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Abstract: This research explores the application of advanced technologies to enhance the precision, accessibility, and
effectiveness of weather forecasts, presenting benefits to individuals, businesses, and communities. The research utilises
data collected from loT-enabled weather stations, employing appropriate IoT protocols for data acquisition. This data
undergoes pre-processing and normalisation to facilitate further analysis. The primary objective is to monitor and predict
weather changes, specifically focusing on the probability of rainfall in London. This is achieved through a detailed
examination of various meteorological parameters such as temperature, humidity, wind speed, dew point, and wind gusts.
Through feature engineering, critical predictors are identified and optimised by eliminating redundant elements, thus
refining the model's efficiency. Key features such as temperature, humidity, wind speed, gusts, air pressure, and dew point
are analysed alongside temporal variables like time of day, day of the week, and seasonal patterns. The weather conditions
are classified into three categories: Cloudy, Fair, and Rain. The dataset spans from 2014 to 2023, with a 70% split for
training and 30% reserved for testing. Upon evaluating 17 distinct classifiers, the Support Vector Machine (SVM) classifier
emerged as the most effective, demonstrating an 88% recall, 70% precision, and a 78% F1-score. These findings highlight
the potential of integrating machine learning with real-time weather monitoring to predict weather patterns accurately.

Keywords: Real Time Weather Monitoring; lot; Machine Learning; Support Vector Machine; Al
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1. INTRODUCTION

Weather forecasting is vital for agriculture, transportation, energy, and disaster management. Traditionally, it relies on data
from satellites, radar systems, weather stations, and weather balloons (Mcllveen, 1992). The advent of the Internet of
Things (loT) has enhanced weather forecasting by providing real-time, high-resolution data from interconnected devices
(Balakrishnan, 2021). loT devices include sensors and actuators that collect, transmit, and receive meteorological data
such as temperature, humidity, air pressure, wind speed, and precipitation. These devices can be placed in various
locations, including urban and rural areas, oceans, and the atmosphere. The data collected is sent to centralised servers
for analysis and integration into machine learning-based weather prediction models (Banara, 2022). loT offers advantages
such as high spatial resolution, real-time data collection, and cost-effectiveness, improving the accuracy and reliability of
forecasts. However, challenges such as data quality, calibration, security, privacy, interoperability, and connectivity must
be addressed. Weather forecasting involves predicting future atmospheric conditions based on historical data and current
observations. Recently, machine learning (ML) techniques have been increasingly utilised to complement traditional
numerical weather prediction models, enhancing forecasting accuracy and efficiency. By using historical weather data,
meteorological observations, and advanced ML algorithms, forecasters can develop models that capture the complex
interactions and nonlinear dynamics of the atmosphere (Parmar, 2017). Integrating ML techniques can improve short-term
and localised weather predictions, offering valuable insights for mitigating extreme weather events and climate change
impacts. Techniques used include regression models, time series analysis, neural networks, ensemble learning, and deep
learning. Support Vector Machine (SVM) is a powerful supervised learning algorithm popular in weather forecasting. It is
useful for classification and regression tasks, making it applicable to various weather prediction aspects. This work explores
the application of SVM techniques in weather forecasting and their advantages in capturing complex relationships within
meteorological data. (Wagas, 2023).

2. CURRENT STATE-OF-THE-ART

Researchers have improved the accuracy of daily, monthly, and annual rainfall prediction by utilising machine learning
algorithms, big data analysis, and data mining approaches. Their findings indicate that machine learning approaches are
replacing data mining techniques in the prediction process and outperform conventional deterministic approaches in
forecasting rainfall and weather (Kowar, 2012). This research examined various machine learning techniques to determine
the best algorithms for accurately predicting rainfall in London. Below is a summary of related state-of-the-artwork to provide
a better understanding and analysis of the research problem. Praba et al (2018) have developed a weather forecasting
system leveraging loT to provide real-time data, stored in the cloud, and used the Support Vector Machine method to
forecast rainfall. Verma et al (2020) have implemented a real-time weather forecast system using various sensors and
uploaded data to a ThingSpeak cloud server using an ESP8266-01 module and NodeMCU. They used a logistic regression
model trained on pre-recorded sensor data, achieving an 84% prediction accuracy, or performing models using Atrtificial
Neural Networks and Decision Trees. Sankarnarayan et al (2020) have proposed a deep neural network model to forecast
flooding likelihood based on temperature and rainfall intensity. They found that deep neural networks had the best accuracy
(89.71%) compared to other models using SVM, KNN, and NB.

