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Abstract

Climate change poses significant challenges to agricultural practices worldwide, affecting crop
yields, food insecurity, and rural livelihoods. Maize crop farming is particularly vulnerable due to
extreme weather conditions such as high rainfall, high temperature, soil acidity, humidity and
unproper irrigation affecting crop yield and consider to be a source of hunger and food security
concern. The aim of the study was to propose a reliable and accurate machine learning techniques to
be used in the prediction of maize crop yield using historical climate and soil data for informed
planning. This enables farmers, agronomists and decision makers to forecast maize crop yield based
on historical data for adaptation. To come up with a comprehensive prediction model, historical
dataset from Meteo Rwanda and Maize crop yield from Kayonza district-Rwanda were used in the
training and testing. Weather data considered in this study were annual mean temperature, annual
maximum temperature, annual minimum temperature, annual rainfall, soil temperature for the past
thirteen years. The data collected were analyzed using Random Forest regressor, Extreme Boost
regressor Gradient, support vector machine and least absolute shrinkage and least absolute shrinkage
and selection ( LASSO) machine learning techniques. The results shows that random forest perform
better compared to other models with an accuracy of R2 0.957, support vector machine 0.957, XGBoost
regressor 0.953, LASSO 0.256 and can be recommended for prediction of maize crop yield. The
random forest regressor will be adapted in design and development of prototype to improve farming
decision making.

Keywords: smart weather monitoring; climate change; machine learning techniques; maize crop
farming; Internet of Things

1. Introduction

The world population is expected to reach 9.8 billion in 2050; the necessity to keep the ecosystem
equilibrium is paramount for the wellbeing of communities, one fact that could affect that
equilibrium state is climate degradation which directly affect human nature and be the cause of
hunger, malnutrition, deforestation, water scarcity, soil deterioration. Studies revealed that the
improper distribution of rainfall, variability of temperature, humidity, soil acidity, inaccurate
information on weather forecast, unavailability of information on mitigation and adaptation
strategies related to the climate change will decrease globally the productivity of maize crop at a rate
of 3.8 % in 2090. The African continent will be also affected and a decrease of maize productivity is
expected to be 5% and wheat by 17% [1]. In the context of Rwanda, agriculture sector has been
affected by the adverse of climate change and affect people lives; through meteorological data
observed, the variability of rainfall in Rwanda is predicted to increase from 5% to 10%, this variation
will directly affect people lives and associated disasters can be observed such as floods, landslides
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which at the end affect Rwandan economy. Rwanda has pledged to combat the negative impacts of
climate change through various initiatives such as the Paris Agreement [2], the Green Growth and
Climate Resilience Strategy (GGCRS) [3], and the United Nations Framework Convention on Climate
Change (UNFCCC). These commitments have been integrated into the Rwanda National Strategies
for Transformation (NST2) for the five years government planning. According to the census
conducted by the National Institute of Statistics of Rwanda in 2022, 63% of household do crop
farming and Maize crop represent 56% of crop production after beans [2]. As per the crop
intensification program [3] initiated by the Government of Rwanda in 2018, Maize crop is selected as
suitable crop to cultivate in Kayonza district; however, in 2008 maize yield losses at a rate of 37% in
Eastern province and 26% in southern province. In 2017, more than 3000 families in the Eastern
province including Kayonza district faced hunger due to prolonged drought [4]. The study
contributed in the resilience of climate variability in maize farming. This implied the monitoring of
weather parameters mainly temperature variability and precipitation fluctuation considered as the
major dominant factors influencing maize yields, other variables like solar radiation, humidity and
soil temperature management also play a significant role. To analyze the trends in maize productivity
vis- a vis to the climatic parameters’ variation; Meteo-Rwanda stations namely RWINKWAVU and
KAWANGIRE based at Kayonza district were used. Data related to temperature, precipitation,
humidity, soil temperature and solar radiation were collected and utilized in the proposed prediction
models. Figure 5 and 6 provides trends of temperature and rainfall variability for the past forty years
and Figure 9 provides maize crop productivity for the period of 2011 to 2024 from Kayonza district.

The aim of this study is to exploit machine learning techniques for the prediction of maize crop
yield based on historical meteorological data. The proposed models will enable farmers, decision
makers to take decision based on reliable and accurate. The area considered in this study is Kayonza
district, Rwanda. Meteorological dataset for past thirteen years. Variables taken into account in this
research are rainfall, temperature and soil temperature. Maize crop production, seasonal annual
reports from National Institute of Statistics of Rwanda were also considered in this study. This paper
is organized as follows: Section 2 provide information related to the methodology; It comprises data
collection, data processing. Section 3 is the discussion and Section 4 the conclusion.

2. Related Study

In Rwanda, rainfall variability has been identified as a key determinant of crop yield changes,
with some crops exhibiting a positive relationship with rainfall, while others show an inverse
relationship [2]. The report [1] highlights the vulnerability of the Rwandan agricultural sector,
including maize production, to weather-related risks such as prolonged droughts, erratic rains,
floods, hailstorms, and mudslides. It also mentions that farmers, especially in drought-prone areas,
lack the knowledge, skills, and adequate infrastructure to cope with such harsh conditions, leading
to severe losses in agricultural production and household income.

