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Abstract 
Plant diseases reduce agricultural output, which affects the economy. As a result, prediction models for plant disease 
detection and evaluation must be created.  If caught early enough, the most prevalent disease, fungus infection, can be 
treated by adopting the proper precautions. A rise in interest in plant studies has been observed recently on a global scale.  
Centella asiatica is an important medicinal herb that is widely utilized in the east and is becoming more  well known in the 

west triterpenoid saponins, and Tamilnadu which make up the majority of centella sciatica’s. Chemical makeup, are 

regarded to be chiefly responsible for its wide ranging therapeutic effects. Exzema, psoriasis, amenorrhea, illnesses of the 
female genitourinary system, leprosy, lupus, varicose ulcers, and other skin condition are among the other conditions are 
among the other conditions for which the herb is recommended. It is also used to alleviate anxiety and improve Due to its 
extensive positive neuroprotective activity,, centella asiatica has been referred to as a brain tonic. The plant is also 
examined for its toxicity and potential medication interactions.  Anticonvulsant medications were discovered to interact 
with asiatica and toxicological research also advised against using them over an extended length of time. Additionally, 
there are several commercial goods out there that have been utilized mostly for dietary supplements, antioxidants, skin 
nourishment, and memory enhancement.  More research must be conducted on the cultivation and clinical aspects. 

 

1. Introduction 

A greater effort has been in recent years to locate foods 

and drinks with lots of nutrients and  health enhancing 

qualities.  Herbs, which have historically been 

consumed and are widely accepted, have draw interest 

from consumers because of their traditional usage in 

folk medicine. It is well recognized that plants offer 

medicine, food, clothing, and sheltered. Centella 

asiatica, often known as gotu kola. The    Apiaceae 

family of flowering plants includes the perennial 

herbaceous plant known as pennywort. It has been used 

in traditional medicine in numerous nations, and it is 

native to india and other regions of Asia, including 

china, srilanka, Nepal and Madagascar.  According to 

reports, centella asiatica is used as an analgesic and anti 

inflammatory to treat small wounds, psoriasis, chronic 

venous insufficiency, varicose veins, and more. The 

kind, nature, and concentration of secondary metabolites 

present determines how medicinally beneficial plants 

are, including their ability to be anti diuretic, anti 

microbial, anti diuretic, and antioxidant qualities.  
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According to reports, photochemical such alkaloids, 

saponins, flavonoids, tannins, sterols, and phenolic 

compounds are some of the most significant bioactive 

molecules.  These photochemical are metabolites 

formed from plants that naturally occur in the leaves, 

stems, and roots of medicinal plants.  These compounds 

are utilized by the plants as a defense mechanism to 

ward against numerous diseases.  Secondary metabolites 

known as photochemical have a number of significant 

pharmacological functions. Traditional medicine has 

used centella asiatica to treat a variety of illnesses. Leafs 

disease forecasting is based on a variety of 

environmental and meteorological factors that affect a 

pathogen’s ability to survive. When a disease comes into 

contact with a vulnerable host, it can infect and seriously 

harm agricultural output.  Plant disease show the way to 

a decrease in the amount and quality of agricultural 

production.  Fungi, which can be found in plant leafs , is 

one of the most prevalent disease. Over  80-90% of 

plant illnesses are caused by fungai, which are the most 

varied group of plant pathogens.  The nearly 32000 

species of parasitic fungi that cause disease degrade the 

quality of leaves, fruits, stems, vegetables, and their 

products. Diseases in crops and plants. Direct 

approaches are the limited use and cannot be used for on 

field detection, despite delivering reliable data.  For on 

field illness detection, indirect approaches are used 

directly. With the help of the soil’s state and a number 

of other environmental elements, the proposed model 

here attempts to develop a real time, reliable predictive 

model for plant disease identification.  Contrarily a 

number of other conventional models suggest using 

pesticides on farms because they believe these variables 

to be homogeneous,. It has been noted that plant 

diseases have a varied distribution in the field since their 

presence is dependent on particular environmental 

variables.  The use of data analysis for agricultural 

applications has been investigated in this paper. The 

focus of this study is on a number of data mining 

techniques that are constantly being developed in the 

field of plant science and are quickly emerging as 

significant technologies.  Additionally, illness detection 

should be affordable, dependable, sensitive, and 

economical. Here, sensors have been utilized to predict 

plant illnesses based on various environmental.  

