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Glossary

Analytics is the use of computational methods to discover patterns in data.

Data is a measure of historic information.

Data Mining is the extraction of implicit patterns and knowledge from data.

Data Munging is the manual process of cleansing data prior to data analytics.

Data Science entails all tools and techniques applicable to data to make sense out of it.

Data Scraping is the automated computer processing to extract data from data sources
for efficacious interfacing by other computer programs.

Data Wrangling is the automated process of examining and transforming data from one
data format into another format digestible by various computer programs.

Interpretable Machine Learning is the deployment of machine learning approaches in
understandable manners to a lay man.

Machine Learning is the design of data driven algorithms for extraction of structural de-
scriptions from data instances to generate new knowledge.

Predictive analytics is the art and science of discovering and reporting interesting and
meaningful patterns in data using computational methods.

Smart Weather the use of disruptive technologies like the Internet of Things and data
driven systems to enhance weather services.

Web Scraping is a data scraping technique to extract data from text-based mark-up ap-
plications like web HTML and XHTML.
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Abstract

This work presents a programmable toolkit that allows the design and implementation of a

smart weather system (SWS) at a local level. The uPyCraft software development kit (SDK)

was used to load the MicroPython code and scrap three weather values (surface temper-

ature, relative humidity and atmospheric pressure) from the DHT11 and BME280 sensors

connected to the ESP8266 microcontroller. The NetBeans SDK was used to develop the

database management system using SQLite and Java programing to store the collected

data. The RStudio SDK was used for statistical data analysis, time series forecasting and

in the development of a dashboard. The toolkit also facilitates expansion of functionalities

of an existing automatic weather station (AWS) like that at the Botswana International Uni-

versity of Science and Technology (BIUST) into a fully-fledged SWS. The K-Nearest Neigh-

bour (KNN) was used for multi-step ahead forecasting of maximum air temperature as a

proof of concept in using the weather data collected from the BIUST AWS. The Multi-Input-

Multi-Output (MIMO) strategy and the Recursive strategy were compared through the KNN

algorithm. The performance of these two predictive models were assessed using the mean

absolute error (MAE) and correlation coefficient (r). The optimum predictive performance of

MIMO outperformed that of the Recursive strategy with a 95% accuracy compared to 67%

of the latter. This work is the first of its kind in developing a programmable toolkit to bridge

existing gaps in the availability, access and use of weather data generated by the BIUST

AWS. The developed dashboard can be used for dissemination of weather outputs to end

users. The generated datasets can be used by students, researchers and data analysts

to evaluate machine learning algorithms and determine optimal solutions based on real

world weather data instead of using artificial data. The proposed programmable toolkit is

scalable, with potential applications in smart houses, smart villages, and smart irrigations.

Key Words: Programmable Toolkit, Weather Sensors, Microcontrollers, Predictive An-

alytics, Forecasting, Dashboard, Smart Weather System



CHAPTER 1

Introduction, Problem Statement and Proposed Approach

Meteorological data is a valuable global commodity that is catalysing the development
of robust responses to some of the climate related problems pressing our societies. In
fact, weather data collected using environmental sensors adds value to decision mak-
ing and refinement of policies to improve human lives [69]. These include: applications
in smart irrigations [44, 86] and predictions in meteorological sectors. This chapter ex-
plores current meteorological challenges [104], while identifying data driven solutions
[31, 84] to bridge the gap [19] between weather data or information and end users.

Chapter Introduction

Smart Weather Systems (SWSs) are expected to play an important role in the smart
homes, smart villages and smart farms in the near future. Increasing complexity in
the integration of weather data from various repositories, electronic weather sensors
and smart weather applications requires microcontrollers and data driven techniques.
This integration enables to address interoperability problems while making use of the
available yet scarce resources. Climate informatics [16] integrates climate science
and environmental data science [36] to develop predictive analytics [22] and statistical
machine learning [34] solutions to facilitate the understanding of our environment.

Motivation

1



1.1 Introduction

Weather and climate monitoring services are among the key thematic areas at the Botswana

International University of Science and Technology (BIUST). On another hand, one of

BIUST’s priority projects is that of a "Smart Village", which kick started with the BIUST

"Smart House" [74]. Such initiatives are expected to have small-scale renewable energy

resources [3, 50] and energy management systems. These kind of projects require ad-

vanced technologies for control and management like: monitoring weather events, moni-

toring room temperatures [75], managing energy consumption; and integrating, visualising

or disseminating data from various sources to generate knowledge for decision making.

Small to medium private enterprises and research institutions like BIUST, SASSCAL 1 and

WASCAL 2 have introduced automatic weather stations (AWSs) [2] to monitor weather at

finer temporal resolutions. Meanwhile, most of the AWSs installed in developing countries

are underutilized. For instance, the BIUST AWS in Figure 1.1 is equipped with a local

machine that runs a SCADA software (XConnect) and a data logger that stores historical

weather measurements. The current system is maintained by the Sutron Company, making

it difficult for local technicians to integrate new electronic devices to collect weather data.

This particular AWS also lacks the backend service layer for data analytics as well as the

functionality for dissemination of weather outputs to end users (see the situational analysis

in appendices 6). Another example is that of the Botswana Department of Meteorological

Services (BDMS); it lacks a designated platform for dissemination of the generated weather

analytics and forecasts to end users, relying on local stations (i.e., radio, TV) and Facebook.

Apart from the aforementioned gaps, Botswana still lacks a number of AWS for a wide

coverage of monitoring. Moreover, there is limited research in SADC to address specific

challenges relating to the installation of IoT based Cyber-Infrastructure (CI) systems to

enable the collection of weather data. Another gap is in documentation on interoperability

of devices to connect and exchange useful weather information [105]. This necessitates

the implementation of smart weather systems to enable interoperability and integration of

new devices t enhance repetitive operations and services related to meteorological data.

1www.sasscalweathernet.org
2https://wascal.org/
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Figure 1.1: The BIUST AWS installed by Sutron for weather monitoring.
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1.2 Problem Statement

Small to medium enterprises like BIUST, SASSCAL 1 and WASCAL 2 have AWS for

weather monitoring. Meanwhile, there is still limited coverage of AWSs in Botswana. More-

over, most end users like farmers and students lack technical skills [84] and tools to collect

and use meteorological data in their business operations. Therefore, most of the data col-

lected by the installed AWS are archived and go under utilised. All these hinder active

participation of citizens to contribute to climate research. This is a case study at BIUST.

Currently the BIUST AWS lacks the backend service layer for predictive analytics and dis-

semination of weather products to end users. In this context, the implementation of a

smart weather system at BIUST is a necessary task with a two-fold outcome, namely: an

enhanced weather system for the BIUST AWS; and added value in end user comfort level.

1.2.1 Aim and Objectives

The aim is to contribute to the local weather monitoring community and improve the ef-

ficiency and efficacious use of products from automatic weather stations. The general

objective is to develop a programmable toolkit for a smart weather system in BIUST.

1.2.1.1 Specific Objectives

1. To design algorithms for data scraping and data wrangling by:

(a) Designing a prototype to collect air temperature, humidity and atmospheric pres-

sure using MicroPython; with available electronic sensors and microcontrollers,

(b) Implementing R algorithms for web scraping, then generate modelling datasets;

2. To use the KNN for short term forecasting using univariate temperature series, i.e.,

(a) To compare KNN’s MIMO and Recursive multi-step ahead forecasting strategies

using the maximum air temperature time series collected from the BIUST AWS,

3. To develop a dashboard application for deployment of the proposed toolkit, i.e.,

(a) To deploy the R Libraries for visualisation of the generated weather outputs.

4



1.3 Research Approach and Methodology

This is an applied research to bridge the identified gaps in section 1.1 following a situational

analysis conducted through oral interviews and printed questionnaires (see Appendices 6).

Data scraping [117], data wrangling [92] and dashboards techniques were used to make

use of the consolidated data. The quantitative approach was deployed for experimentations

with non-parametric algorithms (KNN and Random Forests) that do not make assumptions

about the distributions of data, saving time for analysts and developers [22]. The KNN al-

gorithm is easy to interpret compared to black box models like neural networks.

The MIMO, Recursive and Direct strategies are commonly used for multistep forecasts [1].

The Direct strategy does not use any predicted values to make forecasts, hence less prone

to propagation of errors; but it requires large computational time and higher functional com-

plexity than the other two [1]. The MIMO strategy can better learn the dependency between

the predictor and target to make the entire forecast sequence at ago. Meanwhile, it con-

structs independent models with heavier computational load than the Recursive strategy

while using more data to avoid overfitting. The recursive strategy requires the construction

of a single model, hence saving computational time [108]. However, it allows propagation

of errors from one step to another, hence the performance can quickly degrade with an

increase of the forecasting horizon [6]. The Recursive strategy can be biased for nonlinear

problems (i.e., weather forecasting) which can be mitigated by using hybrid strategies [108]

Therefore, a trade-off between computational costs, bias and estimation variance [6, 108]

was considered to select MIMO and the Recursive strategies to implement the KNN model.

The data deployed in this work is constrained to point observations collected using AWSs.

The focus was on maximum air temperatures which are associated to heat waves and high

evapo-transpiration that lead to droughts. The BIUST AWS was selected as a case study

since it experiences the gaps in the provision of weather data to consumers. The Shakawe

and Tubu AWSs were used as a proof of concept for pragmatic applications of predictive

analytics in meteorology. The data is mainly limited to short term forecasting activities, and

cannot generalise for climatological studies. Meanwhile, this work gives insights of how

these disruptive technologies can enhance meteorological service delivering a local levels.

5



This toolkit is the first of its kind at BIUST, and it is expected to open many other
design and development opportunities. The toolkit, written in MicroPython, Java and
R, provides the data collection and pre-processing tools; as well as the mathematical
programming functionalities to leverage existent AWSs into fully-fledged SWS. It also
facilitates the integration of other national weather data repositories to enhance further
research. The generated datasets and the developed dashboard application can be
used for agricultural and educational purposes. In fact, the developed dashboard API
can be adapted to be used as a SCADA system by farmers to monitor weather param-
eters and weather patterns for effective remote operations (i.e., smart irrigations) [52].

It should be noted that having a SWS with data driven technologies that gener-
ate real world datasets can enable further studies on local environmental phenomena.
From an academic point of view, the toolkit allows applications of more sophisticated
data driven techniques (i.e., filling missing gaps in weather data banks). The data can
also enable students and other researchers to evaluate machine learning model per-
formance based on real world datasets. The toolkit uses statistical machine learning
techniques to perform multi-step ahead forecasts of maximum air temperature using
data from the BIUST AWS. For instance, the generated forecasts can be used by
students and researchers who seek to investigate the potential benefits of weather
data (i.e., sunshine duration and temperature) in energy management strategies.
Another potential extension of this toolkit could be in the design and implementa-
tion of an automatic room heater control system [75] for the smart house [74] in BIUST.

Based on the aforementioned facts, the proposed programmable toolkit using
low-cost microcontrollers and predictive analytics can accomplish the necessary
actions to bridge the identified gaps in sharing and making use of meteorological data
collected at local levels in developing countries; particularly for the BIUST environment
which has been allocated to develop prototypes for smart villages in Botswana.

Contribution

This chapter motivated the implementation of disruptive technologies in the meteoro-
logical sector. It then articulated the present challenges imposing limitations regard-
ing the delivering of meteorological services at local bases; particularly in developing
countries like Botswana. The chapter also highlighted the potential value of open-
source technologies such as the Internet of IoTs, predictive data analytics, machine
earning and dashboards. It should be noted that the proposed non-parametric meth-
ods can extract useful hidden patterns from raw data that often go unexplored; and
that human-engineered processing steps can be automated using computer program-
ing techniques such as data scraping and data wrangling to minimise human-machine
interaction. The developed dashboard can be scaled up to fill the existing gaps in
dissemination of weather outputs to end users in Botswana, i.e., in BIUST.

Chapter Summary

6



1.4 Outline of the Thesis

p Chapter 1 introduced the study, identified the gaps, and stated the problem, including

research aim and objectives, limitations and contribution of this research work.

p Chapter 2 presents the background information on Numerical Weather Prediction

(NWP) models and literature review, covering the disruptive technologies of IoT and

predictive analytics and their applications in weather analytics and forecasting. The

chapter also presents the application of dashboards for weather service delivery.

p Chapter 3 presents the framework of data driven modelling from the perspective of

IoT and predictive data analytics; articulating the methodology, tools and methods.

p Chapter 4 presents experimentatal design, dashboard application design and re-

sults. Algorithms for web scraping are presented for the collection of weather data

from data sources. Then data scraping is deployed to manipulate data from sensors.

