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Abstract: The objective of this paper was to propose an advanced platform for phenotyping plants using machine learning and image
analysis. Phenotyping is the process of analyzing and measuring the physiological characteristics of a part or whole plant like the shape
of a leaf, the color of the flower, or the structure of the root. It helps to understand the genetic and environmental factors that influence
plant growth and productivity. It is used to provide new plant breeding programs. The images will be pre-processed to standardize their
size and format, and relevant features will be extracted for use in training a machine learning model. The model will be trained to classify
the images based on their phenotypic traits and will be validated for accuracy. The trained model will then be integrated into the
phenotyping platform for automatic analysis and classification of new images. The result will be a tool that can aid in the study of plant
phenotypes — crop yield prediction, type classification, crop growth, etc.
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1. Introduction

The foundation of any plant breeding selection method is
phenotyping. Modern plant phenotyping, however, measures
complex growth and yield-related variables with more
accuracy and precision. The dynamic and local interactions
between different phenotypes and the above- and below-
ground environment are what give rise to the plant
phenotype. Phenotype quantification comprises structural
elements such as plant biomass, root shape, leaf properties,
and fruit attributes. Functional attribute ideas like
photosynthetic efficiency are far more complicated. Human-
assisted disease diagnosis is ineffective and unable to keep
up with the high demands due to the wide geographic
distribution of agricultural areas, low education levels of
farmers combined with inadequate knowledge, and lack of
access to plant pathologists. The agriculture sector must be
automated in today's technologically advanced globe for
emerging nations like India. However, problems such as the
spread of illnesses that may have been stopped by early
detection hinder both production and food quality. To
overcome the shortfall of human assistance in early disease
detection, it is imperative to fabricate an advanced plant
phenotyping platform with technology to monitor the overall
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development of plants. This well-furnished website is easily
accessible to farmers aids them to examine whether a food
crop is acquiring sufficient nutrients on time, and discloses
useful information to grow any crop in an ecosystem. There
have been advances made in using robotics and computer
vision systems to address a variety of issues in the
agriculture sector. Image processing has the ability to support
precision farming techniques, weed and pesticide
technology, monitoring plant growth, and management of
plant nutrition. is getting enough nutrients on time and
provides information that is useful for any crop to develop in
an ecosystem. The guidelines for crops and fertilizers help
produce large yields while being environmentally friendly.
Crop pathologists and farmers who grow crops can
communicate with each other thanks to an advanced wide-
area network and cloud-based backend services that enable
data calculations, centralized storage, and data analytics. The
underlying technology constructs a neural network that
categorizes labeled photos to achieve accuracy in the
detection of plant diseases using unobserved data. The study
of images has made substantial use of convolution neural
networks (CNNs). To create an end-to-end platform with the
many agricultural solutions needed by farmers, our
suggested solution relies on a created cloud and API service.
Deep Convolutional Neural Networks (CNNs) have
consistently been the best architecture for computers for
computer vision and image processing since 2012, when
"Alex Net" won the ImageNet competition. Huge picture
data sets, improvements in CNN algorithms, and computing
power have all contributed to the revolutionary CNN
capabilities. Because of open-source platforms like
TensorFlow, Al has improved, become more widely used,
and is now more affordable. Our idea makes use of Web and
Al technologies to provide farmers with a crop diagnosis
system that fully replicates the expertise (or "intelligence")
of plant pathologists.
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2. Existing Work

In the field of artificial intelligence, remarkable works have
introduced the domain of image analysis, both in general and as
applied to the problem of plant phenotyping. Images are
considered a measurement tool, and the automated processing
of images allows for greater throughput, and reliability at all
scales of measurement (from microscopic to field level).
Although a picture may be considered a measurement in certain
ways, the more fascinating problem is extracting quantitative
measures from images that have inherent significance for
biologists. The throughput of plant phenotyping devices will
skyrocket when such a process is made totally automatic. This
will allow for widespread plant growth monitoring and break
the existing phenotyping bottleneck caused by human
measuring of individual plants. Building a plant phenotyping
tool is often an iterative process where the approach and the
environment are both modified until the performance is
satisfactory and predictable. When deciding on the light source
spectrum, this should consider the sensor's spectral sensitivity,
numerical dynamic (number of bits), and spatial resolution.

