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Abstract—Plant diseases affect the health and yield of the crop
which can in turn impact farmers economically and pose a threat
to food security across the globe. To protect crops from disease
and obtain high yield, many Agriculture Cyber-Physical Systems
(A-CPS) have been developed with the ability to detect the
presence of a disease. In addition, to effectively control the spread
of the disease and reduce its impact on the crops, insights on the
spread of the disease and locations of disease hotspots that act as
sources for the disease must be identified. HIdentifier proposes a
novel graph-based spatial analysis method that takes segmented
images of the diseased farmland as input. All the identified disease
segments in the input image are represented as a graph to capture
the spatial relation between diseased locations. Message passing
is performed over the graph to know about the neighbors of each
node and effectively identify hotspots. The solution proposed has
been validated on images of leaves with disease spots on them
annotated and the results were similar to that of visual estimation
by humans. These results can be instrumental in automating
disease control with the help of Internet-of-Agro-Things (IoAT)
for effective disease management.

Keywords—Smart Agriculture; Agriculture Cyber-Physical
System (A-CPS); Internet-of-Agro-Things (IoAT); Artificial In-
telligence; Graphs; Message Passing.

I. INTRODUCTION

Agriculture plays a crucial role in the development and

sustainability of humans by serving as the primary source of

food. In addition, helps in the socio-economic development of

rural communities with employment and economic generation.

Any change in the physiological process of a plant affecting

its growth and functionality can be considered a plant disease

[1]. Interaction between plants, plant diseases and various

factors like environment, soil, pathogens, genetics, insects and

pests that can spread the disease is represented by the Plant

disease triangle in Figure 1. The study focused on the causes,

detection, management of plant diseases and their impacts

on agriculture is Plant Pathology. With rising populations

across the world and plants constituting more than 80% of the

diet of humans, plant diseases pose a threat to food security

worldwide [2]. Plant diseases not only affect the availability of

food but also affect the quality of food being produced which

in turn can deteriorate the health of those people who have

access to the food. Thus, effective plant disease management

is essential to make sure every human has access to quality

food to meet his dietary needs [3].

Host Plant Environment

Pathogen

Disease

Figure 1: Plant disease triangle.

To better handle the propagation of disease in farmland,

the presence of the disease must be detected. Traditionally

humans would have to scout through the farmland inspecting

plants individually. But in cases where the farmland is large

(e.g. hundreds of acres), manual scouting is not feasible.

Advancements in sensor development and communication

technologies resulted in agriculture-specific Internet-of-Agro-

Things (IoAT) or agriculture Cyber-Physical Systems (A-

CPS) [4], [5]. These helped in developing Smart Agriculture

solutions by incorporating sensors to monitor various aspects

of plants [6]. In addition, Artificial Intelligence (AI) and

Machine learning (ML) have been integrated with IoAT in

smart agriculture to automate agricultural processes. These

methods can also help us understand the spatiotemporal spread

of the disease to limit the spread and reduce the damage [7].

Likewise, the current article “HIdentifier” presents a spatial

analysis method within a disease management A-CPS (Fig.

2) to identify disease hotspots. It proposes a novel method

to represent the data of identified disease instances to capture

their spatial relation in the farmland. Each diseased location

and all its neighbors are analyzed to measure damage due to

disease and identify hotspots of the disease in the farmland.

The rest of the article is structured as follows: Section II

presents the problem statement with the proposed solution and

its novelty while Section III discusses related prior research.

Section IV introduces graphs and explores how graphs can be

helpful in spatial analysis to propose a graph based method in

Section V. The proposed method is verified experimentally in

Section VI and Section VII concludes the article.
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Figure 2: Overview of a disease management A-CPS.