Data wrangling is then deployed to generate datasets that are then injected into the

data mining workbenches. The chapter also articulates the design of a dashboard

application as a proof of concept for pragmatic application.

p Chapter 5 presents the conclusions, recommendations and future work. It sum-

marises the findings, results, limitations, contribution, recommendations and future

work resulting from this research work.

7



CHAPTER 2

Background Information and Related Literature Review

This chapter presents a background information and related literature review on con-
ventional methods of meteorological services. It articulates present challenges impos-
ing limitations regarding the delivering of weather services at local levels; particularly
in developing countries. It then presents the potential value of low-cost IoT devices like
electronic sensors and microcontrollers. It also highlights open-source data driven ap-
proaches and computer applications that can be deployed for added value in weather
monitoring and service delivery to end users in developing countries like Botswana.

Chapter Introduction

2.1 Background Information

Physically based Numerical Weather Prediction (NWP) models (i.e., COSMO [4], ECMWF

[5], ICON [118], UKMO [90, p. 7] and the WRF [87], see Table 2.1) have been in use to

monitor and model weather. Despite the wide usage of these systems, they have been

reported to be less efficacious at finer spatio-temporal resolutions [116, p. 6] with severe

biases due to inadequate parametrisation. Several post processing methods have been

used to circumvent this challenge including: the Perfect Prognosis [115], Model Output

Statistics (MOS) [38] and Reanalysis [61]. The common post processing model in statistical

downscaling is MOS which takes in NWP model outputs and climate data as inputs.

8



Table 2.1: Common NWP models and their respective programming tools.

Model Origin Programming tools

COSMO Europe MPI/OpenMP, OpenACC, CUDA

WRF United States C++, F90, OpenMP and MPI

ICON Europe Fortran, C, MPI, LAPACK, BLAS

ECMWF-Model Europe Atlas: Fortran, C/C++, CUDA

MOGREPS-UK Europe Fortran, MPI, OpenMP

MOS deploys multiple linear regressions [61] to find the relationship between observations

and global model data. It is known that linear regressions models make many assumptions

about the data [22, p. 276]. In addition to that, implementing and maintaining these NWP

models is also expensive regarding the required resource. In that case, non-parametric

distribution free models like Random Forests and Neural Networks [45] can be deployed

for modelling as well as in: 1. blending Earth Observations with outputs from NWP models,

2. post-processing of ensemble weather outputs [91], and 3. correcting model biases.

2.2 Disruptive Technologies for Weather Services

IoT describes the interconnection of electronic devices [111, p. 11] such as sensors and

microcontrollers. IoT and data driven technologies enable innovative synergies to design

affordable and flexible solutions without incurring licensing expenses [48, p. 277]. Meteo-

rology is one of the sectors that applies IoT [102, 48]. In fact, AWSs are embedded with

sensors [48] that capture various weather data like temperature and humidity. The collected

data is manipulated using supervisory control and data acquisition (SCADA) systems [21].

The integration of IoT and predictive analytics (i.e., low-cost AWSs and machine learning)

lead to great potential for many operations that rely on weather data by lowering the cost

of proto-typing and implementation. For instance, electronic sensors embedded in AWSs

[24] can harvest more fine-grained data about soil moisture at farms. The data is then pro-

cessed further for use in decision making (i.e., watering only a targeted area). These lead

to effective use of resources that are scarce in many African countries like Botswana. The

integrated framework of a holistic data-driven IoT CI system can be partitioned into three:1.

the Frontend Service Layer; 2. the Gateway Layer; and 3. the Backend Service Layer.
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2.2.1 The Frontend Service Layer

This layer is comprised of digital sensors capable of detecting and measuring environmen-

tal phenomena. There exist various weather sensors, and they have been articulated well

in a number of articles (see [23, 81, 53, 23]) as illustrated in Table 2.2. Electronic sen-

sors are mainly characterised by manufacturers, accuracy, resolution, range, precision and

cost. For instance, the Bosch BMP180 measures atmospheric pressure [300,1100] hPa,

and temperature [-40,85] in °C, with an accuracy of ±1.0°C. It can work as an altimeter

with an accuracy of ±1.0m. The DHT22 measures relative humidity (RH) [0,100] (in %),

with an accuracy of [2-5]%, and temperature [-40,125] °C, with an accuracy of±0.5°C. The

DHT11 measures temperature [0,50] in °C, and RH [20,80] in % and an accuracy of 5%.

Other common weather sensors include: the wind vane and the anemometer to measure

the wind direction (in °) and wind speed respectively. The pyrometer sensor measures

the electromagnetic (solar) radiation emitted by the sun. The AS3935 Franklin sensor de-

tects lightning. The rain detector measures rain droplets using: a collecting funnel, tipping

bucket and a magnetic reed switch. This rain gauge generates output pulses which are

fed to the microcontroller’s clock input. Likewise, the soil moisture sensor measures water

content of the soil. The designs of these electronic sensors keep on changing; with some

incorporating visual displays (see the 1B6 MS rain meter with a thermometer in Table 2.2).

2.2.2 The Gateway Layer

This layer facilitates the interaction of electronic devices and their external environments

by a controller or gateway. The gateways distribute data from sensors to base stations

for further operations. The controller need to be persistent to data, with enough memory

and bandwidth to facilitate data filtering before transmission. The sensors are attached to

the controller through interfaces such as: Inter-Integrated Circuit (I2C), Serial Peripheral

Interface (SPI) and General Purpose Input Output (GPIO) pins. I2C is easy to implement,

and can host multiple master devices and multiple slave devices using Serial Data Line

(SDA) and Serial Clock Line (SCL). Though SPI requires more connections, it is more

common due to its lower power consumption and higher throughput than I2C [48, p. 280].

The communication can also be wired or through wireless standards protocols like ZigBee.
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Table 2.2: Summary of hadrware (sensors) for a low-cost automatic weather station

Sensor Image More Details Accuracy Interface

DHT11: Temperature
and Relative Humidity
Size: 28 x 12 x 8 mm

Temp. Range: [0-50] in °C
RHumi. Range: [20:90] in %

Temp: ± 0.5 °C
RHumi: ± 5%

3 DuPont
wires

DHT22: Temperature
and Relative Humidity
Size: 40 x 23 mm

Temp. Range: [-40,80] in °C
RHumi. Range: [0,100] in %

Temp: ± 0.5 °C
RHumi: ± 2%

1-wire
bus

BMP180: For
Atmospheric
Pressure
& Temperature

Pres. Range: [300,1100] hPA
Temp. Range: [-40,85] °C

±1.0°C I2C

Rain Meter:
w/thermometer
Model: 1B6 MS

For rainfall & temperature 2 mm PC817

Anemometer:
Calculates the wind speed

Uses
reed switch

- GPIO

Wind Vane:
Measures wind
direction using:
Reed switches

Its an analog circuit with
enabled resistors to

act as voltage devider
22.5° Analog

2.2.3 The Backend Service Layer

Unlike the frontend and the gateway layers that mainly involve engineers (electrical and

electronics), this layer is mainly comprised of (computer) scientists and developers. It

mainly involves the management of data including: data cleaning, data analysis, data visu-

alisation, data storage and dissemination of outputs. Meanwhile, the rapid increase of new

sensors with high frequencies has brought varying challenges to environmental scientists.

For instance, weather forecasters are exposed to a vast amount of weather data 1,2 and

information to digest before they can issue forecasts. Furthermore, most weather data

operations such as: feature engineering and imputation of missing values [60] cannot be

handled effectively via the human power. These invite system automation [117] and ma-

chine learning to minimise human intervention in the overall pipeline of weather services.

Through this layer, forecasters can deploy algorithms in pre and post processing of weather

data, model outputs [35], as well as in the detection of changes of weather patterns [62].
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The IoT cyber infrastructure system (see Figure 2.1) comprises of electronic micro-
controllers such as Arduino’s ATmega328 and ATtiny828 [111], [102]. Other low-cost
microcontroller boards include: Raspberry Pi, PyBoard, BBC micro:bit, Adafruit’s
Circuit Playground Express, and the ESP8266/ESP32 family. The application of IoT
devices requires dedicated software and firmware, with tailored libraries and modules
to efficaciously manage resources like power, input devices, data and memory.

Microcontrollers have been traditionally coded with languages like C or C++ that
are difficult to learn. Recent applications deploy MicroPython using integrated
development environments (IDE) like uPyCraft or Thorny. The transmission of data
to backend layers can be conducted through direct wiring, WiFi, GSM/GPRS, or
satellite connections. These are mainly facilitated by machine-to-machine trans-
mission protocols such as: Advanced Message Queuing Protocol (AMQP) [82],
Constrained Application Protocol (CoAP) [14], Message Queuing Telemetry Transport
(MQTT) [111] and Hypertext Transfer Protocol (HTTP) [7]. The communications are
bidirectional to enable operations like updating gateways and system configurations.

IoT Hardware, Software and Firmware

Sensors
DHT11

BME280

Frontend Layer:
ESP8266
Firmware
uPyCraft
Thorny

Gateway-Broker
-MQTT, HTTP, AMQP

Storage
Data Cleaning
Data Analytics
Data Mining

Predictive analytics
Notifications

Backend Layer
-PC

End User
Smart Phone

PC

Interfaces

GPIO,WIFI,I2C

Data Scraping:

R & MicroPython
Send data to

broker
Send data to

broker

Send data to
backend

Send data to
backend

Send data for Processing

and storage

Outputs:

Predictions: Graphs,Tables

Interrogate

Disseminate

Interrogate

Disseminate

Figure 2.1: The general flow of weather data from the frontend layer to the backend layer.
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2.3 Related Literature Review

As noted by Mass et. al. in [62], advances in IoT and data collection instruments have

catalysed the use of short-term forecasts to facilitate adaptations to characteristics of local

terrains. The development of a low-cost AWS depends on various factors such as: the

business problem, availability of resources and human technical skill set. Devaraju et. al.

[23] implemented a low-cost AWS with four sensors to collect weather data at intervals of

thirty seconds. They used the SHT11 sensor for temperature and relative humidity, while

the 6410 anemometer and the 6450 pyrometer were used to detect wind direction, precipi-

tation and solar radiation respectively. The BMP180 was used for atmospheric pressure.

Aponte-Roa et. al. [24] used: AM2315 to collect humidity and temperature; the BMP280 for

atmospheric pressure; an anemometer and a wind vane for wind speed and wind direction.

Their system was powered using four 6V solar panels and a Lithium-Polymer battery. The

data was transmitted via Wi-Fi for storage in MySQL database. Likewise, Felipe et. al. [95]

developed a low-cost hydro meteorological AWS. Their system integrated a 5MP camera

to capture and store images used to record different types of atmospheric phenomena like

clouds. The data was transmitted via wireless to Hydras3, a visualization system used in

the institution of hydro-meteorology and environmental studies in Colombia. MySQL was

used for data storage. They also used MonoDevelop and C# to develop a GUI to visualise

the collected data. These two works deployed Raspberry Pi for computing. Meanwhile,

neither of the two works deployed predictive models for data mining in the application layer.

Similarly, Karvelis et. al. [53] deployed the Zerynth platform and the ESP32 microcontroller

to record weather data using a ship at 15 minutes intervals; from 22-01-2018 to 09-02-

2018. The data was used to predict short-term wind speed using a linear regression. They

used a 4 day data set for training, and the rest for testing. The models were evaluated using

mean absolute error (MAE) and root mean squared error (RMSE) to get 1.591 and 2.565

respectively. The protocols deployed include: UART, SPI and I2C. This was another good

contribution, but the experiments used more data for testing than training which might lead

to over-fitting. Though they did not specify the programming language they used, the de-

velopment environment used (Zerynth) in their work supports C and Python programming.
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It can be noted so far that some applications of these IoT devices are climate specific, and

with some deployment in typical environments. For instance, Netto et. al. [78] proposed

an open-source application controlled using Arduino Uno to monitor the impacts of climate

change in southern Patagonia. They had a challenge though, the experimental region

was remote with no coverage of telephone communications except the expensive satellite

networks. This particular solar powered system comprised of an AWS and an electronic

ablation station incorporated with Radio Frequency Identification to measure the melting

of glacier. These were all embedded with low-cost sensors: BMP280, DHT22, DS18B20,

water proof humidity sensor, Real Time Clock (RTC DS3231) and a micro card shield.