In order to assess the effectiveness of eight statistical and machine learning models that use atmospheric synoptic patterns
to predict long-term daily rainfall in a semi-arid climate (Tenerife, Spain), Diez-Sierra and Jesus (2020) assessed the
effectiveness of eight statistical and machine learning models in predicting long-term daily rainfall in Tenerife, Spain. They
found that NN was the most accurate method for daily rainfall prediction, with an average f-score of about 0.4, ahead of LR
and SVM. Liyew et al. (2021) have examined machine learning techniques for rainfall prediction using data from the Bahir
Dar City meteorological station in Ethiopia. They compared MLR, RF, and XGBoost, finding XGBoost performed bestin
predicting daily rainfall using specific environmental data. Moreover, Tharun et al. (2018) have compared statistical
modelling and regression techniques (SVM, RF, and DT) for rainfall prediction. They found that regression techniques
outperformed statistical models, with the RF model showing the highest accuracy and performance. Garg and Pandey
(2019) have compared SVM, SVR, and KNN for annual rainfall prediction, finding that SVM performed the best among the
three methods. Subia and Ashwitha (2022) have proposed a hybrid algorithm combining CNN and LSTM with a first-order
optimisation technique using gradient descent. This approach increased system accuracy to 87.3%, improving upon the
separate CNN and LSTM frameworks. Sadhukhan et al. (2021) have used low-cost loT devices equipped with GPS to
forecast meteorological variables. They evaluated various computational tools, including SVM, KNN, DNN, Ridge, Linear
Regression, and ANN, on provided parameters. (Sadhukhan, 2021). In addition, Kaushik et al. (2020) have examined KNN,
ELM, and SVM algorithms for practical problem-solving, finding that SVM provided the best results with the lowest ET,
MAE, and RMSE. ELM was found to be CPU-intensive, while KNN and ELM might have performed better with more
parameters and data. From the above, it can be argued that further research is still needed to explore the utilisation of loT
and ML is predicting weather conditions.

3. MATERIALS AND METHODS

Figure 1 presents the flowchart of the methodology used. The process starts with data collection and processing. Following
the data understanding, feature generation is developed. Created features are processed and used for model training. A
tuning process is developed, and the best performing model is utilised for the system’s operation and forecasting.
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3.1. Location of the study

Geographical location for this study is city of London, which is situated in south-eastern England, within the United Kingdom.
It is located along the River Thames, making it a prominent city in terms of both historical and contemporary significance.
Geographically, London is located at approximately 51.5074° N latitude and 0.1278° W longitude.
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Data
Understanding _—

No Yes
Yes Model Selection ————» Hyper-Parameter
Tuning

Feature

Generation T
| Y
Feature Model Training Deploy
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Figure 1: Flowchart of the proposed work

3.2, Data

Weather data sets are collected from https://www.wunderground.com/history/weekly/gb/london/EGLC/ during January
2014 and January 2024. The collected data sets include the following parameters:

Precipitation Data: This includes historical rainfall measurements over time. It is collected in the form of rainfall amounts
(in millimetres or inches) over specific time intervals (e.g., hourly, daily, monthly).

Temperature Data: Temperature influences the likelihood and type of precipitation. Data on temperature, both historical
and forecasted, are essential for understanding atmospheric conditions that can lead to rainfall.

Humidity Data: Humidity levels in the atmosphere play a crucial role in determining the likelihood and intensity of rainfall.
High humidity levels indicate moisture in the air, which can contribute to rainfall formation.

Atmospheric Pressure Data: Changes in atmospheric pressure can affect weather patterns and influence rainfall.
Monitoring atmospheric pressure provides insights into the movement and behaviour of weather systems.

Wind Data: Wind direction and speed impact the movement and distribution of weather systems, including rainfall. Wind
data helps in understanding how weather patterns propagate and where precipitation may occur.

Dew Point Data: Dew point is the temperature at which air becomes saturated with moisture, leading to condensation and
potentially precipitation. Monitoring dew point provides information about the moisture content of the air.