The study [5] uses a descriptive statistic to analyze the temperature and rainfall data from 1901
to 2005 to evidence the climate change impacts on agriculture and food security in Nigeria. The
findings revealed temperature increases by (1.1°C) and rainfall decrease by (81mm) within 105 years,
imposing a pronounced decrease in agricultural productivity. The system leverages the Internet of
Things (IoT), wireless sensor networks, remote sensing, and advanced data analytics to continuously
monitor weather and environmental parameters, providing real-time information and alerts to
stakeholders, including farmers. [8] proposes IoT Based Farmers' Smart Technology for Weather
Monitoring and Notification in Agriculture, which was named "KUBERO Communication Model".
Data collection applied qualitative and observation methods by conducting interviews with
meteorologists, agronomists, and farmers and gathering first-hand information on the
communication flow between meteorology agency, agronomists, volunteers, farmer facilitators, and
farmers. The findings revealed a faster communication with stakeholders through an Android app
for agronomists, a USSD app for farmers, and a web app for the meteorology agency. [6] reviews the
use and impact of Artificial Intelligence on Climate Change Adaptation in Africa, and provided an
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overview of various Al projects, research, and applications related to climate change adaptation in
Africa. This discusses the case studies, challenges, and potential future applications of Al in this
domain, and concluded that Al can be a critical tool for climate change adaptation efforts, particularly
in areas like weather prediction, agriculture, flood and drought monitoring, and human migration
patterns. [9] uses Internet of Things (IoT) and Artificial Neural Networks for Real-time
Environmental Monitoring system with Artificial Neural Network (ANN) for status prediction of
perishable fruits and vegetables (FVs). This real-time intelligent monitoring and notification system
achieved 99% accuracy in predicting commodity status. It outperformed the existing methods like
Compress Sending, Adaptive Naive Bayes, XGBoost, and Data Mining in forecasting accuracy and
facilitated the timely necessary action by personnel through remote monitoring and automatic
notifications. The study [10] reviews remote sensing technologies in precision agriculture, examining
satellite systems like Quickbird and UAVs, including fixed-wing and rotorcraft drones. They
discussed sensor technologies such as multispectral and hyperspectral cameras, alongside advanced
image analysis techniques like convolutional neural networks. However, the study highlighted a lack
of extensive weather datasets necessary for developing machine learning models. [11] uses a survey
to IoT technologies for precision agriculture, focusing on tools such as GPS, GIS, and variable rate
technology. Their findings emphasized the potential of IoT in optimizing farming practices but
identified a need for better integration of IoT with remote sensing and data analytics, particularly for
smart weather monitoring and climate adaptation in maize farming. [12] presents an IoT-based
system for real-time weather monitoring, utilizing sensors like DHT11 for temperature and humidity,
anemometers for wind speed, and hygrometers for soil moisture. The system transmitted graphical
data via web interfaces and provided alerts through a mobile app. While functional, it lacked machine
learning models for improved forecasting accuracy. [13] developed a two-tier loT-based weather
monitoring system featuring sensors like DHT11 and BMP180 connected to a NodeMCU
microcontroller. Data was transmitted to a web server for analysis, offering farmers actionable
insights. However, the system did not include real-time notifications or advanced analytics, limiting
its predictive capability. [14] proposed an IoT system for monitoring greenhouse environments using
the TI CC2650 SensorTag device. Sensor data was logged on the IBM Watson Cloud platform, and
notifications were automated through a Node-RED flow, alerting users to parameter deviations.
While the system effectively safeguarded greenhouse conditions, it did not integrate data analytics
or machine learning for crop health assessment. [15] developed an IoT-enabled hydroponic system
designed to monitor and accelerate plant growth through automated environmental parameter
control. Using a PID controller, the system adjusts factors like temperature, humidity, and pH based
on plant-specific profiles. The collected data is stored in the cloud for analysis and is accessible via a
mobile app. Their findings demonstrate that the IoT hydroponic system significantly increases yields
compared to traditional agriculture. However, the study does not thoroughly evaluate the system's
performance in terms of plant growth, yield, or resource efficiency. [16] introduced an IoT-based
smart agriculture rover designed for small-scale rural farms. Powered by an ATmega2560
microcontroller, the rover monitors environmental parameters such as soil conditions and weather,
while managing sprinklers to distribute water or pesticides. It utilizes GPS for navigation and
transmits real-time data to farmers via SMS. Although effective, the system relies on pre-
programmed crop locations, which may limit its adaptability to dynamic crop patterns. [17] proposed
a smart irrigation system for precision agriculture using machine learning; the system combines
Support Vector Regression (SVR) for soil moisture prediction, Kernel Canonical Correlation Analysis
(KCCA) for feature extraction, and the Penman-Monteith equation for evapotranspiration
calculation. The results shows accurate soil moisture predictions and optimized irrigation schedules
with reduced model complexity. However, the study lacks integration of real-time weather data and
does not address variable climate conditions. [18] developed a smart irrigation system employing
Arduino-based sensors and logistic regression to predict optimal water requirements for crops. The
system gathers data on soil moisture, weather, and crop types, automating irrigation based on
analysis. While innovative, the paper does not detail the dataset used to train and validate the logistic
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regression model, limiting its generalizability. [19] designed a cost-effective weather forecasting
system using IoT and machine learning. Utilizing Arduino UNO with sensors such as LM35 and
DHT22, the system gathers temperature and humidity data, which is transmitted to the cloud via
ThingSpeak. Artificial Neural Networks (ANN) and regression algorithms are employed for
predictions. Although the system is compact and accessible for remote areas, its focus on temperature
and humidity alone limits its scope for comprehensive weather forecasting. The study [20] focus on
Weather monitoring and forecasting system using IoT". introduces an IoT-based system for weather
monitoring and forecasting using sensors and the Dark Sky.net API with Raspberry Pi. Real-time
data is accessible via a web interface, but the study lacks machine learning integration for weather
forecasting efficiency. The study on "AgriPrediction: A proactive internet of things model to
anticipate problems and improve production in agricultural crops"[21]. AgriPrediction combines a
LoRa WSN system with an ARIMA prediction model for proactive monitoring in agriculture. It was
tested on arugula, showing gains in leaf development and weight, though the study was limited to a
small-scale experiment.