Nsabagwa et. al. [81] proposed an AWS using a Raspberry Pi as a gateway to connect the

sink nodes. The AWS was close to a networked building, so they used Ethernet for internet

connection. The nodes were equipped with radio transceivers each to transmit data to the

sink node. The gateway transmitted the AWS data to a repository, and a downloadable text

file via HTTP was used as a database. This limited efficient querying, necessitating some

form of relational database for efficacious operations. The work claims to have reduced

implementation costs of an AWS from $7000.00 (commercial) to $1800.00 (open-source).

Unfortunately, their system does not account for the dissemination of data to end users.

They also did not deploy data mining to extract hidden patterns from the weather data.

Muck et. al. [72] harvested weather values (at intervals of 2 minutes) using SparkFun Shield

sensors. The sensors were interfaced to Arduino Uno R3. They used the Raspberry Pi 3

Model B as a gateway to stream the harvested data for storage in Google Cloud using SQL.

They also developed a website and a mobile application using Google Data Studio and An-

droid Studio (using Java) to display the real-time weather conditions to end users. Their

application had the functionality for short-term weather prediction in intervals of thirty min-

utes. Notifications were disseminated via social media. Though their work did not explicitly

state more details on the modes of communication and transmission protocols, it provided

a good example of a data flow in an IoT framework. Meanwhile, this approach used simple

predictive algorithms with less data. Other algorithms such as Recurrent Neural Networks

or ensemble predictive models like Random Forests could have given better results.
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Trifun et. al. [101] also used a Raspberry Pi based platform and low-cost electronic com-

ponents (i.e, DHT11 and BMP180 sensors). The C language was used to read data from

the sensors. The harvested data was transmitted through a wireless access point and

USB Wi-Fi dongle from a measuring point to the Android client. Their work used UDP in-

stead of TCP protocol to avoid establishment of connection at each data request. This also

avoided the provision of a separate channel for data transfer between the GUI client (An-

droid App using Java) and the server. Their work lacked the data science functionalities.

Another work by Hardeep et. al. [99] deployed an Arduino Uno (ATmega328) and 3 sensors

(SHT25, BMP180 and wind vane) to collect weather parameters. They transmitted the data

via wireless (Zigbee) connection to a computer with a GUI developed using LabVIEW.

2.3.1 Discussion of Related Literature

Most of the proposed systems reviewed so far integrated low-cost electronic components

like sensors and microcontrollers like ESP-32, Arduino Uno, PIC16F887 and Raspberry Pi

(see Reddy et. al. [100], Brito et. al. [11] and Palak et. al. [51]). The collected data was

either stored on a local repository or uploaded on to a cloud [100]. Some of these works

performed short-term weather forecasting, some did not. Some works configured system

notifications of weather conditions [99] to local users [51] via Amazon SNS web service 1.

Based on the information displayed in Table 2.3, different researchers deploy different sen-

sors and different microcontrollers to harvest environmental data. It can also be noted

that most of these works did not implement the data driven models to extract patterns

from the collected data (with exceptions of [51] in India and [53] in Greece), and only few

([51, 23, 99, 95]) implemented GUI for dissemination of data to end users. Another interest-

ing observation is that non of these work deployed the R programming for: web scraping,

web crawling and dashboard design. MicroPython was neither used in these works for data

scraping from sensors as well as in microprogramming. Thus, this work will combine R and

MicroPython for data scraping, data logging, visualization and dashboard design. R2 and

Shiny applications have been deployed for related weather projects. These include but not

limited to: Appsilon3, and the UK Drought and Water Scarcity Research Programme [17].

1http://aws.amazon.com/sns.
2http://www.r-project.org/
3https://appsilon.com
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Table 2.3: Summary of related works, their origins, year published, and the deployed IoT and predictive analytics tools and methods.

Paper &
Origin Year Sensors Controllers Interfaces

Software &
Firmware

Data
Storage

Predictive
Analytics GUI

[23] India 2015
SHT11,BMP180,
DI {6450,7852}

PIC16F887
MAX-{232&485,}

XBee-Pro
C

Excell &
MySQL

7 Visual Basic

[99] India 2016
SHT25,BMP180,

Wind Sensor
ATMega-328 Zigbee C/C++ Data Logger 7 LabVIEW

[95] Colombia 2018
SHT11,BMP180,
DI {6450,7852},

Camera
RPI 2:B Wireless Python3 MySQL 7 C#

[53] Greece 2018
DHT22,BMP180,

BMP280,DS18B20
HC-SR04,LDR

ESP-32
DevKitC

RFID C DataLogger X 7

[72] Malaysia 2018
SHT11,BMP180,
DI {6450,7852}

PIC16F887 - - MySQL 7 7

[24] Puerto Rico 2018
SHT11,BMP180,
DI {6450,7852}

PIC16F887 - - MySQL 7 7

[78] Brazil 2019
DHT22,BMP180,

BMP280,DS18B20
HC-SR04,LDR

Arduino Uno RFID - DataLogger 7 7

[81] Uganda 2019
SHT11,BMP180,
DI {6450,7852}

Raspberry Pi - C CSV 7 7

[51] India 2019
DHT22,BMP180,

BME280, Rain Sensor
PIC16F887 - - MySQL X Django

This Work:
Botswana 2020 DHT11,BME280 ESP8236 GPIO

R, RStudio,
MicroPython,

uPyCraft
SQLite X

Shiny
App
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2.3.2 Trends in the Weather Industry

Though the study in [106] was conducted to better understand the state of art technologies

and future landscape of the weather industry in the United States, it also serves as a guide

and mode of inspiration to developing countries like Botswana. The report indicated some

trends and changes in weather enterprises due to the growing demand for weather services

as weather events become more volatile and expensive to address. The report supported

innovative tools that deploy disruptive technologies (Artificial Intelligence, Big Data, and the

IoTs) to improve businesses in meteorological sectors. A point of interest to note here is

that "these new technologies are catalysing advances in weather prediction and decision

support by harnessing the value hidden within the collected weather data [106, p. 4]."

Predictive analytics and machine learning technologies offer indispensable contribution to

the meteorological sector. Statistical tools 2 and visualization techniques [76], coupled with

smart devices make it easy to provide decision support and weather solutions. A lot of com-

panies have recently adopted advanced statistical machine learning techniques and sur-

rogate machine learning models to post-process outputs from NWP models for improved

forecasts at finer spatio-temporal resolutions. These have caught attentions of companies

like IBM and Monsanto to acquire weather enterprises in the past decade. Meanwhile,

there is still a lot to do in developing countries like Botswana in terms of capacity building

to foster pragmatic implementation of disruptive technologies in meteorology. The ticks in

Table 2.4 indicate programming languages for climate modelling in some southern African

countries, while the crosses indicate practical limitations (adapted from Meque [67, p. 6] 4).

Table 2.4: Tools for climate data analytics in southern Africa.

Model R GrADS Python CDO Fortran

Lesotho X 7 7 7 7

Botswana 7 7 7 7 7

Malawi X X 7 7 7

South Africa X X 7 X X

Tanzania X X X X 7

Zambia X X 7 7 7

4ftp://cscftp.sadc.int/regcm-training/Day1/
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2.4 Deployment of the toolkit

As articulated by Abbott [22, p. 16], the construction of machine learning models is not that

complicated. One of the challenges associated to them is the collection and preparation

of data into format that can be ingested into a data mining workbench. Another problem is

that of developing the data driven systems such that the generated outputs can be utilised

by end users. Though the applications of machine learning is over researched, the same

are under deployed at practical level. One way to tackle these is through the development

of weather applications [31] (i.e., web, dashboard) to disseminate weather information.

2.4.1 Dashboards for Weather Services

A dashboard is a visual display of information, consolidated and arranged on a single

screen to facilitate exchange of information between key stakeholders [63]. The use of

dashboards has been traditionally done in private companies. It is important to note that

the use of dashboards in government organisations has increased in the past years [33].

These computer applications have been used to empower the public in smart cities [63].

Since IoT facilitates the consolidation of weather data, its integration with reactive appli-

cations like dashboards could facilitate crowd-sourcing [28] of social networks. Crowd-

sourcing can facilitate exchange of weather information between weather service providers

and the public. These added value promotes transparency, participation and collaboration.

Several studies and literature reviews exist to support data science and dashboards in

government operations [33]. Matheus [63] performed a thorough literature review, coupled

with case studies to emphasise the value of data, the advantages of dashboards as well

as the risks and principles to be considered in the design of dashboards for public use. A

good example is that by Speedwell Weather 5 company (USA and Europe) which facilitates

efficacious visualisation of model forecasts for precipitation and temperature values based

on outputs from NWP models such as: ECMWF Ensemble, ECMWF Operational, GFS

Ensemble and GFS Operational. The Speedwell dashboard serves clients by visualising

weather forecasts using tables, forecast maps, as well as the box-and-Wiskers plots.

5https://www.speedwellweather.com/
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Other applications that integrate predictive analytics and dashboards include the Waze App
6 which deploys big data analytics and dashboards for instantaneous monitoring and dis-

play of road traffic and accidents via electronic panels in Rio de Janeiro City, in Brazil. This

obviously helps in decision making as drivers may avoiding routes that may lead to traffic

jams. Another application, the Moovit 7 social application, for public transport deploys real-

time GPS information on various events (i.e., break downs, traffic jams, accidents, weather

conditions) as generated by citizens during the trajectory from one location to another.

Despite the deployment of dashboard applications for empowerment of the public [63, 49]

in several sectors mentioned above, though in different countries, no measures have been

exercised locally in Botswana to address the gaps in delivery weather outputs to the public.

There is a gap in literature linking engineering and scientific studies with application de-

velopment to meet the problems pressing societies in developing countries, particularly in

Botswana. Noting that gap, this thesis is geared towards enhancing weather services; from

data collection, dataset generation, analysis; and sharing of weather outputs to the pub-

lic. The thesis attempts to fill these gaps by examining applications of IoT and predictive

analytics in Botswana using BIUST and Okavango (Tubu and Shakawe) as case studies.

The rapid growth of IoT and low-cost AWS [81, 23] have paved a way for predictive
analytics techniques like machine learning which have demonstrated to be effective in
modelling weather [36]. They have found applications in modelling weather phenom-
ena due to their simplicity and flexibility, a desirable feature in complimenting physically
based models discussed in Section 2.1. For that reason, they are found to be more
competitive and complimentary to the conventional approaches of environmental data
science [36]. It should be noted that the main aim at current is not to replace the exist-
ing climate and weather models but rather to complement their outputs. A number of
academic research have been documented in the past decades regarding the applica-
tions of data driven models in weather forecasting. Research from these demonstrates
that which method to use depends on the available data, the available electronic equip-
ments and the data mining workbenches [36]. The next chapter presents the approach
followed to design a prototype applicable for weather monitoring. It will also articulate
the methods used to make use of the collected data from any automatic weather sta-
tion maintained by SASSCAL with the objective of making use of the generated data.

Chapter Summary

6https://www.waze.com/
7https://moovitapp.com/
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CHAPTER 3

Methodology, Hardware, Software and Methods

This chapter presents the methodological approach deployed to solve the identified
problems in meteorological services at local levels. The chapter describes the meth-
ods of predictive analytics as well as the IoT devices that can enhance weather ser-
vices. The work takes an applied approach that is more pragmatic than theoretical,
with the objective of solving challenges associated to data collection, modelling, fore-
casting and dissemination of weather outputs to the public in developing countries like
Botswana. It also enunciates the mathematical formulation proposed for predictive an-
alytics, articulating the non-parametric machine learning models used in this research.

Chapter Introduction

The toolkit for SWS comprises of three main layers: Frontend, Application and Back-
end layers as shown by the diagram in Figure 2.1. The general system circuit com-
prises of the ESP8266 micro-controller connected to a sensor node to measure three
weather values (i.e., temperature and humidity using the DHT11 sensor and the atmo-
spheric pressure using the BME280 sensor). A pull-up resistor was used to manage
the amount of current passing to the DHT11 sensor. The measurements collected by
the different sensors and meters are stored a standalone database developed using
Java and SQLite. Figure 3.1 presents the flow chart (logical operation) of the proposed
SWS. The complete list of materials deployed in this work is discussed in section 3.3.2.

