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Abstract: Sheath blight disease (Rhizoctonia solani) poses a critical threat 

to paddy (Oryza sativa) production, causing up to 50% yield losses under 

conducive environmental conditions. Existing computer vision-based disease 

detection systems identify infections only after symptom manifestation, 

while conventional machine learning prediction models suffer from high 

computational demands, data preprocessing requirements, and noise 

sensitivity. This research proposes a novel Hierarchical Temporal Memory 

(HTM) framework for real-time, pre-symptomatic disease prediction using 

Internet of Things (IoT)-based environmental monitoring of agricultural 

fields. Inspired by human neocortex architecture, HTM exhibits inherent 

noise resistance and continuous learning capabilities without extensive 

retraining. The proposed system leverages three critical environmental 

parameters, temperature, humidity, and rainfall, collected via IoT sensors to 

predict disease onset before visible symptom development. Implementation 

and validation were conducted from 2019 to 2023 for sheath blight prediction 

in paddy cultivation, achieving 94% prediction accuracy in 2023. This pre-

emptive prediction capability enables timely intervention, reduced pesticide 

application, and enhanced sustainable agricultural practices. The HTM-IoT 

integration represents a significant advancement in precision agriculture by 

transitioning from reactive disease detection to proactive disease forecasting, 

supporting both crop productivity and environmental sustainability 

objectives.  

 

Keywords: Hierarchical Temporal Memory, Internet of Things, Precision 
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Introduction  

Crop disease outbreaks constitute a fundamental 

threat to global agricultural productivity and food 

security, necessitating proactive disease management 

strategies rather than reactive control measures. Early 

disease prediction systems enable timely interventions 

that minimize yield losses and reduce dependency on 

chemical pesticides, thereby supporting both economic 

viability and environmental sustainability in 

agricultural systems. Precision agriculture increasingly 

relies on advanced information and communication 

technologies to facilitate data-driven decision-making 

for disease management and resource optimization. 

Climate change has intensified the frequency and 

severity of plant disease outbreaks through altered 

temperature regimes, precipitation patterns, and 

humidity levels (Tibpromma et al., 2021). Rice (Oryza 

sativa), which provides staple food for over half of the 

global population, demonstrates particular 

vulnerability to climate-induced disease pressure 

(Vishno et al., 2020). As a crop requiring extended 
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photoperiods, high solar radiation, and elevated 

humidity, paddy cultivation creates inherently 

favorable conditions for fungal pathogen proliferation 

(Chaliha et al., 2020). Fungal diseases significantly 

compromise both grain yield and quality, with sheath 

blight (Rhizoctonia solani) representing the most 

economically damaging rice disease globally (Sen et 

al., 2020). Under severe infection conditions, sheath 

blight can reduce rice yields by up to 50%, threatening 

food security in rice-dependent regions (Chaliha et al., 

2020). 

Traditional disease management approaches rely 

primarily on calendar-based or reactive pesticide 

applications, contributing to environmental 

degradation, pesticide resistance development, and 

increased production costs (Raghavendra et al., 2014). 

Pre-emptive disease outbreak prediction enables 

targeted interventions, optimized pesticide timing, and 

reduced chemical inputs, aligning agricultural practices 

with sustainable development goals (Yang et al., 2016; 

Faber et al., 2019). 

Limitations of Existing Disease Detection 

Approaches 

Contemporary disease detection methodologies 

predominantly employ computer vision techniques for 

automated symptom identification through image 

analysis. While these approaches demonstrate high 

accuracy in disease classification, they fundamentally 

operate as reactive systems, identifying infections only 

after visible symptom manifestation. At this stage, crop 

damage is typically irreversible, and pathogen 

dissemination has already occurred, limiting the 

effectiveness of control measures. Furthermore, 

existing machine learning models for disease 

prediction face significant operational constraints 

including high computational requirements, extensive 

data preprocessing needs, sensitivity to environmental 

noise, and inability to adapt to evolving disease 

dynamics without complete model retraining. 