[22] applies an IOT BASED SMART WEATHER MONITORING SYSTEM. It describes an IoT-
based weather monitoring system using the Particle Photon board and DHT-11 sensors. The system
tracks local weather conditions in real time but is limited to temperature and humidity monitoring,
lacking other environmental parameters. [23] deploys an energy efficient selection of cluster head
and disease prediction in IoT based smart agriculture using a hybrid artificial neural network model".
The methodology involves K-means clustering, AMR for cluster head selection, and a Hybrid ANN
model for disease prediction. Data collected via IoT sensors are stored in the cloud, but the study
does not address real-world deployment or integration with existing systems. [24] developed a Smart
Weather Reporting System Based on Blynk Application for Agriculture and discussed a Blynk-based
system for collecting weather data, including temperature, humidity, and rainfall. It was successfully
implemented for agricultural monitoring, offering a user-friendly and flexible system, although it
lacks a comprehensive understanding of all global weather factors. [25] examined the Artificial
Intelligence Best Practices in Smart Agriculture. This reviews Al applications across smart
agriculture, covering soil management, irrigation, weather forecasting, and livestock management. It
discusses the deployment of artificial neural networks, convolutional neural networks, and support
vector machines for weather forecasting, emphasizing the need for advanced Al techniques that
require less data and computational resources. [26] uses an Al Based on the Real-Time Weather
Condition Prediction with Optimized Agricultural Resources”. The study utilizes a Fuzzy Inference
System (FIS) for real-time weather prediction, integrating atmospheric parameters and soil
conditions to schedule irrigation and fertigation. Weather and farm field data are presented to
farmers via a mobile app, though details on sensor types affecting data accuracy are lacking. [27]
explores the potential applications of Artificial Intelligence in Agriculture Sector”. review article
examines Al applications in agriculture, highlighting monitoring, data analytics, and efficient
farming. It does not provide specific case studies or empirical evidence of successful Al
implementations. [ 28] presents a Sustainable Agriculture in the Digital Age: Crop Management and
Yield Forecasting with IoT, Cloud, and AI”. The paper discusses the integration of IoT, cloud
computing, and Al for sustainable agricultural practices. It enables real-time monitoring and
predictive analytics for crop management and yield forecasting but lacks details on the
interoperability among IoT devices and platforms. [29] uses "LoRa based intelligent soil and weather
condition monitoring with internet of things for precision agriculture in smart cities". The study
proposes a LoRa-based system for monitoring soil and weather conditions, utilizing sensors to collect
temperature, humidity, and wind speed data. These data are visualized on Thingspeak and processed
using machine learning algorithms to improve irrigation efficiency. However, the study lacks
implementation or evaluation of specific machine learning algorithms for predictive purposes. [30]
uses IoT for Promoting Agriculture 4.0: a Review from the Perspective of Weather Monitoring, Yield
Prediction, Security of WSN Protocols, and Hardware Cost Analysis". The paper reviews loT-based
agriculture systems, focusing on weather monitoring, yield prediction, and the application of
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machine learning algorithms like ANNs, SVMs, and clustering techniques. A challenge is the
universal applicability of prediction algorithms across varied agricultural datasets. [31] deploys a
Smart farming, IoT, data mining, crop production prediction and proposes an IoT-based system to
predict crop production using linear regression and k-nearest neighbors (KNN) algorithms. The
system integrates heterogeneous data for reliable prediction, focusing on corn grain in a specific
region of Mexico, which limits the generalizability of the findings. [32] incorporates big data analytics
from which the Hadoop framework and Logistic Regression for climate prediction is applied,
accuracy evaluation mentioned to improve with more iterations and input parameters tuning;
however, the specific details on the implementation or validation of the proposed system in a real-
world scenario is not tackled. [33] deploys a weather monitoring system using IoT technology. The
system collects environmental data from sensors connected to a Raspberry Pi 3. Python code was
implemented to enable communication between the sensors and the ThingSpeak cloud platform. The
sensor data was transmitted to the ThingSpeak cloud for analysis and monitoring of weather
conditions suitable for crop growth., The sensor data collected over a period help farmers to analyze
the optimal weather conditions for farming and remotely data accessibility. [34] review and analyze
the confluence of Artificial Intelligence (AI) and climate change anticipation, examining the
possibilities of Al approaches in forecasting and mitigating the effects of climate change. The research
was delving into diverse Al implementations, including machine learning algorithms, neural
networks, and data extraction, employed in climate simulation, weather projection, and ecological
surveillance. Author revealed a positive result in integrating Al technologies in climate change
research, with a significant leap toward proactive adaptation and sustainable decision-making,
offering invaluable insights for policymakers and researchers striving to address the global climate
crisis. [35] deploys Hybrid AI-NWP (Numerical Weather Prediction) models using Multilayer
Perceptron (MLP) and Spatio-temporal Attention Network (STAN); for addressing climate change
and achieving environmental justice. Bilal A et al. (2024) [36] Explores the application of Al
technologies in climate finance with reviews of the various Al techniques such as neural networks
and decision trees for real-time data analysis, enabling proactive decision-making and adaptation to
environmental changes; focusing on the theoretical aspects, excluding the empirical data and case
studies [37] discusses the potential use of Al and ML techniques for climate change estimation and
modeling, particularly in data collection, dynamic optimization, and predictive regulation. The
benefits of Al in climate mitigation and adaptation are highlighted, while the empirical evidence to
substantiate its claims is not covered. [38] examines Al's application in flood forecasting and disaster
mitigation using machine learning models such as linear regression, decision trees, and neural
networks. Al techniques improve flood prediction by leveraging data from various sources, but the
study faces challenges due to the lack of accurate, up-to-date, and unbiased data. [39] presents an Al-
based prediction model for climate change effects on crop production, utilizing optimized
convolutional neural networks (CNNSs). The model demonstrates high accuracy in predicting the
impacts of climate change on crops such as wheat, maize, and rice. However, it relies solely on the
CNN algorithm, which may limit its applicability across different conditions. [40] explores the use of
Al methods for resolving climate change impacts, specifically focusing on weather conditions and
vulnerability predictions, mentioning potential for the real-world implementation; the research gap
does not tackle on the issues regarding time processing and computational efficiency. [41] explores
the relationship between crop yield and weather using satellite agrometeorology. Models like DNN,
MARS, RF, SVM, and ANN apply to analyze remote sensing data. The DNN model proven to
perform better with lower prediction errors and inclusion of additional data sources like soil data
would provide a more comprehensive analysis. [42] presents an interactive predictive system for
weather forecasting using data mining and Numerical Weather Prediction models, Emphasize is on
the importance of a historical weather dataset, but it does not provide the practical implementation
details. [43] examines the integration of IoT, Al, and big data in smart agriculture for tracking crop
growth based on soil moisture, temperature, and humidity and confirms the potential of these