3. Limitations in Existing System

The main limitation of the existing system is it can only capture
the images that are, and it can only perform image analysis.
During the preprocessing and storage of leaf images, more
information is lost. The major problem in the use of deep
learning models for plant disease detection is the
insufficiency of datasets. In addition, environmental conditions
are not considered; hence, the accuracy rate obtained will be
higher than that obtained in a practical application. In real-
world  settings, the distribution across classes s
skewed and unbalanced. The last choice in terms of capture is
the sensor, which takes the plant's spectrum sensitivity,
numerical dynamic, and spatial resolution into account.
Therefore, there is no all-purpose device for phenotyping
plants. Designing a plant phenotyping system entails balancing
the demands of method, goal, and environment.

4. 4.Proposed Work

Disease Classifier-

The Classifier employs a trained deep Convolutional Neural
Network (CNN) model to identify the kind of disease from
photographs that are supplied through a desktop and operate on
a dynamically connected platform that is a standalone
application operating in the Cloud. The Classifier automatically
classifies the submitted photos into the appropriate illness
category using the CNN model that was generated by the Deep
CNN Trainer. Low accuracy frequently happens when a user
uploads irrelevant photographs or images with low image
quality or an underlying ailment that the trained CNN model is
not yet aware of. The inclusion of additional illness categories
that may be kept for the next training sessions is made possible
by expert assistance in cases with poor categorization scores.
The Classifier can begin automatically identifying the new
illness after the Training Database contains a significant
number of photos representing the new disease category and a
high classification accuracy is attained. It enables us to increase
the precision of automated responses to covered illnesses over
time as more farmers interact and provide photos; while
utilizing the scarce expert skills to expand coverage for new
diseases. The deep CNN model employed by the Classifier to

classify diseases more accurately is progressively improved by
consecutive runs of this training program, which utilizes a
bigger training dataset.

Crop vield predictor-

Nutritional parameters like Nitrogen, Phosphorus, Potassium,
and pH of the soil are supplied to the web application, where
the queries of plant growth status will be resolved. So that they
get suggestions of the plant status and whether they had to
supply the necessary amount of nutrients. Python-based web
application framework, flask designs the website and also
deploys our Machine Learning model. In exchange for the
nutrient values present in any ecosystem, the crop yield is
evaluated and it is decided whether the given crop has been
grown in that environment or not.

Advantages over Existing System

At a very early stage itself, it detects the symptoms of diseases .
Fast and accurate results. The detection of objects in images is
realized accurately by the specification of a set of features
precisely characterizing the object. Easy to use. Utilizes data
and algorithms to forecast agricultural productivity. By
knowing the expected yield in advance, the right amount of
farmers can allocate the labor, equipment, fertilizers,
pesticides, and water resources to optimize productivity
and minimize waste.

5. Literature Survey

This Paper defines a huge problem for plant science and
agricultural development is ensuring that crop production is
adequate to meet the needs of a human population that is
anticipated to increase to more than 9 billion by 2050. This
objective is difficult mainly because crop output is only
increasing at an average rate of 1.3% annually and cannot keep
up with population expansion. High-yielding, stress-tolerant
plants can be selected much faster and more effectively if the
genotype and phenotype are linked. Breeders can have access
to new technology like next-generation DNA sequencing to
potentially accelerate the rate of genetic improvement through
molecular breeding. However, Our capacity to analyse the
genetics of quantitative variables relevant to growth, yield, and
stress adaptability is constrained by the lack of availability of
phenotyping tools. Long before DNA and molecular markers
were discovered, plant breeders and farmers made decisions
based on phenotypes. The likelihood of finding the best genetic
variation increases with the number of selection contexts and
crossings performed[1].