The critical need exists for predictive systems 

capable of forecasting disease onset before symptom 

appearance, enabling truly proactive disease 

management. Given the well-established correlation 

between environmental conditions and disease 

development, environmental parameter monitoring 

provides a viable pathway for pre-symptomatic 

prediction. 

Research Contribution 

This study proposes a Hierarchical Temporal 

Memory (HTM) framework integrated with Internet of 

Things (IoT) sensor networks for real-time, pre-

symptomatic prediction of sheath blight in paddy 

cultivation. HTM, inspired by mammalian neocortex 

architecture, offers distinctive advantages for 

agricultural disease prediction: 

• Continuous Learning Capability: HTM systems 

learn incrementally from streaming data without 

requiring batch retraining, enabling adaptation to 

evolving environmental patterns and disease 

dynamics.  

• Noise Robustness: The temporal pooling 

mechanisms inherent in HTM architecture provide 

natural resistance to sensor noise and environmental 

variability characteristic of field conditions.  

• Temporal Pattern Recognition: HTM excels at 

identifying complex temporal sequences and 

patterns in time-series environmental data, 

capturing subtle pre-disease environmental 

signatures. 

The proposed system monitors three critical 

environmental parameters, temperature, relative 

humidity, and precipitation, identified as primary 

drivers of sheath blight epidemiology. Real-time sensor 

data streams are processed through the HTM 

architecture to generate disease risk predictions before 

visible symptom onset, enabling timely preventive 

interventions. 

Implementation and validation conducted from 

2019 to 2023 in paddy cultivation systems 

demonstrated 94% prediction accuracy for sheath 

blight occurrence in 2023, validating the efficacy of the 

HTM-IoT approach for operational disease forecasting. 

This pre-emptive prediction capability supports 

optimized pesticide application, reduced 

environmental impact, and enhanced crop protection 

efficiency. 

The remainder of this paper is organized as follows: 

Literature Review explores related work in disease 

prediction and HTM applications; Materials and 

Methods detail the proposed HTM-IoT architecture and 

implementation methodology; we also present 

experimental results and performance evaluation; 

discusses implications and limitations; and concludes 

with future research directions. 

Background 

Paddy is regarded as an essential crop when the 

security point of view of the world's food supply is 

considered. The cultivation of rice is recognized as the 

most important crop for the sustainable environment, 
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the agricultural economy, and human feed. It is best 

suited to areas with lots of humidity, continuous 

sunlight, and a reliable supply of water. The average 

temperature needed for the crop to survive is noted to 

be between 21 and 37℃ (World Bank Group, 2022; 

Dean et al., 2012; Bevitori & Ghini, 2014). A 

conventional paddy garden is depicted in Fig. 1, 

whereas the extent of rice output throughout several 

global nations is displayed in Fig. 2. 

 

Fig. 1. Paddy Plantation 

 

Fig. 2. Global Paddy production at 2020 

Over ten prevalent paddy diseases, such as rice 

blast, sheath blight, rice brown spot, false smut, sheath 

rot, and tungro diseases, are often investigated 

globally. It is noted that rice sheath blight is one of the 

common prevalent diseases with the greatest global 

economic impact. Grain production and quality are 

significantly reduced by this disease. In the most 

favorable conditions, yield losses of up to 50% have 

been documented. Sheath blight, a soilborne disease, is 

caused by Rhizoctonia solani AG1-IA, a fungus (Li et 

al., 2014). The fungus is classified as a member of the 

family Ceratobasidiaceae and phylum Basidiomycota. 

 

(a) Sheath Blight 

 

(b) Leaf Blight 

 

(c) Hispa 

Fig. 3. Common Paddy Diseases 

Early symptoms are repeatedly observed as 

greenish-gray, round, oval, or ellipsoid, water-soaked 

patches on the leaf sheaths at or slightly above the 

water line. The symptoms appeared as bigger lesions 

with irregular borders ranging from tan to dark brown 

around grayish-white centers as the condition 

worsened. Leaf blades may also be infected, resulting 

in irregular lesions surrounded by dark green, brown, 

or yellow-orange edges and symptoms are presented in 

Fig. 3. During wet seasons, the spread of disease is 

faster. Sheath blight infection is favored by high 

temperatures, high relative humidity, and high nitrogen 

fertilization, as well as closer distances to adjacent 

plants (Rajput et al., 2017). 
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Early prediction can be extremely beneficial in 

initiating proactive control measures and controlling 

the disease successfully for improved control. Ahead of 

time, farmers need to know how likely it is that a 

disease will strike in order to properly control illness. 