The Toolkit Insight
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3.1 The Proposed Pipe-line of the System

The generic end-to-end data driven pipe line used in this work is presented in Figure 3.1.

It involves the consolidation of data (data scraping and web scraping) from data sources,

data preparation (i.e., data wrangling), the generation of datasets for modelling and data

analysis. The KNN model was used to impute missing values. Non parametric models

(KNN and Random Forests) were used for modelling. Automated algorithms were also

developed to allow real time injection of data from SASSCAL’s automatic weather stations.

Tools and methods deployed in this work are summarised using a mind map in Figure 3.3.2.

Figure 3.1: The general pipe line of the proposed methodology
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Tools and
Methods

Storage

SQLite

Data Science

Graphs

Modelling

Data
Wrangling

Typesetting

Overleaf
LATEX

Data Scraping

IoT

Backend

Gateways

Frontend

Data Analytics

Statistical
Analysis

IDE

uPyCraft

TeXstudio

RStudio

Data Driven Tasks
•Data Scraping
•Data Wrangling
•Statistical Analysis
•Machine Learning
•Data Visualisation
•Dashboard design

Microcontroller
•ESP8266

Sensors
•DHT11
•BME280

•Conference papers
•Power Point
Presentations
•Posters

•KNN
•RF

•R (V. 3.6)

V. 1.1.4.63

•Web Scraping
•Sensor Reading

pMicroPython

•Mathematical Notations
•Tables
•Figures
•Algorithms

Package
•ggplot2

•MicroPython

•V. 5.91

Data Science
•Scripting
•Shiny
•Shapefiles

Figure 3.2: Mind map summarising the tools and methods deployed in this work.
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This work deployed the Cross-Industry Standard Process Model for Data Mining (CRISP-

DM) 1 methodology (see Table 3.1) [22, p. 20], [54] to guide the development of the project

from start to end. It should be noted that the original CRISP-DM as articulated in various

literature does not include the model diagnostic phase included here, which is crucial for

interpretation [70] and communication of model results to key stakeholders.

Table 3.1: CRISP-DM methodology for data driven modelling.

Phase Description
Business Understanding Problem statement, variables and conceptual mapping

Data Collection and Storage Scraping data from sensors and websites and storage
Data Understanding Examine the data; identify problems in the data

Data Preparation Data pre-processing; feature engineering, deriving variables
Modelling Construction of models and predictions

Assessment and Evaluation Evaluation, assessments; and reporting of results
Model Diagnostics Interpreting results from black box models

Model Deployment
Use of models (i.e., multi-step ahead forecasts;

web application to disseminate outputs)

3.2 Business Understanding

The business problem for this research involved the use of data generated by automatic

weather stations for predictive modelling. The main objective was to extract valuable infor-

mation that can enhance the general understanding about the evolution of weather patterns

at finer temporal resolutions. This particular phase also includes the evaluation of various

IoT technologies as well as the analysis of the required tools and data driven methods to

implement the proposed low-cost AWS prototype. These entail 1.) Identification of tech-

niques for consolidation of weather data from environmental sensors and websites, 2.)

Identification of the IoT tools for transmission and storage of the harvested data, as well as

3.) Identification of applications for dissemination of the weather data to end users. More

about this phase can be explored further in this books [22], [54, p. 65] available online.

1Some of the phases can overlap; while other phases that involve data collection and preparation can be
condensed into data scraping and data wrangling through scripting.
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3.3 Data Collection and Storage

Data acquisition is the first step in predictive analytics. It is irrefutable that without data,

no predictive model can be constructed. This work deployed data scraping (i.e., reading

temperature and humidity data from the DHT11 and BME280 sensors, and extracting data

from a web site) techniques for weather data collection. Data scraping [73] is a general

term used to refer to the process of deploying computer software to extract values from

data repository like electronic weather sensors and websites for further data operations.

The measurements collected by the weather sensors are archived in the SQLite database.

3.3.1 Hardware for Data Scrapping

This is a low-cost microcontroller that supports Wi-Fi networking, efficient power us-
age and reliable performance for practical applications. It is actually a simplified Pro-
grammable Logic Controller (PLC). PLC controls major industrial hardware like con-
veyor belts and power equipment. Likewise, microcontrollers like the ESP family fa-
cilitate access to peripheral devices like sensors (DHT11 and BME280) through inter-
faces such as GPIO, I2C, SPI, ADC and PWM. The ESP8266 can also be deployed as
a standalone application, or as a slave. It can, as well, be deployed as a Wi-Fi adaptor.

NodeMCU ESP8266

p The DHT11 sensor deployed in this work has four pins (see 2.2.1 and Table 2.2).
The sensor has a thermistor to accurately measure the surrounding temperature
and a capacitive module to measure humidity. It contains a small chip for analog
to digital conversion and does not include a pull-up resistor for the signal line.
This sensor operates with 3-5.5V DC with a current supply of 0.5-2.5 mA.

p BME280: The BME280 sensor is the successor of the BMP180. It is a small and
low power consumption sensor that measures absolute barometric pressure at
a range of [300,1100] hPa; and temperature at a range of [0,65]°C. It operates
at a voltage of [1.2,3.6]V and can be interfaced via I2C or SPI.

p Resistor: Pull up resistor (10KΩ) for the DHT11 sensor.

p Jumper wires: Male to male and male to female jumpers were used to connect
the components of the proposed prototype (i.e., sensors to the ESP8266 board).

Electronic Equipments
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3.3.2 Tools and Firmware for Data Scrapping

R was used for web scraping [47, 73, 117] and data wrangling [92]. The choise was
motivated by the fact that R is an open source platform for statistical machine learning
[68] and visualisations. R is pedagogically simple, flexible, extensible and versatile;
with an active community of developers contributing with various R packages. Mean-
while, it has limitations in scraping data from sensors, and this invited MicroPython.

R

This work deployed MicroPython [111], a reimplementation of Python 3 written in C, to
scrap [47] data from sensors. It was preferred because of its simpler syntax compared
to that of C/C++. C/C++ compile directly to CPU instructions while MicroPython is
an interpreted language that can run directly on microcontroller boards without any
compilations. Meanwhile, MicroPython can use more memory with less performance
compared to C/C++, but the performance hit is not that significant in practical projects.

MicroPython

Several integrated development environment (IDE) can be used to program microcon-
trollers as well is in performing data analysis operations. These include: uPyCraft and
Thorny IDE for sensor scraping. The following IDEs were selected for use in this work.

p UPyCraft: This is an easy-to-use IDE to program the ESP8266 microcontroller.
It was used in this work to code and upload MicroPython onto the controller [65].

p RStudio (Version 1.1.463): This was used for statistical coding, web scraping
[47, 73, 117], data analytics, and the design of an interactive dashboard using the
Shiny package. Shapefiles of Botswana were created using the Raster package,
then used to visualise the locations of the respective AWSs in Botswana.

p NetBeans IDE 8.2: To implement the SQLite code local data storage.

IDE

It should be noted that due to the limitation of sensors and microcontrollers, this exper-

imental set up was used only for prototyping and illustration purposes. A decision was

made therefore to make use of the data collected by the AWSs maintained by SASSCAL

and BIUST. The reason was simply to use enough data with several weather variables ad-

equate for real world applications of predictive analytics as articulated in the next sections.

25



3.4 Data Understanding and Preparation

Three data sources were explored in this work: the BIUST AWS, Shakawe AWS and Tubu

AWS. In all the cases, the unit of analysis was a snapshot (instance) of an event of weather

measured by weather sensors. Each instance (row) contained a unique weather mea-

surement and the columns contained descriptions of the weather variables. There were

more than enough data instances available for modelling. The variables for each observed

weather event were recorded (see Table 4.1). The target variable was Maximum Air Tem-

perature. Data preparation was done to examine the recorded values, identifying and im-

puting missing values. The TimeStamp variable was transformed to a date type consum-

able by R, Rattle and RWeka. A combination of two R functions was used in this task. The

function as.Date() converts the TimeStamp to a date format; then the outcome was fed into

R’s seq() function to create a sequence of dates at a resolution of twenty-four hours.

3.5 Data Management System

SQLite was used as a standalone database management system (DBMS) since it is sim-

ple to setup and use; and does not require administration. Thus, SQL is suitable for IoT

and embedded devices that minimise human-machine interaction in a SWS. The All the

commands were coded in NetBeans using Java. SQLite DBMS facilitates bundling diverse

content into a self-contained and self-describing packages for transferring data across plat-

forms. The current version of the toolkit implements three basic operations: Creating a

database, inserting an observation and retrieving the desired weather instances.

3.6 Modelling: Predictive Analytics

Predictive analytics [22, 54] is an inter-disciplinary research that integrates different fields

[41, p. 6] such as: cybernetics, mathematical optimization, statistical machine learning and

other data driven technologies such as visualisation, analysis, knowledge discovery, pre-

dictions and dissemination. The integration of these tools and methods facilitate scientific

understanding and the gaining of knowledge [25, p. 2], [25, p. 3] from data. Data-driven

algorithms induce models from data by identifying the optimal topology of a given model.
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Let D in 3.1 be a matrix with n covariates xi,j ∈ X and an endogenous variable yi ∈ Y .
These can be instances harvested using weather sensors discussed in section 2.2.1:

D = {xi,j, yi|xi,j ∈ <n ∧ yi ∈ <}, (3.1)

The goal is to construct a learner (model, approximator, function or a rule) to map X
to Y using only the data at hand. The regression problem is thus defined as z:

z : <n → <. (3.2)

This can be defined as a data driven model targeting at generating a set of objective
functions (learners) ` [43, p. 21] in 3.3: that replicate the best configuration for z:

` = z(D|x, y) + ε, (3.3)

where ε is a noise (error) random variable (satisfying Equation 3.4) to account for the
fact that X may not contain enough information to perfectly predict Y :

E[ε|X] = 0. (3.4)

The optimal leaner ` is useful in inferences and predictions [34, p. 32] in the real world.
In inferences, the objective is to understand the relationship between the predictor
variables in xi,j ∈ X and the dependent yi ∈ Y with some error ε [57, p. 1], [113].
The assumption here is that, the more we know about the factors related to some
target outcome, the better we can predict that target upon the presence of new data.
In predictions, a function z(·) is induced to make predictions of the target Y using:

Ŷ = ẑ(D|x, y) + ε, (3.5)

where ẑ is the model to estimate for z, and Ŷ is the predicted output for Y.Meanwhile,
some scenarios integrate both inference and prediction into one. The choice of z may
depend on the domain knowledge, experience or just the setting of the business prob-
lem. As articulated by Abbott [22, p. 13], predictive analytics has much in common with
data mining, hence sharing the same algorithms and approaches. Gibert et. al. [36]
presented a detailed guideline of data mining for environmental data science. Other
researchers [70, 26, 42, 25, 55] have contributed with strategies of interpretability for
better understanding in machine learning algorithms for data mining. The common
loss functions for machine learning models are derived using calculus of variations;
and they include: the mean squared error (MSE), mean absolute error (MAE) and
the Root Mean Squared Error (RMSE); see [34, p. 70],[12, p. 40] and [37, p. 13]:

MSE = z∗ = argminzEx,y PD ||y −z(x)||2, (3.6)

MAE = z∗ = argminzEx,y PD ||y −z(x)||1, (3.7)

where y is the target value, while z(x) is the predicted value. Possible predictive
models include Neural Networks, Support Vector Machines, and Gaussian Processes.
Meanwhile, KNN and Random Forests were chosen since they are interpretable.

Mathematical Problem Statement
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Before embarking upon the proposed methods deployed in this work, it is very important to

note that machine learning problems can be either solved using randomised algorithms like

the Las Vegas (LV) and Monte Carlo (MC) Methods [94]. LV algorithms either return pre-

cise solutions or an acknowledgement of failure, while MC algorithms return approximate

solutions with a random amount of error. LV algorithms are practically intricate to achieve,

leaving a room for MC algorithms to be applied in most applications as seen in this work.