II. NOVEL CONTRIBUTIONS OF THE CURRENT PAPER

A. The Problem Statement

Plant diseases can be caused by living organisms like

bacteria, fungi, viruses while environmental factors like tem-

perature, moisture, light conditions and polluted water playing

their role. These diseases can be transmitted from an unhealthy

plant to others by several natural carriers [8] like wind, soil,

water, insects and direct contact. Besides these natural vectors,

human beings act as spreaders of diseases directly by contact-

ing diseased plants while scouting through fields or indirectly

by using contaminated tools and equipment [9]. In the case of

farming involving thousands of acres of land, characteristics

of landscape across the farm also affect the spread of diseases

[10]. Features like moisture retention, irrigation variation due

to elevation, soil composition may not be the same throughout

the farm and in parts, the environment would be favorable

to diseases. Due to this heterogeneity, few parts of farmland

may act as sources for diseases and play a crucial role in

the spread of the disease. To best treat the disease, areas that

act as sources (Hotspots) as represented in Fig. 3 have to be

identified and efficiently treated.

Farmland
Infected part
Hotspot

Figure 3: Representation of disease hotspots in farmland.

B. Proposed Solution of the Current Paper

Following the preceding discussion and interrelation be-

tween spatial patterns and the spread of diseases presented

in articles [11], [12], it can be inferred that the probability

of a plant getting infected depends on its location and the

health of plants closer to it. A hotspot can be defined as a

specific area where the severity is higher than its surroundings.

They have conditions that are highly favorable for pathogens

and act as local sources of the disease. The current article

"HIdentifier" presents graph graph-based method to analyze

neighbors of each node and perform spatial analysis across

farmland to identify hotspots of the detected disease.

C. Novelty and Significance of the Proposed Solution

The proposed method exhibits novelty of the followings:

1) Since the format/structure used to represent data plays

a key role and can affect the results of the analysis

performed, this article proposes an innovative represen-

tation suitable for spatial analysis to represent the data

of identified diseased locations in a given farmland.

2) Identifies hotspots by calculating local incidence at each

location and analyzing all its spatial neighbors.

3) The spatial analysis methods presented evaluate geomet-

ric distances between two diseased locations for effective

modeling and accurate results.

III. RELATED PRIOR WORKS

This section discusses recent works in various domains

related to the detection of hotspots. In [13], authors proposed

different methods to detect hotspots in landscape ecology by

generating probability density functions using kernel estima-

tion and studying spatial auto-correlation using Moran’s I and

Getis-Ord G∗. A frequency-based method that plots cumulative

relative frequency table and identifies the points with sharp

increase as hotspots was presented in [14]. The authors of ar-

ticles [15] and [16] used DBSCAN to detect clusters with high

density and identify them as hotspots. A ring-shaped hotspot

detection was proposed in article [17] which draws ring-shaped

boundaries where the intensity/concentration inside the ring is

higher than the area outside it.

The above-discussed models are well suited for instances

where each instance is uniquely identified, and they detect

high-intensity clusters. To effectively manage disease spread,

plants must be treated relatively. So, individual hotspot index

has to be computed instead of detecting clusters. Though

Moran’s I and Getis-Ord G∗ can identify individual instances

instead of clusters, the outputs are dependent on the feature

value of each instance. When object detection algorithms are

used to detect diseased plants, the output will be a bounding

box around each diseased instance and the area of the box

would be the same for most of the plants unless there is some

overlap. In such cases, spatial auto-correlation methods would

fail to detect the hotspots. So, this article proposes a novel

method that represents data of diseased locations as a graph

and properties of diseased locations as node features. Message

passing is then performed on the graph to compute hotspot

index of each diseased crop instance and identify hotspots. A

summary of the research works has been presented in Table I.



Table I: A brief summary of relevant literature.