Strong correlations exist between plant disease 

outbreaks and environmental conditions. The growth of 

the paddy plant infection sheath blight is encouraged 

by moderate rainfall combined with high humidity. 

Humid environments during the summer are thrived 

upon by Rhizoctonia solani. The advancement of the 

disease is favoured by high humidity combined with 

rainfall (Tibpromma et al., 2021). It is possible for the 

emergence of a disease to be accurately anticipated in 

advance of its occurrence by using the association 

connecting environmental factors and the life cycle of 

the disease. The infection or disease outbreak can be 

combated more successfully by farmers if they are 

alerted to its impending arrival. Numerous machine 

learning-based methods are employed to identify and 

forecast the incidence of the illness. 

Literature Review 

Tanjore in Tamil Nadu is the granary of paddy 

cultivation presented in Fig. 4. The temperature, 

humidity and rainfall that are conducive for the 

maximum yield in Tanjore are presented in Fig. 5, Fig. 

6, and Fig. 7. Various spectroscopic methods for 

identifying plant diseases, including reflectance, 

infrared, and Raman, are examined by Farber et al. The 

benefits and drawbacks of each of these methods are 

covered (Faber et al., 2019). The Random Forest 

machine learning method is suggested by Jawade et al. 

to forecast mango plant diseases depending on weather. 

When it comes to predicting mango sickness, a high 

level of accuracy is reported for the suggested method 

(Jawade et al., 2020). Paddy damage is assisted by 

machine learning in the context of the Internet of 

Things. Disease diagnosis was proposed by Chen et al. 

(2020). For the purpose of developing a machine 

learning model to forecast rice blast illness, the 

hyperspectral data from the rice field images is 

transformed. 

A plant health detection system utilizing real-time 

plant characteristic monitoring was proposed by 

Yakkundimath et al. (2018). Real-time monitoring for 

IoT-based plant disease detection was suggested by 

Ramesh & Vydeki (2018). The limits of the current 

illness detection methods were examined by Arsenovic 

et al. With an accuracy rate of 93.67%, the study 

suggested a two-stage neural network design for real-

time plant disease detection (Arsenovic et al., 2019). 

Various Convolutional Neural Network (CNN) 

methods for identifying plant diseases were examined 

by Nagaraju and Chawla, and their efficiency was 

compared (Nagaraju & Chawla, 2020). Plant resistance 

gene identification and plant disease categorization 

using machine learning techniques were evaluated by 

Yang & Guo (2019). Various deep learning methods 

for identifying plant diseases were examined and 

analyzed by Liu & Wang (2021). A CNN-based method 

for the disease identification of apple and tomato leaf 

pictures was proposed by Francis & Deisy (2019). An 

integrated strategy to manage data, equipment, and 

algorithms for strawberry disease prediction called 

FAAS (Farm as a Service) was suggested by Kim et al. 

(2018). The easy execution of the system is ensured by 

the integrated agriculture specialized FaaS system that 

was suggested. The diagram for the blight disease 

detection is presented in Fig. 8. 

 

Fig. 4. Paddy producing regions in India. 

The problem of climate change impacts on crops 

was suggested to be addressed by Materne and Inoue 

using IoT-based environment monitoring for disease 

population estimates (Materne & Inoue, 2018). An 

Internet of Things-based disease warning system was 

suggested by Araby et al. (2019) through direct 

observations of the agricultural field and the utilization 

of machine learning to create an early warning system 

(Araby et al., 2019). The identification of fungal 

diseases was suggested to be aided by the use of IoT 

and machine learning skills by Truong et al. The 

environmental conditions of the wheat field are 

immediately observed via IoT. In order to segment and 

extract features from pictures for the purpose of 

classifying diseases, Otsu's and K-means clustering are 
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examined by the study (Chaudhary et al., 2019). The 

identification of tomato leaf illness and flaws using a 

method called SENet was suggested by Pragya et al. A 

hybrid technique based on CNN for tomato leaf disease 

detection, called SENet, is suggested. The primary goal 

of the suggested method is to identify plant diseases 

while effective use of computational resources is made 

(Pragya et al., 2019). 