3.6.1 Monte Carlo Methods in Machine Learning

A MC estimate of a particular quantity of interest is formed by drawing samples from some

probability distribution [93]. Sampling provides a flexible way to approximate many sums

and integrals at reduced costs [93]. MC sampling is suitable in approximating sums or

integrals that cannot be computed exactly (i.e., a sum with an exponential number of terms

and with an unknown exact simplification). In such cases, the sum or an integral can

be viewed as if it was an expectation under some distribution and then approximate the

expectation by a corresponding average. In the case of a regression, we have the formula:

` =

∫
p(x)z(x)dx = Ep[z(x)], (3.8)

where p denotes a probability density over a random variable x. Thus, ` can be approxi-

mated by drawing n samples of xni from p and forming the empirical average

ˆ̀
n = n−1

n∑
i=1

z(xi). (3.9)

The approximation in 3.9 is justified by the fact that the estimator ˆ̀ is unbiased since

Ep[ˆ̀n] = n−1
n∑
i=1

Ep[z(xi)] = n−1
n∑
i=1

` = `. (3.10)

Moreover, the average converges almost surely to the expected value if xi are i.i.d (by LLN),

lim
n→∞

ˆ̀
n = `, (3.11)

provided that the variance of the individual terms, σ2[z(xi)], is bounded.
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3.6.2 K-Nearest Neighbours (KNN)

This instance-based type of lazy learners [46, p. 128] deploys a lookup table of historical

instances to model new ones [22, p. 254],[43, p. 33]. It is a local and interpretable model

[70, p. 76] where a new instance ŷ is modelled based on the outcome of the Function

3.12 (see [54, p. 264]) applied to k selected nearest neighbours ℵk(x∗)2 to be considered

around the data point of interest [22, p. 254]. The KNN is not sensitive to outliers.

ŷ = k−1
k∑

xi∈ℵk(x∗)

xi. (3.12)

Here, x is a set of regressors, and ŷ is the vector of predicted variables. The task involves

choosing the optimal k and the similarity measure for the distance from a data point to its

neighbours. The Euclidean distance is commonly used [22, p. 258],[54, p. 238]. The value

of k can be determined through an iterative search like starting with a small number of k,

and evaluating the loss function while increasing k until the testing data error rate increases

beyond the set threshold [22, p. 256]. The predictions generated by the models can be

explained using the retrieved k-neighbours deployed for the prediction. This is simple with

fewer predictor variables but it can be intricate when the dimensional data increases [70, p.

77]. KNN has been widely deployed in a variety of forecasting applications [96], [20].

3.6.3 Tree Based Models for Regression

Decision trees are non-parametric local estimators that predict the value of a target variable

using the divide and conquer method [22, 46] to minimise the entropy (objective function):

H(Y |X) = minimize{SSE = n−1
k∑
j=1

nj∑
i=1

(yi − µj|µj∈Xj
)2}. (3.13)

Given the dataset X with n observations, the idea is to identify the variable x which leads

to the highest information gain when using it as a split criterion. Splits are performed along

the dimensions with the most reduction of error within areas of the target space j condi-

tioned on the predictors X [12], propagating down the leafs. The final value assignment is

calculated as a weighted average of the leaf node values µk. The outer sum goes over all k

2A neighbourhood ℵk(x∗) is an open ball of radius ε centred at the minimiser x∗, and it is defined as
ℵk(x∗) = {x ∈ <n : ||x− x∗|| < ε } excluding the boundary of the ball.
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data areas {Yi, Xi} of size mj . The inner sum runs over squared differences between the

target yi ∀ Xi ∈ J . Decision trees are easy to visualise and interpret when few trees are

used. They can scale well as the number of variables increase [22]. They have a built-in

variable selection for dimensionality reduction through variable importance measures.

3.6.4 Random Forest

A Random Forest (RF) model [9] is a robust non-parametric method that is considered to

be an instance of Bagging [88, p. 2]; and can be implemented using Equation 3.14:

ẑRF (x) = n−1
n∑
i=1

`i(Di;x), (3.14)

where the dataset D defined by x is the input to the model function `. They are distributional

free models that require no functional assumptions on the data variables [27, p. 1].

This approach optimizes predictive accuracy by fitting an ensemble of trees to stabilize

model estimates. This is done by growing a set of different and uncorrelated standalone

tree models then average predictions of all trees to assess the overall performance. Each

tree is grown (using a set of n bootstrap samples) by recursively partitioning the population

based on optimization of a split rule over the m-dimensional variable space. At each split,

a subset of ṁ ≤ m candidate variables are tested for the split rule optimization, dividing

each node into two daughter nodes, recursively, until the process reaches the stopping cri-

teria (i.e., using node purity or node member size). The idea is to reduce variance σ2 and

improving the performance of the model [10, p. 17]; which ultimately avoids over-fitting.

3.7 Model Diagnostic Methods

3.7.1 Variable Importance Measures

Variable importance (VIP) [9] measures quantifies the global effect of input variables to

the predictions generated by a model [85, p. 32]. They are computed by averaging the

increase in squared errors ("%IncMSE") when the variable is permuted [41, p. 16]. VIP

facilitate explanations based on the weight and magnitude of the modelling variables. The

challenge with these measures is that they are tied to the error of the model [70, p. 102].
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3.7.2 Partial Dependence Plots

Partial dependence plots (PDP) are graphical renderings that visualise the marginal effect

of input-output relationships (i.e linear, monotonic or more complex) [32] in a reduced fea-

ture space [41, p. 16], [27, p. 14]. The function zS(xs) for regression is estimated using

the Monte Carlo method in section 3.6.1 [55, p. 4], and implemented by Greenwell [40]:

zS(xs) =

∫
pc(xc)ẑ(xs, xc)dxc = Exc [ẑ(xs, xc)], (3.15)

pc(xc) =

∫
p(x)dxs, (3.16)

where zS is the output from a ML model; xni = xs ∪ xc; xs is a set of interest, and xc is its

compliment, while pc(xc) is the marginal probability density of xc. The assumption here is

that xs and xc are uncorrelated. The set xS usually contains one variable (for 2D plots) or

two variables (for 3D plots). Roshanak et. al. [77] used PDP to identify the most influential

variables in explaining the variability of hurricane-induced electric power outage durations.

3.8 Deployment

This is the final stage of the CRISP-DM methodology proposed in this research. The ap-

proach taken in here was that of using the developed application for visualisation and dis-

semination of weather data and model outputs to final consumers. A dashboard application

was developed (using the Shiny package in RStudio) for dissemination of final outputs.

This chapter aimed at articulating the step-by-step activities towards the achievement
of the research objectives. Data scraping was proposed to extract the weather data
from the sources, while data wrangling was proposed to generate datasets for mod-
elling. Statistical metrics were proposed to analyse and interpret the data before and
after modelling. The proposed automated scripts are crucial for collection of real-time
data from electronic sensors and weather data repositories. On the other hand, the
non-parametric models have the advantage that they are simple and more flexible
since they do not require assumptions about the data distributions, requiring less data
preparation, hence saving time [22, p. 6]. Random Forest have built-in functions for
feature engineering to facilitate dimensionality reduction. Random Forests also facili-
tate the functionality of partial dependence plots for machine learning interpretability.

Chapter Summary
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CHAPTER 4

Experimentations, Application Design and Results

This chapter presents a detailed description of the experimental set up and proce-
dures for harvesting the data used for predictive modelling. The data is collected from
electronic sensors as well as from the SASSCAL website. The data collected from the
BIUST AWS is used for comparison of multi-step aheading forecasting using time se-
ries for regression. The weather data collected from the SASSCAL repository is used
for analysis of maximum air temperatures in the Okavango Delta. The experimental
outputs are deployed using a dashboard application developed through this work.

Chapter Introduction

4.1 Experimental Set-up

The main task here was to scrap the data from data sources such as: websites or sen-

sors, then feed it into data mining workbenches for predictive data analytics. Figure 2.1

presents the IoT AWS pipe line. The general flow of weather data from the experimental

set-up consisted of: sensors (BME280 and DHT11), breadboard, resistors, jumpers and

the ESP8266 MCU. The first task was to flash the firmware on to the ESP8266 microcon-

troller in Figure 4.1 for programming with MicroPython. The back-end layer is used for data

storage, processing, predictive modelling and dissemination of end products to consumers.
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Figure 4.1 shows the GPIO maps for the ESP8266 module; a low-powered computer

system-on chip integrated with a 32-bit processor. The ESP8266 was selected for prototyp-

ing since it is a simple-to-use and ready made board with low-costs, suitable for prototyping

in smart weather systems. It has 64 KB of RAM and a 64 KB boot ROM, and a data RAM

of 96 KB. It comprises of input/output pins to attach external electronics components like

sensors, relays and resistors for control and management of other electronics devices.

Figure 4.1: The ESP8266 module used for prototyping.

To make it work, one just need to connect the some wires: the GND and VCC from the

sensor to GND and 3.3V in ESP8266. The BMP180 and DHT11 use 3.3-5V, so they were

connected to the 3.3 V pins on the ESP8266 board. Though the proposed sensors mea-

sure temperature, humidity, and barometric pressure, this work only focused on tempera-

ture and humidity, since most of the illustrations are constrained to analysing and predicting

maximum air temperature. The uPyCraft software (see Figure 4.3) was used for micropro-

gramming since it simple and easy to learn; with a friendly graphical user interface. It

should be noted that the most motive behind this project was to investigate the tools that

can facilitate the extraction of data from electronic sensors. The idea is that once mastered,

the techniques can be transferred to any application of mechatronics and instrumentation.

For instance, industrial plants and scientific laboratories deploy thermocouples and infrared

temperature sensors to capture light or temperature given off by certain objects.
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Figure 4.2: The proposed prototype to collect temperature and relative humidity.

4.1.1 Sensor Data Scraping

The uPyCraft IDE (see Figure 4.3) was used to flash the firmware to the ESP8266 board.

Sensors were connected to the breadboard using jumpers. This work deployed the DHT11

sensor with four pins. Therefore, a pull-up resistor (10KΩ) was connected between the

V CC pin and the data line to connect the unused input pin to keep the V CC high. Like-

wise, the BMP280 sensor was firstly soldered, then connected to the breadboard as well.

Algorithm 1 was used to implement the MicroPython code for data scraping. The class

Pin was imported from the machine library (line 1), a low-level abstraction containing func-

tions related to the hardware (i.e., timers, communication protocols, CPU, etc.,) to define

the pins to be used for connections. The sleep method (line 7) was imported from the time

module to facilitate configuration of time delays to sample the data. The dht and bmp mod-

ules were imported (line 2 and 3) to be used by the functions that read data from the DHT11

and BMP280 sensors. The dhtSensor object was created to read the data and transmit it

through the GPIO 14 pin on the ESP8266 module. The functions in line 12-13 were used

to read temperature and relative humidity. The values were written onto a file (as seen in

Figure 4.3) to be exported for further analysis. The algorithm was then uploaded to the

ESP8266 which was then reset to ensure that it promptly boots up from the external flash.

This allowed the measured weather data to be saved at every configured time intervals.
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Algorithm 1: Sensor data scraping using MicroPython

/* Set the path to the webpage file */

1 from machine import Pin /* define pins */

2 from time import sleep /* for sampling */

3 import dht /* invoke the dht driver */

4 import bmp /* invoke the bmp driver */

5 delay = 15
/* Note that if the sampling rate is high,

more data will be measured. This might

not be ideal in some cases, for

instance, if the interval is small,

most of the measurements will be equal

as seen in Fig 4.3. */

6 while True: do
7 Try:
8 sleep(delay)
9 dhtSensor = dht.DHT22(Pin(14))

10 dhtSensor.measure()
11 bmpSensor.measure()
12 temp = sensor.temperature()
13 hum = sensor.humidity()
14 miFichero.write(‘%3.1f,’ %temp)
15 miFichero.write(‘%3.1f’ %hum)
16 except OSError as e:
17 print(’Failed to read sensor.’)

Figure 4.3: The uPyCraft environment displaying the measured values.
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4.1.2 Web Scraping

The following algorithm was designed to automatically scrape data from the SASSCAL

weathernet for a given automatic weather station. The user can specify the desired location

and the desired temporal resolution (hourly, daily or monthly); all of which are dictated by

the file path and the index of the table containing the weather observations.

