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1. Introduction 

Iraqi agriculture is one of the essential sectors of the Iraqi 
economy. One of the most critical factors affecting agriculture 
is the climatic factors closely linked to it [1]. One of the most 
direct influences on plants is plant diseases. Temperature and 
humidity are essential in spreading various plant diseases that 
spread when suitable environmental conditions are available 
[2]. Tomato yellow leaf curl virus (TYLCV) is one of the most 
common plant diseases that affects plants, especially tomatoes. 
The whitefly spreads this virus, which transmits it in 
agricultural fields. Temperature and humidity significantly 
influence the spread of the whitefly and the virus [3]. Late 
blight is a dangerous disease that affects plants, especially 
tomatoes. A fungus called Phytophthora infestans causes this 
disease. It spreads in high humidity and moderate 
temperatures, leading to the growth and spread of these fungi 
[4]. Modern technologies such as artificial intelligence, 
machine learning, and the Internet of Things contribute to 
improving disease prediction capabilities, increasing accuracy, 
saving time, and increasing efficiency [5].  

2. Related studies 
This study showed that the integration between artificial 

intelligence and late blight disease that affects plants requires 
an integration process between machine learning algorithms 
and climate data and may rely on artificial neural networks to 
analyze the relationship between the emergence of diseases 
and climate data with high accuracy of prediction. This study 

also indicated accelerating and delaying the emergence and 
spread of diseases linked to environmental factors such as 
temperature and humidity [6]. The researchers used the 
importance of combining machine learning and automation in 
their study. These diverse models can be used to determine the 
relationship between environmental factors such as 
temperature and humidity and the spread of various 
agricultural diseases. They also explained the process of 
improving agricultural resource efficiency [7]. The authors 
used in their study the importance of integrating artificial 
intelligence with environmental conditions to control the 
prediction of various diseases. This study focused specifically 
on diseases affecting tomatoes. It proved that using machine-
learning algorithms could contribute to analyzing climate data 
and identifying the conditions that precede the spread of 
diseases in tomatoes. It also pointed out the importance of 
building innovative systems linked to sensing technologies 
through which environmental data such as temperature and 
humidity are collected and linking this data to diseases 
affecting tomatoes. These models were considered effective in 
predicting diseases and making appropriate decisions before 
diseases occur and spread [8]. Babu et al. demonstrated the 
importance of combining IoT sensors and machine learning 
algorithms in smart precision agriculture. Through this, an 
integrated system was developed that integrates continuous 
monitoring of plant field soil using IoT technologies and some 
predictive models based on hybrid integrated machine learning 
algorithms. This enables high accuracy in predicting tomato 
diseases, especially those associated with environmental 
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factors such as late blight and TYLCV. In addition, the study 
demonstrated the role of ecological data analysis in the 
agricultural decision-making process, as the predictive system 
can send early recommendations and alerts to farmers to alert 
them to the possibility of diseases to prevent them [9]. In this 
study, a comparison is made between different machine 
learning techniques such as neural networks, machine support 
vectors, and other algorithms based on criteria such as 
accuracy, ease of application, and processing time, 
emphasizing that the integration between artificial intelligence 
and the Internet of Things provides an excellent opportunity to 
develop intelligent systems and make them more effective and 
integrated [10]. This study refers to using artificial intelligence 
to predict environmental factors that affect the agricultural 
production process. The environmental factors that were relied 
upon were relative humidity and evaporation. Deep learning 
algorithms such as convolutional neural networks and 
recurrent neural networks were used. Agricultural procedures 
were linked to the outputs of artificial intelligence, controlling 
irrigation, improving ventilation, and controlling tomato 
diseases such as late blight [11]. Joshi and Deepti et al. [12] 
present techniques based on artificial intelligence and linear 
regression models for evaluating the effect of conditions such 
as temperature and relative humidity on the crop's life cycle 
before the emergence of late blight disease. The study showed 
the great potential of using predictive models in the process of 
predicting the emergence of diseases. Machine learning and 
statistical models were used in the prediction process. Several 
algorithms were used, such as SVM and artificial neural 
networks, which proved more accurate than linear regression. 

3. Materials and methods  
This section explains the process of building a prediction 

system based on artificial intelligence techniques to predict 
plant diseases before they occur. First, the structure of building 
the system will be presented, from the first step, the data 
collection process, to the last step, the system evaluation step. 
Fig. 1 below shows the main structure of building the system. 

 
Fig. 1 The main flowchart of the prediction system. 

