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Abstract—Plant diseases are a major factor affecting agricul-
ture yield by accounting for approximately 20% of the total
produce and pose a constant threat to global food security.
Accordingly, many solutions have been proposed to detect the
presence of disease and estimate severity using AI and ML.
These techniques estimate the severity as the proportion of area
that was affected by the disease. Instead, this article estimates
the severity of disease as the harmonic mean of the percentage
of area affected by the disease and the percentage of area the
disease has spread to. It represents the data of diseased locations
in farmland as a graph and performs estimation with the help
of GNN. These insights can help a disease management A-CPS
to automate its downstream tasks like resource allocation and
targeted spraying to control the disease efficiently. The proposed
method has been validated by training a GNN on images of apple
leaves in which diseased parts have been identified and annotated.
When presented with a new image, the trained model produced
results resembling human visual estimation.

Keywords—Smart Agriculture; Artificial Intelligence (AI);
Agriculture Cyber-Physical System (A-CPS); Internet-of-Agro-
Things (IoAT); Graphs; Message Passing; Graph Neural Network
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I. INTRODUCTION

The global population has been rising rapidly and is ex-

pected to reach 9.7 billion by 2050. On the contrary, factors

like global warming, climatic changes, and pathogens are

contributing to the reduction in agricultural produce causing

a global threat to food security [1]. Plant diseases are a

major factor affecting agriculture claiming about 20% of the

produce. Plant diseases can be caused by fungi, bacteria and

be transmitted in various ways like wind, water, insects, direct

contact, and indirect contact due to humans. Chances of a plant

getting affected by a disease are controlled by environmental

factors like temperatures, sunlight, soil conditions, humidity,

and pathogens [2]. To ensure food safety and security to the

world, there must be an efficient disease management system

to handle diseases in plants. Integrating Various adaptive meth-

ods like using disease-resistant variants, crop rotation, climate,

and epidemic forecast with disease management systems helps

in preventing diseases and protecting the crop yield [3].

However, due to climate changes and genetic mutations,

new kinds of diseases infest even after implementing preven-

tive methods. In such cases, a plant disease detection mecha-

nism is necessary. There have been various biological methods

to detect diseases in plants [4] which are invasive and needed

expertise. Hence, various noninvasive imaging techniques [5]

were developed recently with the help of Artificial Intelligence

(AI) to automate disease detection and estimation. As the

usage of excessive amounts of pesticides to protect the crop

from disease has negative effects on the health of the plants,

farmers, and also environment [6], the severity of the disease

has to be efficiently quantified. It aids in using the right amount

of pesticide, efficiently allocating resources, and handling the

disease. The proposed "Stimator" is a method to effectively

estimate the severity of plant diseases in an Agriculture Cyber-

Physical System (A-CPS) assigned with disease management

as in Figure 1. Stimator accepts information on diseased

locations from Internet-of-Agro-Things (IoAT) sensors, drones

and spatially analyses them using Graph Neural Network

(GNN) to estimate the severity.
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Figure 1: Overview of a disease management A-CPS.

The rest of the paper is organized into the following

sections: The problem statement of this paper and the proposed

solution are presented in Section II, which is followed by

a discussion of related prior research in Section III. Graph

Classification is introduced to readers in Section IV to help

them easily understand the method proposed in Section V.

Experimental results are detailed in Section VI while Section

VII concludes the paper.
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II. NOVEL CONTRIBUTIONS OF THE CURRENT PAPER

A. The Problem Statement

To understand the severity better and to plan on the resource

allocation in disease management, estimating the severity of

the disease is critical. So, there have been multiple works in

recent times to quantify the severity of a disease detected.

However, they do not take the spatial spread into consideration.

They estimate severity as the percentage of area that has been

damaged by the disease. Consider a scenario where a number

of disease instances are confined to one corner of the farmland

and another scenario where the same number of instances are

spread across the farmland as shown in Figure 2.

Farmland
Infected part

(a) Disease confined to a corner. (b) Disease spread throughout farmland.

Figure 2: Disease propagation scenarios.

Existing methods produce the same severity measure for

both scenarios since the proportion of area damaged is the

same. But, in the second scenario as the disease instances are

spread across the entire farmland, the severity of the disease

is higher, and it needs more resources to handle the disease

when compared to another scenario. Hence, the estimation of

severity of a disease must be computed by also considering

the spatial spread of the disease in the farm.

B. Proposed Solution of the Current Paper

For the purpose of considering spatial spread of the disease

across the farmland, the proposed "Stimator" performs spatial

analysis to compute the percentage of area the disease has

spread to and the percentage of area damaged by the disease

using machine learning. Arithmetic mean of both the metrics

computed will be misleading in cases where a few diseased

locations are spread throughout the farm. On the other hand,

harmonic mean reduces the influence of a single extreme

number and produces a high mean only if both values are

high. Owing to this, the harmonic mean of percentage of

damaged area and percentage of area the disease has spread is

considered as a severity measure for plant disease. The relation

between the proposed severity measure and computed metrics

has been visually presented in Figure 3.