Algorithm 2: Web scraping using R scripting

/* Set the path to the webpage file */

Input: File Path: of type String
Output: A matrix of climatological values

1 while (FilePath is V alid) do
2 miCamino = "FilePath";

/* Read the HTML page */

3 mistablas←
readHTMLTable(miCamino)
/* Select the desired table */

4 miFichero← mistablas[Indexo]

5 return miFichero; // Return the table

The argument to the algorithm is the path to the file to be scrapped. The source is read

using the readHTMLTable to scrape all the tables containing the meteorological values in

that file into a temporary file mistablas on a local host for further processing. The final

task involves manoeuvring through the various tables contained in mistablas to select the

desired matrix miFichero of weather elements to be used for modelling. In case of a file

located on a local disk, the read.table() or read.csv() function can be used to load a csv or

an excel file. The resultant object is converted to a data-frame using the as.data.frame().

The next step will be to explore the dataset to get insights about the imperfection of data.

4.2 Weather Monitoring: Application Design

This work deployed the Shiny package [13] to develop a dashboard App in RStudio (see

Figures 4.4 and 4.5) and turn statistical analysis into interactive web App [15, p. 22] using

Algorithm 3. A Graphical User Interface (GUI) was created using the fluidPage() function to

assemble some HTML functionalities for the App. The App’s functionalities are instantiated

via the dashboard page. It deploys an AdminLite as a theme built on top of a Bootstrap grid

layout that can be occupied by HTML elements. A dashboardSidebar() function facilitates

a quick navigation through the functionalities of the developed App such as: visualisation

of data, weather analytics, weather forecasting and the generation of weather reports.
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Algorithm 3: For the weather dashboard. The file path FP is used to fetch and
parse the data into a table (Tablas), containing the modelling dataset yi.

Input: Data set path, n, BS,h,LGS,k,y_i
Result: Interface for analytics and

visualisation

1 while Interactive do
2 gui← fluidPage( miCamino← "FP "
3 Tablas← parseTheTables(miCamino)
4 miFichero← Tablas[Indexo]
5 myTitle← dashboardHeader(...),
6 mySideBar← dashboardSidebar(...),
7 myBody←dashboardBody(

fluidRow(...)) );
8 server← function(input,output) {
9 X = Actual← tail(MAXTMP[(n-(LB)):n],h)

10 ModelKNN ← ŷ = 1
k

∑k
i=1 xi

11 Y = PredictedV ←
ModelKNN$prediction

12 dif← abs(X-Y); pos← dif <= 2;
dif[pos];

13 %Accuracy←
((size(dif[pos]))/size(dif))*100;

14 myPlots←
PlotFunction(Preds,LosFunc,...) };

15 shinyApp(gui, server);
16 end

The dashboardBody() function was used to design the dashboard page to contain among

others: regular Shiny output contents such as the tables containing the weather data, scat-

ter plots and the summary statistics generated via the predictive models. The server()

function constructs a list of R objects to manipulate all the outputs to be displayed by the

dashboard App. The vector variable X contains the actual time series of the maximum

air temperature. This variable is to be used for uni-variate time series forecasting using

the KNN (ModelKNN ), and the predictions are stored in vector Y. The next instructions

determine the accuracy regarding the predictive performance as articulated below:

%Accuracy =
TotalHITS

TotalPredictions
∗ 100. (4.1)

Thus, the accuracy percentage was computed as the ratio of correctly predicted obser-

vations (<= ±2) for the summer season multiplied by 100. Finally, the shinyApp function

combines the GUI and Server into a functional dashboard App in Figure 4.4. The App can

then be used by end users to access or visualise weather outputs as seen in Figure 4.4.

37



The raster package was used in conjunction with the maptools package to manipulate

shape-files and generate geographic data like the Botswana map depicted in Figure 4.4.

Figure 4.4: Visualising the distribution of AWSs in Botswana using the developed App.

Lets take the BIUST AWS 1 for instance, and run it through the proposed methodology.

The BIUST AWS is located at 22.5946° S, 27.1233° E in Palapye, Botswana (see Fig-
ure 1.1). It was installed and commissioned in August 2016, with sensors polling data
using the XConnect software at hourly intervals (can be reconfigured to minutes). The
harvested data include (see Table 4.1): minimum and maximum (wind speed in m/s,
relative humidity in %, air temperature in °C), average wind direction in °, precipita-
tion (mm), Barometric Pressure (mBar), Global Horizontal Irradiation 1HR (W/m2),
Global Horizontal Irradiation 24HR in W/m2, Solar Radiation, and Total Suspended
Particulate. The modelling data used for this particular experiment ranges from 12-01-
2018 to 28-01-2018 at intervals of 60 minutes, with 425 instances (observations).

The BIUST AWS

1The image of this AWS also appears on the cover page of this thesis.
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Notations for the measurements collected from the BIUST AWS are shown in Table 4.1.

Table 4.1: Variables contained in the collected data set the BIUST AWS.

Measurement TEMPERATURE WIND SPEED

Level Maximum Minimum Average Maximum Minimum Average
Notation ATMAX ATMIN WSMAX WSMIN

Measurement RELATIVE HUMIDITY PRECIPITATION

Level Maximum Minimum Average Hourly Daily Average
Notation HMAX HMIN PC PCAA

Measurement ATMOSPHERIC PRESSURE IRRADIATION

Level Maximum Minimum Average Hourly Daily
Notation BP GH1HR GH24HR

Measurement Total Suspended Particulate Solar Radiation

TSP SOLRAD
Measurement BATTERY AVERAGE WIND DIRECTION

BATT WDAVG

The data can be loaded and visualised using the dashboard App as seen in Figure 4.5.

Figure 4.5: Visualising the BIUST AWS data using the developed dashboard App.

This is crucial for meteorological service providers as well as other end users that might

be interested in monitoring weather, or those interested in using the historical weather data

that is stored in a database. In essence, the implemented functionality can be put into

action to disseminate AWS weather data to end users; thus bridging the gap experienced

by various organisations like the BIUST and BDMS to meet the demands of their clients.

Section 4.3 in continuation deploys the BIUST data for univariate temperature time series.
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4.3 Temperature Time Series Forecasting using KNN

As highlighted in section 1.1 of the introduction, the BIUST AWS lacks the backend layer.

This section articulates the proof of concept regarding the use of these data for weather

forecasting. The experiments deploy a methodology developed by Martínez et. al. [59] for

regression on a time series forecasting using KNN (see Equation 3.12). The work com-

pares two approaches for multi-step ahead forecasting. The Euclidean distance [70, p. 76]

was used as the similarity measure. More details are documented in [108, 8, 107, 109].

1. The Recursive Multi-Step Ahead strategy in Equations 4.2 and 4.3 iteratively uses a

one-step ahead model multiple times to make future projections [1, p. 79]. The forecast for

the prior time step is input to the next time step and the process repeats in each step:

zt+1 = z(xt−1, xt−2, ..., xt−n), (4.2)

zt+2 = z(zt+1, xt−1, xt−2, ..., xt−(n+1)), (4.3)

where zt+i are forecasts. This strategy has the drawback of propagating errors from one

time step to another. Furthermore, it can be biased for nonlinear systems [108, p. 3] and

the model performance can quickly degrade as the forecasting horizon increases [1, p. 79].

2. The Multi-Input Multi-Output (MIMO) strategy in Equation 4.4 develops one model that

is capable of generating the entire forecast sequence at a go [109, p. 5],[1, p. 72] as:

zt+1,zt+2, ... = z(xt−1, xt−2, ..., xt−n). (4.4)

This strategy is characterized by the use of a vector of target values with length equal to

the number of horizons to make forecasts using the same model structure. This particular

constraint diminishes the flexibility and the consistency of the single-output approaches

[109, p. 5] which might lead to possibility of biasing the final performance of the model. The

value of k was determined through an iterative search starting with k = 2, and evaluating

the loss function while increasing k to 62 until the testing error rate increases beyond the

set threshold [22, p. 256]. The proposed strategies were compared in making multi-step

ahead forecasts at different forecasting horizons (18, 20, 22, 24, 48, 72, 96 and 120).
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4.3.1 Results on Temperature Time Series Forecasting

The models were evaluated using different batch sizes in hours: 48, 72, 80, 100, through

240 as seen in the first column of Table 4.2, where: BS is the batch size, LGS is the number

of lags, while K is the number of nearest neighbours to be used for predictions. Several

experiments were conducted in a trial and error fashion for each strategy. The MAE and

Correlation Coefficient (r) were recorded to evaluate the different configurations.

Table 4.2: Predictive performance of MIMO vs Recursive multi-step ahead strategy.

Config Horizon Size: 18 Hours Horizon Size: 20 Hours Horizon Size: 22 Hours Horizon Size: 24 Hours

[BS|LGS|K] MAE r MAE r MAE r MAE r
[48|20|2] [2.53] [2.88] [0.44] [0.32] [1.70] [2.18] [0.70] [0.56] [0.42] [1.13] [0.98] [0.86] [0.42] [0.40] [0.98 [0.98]
[72|24|3] [2.70] [2.82] [0.39] [0.31] [1.92] [2.03] [0.65] [0.61] [0.75] [0.81] [0.94] [0.92] [0.76] [0.63] [0.93] [0.94]
[80|20|2] [2.53] [2.88] [0.44] [0.32] [1.70] [2.18] [0.70] [0.56] [0.42] [1.23] [0.98] [0.86] [0.42] [0.40] [0.98] [0.98]
[100|20|2] [2.53] [2.88] [0.44] [0.32] [1.70] [2.18] [0.70] [0.56] [0.42] [1.23] [0.98] [0.86] [0.42] [0.40] [0.98] [0.98]
[120|62|2] [3.24] [2.98] [0.19] [0.23] [2.56] [2.29] [0.43] [0.51] [1.68] [1.18] [0.70] [0.84] [1.02] [0.40] [0.97] [0.98]

Config Horizon Size: 48 Hours Horizon Size: 72 Hours Horizon Size: 96 Hours Horizon Size: 120 Hours

[BS|LGS|K] MAE r MAE r MAE r MAE r
[144|20|3] [2.18] [0.99] [0.85] [0.95] [2.11] [1.62] [0.86] [0.93] [1.03] [1.75] [0.95] [0.91] [1.02] [1.81] [0.96] [0.88]
[168|40|3] [1.94] [1.24] [0.93] [0.92] [0.94] [1.73] [0.96] [0.90] [0.99] [1.80] [0.96] [0.91] [1.02] [1.82] [0.96] [0.90]
[192|62|3] [0.66] [1.89] [0.99] [0.80] [0.75] [2.04] [0.98] [0.79] [0.80] [1.20] [0.98] [0.93] [1.02] [1.37] [0.96] [0.93]
[216|60|8] [1.44] [1.66] [0.95] [0.93] [2.61] [3.02] [0.84] [0.92] [2.17] [3.01] [0.84] [0.85] [1.50] [2.53] [0.92] [0.84]
[240|24|6] [1.70] [1.15] [0.94] [0.93] [2.66] [1.74] [0.93] [0.89] [2.70] [1.95] [0.90] [0.88] [2.83] [2.14] [0.77] [0.84]

The first column of Table 4.2 shows that the MAE is high between 2.53°C and 3.24°C at

initial phase when forecasting 18 hours in advance using the batch size ranging from 48 to

120 hours. The MAE suddenly reduces when increasing the forecasting horizon, while the r

increases to show confidence in the model predictions. Increasing the number of batches

for the look-up table seems to yield desirable error. Meanwhile, there are no significant

improvements regarding both MAE and r statistics when making multi-step ahead forecasts

up to 24 hours of horizon size and beyond that. Equation 4.1 was used to score the

respective configurations for each forecasting horizon and results are shown in Table 4.3.

Table 4.3: Accuracy (in %) of the strategies for various configurations of MIMO (Mi) and
Recursive (Ri) evaluated for the horizons: 18, 20, 22, 24,48, 72, 96 and 120 hours.