The interaction between a plant and its environment leads to
the development of dynamic phenotypes in plants. For the
improvement of fundamental plant science and its translation
into the application, such as breeding and crop management, it
is crucial to comprehend these activities that take place over the
course of a plant's lifespan in a constantly changing
environment. It became necessary for the plant research
community to precisely assess the various features of an ever-
increasing variety of plants to aid in their adaptation to areas
with scarce resources and low-input agriculture. We describe
the emergence of plant phenotyping as a multidisciplinary field
in this overview [2]. This paper defines Genetics, botany, and
agronomy all depend heavily on plant phenotype, but present
methods for measuring phenotypic traits have some drawbacks
in terms of cost, performance, and space-time coverage.
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Computer vision has undergone phenotypic examination due to
the quick advancement of image technologies, computing
power, and algorithms. For the reasons listed above, scientists
are committed to creating image-based plant phenotyping
techniques as a supplement to, or even a replacement for,
manual measurement. However, several variables can influence
the application of computer vision technology to examine plant
phenotypic features, including the research setting, imaging
system, research object, feature extraction, model selection,
and more. There isn't a review study available right now to
compare and extensively analyze these techniques. this review
introduces the average plantasaresult. Phenotyping
techniques based on computer vision in detail, including their
theory, scope, outcomes, and comparisons. In light of the
technical advancement in plant phenotyping during the past 20
years (from 2000 to 2020), this paper evaluates more than 200
papers in great detail. This paper discusses a variety of
subjects, including modern phenotyping techniques, plant
databases, and imaging technology. In this review, we divide
plant phenotyping into two major categories: whole-plant
phenotyping and phenotyping of plant organs. Additionally, we
review each group's research, analyze it, and talk about the
shortcomings of the present paradigms and potential
future research area[3]. The measuring of observable plant
features is known as plant phenotyping. Current field
phenotyping techniques require a lot of manual labour and are
prone to mistakes. For plant breeding to proceed more quickly,
automated, non-invasive high throughput plant phenotyping is
essential. High throughput plant phenotyping is significantly
hampered by occlusions and less-than-ideal sensing conditions,
and the majority of cutting-edge 3D phenotyping algorithms
mainly rely on heuristics or manually adjusted parameters. We
provide a novel model-based optimization strategy for
determining plant physical attributes from plant units known as
phytomers to overcome this issue. The suggested method
involves drawing data from an underlying probability
distribution to sample parameterized 3D plant models. Then it
optimizes, bringing this probability distribution's mass closer to
the model's actual values[4]. The annual losses sustained by the
horticulture and agriculture sectors worldwide can be reduced
with the accurate and timely detection of plant diseases. Many
researchers have utilized thermal imaging to investigate how
disease impacts a plant's thermal profile since it is a quick and
non-destructive approach to check for diseased plant sections.
Environmental factors, such as leaf angles and the depth of the
canopy sections exposed to the thermal imaging camera, have
been reported to have an impact on the thermal image of a
diseased plant. In this study, researchers combined depth
information with thermal and visible light imaging data to
develop a method for remotely identifying plants infected with
the tomato powdery mildew fungus, Oidium neolycopersici[5].

6. Proposed Methodology

The model that is proposed by us to detect and classify the
infected plant leaves consists of 4 phases.

e Dataset Collection

. Image Preprocessing
e  Segmentation

e Selection of Classifier

The following datasets can be used to detect plant diseases. The
majority of these datasets are collections of images of various
plant species that have been annotated with details about the
presence and type of disease. The Plant Village Dataset was

created by researchers at EPFL and Penn State [7]. 54,000
controlled-environment photographs of both healthy and
damaged plant leaves were obtained for this collection. The
photos display the 14 unique crop species in addition to
different mold, rust, and leaf blight species. Plant phenotyping
data sets: [8] The Plant Phenotyping team at Leibniz University
Hannover created this data collection. They offer a variety of
datasets, including the "Sugar Beet" dataset and the
"Arabidopsis" dataset, for the goal of discovering plant diseases
.Agricultural Plant Disease Dataset (APD2): Based on the crop
and disease, the 57643 images of both healthy and ill crops
have been divided into 31 groups. The 57643 images of healthy
and diseased rice crops in this collection are categorized into 31
groups based on the crop and disease.