The data pre-processing and model development were 
conducted using Google Colab, a cloud-based Python 
environment. Python libraries such as Pandas, NumPy, Scikit-
learn, and Matplotlib were employed for data manipulation, 
analysis, modeling, and visualization. The data were pre-
processed by normalizing temperature and humidity values 
and splitting them into training (80%) and testing (20%) sets. 
We evaluated model performance using RMSE, MAE, and R-
squared metrics. 

3.1. Data acquisition  

Data were collected from Iraqi fields. Data include average 
temperature, humidity, and date and disease occurrence. The 
recorded temperature and humidity values for each 
documented day included morning and evening 
measurements. The highest and lowest values were obtained 
for each day, and a daily average was calculated. This 
approach ensured that the environmental conditions reflected 
the full range of temperature and humidity variations 
throughout the day. 

3.2. Data pre-processing 

At this stage, the data is prepared before entering the next 
stage. Some additional columns derived from the original data 
are added, such as calculating the disease incubation period, 
the average disease incubation temperature, the average 
humidity, the difference between each day and the average 
disease incubation temperature, and the difference between 
each day and the average humidity for the incubation period 
for each of the two diseases: the first disease is tomato yellow 
leaf curl (TYLCV) and the second disease is late blight. 

3.3. Model training 

At this stage, the data is divided into 80% training and 20% 
testing. After that, the models are trained, and two different 
models are used for two different algorithms: linear regression 
and the random forest algorithm regressor. 

3.4. Linear regression 

Linear regression was used to predict disease occurrence 
based on environmental information specific to each disease 
using independent and disease-related variables. The 
following equation was used to calculate linear regression 
[13]: 

M = N0 + N1S + E                                                                         (1) 

M = dependent variable. 
S = independent variable.  
N0 = the constant representing M expected value when S = 0. 
N1 = the regression coefficient. 
E = random error. 

3.5. Random forest regressor 

The random forest algorithm is considered one of the most 
famous and influential algorithms in prediction in general. 
Several trees form this algorithm. Each tree makes a specific 
decision based on the data entered into it, and then all the trees 
are collected to make the final decision for the algorithm and 
make the prediction. In this algorithm, trees are calculated 
using the following equation [14]: 
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 Y = 
1
N
�Hi(x)

N

i = 1

                                                                             (2) 

Where Y : is the final predicted value, N : is the total 
number of decision trees, Hi(x) the prediction from the samples 
of the tree. 

3.6. New data prediction 

At this stage, data was obtained through a request 
submitted to the Ministry of Agriculture to obtain 
environmental data through a station affiliated with it close to 
the fields from which the data was collected in Salah al-Din 
Governorate/Balad District. Data included the average 
temperature, average relative humidity, and their date. This 
data makes it possible to verify the correctness of the 
program's operation and predict plant diseases before they 
occur. 

3.7. Evaluation 

In the final stage, the model is evaluated using several 
measures to measure the accuracy of the prediction, such as 
Root Mean Squared Error (RMSE) & Mean Absolute Error 
(MAE). 

3. Result and discussion 
In this section, the results obtained by the prediction system 

are displayed. Diseases are predicted 7 days before they occur, 
the incubation period for diseases affecting tomatoes. The 
results of the two diseases will be displayed. The first disease 
is TYLCV, and the second disease is late blight. Table 1 shows 
a sample of data collected in agricultural fields in Salah al-Din 
Governorate, Balad District, for the first disease TYLCV.  

Table 1. Sample of data TYLCV disease. 

Date Average 
Temperature 

Average 
Humidity 

Disease 1 
onset 

14/3/2024 19.49 41.52 0 
15/3/2024 20.08 50.185 0 
16/3/2024 19.16 38.975 0 
17/3/2024 18.56 44.115 0 
18/3/2024 18.475 58.16 0 
19/3/2024 17.14 75.05 0 
20/3/2024 15.73 61.715 0 
21/3/2024 17.89 52.69 1 

 
Table 2 shows a sample of data collected in agricultural 

fields in Salah al-Din Governorate, Balad District, for the 
second disease, late blight. 

The data was trained using temperature and humidity and 
the incubation average of 7 days. Two different algorithms 
were used: Linear Regression (LR) and Random Forest 
Regressor (RFR) algorithm. Various measures were used to 
measure the prediction accuracy and error rate of the two 
algorithms, RMSE and MAE. The results of the algorithms and 
the disease incidence will be shown in the following. Figure 2 
shows the results of linear regression in predicting the TYLCV 
disease; the RMSE ratio was equal to 0.1370, the MAE ratio 

was equal to 0.095, and the probability of the disease 
occurrence was 72.58%. 