Research Works Year Methods Remarks
Nelson et al. [13] 2008 Kernel estimation and spatial auto-correlation Does not work for segmented image data
Bartolino et al. [14] 2011 Tangents drawn to cumulative relative frequency curve All data points above threshold are considered hotspots
Nandana et al. [15] 2019 DBSCAN High intensity clusters are identified instead of individual points
Nisa et al. [16] 2014 DBSCAN High intensity clusters are identified instead of individual points
Eftelioglu et al. [17] 2016 Spatial scan and simulation using Monte Carlo Intensity is high around plant; cannot be applied to diseases
HIdentifier 2023 Message passing in graph Works for all types of data and classifies data points

IV. GRAPHS FOR SPATIAL ANALYSIS

A graph is a data structure primarily used to represent the

relation between a collection of elements. Any graph [18] G=
(V,E) comprises of Nodes: V = {v1,v2,v3, . . . ,vn} and Edges:

E = {(vi,v j),(v j,vk), . . .} where nodes represent elements and

edges represent the relation between the nodes it connects as

depicted in Figure 4. Weighted Graphs have weights associated

to each edge (E = {(vi,v j,w),(v j,vk,w′), . . .}) and Unweighted

Graph do not have any weights associated to edges. In a graph,

all nodes that are directly connected to a node u ∈ V by an

edge form neighborhood of the node N(u).
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Figure 4: Example of a Graph.

The relationship between nodes in graphs is instrumental

in learning interactions between nodes but nodes alone are

not sufficient in representing information or context. Given

that the spatial analysis tries to explore the relationship and

connectivity between elements nearby, representing the data

in the form of a graph G = (V,E,F) with spatial attributes,

characteristics as node features: F = { f1, f2, f3, . . . , fn} can

unlock multiple methods to perform spatial analysis. Tra-

ditional Neural Network models can work on data with a

feature set or images but not on graph data. So, new a

model named Graph Neural Network was developed to work

on graph data [19]. These models make use of Message

Passing to update the feature vector/representation of each

node to reflect the influence of its neighbors and perform ML

tasks on updated feature vectors. Message passing [20] is an

aggregation method involving the propagation of information

between nodes to learn about its neighbors as in Figure 5.
The neighbor features thus learned are aggregated with

current features of the node u to update its current feature

vector hk
u with its new feature vector hk+1

u as per Eqn. 1:

h(k+1)
u = UPDATE(k)

(
h(k)u ,AGG(k)

(
{h(k)v : v ∈ N(u)}

))
, (1)

where h(k)u represents the feature vector of the node u in current

kth iteration and h(k+1)
u represents the feature vector of the
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Figure 5: Illustration of message passing.

node u in the next (k+1)th iteration. The function AGG(k) is

the aggregate function that aggregates feature vectors h(k)v for

every node v in the neighborhood N(u) of node u. UPDAT E(k)

function computes the feature vector h(k+1)
u of node v for

(k + 1)th iteration by taking current feature vector h(k)u and

aggregated features computed by AGG(k) function as inputs.

Message passing helps in learning immediate neighbors

and the structure of the graph. Whereas performing message

passing repeatedly can diffuse features/information throughout

the network/graph and unravel complex relations. Because of

the expressive power of graphs and message passing, plant

disease location data is represented as a graph for performing

spatial analysis.

V. PROPOSED METHOD

This section presents a novel graph based spatial analysis

method as illustrated by Figure 6 to identify hotspots and

measure the severity of the disease in the farmland. The

process of identifying or detecting a disease is not part of the

scope of the article, it starts by loading an image of farmland

with diseased locations segmented. The loaded image data

flows through various processes as detailed below.

A. Graph Representation

A node in a graph represents an entity and edges repre-

sent their relationship. Since the proposed method is aimed

to perform spatial analysis on locations of infected/diseased

areas, each location is supposed to be represented as a node.