technologies, while it does not provide specific Al techniques or IoT infrastructure requirement
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details. [44] introduces a novel scheme for smart greenhouse control using ANN-based learning
modules, focusing on a controlled environment; and the real-world outdoor farming conditions is
not tackled. [45] examines the adoption of modern agricultural technologies in Rwanda, such as
precision agriculture, irrigation, and ICTs. The benefits of technologies like drones and IoT for crop
monitoring and management was highlighted, and revealed that the adoption is low to the
smallholder farmers due to the limited accessibility and affordability matters. [46] employs the
bibliometric analysis to explore stress factors affecting agricultural productivity, such as water and
temperature stress. The major findings indicate water stress as the most considered factor, with
detailed field data to validate the simulation models. [47] introduces a satellite IoT framework for
smart agriculture applications, focusing on computer vision for aphid detection. The satellite edge
computing workflow enables real-time analysis in rural areas but is limited in scope to specific
agriculture applications including pest detection. [48] present a UAV-based smart agriculture IoT
system for soil moisture sensing, meteorological monitoring, and insect detection. While the system
performs well for specific data collection, it lacks detailed algorithms for broader data analysis or
real-time notifications. [49] proposes a "Sensing-without-Sensors" system for soil moisture estimation
using LoRa-modulated underground transmissions and machine learning. The Decision Tree and
Neural Network models show good accuracy but focus solely on soil moisture, not addressing
broader weather monitoring aspects. [50] discusses the role of remote sensing systems in precision
agriculture, including irrigation, smart fertilizer application, and crop protection. The study
emphasizes IoT and big data analytics for processing remote sensing data, but lacks specific
methodologies for real-time climate monitoring in agriculture. [51] discusses various IoT-enabled
sensor technologies for smart agriculture, covering communication protocols and artificial
intelligence techniques. It categorizes different sensors used in smart agriculture, including soil,
weather, irrigation, and crop sensors. However, the study lacks an exploration into advanced Al
techniques for accurate forecasting and decision-making. [52] focuses on the remote sensing and
decision support systems for precision agriculture. It covers a variety of techniques like NDVI, WSN,
UAVs, and Al for crop monitoring, yield forecasting, and real-time monitoring of environmental
conditions. But the climatic related challenges are not specifically addressed. [53] explores the
applications of Industry 5.0 technologies in agriculture, including IoT, AI, machine learning, and
remote sensing technologies like hyperspectral imaging and LiDAR. It discusses various agricultural
applications such as crop monitoring, water management, and disease identification. However,
challenges of network infrastructure or high bandwidth requirements are not deeply investigated.
[54] examines the adoption of smart agriculture from a farmer's perspective, discussing the role of
IoT, robotics, and Al. While it highlights various technologies' contributions, it does not focus
specifically on weather monitoring and climate change for maize crop farming. [55] propose a smart
agriculture management system for corn using remote sensing technology and a Support Vector
Machine (SVM) algorithm for disease classification. While the model achieves high accuracy in
disease detection, it lacks considerations for broader weather monitoring and climate change
adaptation. [56] deploys a smart agriculture robotic system utilizing IoT, incorporating sensors for
soil moisture, temperature, humidity, and air quality, as well as actuators for automated irrigation
and crop/weed management. This integration enhances crop monitoring and management but lacks
explicit coverage on advanced weather monitoring and real-time notification for climate change. [57]
presents an loT-based smart farming system, employing wireless sensor nodes and actuators for
remote monitoring of farm conditions such as temperature, humidity, and CO2. However, it does not
address weather monitoring or real-time notifications for climate change, and there is minimal
discussion on data analysis algorithms or prediction models. [58] describes a wireless sensor network
for sustainable agriculture and smart cities, using machine learning algorithms for disease detection
and task allocation. While the system provides flexibility and mobility, it does not integrate smart
weather monitoring or real-time climate change notifications. [59] applies machine learning
techniques, including neural networks and CNNs, for various agricultural tasks such as soil
detection, weather forecasting, and disease detection. However, the study does not specifically
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address the need for smart weather monitoring and real-time notifications related to climate change.
[60] discusses the remote sensing technologies like multispectral and hyperspectral sensors for crop
monitoring and soil analysis; and limited to the provision of a specific methodology or algorithm for
smart weather monitoring or real-time climate change notifications. [61] explores the crop yield
estimation using combined optical and SAR imagery with Gaussian kernel regression and
probabilistic Gaussian process regression (PGPR) models. The integration of Sentinel-1
interferometric coherence and Sentinel-2 RDVI provided a high accuracy for rice grain yield
estimation (r2 = 0.81, RMSE = 0.55 t/ha). However, the research does not investigate advanced
machine learning methods for yield estimation beyond Gaussian kernel regression. [62] presents a
novel IoT-based smart agriculture system utilizing a wireless mobile robot controlled by a Raspberry
Pi and a Zigbee wireless protocol. While it details various agricultural operations such as moisture
sensing, pesticide spraying, and animal scaring, it lacks information on the algorithms or software
implementations used for sensor data processing, decision-making, and robot control. This limits the
system’s adaptability and data-driven optimization. [63] focus on a neural network model for crop
productivity prediction within an IoT-based smart agriculture monitoring system. Although it
provides insights into predictive analytics, the paper does not explicitly address weather monitoring
or real-time notification for climate change. The primary emphasis is on crop productivity prediction
rather than comprehensive agricultural data management. [64] proposes a LoRa-based smart
agriculture management system leveraging LPWAN technology. A microstrip patch antenna was
developed and deployed wireless sensors for monitoring soil moisture levels, crop growth, and
weather conditions. While the system optimizes irrigation and crop management, the paper does not
provide detailed real-world deployment or performance evaluation in large-scale agricultural
settings. It mainly focuses on the design and technological components without exploring operational
challenges and solutions in practical agricultural environments.[65] introduce an IoT-based smart
auto-irrigation system utilizing a decision tree machine learning algorithm. The system addresses
precision irrigation challenges, incorporating weather forecast data into its decision-making process.
However, the paper does not detail the source or methodology used to incorporate weather data,
which limits its ability to adapt to real-time climate changes effectively. [66] propose a three-tier
architecture for a smart agriculture system using a LoRa-based multi-sensor IoT network. The
architecture includes a sensing layer, a fog layer, and a cloud layer, utilizing LoRa communication
technology for low-power, long-range data transmission from sensors. The fog layer is structured as
a microservice architecture to handle latency-sensitive tasks in a disconnected environment. While
the system architecture and preliminary implementation are well-documented, the paper lacks
detailed results or performance evaluation. The focus is more on the architectural framework rather
than empirical data supporting its effectiveness in real-world applications.