Cloud Cover Data: Cloud cover affects incoming solar radiation and atmospheric dynamics, influencing rainfall patterns.
Observing cloud cover helps in understanding the likelihood of precipitation.

Topographical Data: Geographic features such as mountains, valleys, and bodies of water can significantly influence
local weather patterns and rainfall distribution. Understanding the topography of the area helps in predicting rainfall
accurately.

3.3. Data Mapping

Multiple conditions of weather data obtained from the above data source have been categorised into three categories
namely: Cloudy, Fair and Rain as per Table 1.
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Table 1: Mapping of weather conditions

Weather Condition Mapped as Weather Condition Mapped as
Snow Grains Rain / Windy
Light Rain Thunder
Light Rain / Windy Light Snow
Rain Light Snow Shower
Light Rain Shower Rain and Snow
Light Drizzle Drizzle / Windy
Rain Shower Rain and Snow / Windy
Showers in the Vicinity Light Freezing Drizzle
Drizzle Rain Heavy Rain Shower / Windy Rain

Heavy Rain Shower

Light Rain with Thunder

Heavy Drizzle

Light Snow / Windy

Light Rain Shower / Windy

Light Sleet

Rain Shower / Windy

Heavy Rain / Windy

Light Drizzle / Windy

Heavy T-Storm

T-Storm Light Freezing Rain / Windy
Thunder in the Vicinity Freezing Rain
Heavy Rain Snow
Heavy T-Storm / Windy Rain / Fog
T-Storm / Windy
Weather Condition Mapped as Weather Condition Mapped as
Mostly Cloudy Wintry Mix
Partly Cloudy Fair
Cloudy Fair / Windy Fair
Cloudy / Windy Wintry Mix / Windy
Mostly Cloudy / Windy Light Sleet / Windy
Partly Cloudy / Windy Snow Grains / Windy
Haze Haze / Windy
Mist Cloudy
Fog
Hail
Hail / Windy
Thunder and Hailstoom | |  ==——-- This area is intentionally left blank -----
Patches of Fog

Small Hailstorm

Thunder and Hail / Windy

Thunder and Small Hailstorm

Partial Fog

3.4. Data Cleaning

The following method has been adopted for cleaning the data as shown in Figure 2. Data will normally need to be checked
for missing (Null) data. Once the data is formatted based on the expected categories, columns with 80% or more of Null or
missing data is removed. Data is then enhanced, and correct information is inserted in relevant columns, see Figure 2.

/

Check Column
Information in
Imported Data

3.5. Feature Generation

Data Cleaning

~
Check duplicate

4 columns and insert the
/’ correct information in
the relevant column
Drop columns
3 which are 80% and
above of the NULL
values

2 Format the date,
categorical and
numerical columns

Check for the
NULL rows

Figure 2: Flow Chart used for data cleaning

The following methodology has been adopted for feature generation as presented in Figure 3. The three-year average for
specific day, month and year is calculated. Following which, last year’s daily average is calculated. Then the last three days
average is calculated. Merge all information and past day data to create the required features.
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Feature Generation

Merge all information A

4 on day, month, year for | A
/’ days data N

Get the last days
3 average from specific.
day, month, year

2 Get the last 3 days
/’ average from specific
day, month, year

1 Get the last year
average for specific
day, month, year

Get the 3 years
average for specific
day, month, year

Figure 3: Flow Chart used for feature generation

3.6. Feature Creation

From the information collected from the data source and the flowchart as depicted above, the features are created. The
average information for the current date from the past year has been collected from the source based on Table 2-a below.

Table 2(a): Feature creation (Past 1 year)

Feature Description
LY1TEMP Last year’s average temperature
LY1DEWP Last year’s average dew point
LYTWINSP Last year’s average wind speed
LYTWINGT Last year’s average wind gust
LY1RAIN Last year's average number of rainy days

Similarly, the average information for the current date for the last three years has been collected from the source as
correlated in Table 2-b.

Table 2(b): Feature creation (Last 3 years)

Feature Description
LY3TEMP Last three year’s average temperature
LY3DEWP Last three year's average dew point
LY3WINSP Last three year's average wind speed
LY3BWINGT Last three year’s average wind gust
LY3RAIN Last three year’'s average number of rainy days

Also the information about the rain during last year on the current date and number of times it rained in last 3 years are
collected from the data source.