A graph structure G is initialized and the image is processed

to detect all the segments of the identified disease. For every

segment detected, a node u and the area of the segment

as a node feature f1 represented by vector hu is added to
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Figure 6: Flow chart of the proposed method.

the graph. If a plant is severely diseased or if plants have

been closely planted, most of the plants right next to the

diseased plant will also get infected and image segmentation

can identify all of them as one large instance. So, adding

the area of the segment as a node feature can embed the

severity and presence of multiple diseased plants at a given

location into the graph. Considering the mobility of insects,

pathogens, water in a farm, disease from an infected plant

will not spread beyond a few meters. Also, devices capturing

images will have to be closer to the ground so that it can

capture the visual features of plants needed to detect and

classify the disease. Because of the above-mentioned reasons,

we consider segments within a distance less than 10% of

the image’s width as neighbors. A weighted edge (vi,v j,w)
with weight inversely proportional to the distance between

neighboring ith and jth nodes is added between the pair. A

self-edge (vi,vi) connecting a node to itself is also added

for every node to aid message passing and the reason for

doing this will be explained in subsequent processes. In

consequence, the image is represented as a graph G with nodes

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

features F = { f1} similar to the one in Figure 5.

B. Hotspot Detection

In the case of plants, disease originates from a source plant

and spreads to its surroundings. With time, the source plant

will emerge as a center for a cluster of diseased plants where

the density of diseased plants decreases with distance from

the source plant [21]. Thus, a hotspot can be identified as a

diseased location at the center of a high-intensity cluster. Given

that every diseased location is represented as a node and edge

is present between locations that are close to each other, To

find a hotspot, at least 2 hop neighbors of each location are to

be analyzed. To accurately estimate the hotspots, in addition to

considering the neighbors, the area of each neighbor location

embedded as a node feature also must be considered. So, we

compute the sum of areas of the current node and all its

neighbors to replace its current feature value with a newly

computed value. As a result, the updated feature of every

node will represent the combined area of the node and its

immediate neighbors. Repeating the same action will update

the node feature with the area of 2 hop neighbors for the node

and the feature value can be considered as a relative measure

for the possibility of a node being a hotspot.

In scenarios where nodes are closely clustered, the above

method produces the same feature value for multiple nodes

in the cluster. As chances of infecting are higher in plants

closer to the diseased plant factoring in the distance between

neighbors can eliminate the risk of smoothening. This was the

intuition behind adding edge weights inversely proportional to

the distance between the nodes. Instead of just adding feature

values of neighbors, neighbor feature values are multiplied

by the weight of the edge between the node and neighbor to

account for the distance between them.

Now that the solution is defined, we explore methods to

implement it. To update the current feature of a node we are

supposed to identify all its neighbors, multiply their feature

values with corresponding edge weights and add sum of all

the products to the current feature value as in Eqn. 2:

h(k+1)
u = ∑

(
h(k)u ,∑

(
{h(k)v ∗W (uv) : v ∈ N(u)}

))
. (2)

The AGG function in Equation 1 is a summation function

(∑) and the UPDATE function is summation (∑) of products

of feature value h(k)v and edge value W (uv) of neighbors

N(u), it translates to Eqn. 2. This suggests that performing

message passing twice on the generated graph G helps in

identifying hotspots. To know the neighbors of a node for

message passing, the Adjacency Matrix A of the graph G is

generated. An adjacency matrix is a matrix of size m × m
where m is the number of nodes in the graph. An entry A[i][ j]
represents the edge weight if an edge exists between nodes i
and j and 0 if there is no edge between them. A[i] represents

all the edges from a node i and if j is a neighbor of i, A[i][ j]
denotes weight w of th edge (vi,v j,w) . The nodes of graph G
have only one feature f1 and feature representation hu is just

the feature value. Thus, matrix H representing feature vectors

of all nodes is a matrix of size m×1 where H[i] is the value

of feature f1 for ith node. Performing matrix multiplication

A×H will generate a column vector where ith row is the sum

of products of feature values and corresponding edge weights

of all neighbors of ith node in graph, which is the aggregation

function in Eqn. 2. So, Eqn. 2 can be rewritten as:

H(k+1) = H(k) +
(

A×H(k)
)
. (3)