The dataset has been collected from the Kaggle. The below
figure shows the various diseases of plant from the dataset:-

Fig.1 Sample images from dataset

The dataset consists of both healthy and infected leaves which
covers diseases like black rot, rust, bacterial spot, early blight,
late blight, leaf scorch, target spot, mosaic virus of different

crops like apple, potato, tomato, grape, strawberry, corn.
Plant disease classifier using CNN:
The steps to be followed before training our model

Data Preprocessing: Image resizing: To provide a constant
input size for the CNN, the input images are typically
downsized to a fixed resolution. The input characteristics are
pre-processed to an acceptable size and normalized such that
they lie within the same range. Occasionally, image
augmentation techniques (such flipping, rotating, zooming,
etc.) are applied to increase the diversity of the data and reduce
overfitting.

Data augmentation: Methods like random rotation, flipping,
and translation are frequently used on the images to broaden
the diversity of the training data and enhance the generalization
of the model.

The Classifier employs a trained deep Convolutional Neural
Network (CNN) model to identify the kind of disease from
photographs that are supplied through a desktop and operate on
a dynamically connected platform that is a standalone
application operating in the Cloud. The Classifier automatically
classifies the submitted photos into the appropriate illness
category using the CNN model that was generated by the Deep
CNN Trainer [9]. Low accuracy frequently happens when a
user uploads irrelevant photographs or images with low image
quality or an underlying ailment that the trained CNN model is
not yet aware of. The inclusion of additional illness categories
that may be kept for the next training sessions is made possible
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by expert assistance in cases with poor categorization scores.
The Classifier can begin automatically identifying the new
illness after the Training Database contains a significant
number of photos representing the new disease category and a
high classification accuracy is attained. It enables us to increase
the precision of automated responses to covered illnesses over
time as more farmers interact and provide photos, while
utilizing the scarce expert skills to expand coverage for new
diseases. The deep CNN model employed by the Classifier to
classify diseases more accurately is progressively improved by
consecutive runs of this training program, which utilizes a
bigger training dataset. The capacity of convolutional neural
networks (CNNs) to learn hierarchical information from
images makes them a popular choice for classifying plant
diseases [10]. There are various processes involved in training
a CNN, including as data preprocessing, designing the model
architecture, and choosing the loss function. Here, I'll give an
overview of the standard procedures and some important
elements that CNNs for classifying plant diseases use.

Building the CNN model: A CNN model usually contains the
following layers:

Convolutional Layers: These layers convolution the input
before sending the results to the following layer. [11] They are
used to find local conjunctions of the previous layer's features.

Activation functions: Rectified Linear Units, or ReLUs, are
frequently employed to induce non-linearity.

Pooling layers: Following convolution, pooling layers reduce
computation by down sampling the spatial dimensions of the
feature maps and limiting overfitting. A popular option is max-
pooling.

Fully connected layers: The final classification is performed
using fully connected layers after numerous convolutional and
pooling layers.

For multiclass or binary classification tasks at the output layer,
respectively, Softmax or Sigmoid Layer are utilized.

Training the CNN model: The model is trained using the pre-
processed images. The CNN is fed the images during training,
the model's predictions are compared to the actual labels, and
backpropagation is performed to update the weights of the
model.

Validation and Testing: To correct the hyperparameters and
avoid overfitting, a new validation set is used. [15] After it has
been finalized, the model is tested against a test set to see how
well it works.

After being trained and assessed, the model can be used to
detect diseases in images of recently harvested plants. Your
photograph is examined by CNN, which then predicts the
health of the plant and, if a disease does exist, its type.

Convolutional Layer:

This is the major activity of CNN.[13,14] By designating the
input to this layer as X, the weights (or filter) of the
convolutional layer as W, and the output as Y, the operation in
this layer can be mathematically described as follows.

Y[ij,k]=EEZ(X[a,b,c]*W[i-a,j-b,k-c]) (1)

where the sum of the input X's spatial extent and all of the
input feature maps is determined (c). This operation is
performed for each type k output feature map.

Non-linear Layer (ReLU):

Each convolutional layer's output is then subjected to a non-
linear function. Typically, a Rectified Linear Unit (ReLU) is
employed for this, which just applies the equation f(x) =
max(0,x). If Z is the output of the convolutional layer, then the
ReLU layer's output would be Y.