C. Novelty and Significance of the Proposed Solution

The following reasons demonstrate novelty of the proposed

Stimator.

1) Stimator considers the area affected by disease and its

spatial spread to effectively estimate is severity.

Figure 3: Proposed severity measure.

2) The Proposed method represents data of the diseased

locations as a graph to capture their spatial relationship.

3) It introduces a GNN based method to measure the

percentage of the area the disease has spread to for

estimating the severity.

4) The severity measure proposed is robust and is not

affected by single extreme values.

III. RELATED PRIOR WORKS

In recent times many automation solutions have been devel-

oped in smart agriculture using AI and ML. Likewise, there

have been various works using ML to detect and estimate the

severity of diseases and damages due to climate in agriculture

for effective treatment of plants. Since detection of disease /

damage is out of the scope of the current paper, this section

presents methods proposed to estimate the severity by various

researchers in recent times. In the article [7], authors divided

the area of interest into small squares to estimate the severity

as the number of squares that show damage out of the

total number of squares. Authors of [8] estimated severity

as the percentage of area that has been damaged by the

disease. Similarly, in article [9] area occupied by lesion due

to disease is computed and the percentage of area it occupied

is considered as severity measure. In sugarcane plants, the

leaf disease severity was estimated as the percentage of area

of the diseased spots in [10]. A two-stage image processing

was performed in [11] to segment diseased areas and estimate

severity as the percentage of area occupied by the segments.

All the above methods do not consider the spatial spread

of the disease to estimate severity. Whereas the proposed

"Stimator" considers the proportion of area affected and the

proportion of area where the disease has spread to effectively

estimate the severity of the disease. A summary of the above

discussed methods has been presented in Table I.



Table I: A brief summary of relevant literature.

Research Factors considered Remark

Mitra et al. [7] Proportion of area
damaged by climate

Does not consider
spatial spread

Parikh et al. [8] Percentage of area
affected by disease

Does not consider
spatial spread

Jamadar et al. [9] Area occupied by
lesion due to disease

Does not consider
spatial spread

Ratnasari et al.
[10]

Area covered by spots
due to diseased

Does not consider
spatial spread

Divyanth et al.
[11]

Percentage of area
occupied by diseased
segments

Does not consider
spatial spread

Stimator Percentage of area
affected by disease
and its spatial spread

Considers spatial
spread for effective
estimation

IV. INTRODUCTION TO GRAPH CLASSIFICATION

A. Introduction to Graph Neural Networks

A graph G can be defined as a data structure used to

represent entities and relationships between them. In a graph,

each entity is represented as a node and the relation between

a node pair is represented by an edge connecting them [12].

Hence, a graph G = (V,E) consists of set of nodes/vertices

V = {v1,v2,v3, . . . ,vn} and edges: E = {(vi,v j),(v j,vk), . . .}.

The edges between the nodes can be weighted or unweighted.

Any node v that is connected to node u by an edge is

considered as a neighbor and all neighbors of a node u
constitute neighborhood N(u) as represented by Figure 4.
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Figure 4: Example of a Graph.

Apart from capturing relations between entities, features of

the entities can also be captured as node feature vector hu
for every node u to assist downstream tasks like classification

and prediction. Traditional machine learning methods assume

data to be tabular data, each data point is considered as an

individual data point. They cannot work on graph structures

or consider the relationship between nodes. A new machine

learning model named "Graph Neural Network" (GNN) was

developed by authors of [13] to work with graph data. GNNs

make use of an information diffusion mechanism called mes-

sage passing to enable nodes to learn about their neighbors

and their relationships. In message passing, every node u
in the graph passes its feature vector h(k)u to all its neigh-

bors so that information diffuses across the neighborhood

and every neighbor node v ∈ N(u) learns about the node u.

Upon receiving information from neighbor nodes, each node

updates its feature vector to h(k+1)
u to reflect its relationship

with neighbors. This process is repeated multiple times till

information diffuses across the graph and all the nodes reach

a state of equilibrium. In consequence, every node captures

its relationship with its neighbors and other nodes in the

graph. These updated features can now be fed to traditional

machine learning models/neural networks to classify the node

or generate a new feature representation for the node as shown

in Figure 5. Thus, message passing in the graph learns complex

patterns and relations making GNN more expressive [14].
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Figure 5: Illustration of Graph Neural Network.

B. Graph Classification using Graph Neural Networks

Graph classification refers to assigning a label to a graph

depending on its node features using machine learning [15].