The information about the last day (L1TEMP, L1DEWP, L1WINSP, L1WINGT, L1RAIN) and last 3 days (L3TEMP,
L3DEWRP, L3WINSP, L3WINGT, L3RAIN) is collected specifically to get the recent weather information.

With the above historical information, the current date information is merged to get the current values as shown in Table
3-a.

Table 3(a): Descriptions of features (Average)

Feature Description
CUR3TEMPAVG Current temperature with respect to current three days’ average temperature
CUR3DEWPAVG Current dew point with respect to current three days’ average dew point
CUR3BWINSPAVG Current wind speed with respect to current three days’ average wind speed
CURSWINGTAVG Current wind gust with respect to current three days’ average wind gust

Similarly, the above features with respect to last three years’ current date average are also calculated as shown in Table
3-b.

Table 3(b): Descriptions of features (Last 3 years)

Feature Description
CUR3TEMPY3AVG Current temperature with respect to last three years’ current date average temperature
CUR3DEWPY3AVG Current dew point with respect to last three years’ current date average dew point
CUR3WINSPY3AVG Current wind speed with respect to last three years’ current date average wind speed
CUR3WINGTY3AVG Current wind gust with respect to last three years’ current date average wind gust
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The following stage of the work is to create the training and testing dataset, using train_test_split with test_size of 15% and
stratify on the basis of target column. The min-max value of all the indicators is obtained from the training data as outlinedin
Table 4.

Table 4: Min-Max values of the features

Feature # Indicator Min value Max value
1 CUR3TEMPAVG 0.63 1.632
2 CUR3SDEWPAVG 0.581 2.265
3 CUR3SWINSPAVG 0.241 3.079
4 CUR3BWINGTAVG 0.0 76.358
5 CUR3TEMPY3AVG 0.547 1.542
6 CUR3DEWPY3AVG 0.4 1.668
7 CUR3WINSPY3AVG 0.137 4.02
8 CUR3WINGTY3AVG 0.0 126.706
9 CURTEMPAVG 0.642 1.691
10 CURDEWPAVG 0.646 1.919
11 CURWINSPAVG 0.189 3.724
12 CURWINGTAVG 0.0 28.207
13 CURTEMPY3AVG 0.538 1.918
14 CURDEWPY3AVG 0.386 2.382
15 CURWINSPY3AVG 0.123 7.294
16 CURWINGTY3AVG 0.0 58.176

From the above, training and testing data are created as X_train, X_test, y_train, and y_test with indicators in X and targets
in y. The simple imputer technique is applied to fill NULL rows in the test set, while NULL values are dropped in the training
set to ensure training occurs on accurate and correct data. Standard Scalar was utilised for numerical columns and One
Hot Encoder for categorical columns. Based on this setup, multiple prediction models as detailed below have been designed
and tested:

Dummy Classifier: A Dummy Classifier is a baseline model that helps assess the performance of more complex models
by comparing them against simple strategies like random guessing (Bishop, 2006).

Gaussian NB: Gaussian Naive Bayes is a probabilistic classifier based on Bayes' theorem. It's computationally efficient
and works well with small datasets but assumes feature independence (Langley, 1992).

Decision Tree Classifier: Decision trees are intuitive models that split data into branches to make predictions. They handle
numerical and categorical data well but can be overfit without techniques like pruning (Kumar, 2013).

SGD Classifier: The Stochastic Gradient Descent Classifier is a linear model efficient for large datasets. It updates model
parameters iteratively, making it scalable and suitable for high-dimensional data (Paquin et al., 2023).

XGB Classifier: XGBoost is a powerful gradient boosting algorithm known for its speed and performance. It builds trees
sequentially, optimising them to minimise errors and prevent overfitting (Raihan, 2023).

Extra Trees Classifier: Extra Trees is an ensemble method that creates multiple trees using random subsets of data and
features. It trains quickly and is less prone to overfitting compared to traditional decision trees (Tina, 2022).

Gradient Boosting Classifier: This classifier builds multiple weak models (usually trees) sequentially to improve
predictions. Each model corrects errors from the previous one, enhancing overall accuracy (Rok, 2017).

K Nearest Neighbors Classifier: KNN assigns class labels based on the majority vote of the nearest neighbors in the
feature space. It's simple and effective but can be computationally intensive with large datasets (Taunk K., 2019).