Y=max(0,Z) 2

Pooling Layer:

Pooling layers are used to reduce the spatial dimensions of the
input. [14] The most well-known pooling technique is known
as max pooling, and it entails dividing the input into a number
of non-overlapping rectangles and calculating the maximum
value for each of these sub-regions. If X is the input and Y is
the output of the pooling layer, think about 2x2 max pooling.

Y[i,j,k]=max(X[2i:2i+2,2):2j+2 k]) 3)

Fully Connected Layer:

In the fully linked layer, neurons are entirely connected to
every activation in the layer above. The output of this layer,
which is a volume of size [1x1x10], has 10 values, each of
which represents a class score. The class scores are calculated
by this layer. If we designate the input to this layer as X, the
weights as W, the bias as b, and the output as Y, the operation
can be represented as follows.

Y=W*X+b )

The mathematical procedures presented above are simplified
versions; the actual computation takes stride and padding into
consideration. Additionally, more sophisticated CNN systems
might employ layers of a different type [16].

Fully

Convolution Connected

Pooling_'__.-'-"""-'

\ J
Y

Feature Extraction Classification
Fig.2 General CNN Architecture

Crop Yield Predictor and Crop Recommendation System:

Nutritional factors including nitrogen, phosphorus, potassium,
and soil pH are sent to the online application, which will
answer questions about the condition of the plant's growth. [17,
18] so that they may determine whether they need to feed the
required amount of nutrients and the status of the plant. Flask is
a web application framework built on Python that both
develops the website and deploys our machine learning model.
The crop yield is assessed in relation to the nutrient values
present in any ecosystem, and it is decided whether or not the
specified crop has been cultivated there.

Maximize
F(x) = [fi(x), f2(X), ........ , fa(%)] 5)

We recommend the crop based on these values in addition to
evaluating the NPK parameters in this crop yield classifier.
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Therefore, this predictor can be utilized as a crop
recommender as well as a predictor of plant nutrition levels.
The values will be retrieved from the database, which
contains a variety of temporal data. [12] Random Forest is the
algorithm employed in this case. Here, we first employed the
Random Forest approach to suggest a crop, but we trained our
model using KNN, SVC, and naive Bayesian (Gaussian)
algorithms. However, the Random Forest approach
outperformed the competition in terms of accuracy, therefore
we decided to use it as the final algorithm to train our model.

The below graph represents the NPK values by comparing the
Traditional approach and IGA recommendation as shown
below:

| o N

s '@
| -.jl, W I IJ-__[ﬂ

[l
| |

ol 1l

Fig.3 Bar graph showing NPK values
Algorithm Used:
Random Forest

e Due to its excellent accuracy, the supervised
learning technique's Random Forest algorithm, a
well-known machine learning method, is utilized
for classification and regression applications.

e By averaging many decision trees, Random Forest
lessens overfitting and is less susceptible to noise
and outliers in the data.

e A random forest is a meta estimator that employs
multiple sub-samples of the data and fits a number
of decision trees to them.

e  Higher accuracy results from a larger forest's tree
population.

e Random Forest, a machine learning algorithm, has
achieved outstanding results in a wide range of
fields, which has greatly increased its popularity.

One of its most significant benefits is that it can manage
large, multidimensional datasets with a range of properties.
Since it uses a multitude of decision trees and their combined
decision-making process, Random Forest can handle tens of
thousands of characteristics and is good for tasks involving
pictures, text, and other high-dimensional data types. In
addition, Random Forest is flexible enough to handle
classification and regression problems like regression and
classification as well as unsupervised learning tasks like
anomaly detection and clustering.

Another notable aspect of Random Forest is its ability to
provide insights about feature importance. This is particularly
helpful for feature selection because it allows us to identify
the traits that most significantly improve the model's ability
to forecast. This information can help us understand the
underlying trends in the data and facilitate analysis.
Additionally, Random Forest's natural capacity to handle
missing values and outliers without requiring extensive data

pre-processing makes the data preparation phase simpler,
saving data scientists and practitioners time and effort.