 

Fig. 5. Average Temperature Profile in Tanjore, India. 

The detection of sheath blight disease in the paddy 

plant using hyperspectral remote sensing technology 

was proposed by Lin et al. (2020). Better accuracy was 

revealed through a decision tree classifier, and it was 

claimed that the results provided the basis for the 

development of a specific sensor for detecting this 

disease (Lin et al., 2020). A machine learning model 

with infrared spectroscopy for the detection of rice 

sheath blight was proposed by A.O. Conrad. It was 

shown that a testing accuracy of 86.1% was obtained 

and promise for application in disease diagnosis and 

management was suggested (Anna et al., 2020). Sheath 

blight disease detection and classification using image 

processing and machine learning were presented in 

Singh & Patel (2022). It was revealed that the method 

shows 90% accuracy in the testing phase in detecting 

the unhealthy leaf images that are affected by sheath 

blight disease. 

 

Fig. 6. Average Humidity Profile in Tanjore, India. 

Despite the spread of statistical, machine learning, 

and deep learning approaches to disease detection in 

plants, especially paddy, it is known to us that no 

solutions based on hierarchical temporal memory 

(HTM) models have been proposed. However, the 

structural and temporal properties of HTM model 

approaches allow for excellence in cross-domain tasks 

that are applied to disease detection in plants, such as 

sheath blight disease. 

The efficiency of the hierarchical temporal memory 

(HTM) model for anomaly detection in various 

applications is discussed in Ahmad et al. (2017). It is 

shown that better efficacy is provided by the HTM 

model compared to the other machine learning models 

in anomaly detection applications. In addition, 

efficiency in detecting anomalies in cluster activities 

(Bamaqa et al., 2020), traffic models (Almehmadi et 

al., 2020), human crucial signals (Bastaki et al., 2020), 

electric power grids (Barua et al., 2020), and computer 

hardware (Faezi et al., 2021) has also been proven by 

HTMs. 

After the outward features of the sickness symptoms 

on plants have been observed, several techniques for 

disease detection utilizing the computer vision 

methodology have been presented in Fig 8. These 

methods can be used after the illness has established 

itself and large losses have been caused to the crop. A 

way to anticipate illness onset is required in order for 

preventative measures to be conducted. The life cycle 

of a disease is strongly correlated with its 

environmental factors. It is suggested that crop disease 

occurrence be anticipated based on temperature, 

humidity, and rainfall, which has not been done before. 

The distinctive quality of the suggested solution is its 

capacity to anticipate the likelihood of a paddy (sheath 

blight) disease assault and, in addition, any disease 

with a strong correlation with environmental 

conditions. 

 

Fig. 7. Average Rainfall Profile in Tanjore, India. 
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Fig. 8. Schematic Diagram for Proposed Paddy Plant Sheath Blight Disease Detection

Contribution of Society 

Using the application of directly detected 

agricultural field environmental factors, a method for 

early plant disease prediction was proposed by the 

study. A hierarchical temporal memory model based on 

the human neocortex is devised and put into practice to 

forecast the incidence of sheath blight disease in India's 

rice plants. The suggested solution can also benefit any 

infection prognosis that has a significant association 

with environmental variables. 

Materials and Methods 

The environmental data, the Hierarchical Temporal 

Memory model, and the process of gathering 

environmental data and creating a flowchart for 

predicting crop diseases are described in this section. 

Area of Study 

Paddy is considered one of the world's leading 

agricultural products by India. In the 1980 fiscal year, 

53.6 million tonnes of paddy were produced by India, 

and an astounding 135 million tonnes were produced in 

the 2022 fiscal year. The main paddy-producing 

locations of India are shown in Fig. 4. Tanjore district 

in Tamil Nadu has been chosen for this study in order 

to implement the proposed method of estimating the 

prevalence of the disease. 