[67] discuss the use of remote sensing technologies, such as satellite imagery, aerial
photography, and geographic information systems (GIS), for precision agriculture practices. These
technologies provide valuable information for crop identification, nutrient deficiency detection, crop
condition assessment, yield modeling, and land use/land cover change analysis. However, the paper
does not delve into specific methodologies or case studies related to smart weather monitoring and
real-time notification for climate change. The discussion remains at a general level without
addressing the integration of advanced technologies like AL IoT, and machine learning for enhancing
the efficiency of agriculture in response to climate changes.

3. Materials and Methods

3.1. Study Area

The research was carried in Kayonza district, one among seven districts composed the Eastern
province of the Republic of Rwanda. The district covers a surface of 1935 km? and it has 236.26 habitat
per km?. The total population of the district as per the year 2022 is 457,156. The district is composed
of twelve administrative sectors; seven were considered in the study considering that they are
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equipped with sub stations of meteorology facilities where data being collected for analysis.
Agricultural land use predominates an important space in Kayonza district where it extends
generally in Eastern part of the district. It is covered by the natural features including wetlands, lakes,
and their buffers as well as Akagera national park with its buffer zone. Figure 1 indicates the map of

the Republic of Rwanda indicating the area of study, Figure 2 shows natural features and Figure 3
indicate land use distribution.
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Figure 1. Map of the Republic of Rwanda with a blue arrow indicating area of study.