Random Forest Classifier: Random Forests build multiple decision trees on random data subsets and aggregate their
predictions. This method reduces overfitting and improves accuracy over single decision trees (Gnuer, 2010).

Tuned SVC Classifier: Support Vector Classifier (SVC) separates classes with a hyperplane. Tuning its parameters, such
as the regularisation parameter and kernel type, enhances performance (Tang, 2012).

Linear SVC: Linear SVC is a variant of SVM that finds a hyperplane for linearly separable data. It's efficient for large-scale
datasets and robust to overfitting (Burges, 1998).

Tuned Linear SVC: Optimising Linear SVC by tuning hyperparameters like regularisation improves its performance,
making it suitable for linearly separable datasets where efficiency and interpretability are crucial (Zhou, 2011).

Logistic Regression: Logistic Regression models the probability of class membership using the logistic function. It's
interpretable and effective for binary and multi-class classification tasks (Maalouf, 2011).
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SVC: Support Vector Classifier (SVC) aims to find the best separating hyperplane between classes, handling both linear
and non-linear data with various kernel functions (Keerthi, 2000).

4, RESULTS

A total of 17 models have been designed and tested with the data mined from the data source previously mentioned. The
performance matrix during training and testing sessions used are Accuracy, F1 Score, Recall and Precision. A brief about
these parameters is provided below.

4.1. Accuracy

Training Accuracy: It refers to the percentage of correctly classified instances out of the total instances in the training
dataset. This metric indicates how well the model has learned the patterns in the data that it was trained on (Angra and
Alhuja, 2017). A high training accuracy suggests that the model has successfully captured the relationships in the training
data.

Number of correct predictions on training data
Training Accuracy = L € x 100%

Total number of training instances (1)

Testing Accuracy: It refers to the percentage of correctly classified instances out of the total instances in a separate testing
dataset that the model has not seen during training (Medar et al., 2017). This metric measures the model's ability to
generalise new, unseen data. A high testing accuracy indicates that the model is likely to perform well on real-world data.

Number of corred predictions on testing data
Testing Accuracy = P £ x 100%

Total number of testing instances (2)

4.2. Recall

It is also known as sensitivity or true positive rate which is a metric used to evaluate the performance of a classification
model. It measures the ability of the model to correctly identify all relevant instances (i.e., all actual positives) (Feras, 2020).
Recall for training data refers to the recall calculated based on the predictions that the model makes on the training dataset.
This metric indicates how well the model identifies positive instances from the data it was trained on. Recall for testing data
refers to the recall calculated based on the predictions that the model makes on the testing dataset. This metric indicates
how well the model generalises its ability to identify positive instances to new, unseen data. A high training recall suggests
the model effectively identifies positive instances in the training dataset. A high testing recall suggests the model maintains
this capability with new data, indicating good generalisation.

_ True Positives
Recall = True Positives + False Negatives

@)

Where: True Positives (TP) are instances correctly predicted as positive and False Negatives (FN) are instances
incorrectly predicted as negative (i.e., actual positives that were missed).

4.3. Precision

Also known as positive predictive value is a metric used to evaluate the performance of a classification model. It measures
the accuracy of the positive predictions made by the model. Training precision refers to the precision calculated based on
the predictions the model makes on the training dataset (Bansal and Singhrova, 2021). This metric indicates how many of
the instances predicted as positive in the training data are actually positive. Testing precision (or validation precision) refers
to the precision calculated based on the predictions the model makes on the testing dataset. This metric indicates how
many of the instances predicted as positive in the testing data are actually positive. A high training precision suggests the
model accurately identifies positive instances in the training dataset. A high testing precision suggests the model maintains
this accuracy with new data, indicating good generalisation.

Precisi True Positive
recision =
True Positive + False Positive “)

4.4. F1-Score

F1 score is a metric used to evaluate the performance of a classification model, especially when dealing with imbalanced
datasets. It is the harmonic mean of precision and recall, providing a single metric that balances both concerns (Narasimha
Rao et al., 2023). The F1 score ranges from 0 to 1, where 1 indicates perfect precision and recall, and 0 indicates the worst
performance. F1 Score for training data refers to the F1 score calculated based on the predictions the model makes on the
training dataset. This score indicates how well the model performs on the data it was trained on in terms of precision and
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recall. F1 Score for testing data, also known as validation F1 score, refers to the F1 score calculated based on the
predictions the model makes on the testing dataset. This score indicates how well the model is expected to perform on
unseen data in terms of balancing precision and recall. A high training F1 score indicates the model performs well on the
training data, capturing the relationships between features and labels effectively and a high testing F1 score indicates the
model generalises well to new data, maintaining a good balance between precision and recall on unseen instances.