Environmental Data Sensing Test Kit 

Environmental information from crop fields is 

collected using an IoT-built platform. The 

measurement of temperature, relative humidity, and 

rainfall is conducted by the DHT (Digital Temperature 

and Humidity) and rain sensor in collaboration with the 

system architecture directly from the agricultural field. 

The schematic diagram along with the required sensor 

is displayed in Figure 5. Information about the 

environment is received by the server and further 

processed in accordance with the proposed solution. 

The Proposed Disease Prediction Flow Chart 

The current temperature, humidity, and rainfall 

levels are used by the proposed approach to calculate 

the likelihood that sheath blight disease would be 

contracted by paddy plants. The median monthly 

temperature and mean monthly humidity are calculated 

using each day's temperature and humidity. The 

monthly record rainfall is determined by summing 

together all of the days' maximum rainfall. The chance 

of sheath blight disease spreading on paddy plants is 

calculated using the mean monthly temperature, 

humidity, and highest rainfall for the month. The 

forecasts produced by the model are verified by 

measurements in the field. The threshold limit of sheath 

blight on paddy plants is reached when it is revealed by 

field investigations that more than 20% of the plants 

are affected by the disease. The forecasts are verified 

by comparing them to the field measurements. Input 

from the confirmation of the estimations is received by 

the Hierarchical Temporal Memory model to enhance 

its performance in the long run. The data processing is 

shown in Fig. 5. 

Environmental Conditions 

The environmental factors that are critical for the 

growth of paddy plant sheath blight disease incidents 

are discussed in this section. An impact on paddy plant 

attacks by the sheath blight disease is made by rainfall 

and humidity together. In moderate rainfall and heavy 

humidity, paddy plants are attacked severely by the 

sheath blight disease. The prediction algorithm 
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includes temperature since the population of sickness 

is lowered by it.  

Monthly projections are made using the highest 

monthly rainfall (RF_max), mean monthly humidity 

(HY_mean), and mean monthly temperature 

(TE_mean). The environmental data is immediately 

observed from the agricultural field using the prototype 

mentioned in the earlier part. The following part 

contains the environmental statistics. 

Temperature 

The development of diseases is closely correlated 

with temperature. The mean monthly temperature 

(TE_mean) could have been obtained from the 

maximum temperature for the day (TE_maxday) using 

Equation 1. It is considered that 'n' is the number of 

days in a month. 

𝑇𝐸𝑚𝑒𝑎𝑛 =
∑ 𝑇𝐸𝑚𝑎𝑥𝑑𝑎𝑦
𝑛
𝐷𝑎𝑦=1

𝑛
   (1) 

For a chosen set of years, the temperature in the 

chosen location is monitored from January to 

December. The highest daily temperature 

(TE_maxday) and mean monthly temperature 

(TE_mean) for the last five years are displayed in Fig. 

6. During the paddy plantation season, temperatures in 

the chosen location are often around the high 30s ℃, 

which is supportive to the disease's growth. 

Humidity 

Humidity is referred to as the proportion of wetness 

in the air. The mean monthly humidity (HY_mean) and 

everyday maximum humidity (HY_maxday) for the 

last five years are displayed in Fig. 7. Compared to 

other chosen months, lower humidity levels are found 

in June, July, and August, which are conducive to the 

growth of sheath blight attacks on paddy plants. In the 

chosen location, humidity ranges from 58% to 78% 

from July to October. The mean monthly humidity is 

given by Equation 2. 

𝐻𝑌𝑚𝑒𝑎𝑛 =
∑ 𝐻𝑌𝑚𝑎𝑥𝑑𝑎𝑦
𝑛
𝐷𝑎𝑦=1

𝑛
  (2) 

Rainfall 

The maximum monthly rainfall is estimated by 

Equation 3, which is the highest amount of rain that 

falls on any one day in a given month. The average 

rainfall of the whole year is given in Fig. 8. It is shown 

that the months between August and December have 

high rainfall relative to the rest of the months in a year. 