Passing raw/actual features of nodes through the classification

model can’t capture the structure of the graph and will

miss-classify the graph. So, message passing is performed

throughout the graph to learn neighbor relations and graph

structure. These updated node features hu when fed to the

classification model as depicted by Figure 6 will help in

effectively classifying the graph.
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Figure 6: Illustration of Graph Classification using GNN.

In agriculture, disease propagation from one plant to another

depends on environmental conditions and plants nearby. To

efficiently model the disease spread or derive insights from

them, spatial analysis must be performed considering the

impact of neighboring plants. If a graph can be generated by

representing plants as nodes where conditions of plants, and

environment are node features and an edge between neighbor

plants represents their proximity, exploring such a graph by

GNN can analyze the neighbors of each plant and perform

spatial analysis. This paper presents a method to perform



spatial analysis and classify the graph generated using GNN

to compute the spatial spread of the disease.

V. PROPOSED METHOD

A Graph Neural Network method to estimate the severity

of a disease as the harmonic mean of the percentage of area

affected by the disease and the percentage of area the disease

has spread to is detailed in this section. Since detecting the

presence of a disease is not in the scope of the current article,

the proposed method starts with loading data of the identified

diseased locations in the farmland. Flow chart of the proposed

method is explained in Figure 7. The workflow of Stimator has

different sub-processes which are described below.
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Figure 7: Flow chart of the proposed method.

A. Graph Representation

This sub-process is intended to represent the data of disease

locations in the form of a graph. The loaded data/image is

processed to identify all the locations labeled/segmented as

diseased. Each of the identified locations is represented as a

node constituting V = {v1,v2,v3, . . . ,vn} in the graph structure

G = (V,E). In semantic image segmentation, all the adjacent

instances will be represented as a single instance and if the

plantations are too close, multiple instances will be identified

as one instance. To factor in these discrepancies, the area

of each identified location is added as a node feature f1 of

corresponding node u. As a result, the feature representation

hu of node u can embed severity at the corresponding location

into the graph. In agriculture, diseases are transmitted from one

plant to another by factors like irrigation water, insects, and

pathogens. The mobility of these agents restricts them from

spreading the disease to a couple of meters. To be able to

perform efficient image classification, the image must exhibit

significant features that can be captured from a distance of a

few meters. On this basis, a pair of diseased locations within

10% of width of the image are considered as neighbors. So,

the Euclidean distance between all pairs of ith and jth nodes is

computed, and if the distance is below 10% of the width of the

image an edge (vi,v j,w) is added between the pair of nodes

with (10% of image’s width)/(distance between them) as edge

weight. In addition, a self-edge (vi,vi) is added to every node

with weight 1 to constitute E = {(vi,v j,w),(v j,vk,w′), . . .} of

G = (V,E). The intuition behind adding edge weights propor-

tional to the distance between nodes and adding a self-edge

will be presented in the downstream processes. As a result

of this process, the data/image has been represented as graph

G = (V,E) made up of nodes V = {v1,v2,v3, . . . ,vn}, edges

E = {(vi,v j,w),(v j,vk,w′), . . .}, features F = { f1}, feature

vectors H = {h1,h2, . . .} similar to the one in Figure 5 while

capturing spatial relation between neighbor diseased locations

and severity at each instance.

B. Severity Quantification

The two things that represent how severe the disease infes-

tation is in farmland are the proportion of area that has been

damaged due to the disease and the proportion of farmland

across which the disease has been spread/distributed. As the

graph G generated in Section V-A embedded areas of each

location as node feature, adding up all the node features

gives us the area of the farmland damaged by disease, and

its percentage can be computed by simple arithmetic. But

the percentage of area the disease has spread to cannot be

computed by simple arithmetic, it needs a method equivalent

to how humans visually estimate it. Consider Figure 8 repre-

senting three different possibilities of how far any two diseased

locations could be. The first possibility is two locations closer

to each other and the third possibility is two locations far from

each other and are not neighbors as defined in Section V-A.

In both cases, a human computes the area where the disease

has spread as the sum of each location. But in the case of

the second possibility where the locations are a little far and

are neighbors as defined in Section V-A humans consider a

contour encircling both the locations as represented in red

color as the area the disease has spread to. This implies that

in the case of neighboring locations, the area between them

also contributes to the area of the disease’s spread and is

proportional to the distance between them.

Infected part
Estimated spread
Farmland

(a) Right next to each other (b)Within near proximity (C) Far apart from each other

Figure 8: Visual estimation of spread.