Kayonza District Agricultural Land

Figure 2. Land zoning distribution of Kayonza district.

The total land area reserved for agriculture is 93,685.41 Ha including livestock (57.71%). The
agricultural land covers only 61,149.45 Ha providing 37.6% of the total district land use.

Land use distribution of Kayonza district (Ha)
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Figure 3. Land use distribution of the district per Ha.

3.2. Methodology

Optimization of factors such as, climate and weather conditions, soil quality and nutrient
management, seed variety and genetics, agronomic practices, pest and diseases management,

irrigation and water management, harvesting practices, social economic and policy factors can lead
to the substantial improvement for maize productivity.
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This section highlights the methodology used in the process of collecting data, this includes
meteorological and maize crop harvest. Meteorological data considered in this study are temperature
and rainfall which are considered among factors affecting maize crop production. The period
considered for meteorological parameters data is from 1980. In this study, the period considered for
harvest of maize crop is from 2011. To ensure the integrity, accuracy and Genuity of data; sources
were from the district agronomist, seasonal reports from the National Institute of Statistics of Rwanda
and from Rwanda meteorology agency. To collect information on the rate of maize production; a
survey questionnaire was addressed to the district agronomist for the collection of information
related to the change of climate and its effect to maize productivity in the area. A survey questionnaire
was also addressed to the Ministry of Agriculture and Animal Resources to collect information on
strategies for the adaptation of climate variability vis a vis to agricultural practices. To collect
meteorological data, a formal request was made to Meteo Rwanda and a dataset of daily temperature,
mean temperature, annual temperature, daily rainfall, monthly rainfall and annual rainfall were
provided for analysis. Figure 4 below indicates the process flow for the data analysis.

systematic[\

survey on the Assess the
effects of Statistical available ML vis
climate analysis a vis to the
change in dataset
Rwanda
agricultuture

practices
Figure 4. Meteorological data collection process and data analysis.

Data source

3.2.1. Data Collection and Analysis

Rainfall

Maize has a relatively high-water requirement, especially during the vegetative and
reproductive stages. In general, the total water requirement for the entire growing season ranges from
500 to 800 mm, depending on the climate and growing season length. Moisture stress during the
silking and grain-filling stages can severely reduce yield. Excessive rainfall or waterlogging can also
be detrimental, as maize is susceptible to root diseases in saturated soil conditions [68,69]. Daily
rainfall depicted in Figure 5 provides discrepancies in rainfall distribution for the area under study
where the minimum daily rainfall ranged between 20mm and 150 mm, this directly affect the
expected maize productivity.
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Figure 5. Trend of daily rainfall in the area under study in Kayonza sector.

Analysis of Meteo-Rwanda data related to the rainfall, and data for annual maize productivity
in the period of 2011 to 2023 revealed a worrying variability in the annual mean rainfall, from which
the mean annual rainfall reached 473 mm; the lowest being 564 mm and the highest 1037mm, with a
pronounced effects on the maize agriculture and productivity for the region.

Temperature

Weather data were collected from stations situated in the Kayonza district from 1981. This
provides the foundational information necessary to analyze the impact of weather patterns in
agricultural practices and to develop effective strategies for adaptation to climate change in the
context of Rwanda, with a specific focus on the agricultural landscape of Kayonza district. Data
collected from Meteo-Rwanda indicated a drastic fluctuation in the annual mean temperature and
annual mean rainfall, with associated negative impact on the crop productivity. Weather data
collected were treated and gives details on daily rainfall at the seven sectors which are Kabarondo,
Gahini, Mwiri, Mukarange, Rwinkwavu, Ndego and Murundi. Figure 6 show a trend of variation of
daily rainfall for the seven sectors under study; the range of rainfall for the seven sectors under study
ranged between 20 mm to 150 mm and NTEGO is the most affected. Data from meteo-Rwanda was
analyzed and the findings revealed an increase in the annual mean temperature by 2.1 °C from 2011
to 2023, the lowest being 19.94 °C and highest 22.04 °C putting a worrying pressure to the maize
agriculture in the pilot area of the study.
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Maize requires warm temperatures for germination, growth, and development. In general, the
optimum temperature for maize growth ranges between 20°C and 30°C. Temperatures below 10°C
or above 35°C can adversely affect growth and yield, but this can differ due to the overall soil quality
and the nutrients content. Extreme high temperatures (above 40°C) during pollination and grain-
filling stages can lead to significant yield losses [68,69]. Figure 6 highlight the trend of annual mean
temperature for the district.

1994 2035 2071 212 2133 2154 2117 2116 2122 2174 22.04

2010 2012 2014 2016 2018 2020 2022

—&— Annual mean Temperature (oC)

Figure 6. Annual mean temperature.