Horizon M1,R1 M2,R2 M3,R3 M4,R4 M5,R5 Horizon M6,R6 M7,R7 M8,R8 M9,R9 M10,R10

18 50,50 50,50 50,50 50,39 50,50 48 48,81 58,69 98,54 75,35 60,83
20 70,55 70,60 70,55 70,55 70,55 72 44,63 93,61 97,58 42,29 33,68
22 100,82 91,86 100,82 100,82 100,82 96 89,60 86,58 96,80 53,27 38,56
24 100,60 92,58 100,80 100,27 96,56 120 89,59 89,58 89,75 68,42 45,50

Average 80,62 76,64 80,67 80,54 79,61 Average 68,66 82,62 95,67 60,33 44,64
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Figure 4.6: Scatter plots and Pearson’s correlation coefficients illustrating the linear rela-
tionship between the actual values of maximum air temperature and the predicted maxi-
mum air temperature using the Recursive strategy.
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Figure 4.7: Scatter plots and Pearson’s correlation coefficients illustrating the linear rela-
tionship between the actual values of maximum air temperature and the predicted maxi-
mum air temperature using the MIMO strategy.
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Figure 4.8: Graphs showing the multi step ahead forecasts using the MIMO (blue) and
Recursive (red) strategies with some perfect fit by both strategies. The blue trend depicts
the MIMO; the red one depicts the Recursive, and the green trend for the observed values.
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One of the tasks of this work was to embed predictive models into a dashboard
application (see Figures 4.4 and 4.5) for dissemination of weather products to make
use of the data generated by the automated weather stations. Thus, this section
articulated that proof of concept for deployment of predictive models, which is the last
phase of the CRISP-DM process [103] and hence predictive analytics as articulated
by Dean in Chapter 12 [22]. A decision was made to use a non-parametric algorithm
(KNN) for weather forecasting. Two strategies were compared for multi-step ahead
forecasting of maximum air temperature, which are: MIMO and the Recursive strategy.

The predictions for the horizons below 20 hours were unstable and not within
the acceptable threshold of ±2 (see column 1 of the upper part of Table 4.2) for
January which is summer. Meanwhile, the predictions stabilised from around 22 hours
of forecasting horizon, with a reduction in MAE and an increase in r. The MIMO
outperformed the Recursive strategy for most of the forecasting horizons in terms of
MAE and correlation coefficient. These can be seen well in Table 4.3, which displays
the predictive performance expressed in terms of percentages using Equation 4.1.

The MAE, r and the average (AVG) percentage of accuracy all showed that the
best mutli-step ahead forecasting strategy was MIMO, which achieved a total average
of 74%; while the Recursive strategy achieved a total percentage average of 65%.
The 3rd configuration gave the best results for predictions in the forecasting horizon
range from 18 to 24 achieving scores of 80% and 67% for both MIMO and Recursive
respectively. The 8th configuration gave the best results in the forecasting horizon
range from 48 to 120 hours, with scores of 95% for MIMO and 67% for Recursive.

The scatter plots and Pearson’s correlation coefficients agree (i.e., r > 0.75)
with the linear relationship between the actual values and the predicted values of
maximum air temperature using KNN for both MIMO (Figure 4.7) and the Recursive
strategy (Figure 4.6). The plots are labelled with the horizon in hours, the correlation
coefficient, and the equation for the best line of fit respectively. Figure 4.8 presents
graphs showing a typical configuration (BS = 192, LGS = 62, and K = 3) using the
MIMO and Recursive strategies with some perfect fit by both strategies. The blue
trend depicts the MIMO; the red one represent the Recursive strategy, and the green
for observed values. All these demonstrate the value added by IoTs and predictive
analytics (data scraping, data wrangling and data analysis) for weather nowcasting.

On a different note, it was observed that when dealing with batch sizes contain-
ing more instances, the results in this case are good, with lower MAE and higher
r, demonstrating that the KNN model is able to mimic the trend of the maximum air
temperature sufficiently, especially when taking K = 3, and using 62 lags. It was noted
that the predictive performance for both model configurations improved very much as
the batch size increases. Another interesting point noted here is that the performance
also increased when increasing the forecasting horizon beyond 18 hours. Meanwhile,
the performance deteriorated beyond 120 hours for both strategies which can be
attributed to the chaotic nature of the weather system at finer temporal resulutions.

Sub-discussions on Temperature Time Series
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4.4 Enhancing Access and Making Use of SASSCAL’s Data

In 2012, the German Federal Ministry of Education and Research collaborated with five

southern African countries (Angola, Botswana, Namibia, South Africa and Zambia) to initi-

ate SASSCAL: The Southern African Science Service Centre for Climate and Land Man-

agement. The main goal was to foster regional networking for scientific research, innova-

tion and knowledge generation to mitigate challenges brought by climate variability to the

local people. SASSCAL therefore became a service provider to meet the demand of vari-

ous key stakeholders. These include: researchers, farmers, students and other clients who

need advisory services, information support, innovation management and capacity building

to support sustainable economic development in the southern African region.

To achieve its goals, SASSCAL installed AWSs for environmental monitoring in the re-

gion. This was complimented by the development of an online platform2 to disseminate

data to end users (see Figure 4.9). This is a significant contribution, considering the value

of weather observations in weather forecasting and sectors such as: agriculture, water

management and energy. However, efficacious access to this data is not trivial.

Figure 4.9: The SASSCAL platform for dissemination of weather data

2www.sasscalweathernet.org
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Most of the end users find the Earth Observation (EO) data inaccessible and highly tech-

nical [64, p. 28] [110, p. 15] [84, p. 21]. This is a crucial barrier in data science and

modelling. In essence, no data driven project can start without data [22, p. 14]. This sec-

tion thus articulates the process of tackling such a limitation using techniques of predictive

analytics to enhance access and make use of the data from the SASSCAL weathernet.

4.4.1 Study Area and Modelling Datasets

The modelling data was collected from two weather stations: Shakawe (WMO No.: 68026,

Station ID: 68026) and Tubu (WMO No.: 68027, Station ID: 67591) located at the Okavango

Delta 2 in Botswana. The Okavango Delta was selected due to its interesting nature; it is a

largely vegetated water resource sustaining several livelihood strategies such as tourism,

agriculture, fishing and collection of veld products. Previous studies have reported high

temperatures in the north west region of Botswana [79, 71] compared to other regions of

the country. Silitshena et. al. [89] supported this fact basing closeness of the northern

regions to the equator. Meanwhile non of these studies linked the occurrence of high

summer temperatures to other weather variables observed in the Okavango Delta.

Figure 4.10: Location of the study area.
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4.4.2 Data Collection, Data Understanding and Preparation

Previous documentations [79, 83] reported that Botswana’s highest temperatures, partic-

ularly in the North Western [89, p. 33], are experienced during austral summers from

October to March. To illustrate that, this work deploys data from the Shakawe AWS for

the period ranging from 01-01-2015 to 31-12-2018. Algorithm 2 was used for data scrap-

ing [73] and data wrangling [29]. The collected weather variables include: temperatures

in °C, i.e., average air temperature (ATAVG), minimum air temperature (ATMIN), maximum

air temperature (ATMAX), average surface temperature (STAVG); Total Precipitation (P)

in mm; wind speed in m/s, i.e., average wind speed (WSAVG), maximum wind speed

(WSMAX), average wind direction (WDAVG) in °, average relative humidity (HAVG) in %,

average barometric pressure (BPAVG) in hPa; solar irradiance in W/m2, i.e., average solar

irradiance (SIAVG), sum of solar irradiance (SISUM) in MJ/m2; sunshine duration (SunD)

in minutes, average leaf wetness (LWAVG); average dew point (DPAVG) and average wet

bulb (WBAVG) in °C. Missing values were replaced using the KNN approach in section 4.3.

Table 4.4: Maximum, minimum and mean temperatures (in °C) recorded at Shakawe AWS.

Year Maximum Minimum Mean
2015 41.5 -0.5 23.1
2016 41.5 0.4 22.8
2017 40.6 0.8 21.8
2018 39.8 0.9 21.6

The maximum air temperature (ATMAX) was 41.5°C on the 13th of November in 2015

(see Table 4.4), while a minimum of -0.5°C was captured on the 19th of June. The mean

temperature ranged between 11.6°C and 32.5°C, with an average of 23.1°C. In 2016, the

maximum temperature reached was 41.5°C on the 31st of October, while a minimum of

0.4°C was recorded on the 23th of July. The mean temperature ranged between 12.9°C

and 32.8°C (2016), with an average of 22.8°C. In 2017, ATMAX went up to 40.6°C on the

19th of October, while a minimum of 0.8°C was recorded on the 18th of August. The mean

temperature ranged between 13.5°C and 31.6°C for this particular year, with an average of

21.8°C. Likewise, the ATMAX reached in 2018 was 39.8°C on the 18th of November, while

a minimum of 0.9°C was recorded on the 10th of September. The mean temperature series

approximately lie between 12.2°C and 31°C, with an average of 21.6°C for the year 2018.

48



Figure 4.11: Ridgeline plots depicting the mean daily temperatures in °C at Shakawe AWS.
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It can be noted that temperatures start increasing at the ending of September, culminat-

ing around October-to-January when the sun is overhead at the tropic of Capricorn [89, p.

33], then they decline gradually through March. A snap shot of daily mean air temperature

distributions (the 25th percentile, median, and 75th percentile) observed at Shakawe AWS

for the year 2015 is illustrated using the side-by-side violin/box plots in Figure 4.12. It can

be appreciated that the ATAVG diminishes gradually from around April until reaching the

lowest temperatures around June and July, leading to a colder season (May to August).

Figure 4.12: Daily average air temperature (ATAVG) distribution for the year 2015.

The asterisks (*) in Figure 4.12 identify outlier temperatures (in January, March, July, and

September), depicting observations outside the 99% range of a normal distribution repre-

sented by the whiskers. The percentile sizes of the quartiles highlight skewness for the

ATAVG distributions (January, March, June, July, September, November and December).
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4.4.3 Construction of the Random Forest Model

The seed was set to 132 (for reproducibility). Following the approach deployed in [112, p.

5], the Random Forest (RF) model was implemented using the function in Equation 4.5:

RF = f(x̂,Ds, TD, ntrees,mtry,Ns, I), (4.5)

where: x̂ is the formula interface defining the model and target variable ATMAX; Ds is

the modelling dataset, TD is an index vector indicating instances to be used for training.

The logical indicator (I) in Equation 4.5 determines whether to visualise the VIP scores

of the predictor variables (see Figure 4.14 and 4.13). This is helpful in the generation

of hypothesis when studying the relationships between variables. The optimal model was

configured using the number of trees (ntrees) and the number of variables (mtry) randomly

selected at each split to minimise the MSE [34, p. 29]. Here, f̂(xi) is the prediction of f̂ for

the ith instance. The RF ensemble was assessed by averaging predictions from each tree.

4.4.4 Determining Influential Variables for Maximum Air Temperature

The variable importance method (well articulated in this book [70, p. 100]) was used to

determine influential variables for maximum air temperatures observed at the Tubu AWS.

The RF model in 4.4.3 was fed as input to the vip() function in Equation 4.6:

V IP = vip(Object, arg), (4.6)

where, the argument Object is the RF model, and arg represents auxiliary arguments for

graphical display such as: the number of variables to display on the plot, the colours, and

other aesthetics used for visual presentation. Setting the number of trees out of the range

[70,100] does not yield a significant impact on the performance of the RF model, but rather

increases the computational cost. Each tree in a RF ensemble uses a different set of

variables, thus allowing determination of the most important variables that influence the

target under consideration (i.e., ATMAX) based on the available data only. The case wise

variable importance was used as the average percentage increase in mean squared errors

(on the test set) when the variables are permuted. The RF was fit to predict the ATMAX for

the Tubu AWS. The variable importance measures are displayed in Figures 4.13 and 4.14.
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The mean increase accuracy ("%IncMSE") was used (see Figures 4.13 and 4.14) to anal-

yse the relationship between the maximum air temperature and other variables observed

at Tubu. Only the data corresponding to months of the summer seasons were considered

(October-March) [83]. Four datasets were generated from the Tubu AWS using climato-

logical data collected between October 2016 and March 2020. The first dataset runs from

October 2016 to March 2017. The second one runs from October 2017 to March 2018.

The third runs from October 2018 to March 2019, and the fourth runs from October 2019 to

March 2020. These datasets had no missing values, requiring minimal data preparations.

Two additional variables (Timestamp and Month) were created to enhance the analysis.

Figure 4.13: Variable importance for maximum air temperature for the Tubu AWS.