To account for the above mentioned relationship between

neighbors and the area of contour encircling them, we set

weights of edges in graph G (generated in Section V-A) to

(10% of image’s width)/(distance between them). Accordingly,

the sum of the node feature hu of node u and product of edge

weight W (uv), node feature vector hv for every node v in the

neighborhood N(u) as described by Equation 1 provides as a

relative measure to denote the spread of the disease:

Spread at u = ∑
(
hu,∑({hv ×W (uv) : v ∈ N(u)})) (1)

Upon careful analysis, Equation 1 can be rephrased as "To

estimate the spread of the disease around node u, it has to get

node feature hv for every node v in the neighborhood N(u)
and perform an arithmetic on thus learned features", which is

message passing described in Section IV-A and represented in

Figure 5. Hence, performing one iteration of message passing

throughout the graph as per Equation 1 updates features of

all the nodes to a measure proportional to the spread of the

disease around the node.

Adjacency matrix A of a graph G with m number of

nodes is a square matrix of size m×m whose element A[i][ j]
represents weight of the edge (vi,vi) between ith and jth nodes.

Multiplying square matrix A of size m×m with a m×1 column

matrix H (A×H) will result in a column matrix of size m×1

in which the ith element represents the sum of products of node

features and corresponding edge weights for all neighbors of

ith node. To estimate the spread around node i the obtained

sum must be added to node feature node i. Instead, adding a

self-edge to the node with weight 1 will set A[i, i] to 1 and

A×H adds the feature of node i to the sum and performs

message passing as per Equation 1. This is the foundation for

including a self to every node while building the graph in

Section V-A.

Features updated by message passing serve as a measure

proportional to the area the disease has spread to around each

node but not the percentage of area the disease has spread to.

By performing the above discussed method on a good number

of images to generate updated feature matrices, a machine

learning model can be trained against the labeled percentage

of the area the disease has spread in each image. When a new

image data is represented as a graph and its feature matrix is

passed through the neural network of the machine learning

model, it will classify the generated graph and assign the

computed percentage of area the disease has spread to as

its label. Now that the percentage of the area damaged by

disease and the percentage of area the disease has spread to

are computed, as per Section II-B severity of the disease is

estimated as the harmonic mean of the two computed metrics.

Thus, the proposed "Stimator" can effectively estimate severity

of the disease considering its spatial spread using GNN.

VI. EXPERIMENTAL VERIFICATION

The GNN solution explained in Section V has been ex-

perimentally validated on a data set [16] from Kaggle which

contains images of apple leaves with diseased parts of the leaf

annotated. But in real-time, images of farmland will be used.

The solution was developed in Python using NetworkX and

Keras libraries for graph creation, manipulation, and machine

learning tasks respectively. Initially, a shallow neural network

presented in Figure 9 has been trained on 400 images for 200

epochs with a batch size of 50 to perform graph classification

by accepting updated feature matrix of the generated graph

G. The machine learning model developed accepts an array

of size 40 as input and so, in cases where nodes in the graph

were less than 40, 0s were appended to the feature matrix to

increase its size to 40.

Figure 9: Summary of the designed Neural Network.

The developed method was then presented with an image of

a diseased leaf whose annotated image and graph representa-

tion are shown in Figure 10. Since the presented image had 36

identified disease locations, the generated graph had 36 nodes

in it with color intensity proportional to its node features.

(a) Inputted image (b) Graph representation of inputted image

Figure 10: Input image and its graph representation.

Figure 11 presents the fundamental information related to

the input image before and after message passing. Since edge

weight was (10% of image’s width)/(distance between them)

and only the ones within a distance less than 10% of image’s

width were considered as neighbors, elements of adjacency

matrix were less than one and diagonal elements were 1 due

to weight 1 on self-edges.

Updated graph after message passing and severity estimated

by graph classification is represented in Figure 12. The pro-

posed model estimated severity as 43.7% though the percent

of the damaged area is 30.4% by considering the spatial spread

of the disease which was 77.3% of the leaf.



Figure 11: Information related to the graph generated.

(a) Graph representation after message passing

(b) Estimated severity

Figure 12: Updated graph and estimated severity.

When a less affected image as in Figure 13 was presented

to the method, the computed metrics were 26.8%, 15.6% and

estimated severity was 19.7%. These outputs of the developed

model which are similar to estimates by human vision explain

the accuracy of it in estimating the severity of the disease.

(a) Inputted image (b) Graph representation after message passing

(c) Estimated severity

Figure 13: Inputted image, its graph and estimated severity.

VII. CONCLUSION

This article presented a novel method to efficiently estimate

the severity of disease in farmland considering the spatial

spread of the disease for better resource planning. It can

perform spatial analysis on existing conditions but cannot

predict the further spread of the disease. However, incorpo-

rating various environmental conditions as node features in

the novel graph representation presented can be instrumental

in developing an epidemiology model [17] to predict the future

spread of disease. Also, efficient routes can be designed for

pesticide sprayers as in article [18] using the graph generated.

Development of an A-CPS with the help of IoAT solutions that

can efficiently predict areas that can be affected subsequently

and propose efficient routes for sprayers to effectively manage

the disease can be sought for future research.
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