Soil Temperature

Soil temperature management help to maximize maize productivity by ensuring healthy
germination, root development and nutrient uptake throughout the growing process. The optimum
soil temperature ranging between 20-30°C is the best for maize seeds germination bellow which
germination fails or slow down leading to poor stand establishment; and above which young seed
can be damaged leading to the poor plant establishment. Maize roots development requires a
moderate climate, as cold soil temperature slows the root growth and limits the plant’s ability to
access water and nutrient [72]. Figure 7 mentions the trend of maize yields relative to the annual
mean soil temperature recorded at 10cm. Meteo-Rwanda data related to the soil temperature, in the
period of 2011 to 2023 mentioned a slight variability in the annual mean soil temperature by 2.18 °C;
the lowest being 21.21 °C and the highest 23.39 °C. The figure mentions a correlation of soil
temperature recorded at 10 cm of land deep vis — a- vis to the annual maize yields estimated in ton
per ha. Other factors to consider are solar radiation shading and humidity as, maize typically grow
in regions with abundant sunlight, and it is sensitive to variations in solar radiation. Insufficient solar
radiation leads to the poor growth, delays maturity, and reduces yields [68,70].
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Figure 7. Annual Soil temperature.

Maize Crop Data

In this study, as per the crop intensification program established by the Government of Rwanda,
maize is mostly cultivated in Eastern part of the country, especially in Kayonza district, However,
the effect of climate variability continuously affects maize crop rate production and be the source of
hunger. Figure 8 provides details on maize crop productivity for the period of 2011 to 2024.

Maize Production in Kayonza in Tones
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0112012 20122013 20132014 20142015 2015.2016 2016-2017 2017-2018 2016-2019 2015.2020 20202021 20212022 20222023 20232024
‘Ear

Figure 8. Maize production of the district from 2011 to 2024.

3.2.2. Machine Learning Models

Empirical evidence from prior research underscores the pivotal role of machine learning as a
decision-support mechanism for crop yield prediction and weather forecasting. In this study, four
models are proposed; this includes Random Forest Regressor, XBoost regressor, Support vector
machine and LASSO. The selection of these algorithms was informed by the numerical characteristics

of the target variable, as opposed to categorical outputs, and the scale of the dataset under
consideration.

Random Forest Regression Model
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The Random Forest Regression algorithm was employed to compute metrics for annual
temperature, mean temperature, and cumulative annual rainfall. As an ensemble learning method,
Random Forest is particularly suited for the prediction of meteorological variables and crop yield
due to its capacity to handle nonlinear relationships and high-dimensional datasets. The model
operates by constructing a multitude of decision trees, each trained on a bootstrap sample of the
dataset, while a random subset of predictor variables is considered at each split. This dual
randomization—both in sampling and feature selection—ensures model diversity and reduces the
risk of overfitting. Figure 9 gives an overview of the Random Forest regression model.

Input
Features
v
Decision Tree N Rendon) $ubset
Selection
Average
Prediction

Predicted
Yield

Figure 9. Random forest model.

> Decision Tree 2

Extreme Gradient Boosting

Extreme gradient boosting method builds trees sequentially, where each new tree corrects the
error of previous trees. The model is highly optimized and regularized for better performance. The
input features enter the first decision tree, the residual errors from the first tree are computed; a new
tree is trained to predict these residuals and repeat for multiple trees and summing predictions to get
the final yield. Figure 10 shows detail of the model.

Input Treed Residuals Tree 2 Sum of Tree Predicted
Features Computed B Outputs Yield

Figure 10. Block diagram of XBoost gradient.

Support Vector Machine

The support vector machine regression fil a function within a tolerance that predicts the target
variables. It uses Kernel functions to handle non-linear data. The input features are mapped into a
high dimensional space via a kernel and identify a hyperplane that best predicts yield within a
tolerance margin; the outputs predicted yield for the given input. Figure 11 shows the diagram
process with clarity.
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Figure 11. SVM block diagram concept.

Least Absolute Shrinkage and Selection Operator

The model is a linear regression which shrinks less important feature coefficients to zero. The
input features are weighted by coefficients learned from training; predictions are linear combination
of input features and coefficients and the regularization reduces overfitting by penalizing large
coefficients. Figure 12 provides details of the proposed model.

Input Coefficient T Predicted
Features Multiplication Y P Yield

Figure 12. LASSO diagram concept.

3.2.3. Evaluation Metric

The performance of the predictive models was evaluated using standard metrics, such as Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE) and Coefficient of Determination (R-
squared).

The formula for the mean absolute error is

MAE = =3I ly; — 5
(1)
where: n is the number of data points; yi is the actual (observed) value for the i-th data point
and ylis the predicted value for the i-thdata point.
Root Mean Squared error (RMSE) provides the root mean square difference between the
anticipated and real value.

RMSE = J%Z?:I(Yi - %)?
(2)

Where: where: n is the number of data points; yi is the actual (observed) value for the i-th data point
and y1 is the predicted value for the i-th data point.

Coefficient of determination (R?): statistical measures that examine the variance in dependent
variables in regression models

. 52
R2 — 1_ E(YI Yl)
L -2

G)
where yi are the observed values, yi~ are the predicted values andys the mean of the
observed values.