Sub-figure A in Figure 4.13 corresponds to the period from October 2016 to March 2017. It

can be noted that for that particular summer period, the average relative humidity (RH) was

more influential in characterising or determining the maximum air temperature with a per-

centage of ≈ 82. This was followed by sunshine duration (SunD), recorded in minutes, and

the month with 25% and 17% respectively. Sub-figure B in Figure 4.13 corresponds to the

period running from October 2017 to March 2018. Similarly, it can be seen that the relative

humidity and sunshine duration are still found to be influential around this weather station

with 76% and 22% respectively, followed by the atmospheric pressure (BPAVG), with 18%.

From these figures (4.13), it can be appreciated that relative humidity is directly related to

maximum air temperature the most compared to other weather variables observed at Tubu.
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Figure 4.14: Variable importance for maximum air temperature for the Tubu AWS.

Likewise, sub-figure C in Figure 4.14 corresponds to the period from October 2018 to March

2019 while sub-figure D in Figure 4.14 corresponds to the period ranging from October

2019 to March 2020. Though the average relative humidity (RH) was also more influential

in both periods (51% and 69% respectively) compared to other variables, it can be noted

here that the percentage of contribution was minimal compared to the previous summer

periods depicted in Figure 4.13. Sub-figure C clearly shows that average atmospheric

pressure (BPAVG) with 35%, and sunshine duration (SunD) with 22% are also important in

determining maximum air temperature, followed by solar irradiance (SIAVG) with a 12.5%.

These experiments summarised in Figures 4.14 and Figure 4.13 clearly support Leong

in [39, p. 132] that relative humidity is directly related to air temperature (maximum). It

should be noted that the relationship between weather variables is chaotic, varying from

one location to another at specific times due to several factors, both local and external. For

instance, it can be seen that for the first period in sub-figure A in 4.13, the top three most

influential variables were: relative humidity, sunshine duration and the month respectively,

while in sub-figure B of Figure 4.13 the top three were relative humidity, sunshine duration

(SunD) and the average atmospheric pressure (BPAVG). The scenery is not the same in

the last two experiments depicted in Figure 4.14, where the top three most influential vari-

ables were: relative humidity, atmospheric pressure and sunshine duration in sub-figure C;

and relative humidity and sum of solar irradiance (SISUM) in sub-figure D respectively.
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4.4.5 Determining Marginal Effects of Predictors on Air Temperature

The Random Forest model was also fitted to the datasets articulated in subsection 4.4.4 to

analyse the partial dependencies of maximum air temperature on the rest of the observed

variables at the Tubu AWS during those respective summer periods. The following graphs

only show PDPs for the top ranked predictor variables based on variable importance mea-

sures shown in subsection 4.4.4. Figure 4.15 shows how maximum air temperature relates

to average relative humidity (as also indicated by Leong in [39, p. 132]). It can be appre-

ciated that maximum air temperature (ATMAX) decreases with respect to an increase in

average relative humidity (RH) in all the four summer periods for the Tubu AWS.

Figure 4.15: Partial dependency of maximum air temperature on average relative humidity.

In sub-figure A of Figure 4.15, ATMAX decreases from 38.8°C to 28°C as the RH increases

from 10% to 89%. In B, ATMAX diminishes from 37°C to 31.5°C as RH increases from 18%

to 95%. In C, ATMAX diminishes from 39.4°C to 35.5°C as the RH increases from 13% to

93%. In D, ATMAX diminishes from 39°C to 31°C as RH increases from 12% to 98%.
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The partial dependence plots in Figure 4.15 clearly demonstrate that the dependency of

a particular predictor variable (i.e., average relative humidity) on the target variable (i.e.,

maximum air temperature) maintains the same characteristics despite the change in tem-

poral settings (change of time). That is to say, the maximum air temperature reduces as

the average relative humidity increases though there are some slight perturbations within

the respective summer periods. For that reason, the PDP in Figure 4.16 are solely based

on a particular summer (2017-2018) in contrast to the illustrations displayed in Figure 4.15.

Figure 4.16: Partial dependency of maximum air temperature on other top predictors.

In sub-figure E of Figure 4.16, ATMAX increases from 32.6°C to 34°C as the sunshine

duration (SunD) increases from 0 to 750 minutes. In sub-figure F, ATMAX diminishes from

33.8°C to 33.1°C as average pressure (BPAVG) increases from 900 mbars to 911 mbars.

In sub-figure G, ATMAX increases from 32.3°C to 33.8°C as the average wetbulb (WBAVG)

increases from 9°C to 21.6°C. In sub-figure H, ATMAX increases from 33.3°C to 33.8°C,

then reduces as average solar irradiance (SIAVG) increases from 40W/m2 to 350W/m2.
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4.4.6 Discussions on Data Access and Utilisation of SASSCAL Data

Many organizations provide Earth Observational data using proprietary software or domain

specific user interfaces that require registrations and licences. All these add to myriad bar-

riers to data access and thus limiting the use of weather and climate data in research. This

work illustrated that these can be circumvented by integrating techniques of data science

[22] such as: data scraping [73] and data wrangling [29] as demonstrated using Algorithm

2. As a proof of concept, the collected weather data was used to analyse extreme temper-

atures around the Okavango Delta; using Shakawe and Tubu AWSs as case studies.

The results from this work concur with previous studies [83, 80] regarding an increasing

trend of maximum temperatures as seen in Table 4.4 about the Shakawe AWS. In fact, this

particular AWS recorded high maximum air temperatures in the year 2015 and 2016, which

is consistent with other results reported in literature [114]3. Meanwhile, the year 2017 and

2018 experienced a slight gradual decrease of maximum air temperatures from 41.5°C (in

2015/2016) to 40°C (in 2017) and 39°C (2018). Interestingly, the minimum air temperature

at the same weather station also increases from -0.5°C (in 2015), through 0.4 °C (in 2016),

0.8°C (in 2017) and 0.9°C (in 2018); while the mean temperature diminishes from 23.1°C to

21.6°C. In 2019, the maximum and mean air temperatures increased to 41°C and 23.3°C

respectively. It should be noted that the year 2019 has been reported as the second hottest

(after 2015) in the past decades as confirmed by World Meteorological Services (WMO) 3.

These results indicate that although there is a positive trend in general as shown in previous

studies [30, 18, 58, 97, 56] worldwide, there is variability on year by year basis. The variabil-

ity may also be attributed to the fact that weather and climate events are location specific.

The variable importance measures of the Random Forest model found the average relative

humidity to be more influential in determining maximum air temperature (see Figures 4.13

and 4.14). Likewise, using the partial dependence plots, the results demonstrate that the

maximum air temperature and average relative humidity are negatively correlated around

the Okavango Delta, particularly, around the Tubu AWS (see Figures 4.15).

3https://public.wmo.int/en/media/press-release/wmo-confirms-2019-second-hottest-year-record
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CHAPTER 5

Conclusions, Recommendations and Future Work

5.1 Conclusions

This work presented a programmable toolkit for a smart weather system to bridge existing

gaps in the availability, access and use of weather data generated by the BIUST AWS. Sev-

eral researchers have deployed microcontrollers and electronic weather sensors to develop

low-cost AWS. This current toolkit differs from these previous efforts in unique ways. First,

this work deploys MicroPython and the uPyCraft IDK to scrap data (surface temperature,

relative humidity and atmospheric pressure) from two sensors (DHT11 and BME280). The

ESP8266 module was used as a microcontroller. The NetBeans SDK was used to develop

the database management system using SQLite and Java to store the collected weather

data. Moreover, the toolkit provides functionalities for harvesting data from other online

data repositories like the SASSCAL Weathernet using the RStudio SDK. This is ideal for

crowdsourcing of weather data [66]. RStudio was also used for: statistical data analysis,

time series forecasting and the development of the dashboard. The developed dashboard

can be used for dissemination of weather outputs to end users. Thus, this toolkit provides

a complete framework for smart weather systems that support data collection, data man-

agement, data analysis, predictions and the delivering of end products to end users.
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The variable importance measures and partial dependence plots were implemented using

the Random Forest. It was found that the average relative humidity is more influential in

determining maximum air temperature (MAXAT). Moreover, an incease in relative humidty

resulted in a decrease in the observed MAXAT in the Okavango Delta. The analysis of

MAXAT is very necessary, more especially to the health sector, since they are considered to

be more related to heat waves as reported by Russo et. al. [98]. The study also examined

predictive performance of two strategies implemented through the KNN algorithm for multi-

step ahead forecasting of maximum air temperature using data from the BIUST AWS:

1. The MAE, r and the average (AVG) percentage of accuracy all showed that the best

mutli-step ahead forecasting strategy was MIMO, which achieved a total average of

74%; while the Recursive strategy achieved a total percentage average of 65%.

2. The optimum predictive performance of MIMO outperformed that of the Recursive

strategy with a 95% accuracy compared to 67% of the latter.

3. It was observed that when dealing with batch sizes containing more instances, the

results in this case are good for both strategies, with lower MAE and higher r. This

demonstrates that the KNN model is able to mimic the trend of the maximum air

temperature sufficiently, especially when taking K = 3, and using 62 lags.

4. The predictive performance for both model configurations improved very much as the

batch size increases; and when the forecasting horizon increases beyond 18 hours.

5. Meanwhile, the performance deteriorated beyond 120 hours for both strategies which

can be attributed to the chaotic nature of the weather at finer temporal resolutions.

It is noted that once the programmable toolkit and the dashboard API have been de-

signed, the development of a smart weather system for weather monitoring operations and

services is straightforward. The toolkit can lead to the ultimate design of effective and low-

cost system for weather monitoring, analytics and forecasting at BIUST. The toolkit and the

generated weather datasets can be used by students, researchers and data analysts to

evaluate machine learning algorithms to determine optimal solutions based on real world

weather data instead of using artificial data. This toolkit has potential for the integration of

smart weather devices in related applications like smart houses, smart villages, and smart

irrigations systems. The toolkit is still under development and open to contributions.
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5.2 Recommendations

Several initiatives like SASSCAL and WASCAL have been launched to provide high quality

local weather data. These data alone is useless, unless it is interpreted and transformed

into useful information and knowledge that can result in better weather services that are rel-

evant and actionable for the end user. This work recommends for collaboration of the mete-

orological service providers, engineers and other external key stakeholders (academia and

private firms) through consistent activities and interactions. The weather service providers

should continuously define the roles of data scientists, machine learning experts and appli-

cation developers (for user interfaces) in the meteorological sector. These would catalyse

the use of the available tools and resources like the generated data, data mining algorithms

and embedded systems [48]. These disruptive technologies are fast to develop and can

be very competitive. The idea is not to replace but to compliment the convectional weather

systems (i.e., to configure model outputs; variable selection and improve model forecasts).

5.3 Limitations and Future Work

This programmable toolkit is the first of its kind for smart weather operations and services in

BIUST. The toolkit integrated several development kits for various programming languages.

However, future work can focus on developing a unified package for the whole pipeline).

The main experiments in this work were conducted using only the data from AWSs. Mean-

while, results based on these point observations can lack the regional or global aspect of

external factors like cut off lows that can influence the internal variability of local weather

conditions. Therefore, more work needs to be done to experiment with more AWSs and

more data types (i.e., satellite images). All these could be coupled with NWP model outputs

and data harvested using drones to improve weather forecasts at local levels. Moreover,

a GSM module can be integrated the toolkit to enable remote monitoring of environmental

locations of interest while be able to automate events of interest like irrigations in farms; or

automate temperature control in smart houses. From an academic point of view, more ad-

vanced machine learning techniques like deep learning, including ensemble models, could

be applied on the generated weather data, i.e., to fill the missing values in local, national

and regional weather data banks, or to model environmental scenarios of interest.
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CHAPTER 6

Situational Analysis

A situational analysis was conducted through printed questionnaire and oral interviews with

the meteorological service providers and technicians responsible for AWSs in tertiary insti-

tutions. The objective was to comprehend their current technical expertise, challenges and

perspectives; taking into consideration the current state of art and disruptive technologies

in the world of work.

The attached questionnaire is a typical sample received from the officers responsible for

the AWS at the Botswana International University of Science and Technology. The ques-

tions are in black, while the responses are highlighted in red. All the respondents indicated

an interest in collaboration for enhancement of weather services delivery to end users at

all levels. This work was typeset using LATEX and TeXstudio. The situational analysis was

prepared separately from the main text. To avoid the breaking of page numbers, the situ-

ational analysis and the poster document are appended at the end after the bibliography.
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