Table 2. Sample of data Late blight disease. 

Date Average 
Temperature 

Average 
Humidity 

Disease 2 
onset 

17/3/2024 18.56 44.115 0 
18/3/2024 18.475 58.16 0 
19/3/2024 17.14 75.05 0 
20/3/2024 15.73 61.715 0 
21/3/2024 17.89 52.69 0 
22/3/2024 15.06 70.85 0 
23/3/2024 17.54 64.145 0 
24/3/2024 15.97 73.88 0 
25/3/2024 17.985 69.7125 1 

 

 
Fig. 2 Results of prediction of the TYLCV disease using LR. 

Figure 3 shows the results of LR in predicting the late 
blight disease, the RMSE ratio was equal to 0.1370, the MAE 
ratio was equal to 0.095, and the probability of the disease 
occurrence was 72.58%. 

 
Fig. 3 Results of prediction of the Late blight disease using LR. 

     To further clarify the results, Fig. 4 shows the difference 
between the actual and predicted values for the disease 
TYLCV using linear regression. 
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Fig. 4 The difference between actual and predicted values of the late blight 

disease. 

In addition, Fig. 5 shows the difference between the actual 
and predicted values for late blight disease using LR. 

 
Fig. 5 The difference between actual and predicted values of the late blight 

disease. 

Figure 6 shows the results of RFR in predicting the late 
blight disease, the RMSE ratio was equal to 0.080, the MAE 
ratio was equal to 0.045, and the probability of the disease 
occurrence was 82.00%. 

 
Fig. 6 Results of prediction of the TYLCV disease using RFR. 

 

Figure 7 shows the results of RFR in predicting the late 
blight disease; the RMSE ratio was equal to 0.053, the MAE 
ratio was equal to 0.045, and the probability of the disease 
occurrence was 68.00 %. 

 
Fig. 7 Results of prediction of the Late blight disease using RFR. 

Figure 8 shows the difference between the actual and 
predicted values for TYLCV disease using the RFR algorithm 
to clarify the results further. Fig. 9 also shows the difference 
between the actual and predicted values for late blight disease 
using the RFR algorithm. 

 
Fig. 8 The difference between actual and predicted values of the TYLCV 

disease. 

 
Fig. 9 The difference between actual and predicted values of the late blight 

disease. 
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After evaluating the two algorithms, the second algorithm, 
random forest regression, proved its effectiveness in predicting 
plant diseases. It is better than linear regression and has a much 
lower RMSE and MAE measure error rate.  

To clarify the practical part, Fig. 10 shows the field in 
which the work was done and the DHT11 sensor that was used 
and connected to a Raspberry Pi device installed on a railway 
in the agricultural field to collect data and predict plant 
diseases. 

 
 

 
Fig. 10 Demonstrates the use of equipment and data collection from Iraqi 

agricultural fields. 

4. Conclusions 
The ability to predict plant diseases proactively is a crucial 

step in improving agricultural production and reducing 
production losses for farmers and countries. The current 
research shows that predictive algorithms based on modern 
technologies such as artificial intelligence, such as the Random 
Forest Regressor (RFR) algorithm, achieve high accuracy and 
lower error compared to conventional algorithms such as 
linear regression, which has already been proven. RMSE 
0.1370 for TYLCV disease using linear regression reached 
0.080 for the RFR algorithm, as well as the MAE 0.095 for 
linear regression, while 0.045 for RFR, which has proven 
better performance in terms of reducing the error rate in 
prediction based on environmental data, such as average 

temperature and humidity. The Random Forest Regressor 
outperformed linear regression in all metrics, demonstrating its 
potential for real-time disease prediction. Future work will 
incorporate real-time data and additional AI models to enhance 
predictive accuracy. This study is limited by the regional data 
from Salah al-Din Governorate, and further studies are needed 
to assess the model's generalizability across different 
geographical locations. 

Additionally, overfitting might occur due to the model's 
reliance on a relatively small dataset. This study highlights the 
potential of AI models, particularly Random Forest Regressor, 
for early predicting plant diseases in Iraq. The results 
demonstrate that the model could significantly improve 
agricultural practices by enabling proactive disease 
management. Future work will focus on integrating IoT-based 
real-time data, exploring other machine learning models, and 
expanding the dataset to enhance model accuracy. Future 
recommendations of this research also include increasing the 
scope of input data, establishing a broader early system for 
farmers, and cooperation between research institutions and 
farmers to enhance agricultural production in Iraq. 
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