4. Results

4.1. Prediction Results

As provided in section 4; the proposed models were evaluated based on the three metrics; the
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and Coefficient of Determination (R-
squared). The results presented in table 1 expressed that Random Forest possess a coefficient of
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determination R? of 0.957, support vector machine R?is 0.955, Extreme Boost with R? 0.953 and LASSO
with R? of 0.253. as per the results, Random Forest achieved the highest R? and consider the most
accurate for maize crop prediction. Extreme Boost machine is slightly less accurate compare to the
random forest but still competitive. The support vector machine performed well but lacks feature
importance insights. LASSO shows poor performance due to the non-linear relationship in the data.

Table 1. Model performance.

Model R? MAE (t/ha) RMSE (t/ha)
Random Forest 0.957 1.018 1.279
SVM 0.955 1.047 1.311
XGBoost 0.953 1.058 1.334
LASSO 0.256 4.026 5.302

Parameters considered in this prediction processes were maize crop production for the year 2011
to 2024, annual mean temperature, annual maximum temperature, annual minimum temperature,
annual rainfall and soil temperature for the mentioned years.

The maize yield prediction was determined based on climatic and soil features using multiple
proposed machine learning models. Graphical visual representation describes the predicted crop
yield vis a vis to the actual yield. figures below highlight the performance of Random Forest
prediction model, Extreme Boost regressor, support vector machine and LASSO where a comparison
graph depicts the predicted crop yield versa actual yield.

Graphical representation in figure 13, figure 14 and figure 16 presents similarities where points
are clustered closely to the diagonal line, this re-affirm the high performance of random forest,
support vector machine and Extreme boost machines learning models. Points indicated above the
diagonal line simply indicate occasional overestimation and can be tolerate as minor bias. However
figure 15 shows a large number of points above and under the diagonal line, this indicates that a large
number of crop yield is both underestimated and overestimated, the performance is not viable and
cannot be trusted, this imply that the model is not viable and not advised for linear regression model.

RandomForest: Predicted vs Actual
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Figure 13. Graphical visual prediction of Random Forest model.
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Figure 14. Graphical visual prediction of XBoost prediction model.
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Figure 15. Graphical visual of LASSO Prediction model.
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Figure 16. Graphical visual prediction of SVM model.

4.2. Variable Importance
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Based on the proposed models, among other contributors; climatic variables and maize crop
yield play a key role in the determination of workable prediction models. From the proposed models
only Random Forest and extreme gradient booster provide importance features.

4.2.1. Random Forest Feature Importance

Features contributed in the performance of Random Forest machine learning model are annual
mean temperature, annual maximum temperature, annual minimum temperature, annual rainfall
and soil temperature. Table 2 and figure 17 shows proportion of important contributors of the model;
annual rainfall contributes at 0.444 followed by the annual mean temperature with a contribution of
0.276, soil temperature has no significance contribution to the model.

RandomForest Feature Importance

annual_rainfall

annual_mean_temp

annual_min_temp

feature

annual_max_temp

soil_temp

T
0.0 0.1 0.2 0.3 0.4
impeortance

Figure 17. contribution of features importance of RF model.

Table 2. Proportion of features importance.

Feature Importance
annual mean_temp 0.276
annual max_temp 0.126
annual min_temp 0.151
annual rainfall 0.444
soil temp 0.003

4.2.2. Extreme Gradient Boost Regressor

For this proposed model, among other parameters that had influences in the performance of
prediction model; annual rainfall has the highest impact on maize yield, it has a value of 0.388
followed by the annual mean temperature. Soil temperature has minimum influence of 0.043 as
presented in table 3 and figure 18.
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XGBoost Feature Importance
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Figure 18. Contribution of features importance of XGBoost Model.

Table 3. contribution of features importance of XGBoost Model.

Feature Importance
annual mean_temp 0.299
annual max_temp 0.155
annual min_temp 0.116
annual rainfall 0.388
soil temp 0.043

4.2.3. Comparative Analysis of the Proposed Machine Learning Models

Performance of the proposed machine learning for the prediction of maize crop has been
evaluated using R2. Based on the dataset and results indicated in figure 19, it shows that Random
Forest is the best machine learning techniques to recommend in the prediction of maize crop yield; it
provides R? value of 0.957 compared to support vector machine, XGBoost model, and LASSO which
has respectively R? values of 0.955, 0.953 and 0.256.

Model Comparison: R2, MAE, RMSE

Metric
5- mmm R2
s MAE
m RMSE

RandomPForest XGBoost SVM LASSO
Model

Figure 19. Performance evaluation of MLM.

5. Conclusions

This study highlighted the impact of climate change in maize crop yield production; the change
in temperature, rainfall and soil temperature has a direct impact in the expected productivity
especially in maize crop production. The study tested Random Forest, support vector machine,
Extreme gradient Boost regressor and LASSO using historical meteorological dataset and maize crop
yield from Kayonza district- Rwanda. The performance of the predictive models was evaluated using
standard metrics, such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and
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Coefficient of Determination (R-squared). Through performance analysis; Random Forest performed
better compared to other models with accuracy of R? value of 0.957; However, several challenges and
research gaps exist, including the lack of large-scale dataset, limited consideration on meteorological
variables where only temperature, rainfall and soil temperature were considered; only maize crop
was considered in the stydy. For the future work, an IoT monitoring component is planned to be
developed and deployed where Random Forest machine learning techniques will be tested to ensure
timely and accurate information not limited to agriculture practitioner, policy makers and
researchers.
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