𝑅𝐹𝑚𝑎𝑥 = 𝑅𝐹𝑚𝑎𝑥𝑑𝑎𝑦   (3) 

Disease Intensity Observations 

The proposed approach is put into practice and 

verified through in-person field observations to 

determine the severity of the illness. If 20% of the 

paddy plants grown in an acre are infected, the disease 

attack is said to be above the economic threshold level 

(ETL). Ten acres of paddy plants are chosen for the 

crop. 

The attack of sheath blight disease is dependent on 

high rainfall, and an important connection with the 

severity of the plant infection is held by temperature 

and humidity. 

 

Fig. 9. Architecture of the HTM learning method. 

Hierarchical Temporal Based Machine 

Learning Method 

Human learning, cognition, and perception are all 

controlled by the neocortex in the human brain. The 

unit component of the neocortex is the neuron cell. In 

this paper, an HTM neuron cell is introduced that 

mimics the functionality of this biological neuron. The 

neuron model of the HTM is shown in Fig. 9. Three 

different types of dendritic segments are connected to 

a neuron: (i) proximal dendrite segments, from which 

inputs are obtained from neurons in the lower layer; (ii) 

distal dendrite segments, composed of synaptic 

relationships with neurons that are in the layer above; 

and (iii) distal dendrite segments, which are composed 

of lateral connections with same-layer cells (Spruston, 

2008). 

A single layer of the HTM is created by a row of 

mini columns made up of stacked neurons. Mini 

columns are formed by the arrangement of the neurons 

one over the other. In this instance, one HTM layer is 

just included. As a result, the feedback connections 

from the layer above are excluded from our neuron 

model. The temporal relations in the data stream are 

enabled to be learned by the HTM through the lateral 

connections of the distal dendrites. This aspect of the 

HTM that is most essential for detection and prediction 

is influenced by us. Three possible states can be held 



Thangaraj Ethliu et al, Journal of Computer Science 2025, 21(11): 2557-2569 

DOI: 10.3844/jcssp.2025.2557.2569 

 

2564 

by each HTM neuron, similar to a biological neuron, 

namely (i) inactive, (ii) predictive state, and (iii) active 

state (Barua et al., 2020; Hawkins & Ahmad, 2016). 

In addition, Fig. 9 is composed of an encoder, 

spatial poolers, temporal poolers, and HTM neuron 

cells. The signal is transformed by the encoder into a 

high-dimensional binary representation at each time 

instant, which is a sparse distributed representation 

(SDR). Sparse representations are represented by 

SDRs, where a few active bits correspond to each input. 

With the incoming data of sparse representation, this is 

commonly set to 2 percent in HTM, and good accuracy 

is provided. 

The activation state of the mini columns (i.e., 

grouped by HTM neurons), which is a second SDR of 

a similar size as the input SDR, is computed by the 

spatial pooler. Each microcolumn of an HTM is 

coupled to a subset of the input SDR bits through 

synaptic connections known as proximal dendrite 

sections. The activation/triggered state of the mini 

columns is produced as the output of the spatial pooler; 

as a result, the output of the spatial pooler is SDR. 

A predetermined number of HTM neurons are 

layered one on top of the other in each mini column of 

the temporal pooler, which has many of them. A 

cortical column is created by stacking several 

microcolumns next to one another. The synaptic 

connections serve as an HTM's temporal memory and 

capture temporal relations. If two cells from distinct 

microcolumns in the same layer have an active synaptic 

connection, then there is a temporal relationship 

between those cells. A synaptic connection that is 

active indicates that the cell from which it was formed 

is also alive. The predictive state is entered by the cell 

if the total number of active synapses in any one of the 

dendritic sections goes beyond a specific threshold 

value. The predictive state of a cell also gives the 

temporal setting for the choice of activation in the 

following period. Active synaptic connections that 

successfully detected the predicted state are 

strengthened, while those that unsuccessfully or 

wrongly identified it are weakened. A higher-order 

temporal representation of the sequential data is 

learned by the HTM through a process known as 

Hebbian-type learning. This representation can be 

utilized for prediction and anomaly detection. 