Precision * Recall
Precision + Recall ()

F1 Score =2 x

Table 5: Performance metrics of the various models with trained data set and testing data set

. Training Testing

Model/Classifier Accuracy F1 Score | Recall Precision Accuracy F1 Score Recall Precision

Dummy 0.57 0.73 1.00 0.57 0.60 0.75 1.00 0.60

Gaussian NB 0.56 0.46 0.32 0.79 0.57 0.52 0.39 0.79

Decision Tree 0.62 0.67 0.67 0.67 0.57 0.64 0.63 0.65

XGB 0.67 0.71 0.70 0.72 0.63 0.69 0.67 0.70

SGD 0.67 0.71 0.72 0.71 0.60 0.69 0.75 0.66

Extra Trees 0.70 0.75 0.79 0.71 0.63 0.71 0.74 0.68

Gradient Boosting 0.68 0.74 0.78 0.70 0.63 0.72 0.77 0.67

KNN 0.68 0.73 0.75 0.71 0.65 0.73 0.77 0.69

RF 0.69 0.74 0.79 0.70 0.65 0.74 0.81 0.68

Tuned SVC 0.72 0.77 0.81 0.73 0.69 0.78 0.88 0.70

Linear SVC 0.71 0.76 0.79 0.72 0.68 0.75 0.79 0.71

Tuned Linear SVC 0.71 0.76 0.79 0.72 0.67 0.74 0.79 0.71

LR 0.71 0.76 0.79 0.73 0.69 0.76 0.81 0.72

SvC 0.72 0.77 0.81 0.73 0.69 0.78 0.88 0.70

Tuned LR 0.71 0.76 0.79 0.73 0.69 0.76 0.81 0.72

Tuned RF 0.69 0.75 0.81 0.70 0.65 0.74 0.83 0.67

Tuned XGB 0.68 0.72 0.73 0.71 0.65 0.72 0.73 0.71

Hence it can be concluded from the above table that based on the performance metrics, Support Vector Machine based
classifier provides the best performance during testing offering a recall of 88%, a Precision of 70% and an F1 Score of
78%. Hence it exhibits its capability to be the chosen classifier compared to the other classifiers mentioned.

5. CONCLUSION

This study demonstrates the efficacy of Support Vector Classifier (SVC) in rainfall prediction for the selected geographical
region. Through meticulous feature selection, model optimization, and rigorous performan ce validation, the SVC model
exhibits remarkable accuracy in forecasting precipitation events. The model's success is predicated on the judicious
selection of input features, encompassing historical meteorological data, barometric pressure readings, and seasonal
variability. The research underscores the critical importance of high-resolution, comprehensive datasets and sophisticated
data preprocessing techniques in ensuring robust model training. Our findings reveal that a well-calibrated SVC model,
validated through appropriate cross-validation techniques, demonstrates exceptional discriminatory power in differentiating
between precipitation and non-precipitation days, as corroborated by a suite of performance metrics.

6. FUTURE DIRECTIONS

While the current SVC model yields promising results, there remain avenues for further enhancement and investigation.
Future research endeavours should prioritize comparative analyses with alternative machine learning paradigms to
elucidate the relative strengths and limitations of the SVC approach. Exploration of ensemble methodologies and hybrid
modelling techniques may yield incremental improvements in predictive accuracy. Furthermore, the integration of real-time
data streams and the development of adaptive algorithms capable of responding to evolving climatic patterns represent
promising areas for advancement. Addressing the computational challenges associated with large-scale datasets and
improving the model's scalability will be crucial for operational deployment. Lastly, ongoing refinement and recalibration of
the model in response to long-term climate trends will be essential to maintain its predictive power and relevance in the
face of global environmental changes. These future directions hold the potential to further elevate the SVC model's utility
in meteorological forecasting and decision-support systems.
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