Adding a self-connecting edge (vi,vi) will generate an adja-

cency matrix that considers a node as a neighbor of itself and



adds its feature value to the sum of the feature of its neighbors

in message passing. So, there is no need to explicitly add H(k)

and A×H(k). This was the reason for adding a self-edge while

creating the graph G. Finally, the message passing Eqn. 3 can

be simplified to Eqn. 4, performing this on the generated graph

will update feature values as expected and the ones with higher

feature value will be considered as hotspots:

H(k+1) = A×H(k). (4)

VI. EXPERIMENTAL RESULTS AND DISCUSSION

The graph-based solution presented in Section V has been

implemented using Python and a Python library called Net-

workX for the creation and manipulation of graphs. For exper-

imental verification, a data set [22] which contains annotated

images of diseased apple leaves has been used. But in practice

segment images of diseased farmland will be used. An image

of a leaf with its annotations is loaded and bounding boxes

are drawn around the infected part as in Fig. 7.

Figure 7: Input image with bounding boxes.

This image is now processed to generate a graph shown in

Figure 8 with node features and weighted edges as specified

in Section V-A. The graph thus generated had 33 nodes out of

which 26th node had the highest feature values so was colored

in dark red.

Figure 8: Graph representation of input image.

Local Getis-Ord G∗ compares the average feature value

of the cluster around a data point with the global average

to output a high value if the local average is greater than

the global average and vice versa. Local Moran’s I compares

features of the data point with the rest in the cluster to

determine their spatial auto-correlation. The value is +1 if

the feature value is high and surrounded by high feature

values. Thus, a hotspot is supposed to have high values for

Local Getis-Ord G∗ and Local Moran’s I. CNN methods can

only detect diseases and segment them but cannot know the

intensity of the disease. So, the area of the bounding measure

serves as a measure of intensity at the location. Though the

nodes 10, 11, 13 are at the center of all detected disease spots

Local Getis-Ord G∗, Local Moran’s I values in Figure 9 failed

to identify them as hotspots.

Local Moran's I Local Getis-Ord G*

Figure 9: Local Moran’s I and Local Getis-Ord G∗ values for

nodes of graph in Figure 8.

Figure 10 represents the feature matrix and adjacency matrix

of the graph in Figure 8. These matrices will be multiplied to

perform the first iteration of message passing. The resultant

matrix is again multiplied with the adjacency matrix to com-

plete the second iteration of message passing.

Figure 10: Feature matrix and Adjacency matrix of the graph.

Figure 11 represents the graph after two rounds of message

passing. Since, nodes 2, 10, 11, 13 were at the center with

a greater number of neighbors, after message passing, they

had the highest feature value and can be considered hotspots.

Accordingly, diseased areas of the leaf were colored relative

to their probability of being a hotspot in Figure 12.

A similar trend can be observed in Local Moran’s I and

Getis-Ord G∗ values in Figure 13 computed from nodes after

Message Passing.

Thus, the presented HIdentifier can efficiently perform spa-

tial analysis using message passing to understand relationships

with neighbors and detect disease hotspots in agriculture. It

was able to identify individual instances rather than clusters

to assist downstream tasks like targeted pesticide spraying and

relative disease control.



Figure 11: Graph representation after Message Passing.

Figure 12: Updated image of leaf with hot spots identified.

VII. CONCLUSION

This article presented an efficient method to perform spatial

analysis in disease-affected farmland to identify hotspots of

the disease. It proposed a novel method to represent the data

to aid in spatial analysis. This solution outputs insights that

can help farmers understand disease dynamics for efficient

disease management through smart agriculture solutions. But

the proposed solution cannot predict areas that can be affected

consequently. With help of IoAT and various sensors, environ-

mental conditions and information related to various parts of

the farm can be acquired. Incorporating these as features of

each node and using recent methods like GNN and GCN to

proactively predict the future spread of the disease can be

explored as future works.

Local Moran's I Local Getis-Ord G*

Figure 13: Local Moran’s I and Local Getis-Ord G∗ values

after Message Passing.
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