The structure of the HTM model for concurrent 

disease prediction and real-time disease detection is 

shown in Fig. 10. 

 

The HTM implementation for disease detection, 

which consists of the following collection of blocks, is 

the subject of this section. The data x_t at each time 

step t-1 is transformed into an SDR by the scalar 

encoder. Each SDR (x_t-1) matrix is converted into a 

sparse binary vector representation SP (x_t-1) by the 

spatial pooler. P(x_t-1) is produced by the temporal 

pooler, which is the last block. The term P (x_t-1) is an 

SP forecast made using SP (x_t) based on SP (x_t-1) at 

t-1. The discrepancy between the middle of the 

anticipated value, P(x_t-1), computed at the previous 

time step, and the actual value, SP (x_t), is calculated 

by the last block. The usefulness of the HTM in 

detecting spatial as well as subtle temporal patterns 

present in disease data is established by using the 

dataset-formulated model. 

Evaluations 

Assessments are carried out using. 

• The HTM model's effectiveness 

• The precision of predictions based on field 

observations. 

Effectiveness of the HTM model 

In this part, various statistics are provided to put the 

framework for HTM into practice. The relationship 

between environmental factors and the onset of sheath 

blight disease is shown in Table 1. A strong positive 

correlation with the onset of sheath blight disease is 

held by rainfall, temperature, and humidity. Regression 

line models are utilized to be executed since a 

relationship exists between the predictor and response 

variable. The correlation coefficients are determined 

based on the relationship between the predictor 

variable (temperature, humidity, and rainfall) and 

sheath blight disease. It is estimated based on 

covariance and standard deviation. 

The spectrum of "yes" and "no" probabilities within 

the data set is displayed in Figure 7. In the available 

data, the chances of predicting "Yes" and "No" 

exceeding the ETL are dispersed equally. The `Yes` 

and `No` probabilities are selected based on the ETL 

value. If 20% of the paddy plants grown in an acre are 

infected, then the disease attack is said to be above the 

ETL, marked as the probability being ‘Yes.’ Otherwise, 

the probability is considered to be ‘No’ (Fig. 11). The 

residual values for the humidity-based sheath blight 

disease prediction are likewise uniformly distributed 

about the standard deviation, as seen in Fig. 12. The 

residuals are estimated based on the predicted value 

and the actual value. 
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Fig. 10. HTM Model for sheath blight disease detection and prediction. 

The residual values for the rainfall-based forecast of 

the paddy sheath blight disease are likewise seen to be 

uniformly spread around the average, as shown in Fig. 

13. The temperature-based forecast of the paddy sheath 

blight disease is displayed in Fig. 14 and is observed to 

be uniformly distributed relative to the averages. 

 

Fig. 12. Humidity Residual Graph 

 

Fig. 13. Rainfall Residual Graph 

The rate of occurrence of the disease is the factor 

that is dependent, while the following variables are 

independent: humidity, rainfall, and temperature. To 

create the humidity-based forecast, the best-fitted 

regression line for the humidity variable is displayed in 

Fig. 15. To create a rainfall-based forecast, Fig. 16 is 

used, which displays the best-fitted regression line for 

the rainfall variable. The best-fitted line of regression 

for the variables related to temperature, which is used 

to create the temperature-based forecast, is displayed in 

Fig. 17. Regression line methods are employed to 

forecast the likelihood of illness. 

 

Fig. 14. Temperature Residual Graph 

 

Fig. 15. Humidity Regression line for sheath blight 

prediction 

 

Fig. 16. Rainfall Regression line for sheath blight 

prediction 
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Fig. 17. Temperature Regression line for sheath blight 

prediction 

The regression results for each variable are 

displayed in Table 2. The values for multiple R, R 

square, corrected R square, standard error, and total 

number of observations are provided by Table 2. With 

1820 assessments, the multiple regression value is 

noted to be 0.66, the R-squared is reported as 0.44, the 

corrected R-squared is recorded as 0.44, and the 

standard error is indicated to be 0.32. It was 

demonstrated by these findings how well the likelihood 

of the illness was predicted by the HTM model given a 

specific combination of environmental factors. The test 

statistics for the various failures are displayed in Table 

3. Prediction mistakes are noted to be quite rare. As a 

result, the forecast is fitted by the model. 

