameter tuning: Numerical results

Tables E.1 to E.3 summarises the results captured during the parameter tuning process for

the neural network models. This data was used for detailed result analysis.
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