Despite the fact that Random Forest is a powerful algorithm,
it's crucial to keep in mind that it might not always
outperform alternatives in every circumstance. For organized
data with linear associations, for example, linear models like
logistic regression may yield better results. Additionally,
because Random Forest is an ensemble algorithm, it could
use more resources than individual decision trees. Due to its
versatility, resilience, and ability to handle many data sources,
Random Forest is still a preferred option for many machine
learning applications. As a result, it is a crucial weapon in the
data scientist's toolbox.

Classification with Random Forest:
1. Probability Calculation for Classification:
The percentage of training samples in the leaf node (1) that
belong to class (c) is used to determine the likelihood of
a data point belonging to a specific class (c) for each
decision tree in the forest.
Let:
- P (c|l) = Probability of class ¢ given the samples in leaf node
L.
- N (I) = Number of samples in leaf node L.
- N(c, 1) = Number of samples in leaf node 1 that belong to
class c.
By averaging over all the trees in the Random Forest, it is
possible to determine the likelihood of class C for a given data
point:
P(c[X)=(1/B)*E(P(cll))

Where B is the total number of trees in the Random Forest.

Regression with Random Forest:
1. Prediction for Regression:
By averaging the target values of all the samples in
the leaf node (1) of each decision tree, the prediction
of the target variable (Y) for a given data point (X) in
regression tasks is determined.
Let:
-Y (1) = Target values of samples in leaf node 1.
- N (I) = Number of samples in leaf node L.
The prediction for the given data point is obtained by
averaging over all the trees in the Random Forest:

Y pred(X) = (1/B) * £(Y (1)) )

Where B is the total number of trees in the Random Forest.

Dataset

‘... i .._‘
00N NS00 000
o 00 00 00 00 00 0

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result1 Resn2 e
4 ““_W‘-'.)'\«\:(r:fjf.-\'.?mgnq -
Feal Result
Fig.4 Random forest structure

7. Results

In the first part of our project that is plant disease classifier we
have trained our model with CNN where the data have been
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pre-processed with various pre-processing techniques like
decoding the jpeg to RGB format where model can use them as
the input to the next layers. By, following these techniques we
have achieved the accuracy of 99%. The ML model has been
trained for 11 epochs where it has given the accuracy of 99%
while testing our model as shown:-

Fig.5 Showing the accuracy of of the model while train our
model

Fig.6 Training Vs Validation Accuracy

Our model has classified the plant disease correctly with the
range of accuracy 96-99%.

Potato_Early Blight

L Irager

Fig.6 Plant disease classification

Now, in the second part of the project we have integrated crop
recommendation system into our platform where it works based
on the NPK values which have been stored in the database.
Here, we have used the Random forest algorithm to
recommend the crop as well as this system can recommended
the NPK values for the particular crop from the database
whether they have sufficient nutrients or , not if not it will also
recommend the appropriate values to grow that crop.

The model has been trained with various algorithms such as
SVM which has given accuracy of 98%, Linear regression with
accuracy of 96%, KNN with accuracy of 97%, Decision Trees
with accuracy of 98.899% and the Random forest which has

given the accuracy of 99%, So we have selected our algorithm
as Random Forest.

Fig.7 Accuracy analysis of ML algorithms

We chose the Random Forest method, which has an accuracy
0f 99%, as the model with the highest accuracy based on this
graph.

Crop recommendation Classification
Report
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Fig.8 Classification report of crops

8. Conclusions

To sum up, plant phenotyping is extremely important for
comprehending and examining numerous facets of plant
growth, development, and response to environmental
influences. In this document, the needs, user characteristics,
limitations,  presumptions, and  particular  functional
requirements for a plant phenotyping system have been
outlined. A system's technological and financial viability has
also been described, and test cases have been offered to
guarantee the system's correct operation. With the use of plant
phenotyping, the properties of plants may be precisely
measured and analyzed, diseases can be found, growth stages
can be evaluated, and correlations can be examined. By
leveraging technologies such as image analysis, machine
learning, and data integration, these systems can accurately
detect and classify plant diseases. Crop suggestions can assist
farmers in making well-informed selections regarding the kinds
of crops to produce by taking into account variables including
climate, soil qualities, market demand, and farming practices.
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