Table 1. Disease intensity and environmental factors 

correlation 

 Humidity Rainfall Temperature 

Intensity of the Sheath 

Blight Disease in 

Paddy 

0.86 0.83 0.79 

Table 2. Analysis of Regression 

Regression Statistics 

Observation Samples 1860 

Multiple R 0.66 

R Square 0.44 

corrected R Square 0.44 

Standard Error 0.32 

Table 3. Standard Errors 

 Coefficient Standard Error P-Value 

Intercept -0.426 0.086 7.83e-9 

X Variable 1 0.026 0.0015 4.86e-6 

X Variable 2 0.0016 0.00075 0.183659 

X Variable 3 0.001 0.001 1.658e-12 

Table 4. Accuracy of the disease prediction through Years   

Year Correct Prediction Probability 

2019 7 69 % 

2020 9 77 % 

2021 9 85.6 % 

2022 10 87 % 

2023 11 94 % 

Field Validations 

The predictions made by the HTM model are 

verified by field findings. The correct forecasts from 

2019 to 2023 are summarized in Table 4. Because fresh 

data sets are used to train HTM and recursive feedback 

is received, an increase in prediction accuracy is 

observed over time. It is illustrated how accuracy 

steadily increases between 2019 and 2023. The 

accuracy is estimated based on the prediction result 

from the HTM model and validation from the field 

observations. Predictions are considered accurate in 

69% of cases in 2019, 77% of cases in 2020, 85.6% of 

cases in 2021, 87% of cases in 2022, and 94% of cases 

in 2023. The forecast accuracy across the chosen years 

is displayed in Fig. 18, from which it is clear that better 

performance of the recommended strategy is exhibited 

with time. 

 

Fig. 18. Accuracy of the disease prediction graph through 

years 

The likelihood of paddy sheath blight disease 

incidence is precisely forecasted by the recommended 

solution before the outbreak of the disease. The method 

works better than image processing methods for 

identifying diseases, which are only beneficial after an 

illness attack has already taken place. In comparison 

with the decision tree, it was seen that HTM 

architecture had captured temporal dependencies. This 

is often overlooked by decision trees. It was found that 
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the decision tree shows the non-linear relationships 

within the complex data sets. 

Similarly, SVM (Support Vector Machine) has been 

found to struggle with the integration of temporal data. 

While the HTM can integrate process temporal 

relationships directly from environmental data and 

predict disease outbreak temporal components. 

Based on the CNN (convolutional neural networks), 

it was found that their application had limitations with 

visual data applications and lacked temporal dynamics. 

HTM requires less computational power and data sets. 

In comparison, the random forest ensemble method 

performs well with large data sets and lacks temporal 

dynamics, which is essential in agricultural disease 

prediction, while HTM performs well for agricultural 

environments. The result of this comparison suggests 

that the HTM model outperforms other models. 

Conclusion 

Utilizing precise environmental sensing of 

agricultural fields, a model based on Hierarchical 

Temporal Memory has been proposed for the 

forecasting of sheath blight disease in paddy plants. 

The correlation between the environmental factors and 

the disease's rate of growth is determined by creating 

regression line models. Temperature, humidity, and 

rainfall from the agricultural field are immediately 

collected using the Internet of Things (IoT). The 

proposed approach is trained, tested, and validated with 

crop-related environmental data from 2019 to 2023. 

When evaluated against the test data set, good 

prediction accuracy is demonstrated by the model 

based on Hierarchical Temporal Memory. Predictions 

generated by the suggested approach are also evaluated 

using personal observation from the field data. To 

enhance the performance of the recommended model, 

the observation is additionally included in the model 

every year as a training set of data. Annual increases in 

forecast accuracy have been noted. Sustainable 

agricultural growth is recommended to be promoted by 

using pesticides sparingly and by managing the disease 

outbreak well. 
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