The formation of the paper is as follow, the information 

regarding the sensors employed in this work is 

highlighted in Section II. In Section III, the four most 

prevalent fungi illnesses are described together with 

their symptoms, severity levels, and modes of 

transmission. The approach, dataset description, pre-

processing processes, exploratory data analysis, and 

architecture model are all described in Section IV. In 

Section V , the experimental plan and evaluation metrics 

are discussed. Additionally, sector VI discusses the 

outcome, ad Section VII wraps up the manuscript. 

2. Related Works 

The development of solutions utilizing in networks for 

quicker computing aimed at embedded systems, real-

time disease diagnosis, etc., are some current research 

topics in centella asiatica leaf disease classification at el 

H.Orchi[1].  The use of intelligent systems that 

incorporate these remedies might significantly reduce 

yield of production loss, eliminate tiresome manual 

monitoring activities at el m.Ebrahim[2], and reduce the 

need for human effort. Early different image based hand 

crafted feature extraction techniques were used in 

tomato leaf disease classification methods at el 

T.Hayit[3]. These techniques were input into machine 

learning based on the classifiers. These studies were 

typically restricted to specific contexts and generally 

concentrated on a small number of diseases with 

extensive feature engineering.  Using k-means 

clustering, the region of interest has been recovered in 

several studies. The technique to segment the sick 

region support vector machine , decision trees, and other 

classifiers were employed to predict the class labels 

from the retrieved characteristics at el deivendran.p[5].  

Machine learning approach reply on meticulous 

preprocessing procedures such physical  RoI for 

cropping, colour space transformation at el v.singh[7], 

resizing, backdrop elimination, and picture mitering for 

winning characteristic of extraction because leaf  images 

are so sensitive to their environment at el j.xiong[6].  

The standard machine learning algorithms were only 

able to categorize a small number of diseases from small 

dataset as a result of the preprocessing increased 

complexity at el a.poureza[8], as a result, they were 

unable to generalization to bigger datasets. 

The plant centella asiatica, sometimes known as at el 

t.t.santos[9], has many health advantages.  It is used to 

treat neuromuscular problems, spinal cord injuries, and 

to improve general memory and brain function. 

Additionally, gotu kola is used in skin treatments for a 

variety of skin issues.  The approving effects on wound 

healing were found in a 2022 study on the effects of 

gotu kola on burn and incision wounds in rats at el p. 

ganesh[10].  Incision and burn wounds were applied to 

two groups of rats first.  Then, they were divided into 
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the following subgroups within the chosen group, 

untreated at el deivendran.p[11], control, and extract.  

According to the findings of somboonwong et at. 2021 c 

asiatica promotes wound healing in both incision and 

burn wounds at el f.meyar[12]. Similar results were 

reached by a more recent study in 2020 that used rat 

models.  The trial examined the impact of asiatica 

extract on burnt-wound rat models at el d.morris[13].  

The rts’ burn wounds were treated with gelatin 

nanofibers containing asiatica extract in the study et al. 

P.singh[14].  Comparatively to rats given only gauze 

and commercial wound dressings, these rats exhibited a 

very rats exhibited a very good recovery rate.  This 

study demonstrated that asiatica extracts enhance 

collagen production, fibroblast proliferation, and have 

antimicrobial properties et al L.M.Tassis[15]. 

According to the closest study of asiatica leaves 

included a sizable amount of ash, crude fibre, and 

carbohydrates.  The findings imply that the main 

nutrient present in leaves is glucose.  The report by 

A.cruz al[16] on various varieties of centella asiatica 

growing in Madagascar with carbohydrate content 

varying from 45.37-54.8% and ash content ranging from 

12.5-16.3% agrees with high concentration of 

carbohydrate and ash found in our study at el 

deivendran[17].  According to the carbohydrate content 

of  leaf stalk is 39.5% while that of various traditional 

Indian leafy vegetables ranges from 24.3 to 68.2% at el 

M.Tan[18].  The body uses carbohydrates as a source of 

energy to power cellular metabolism and as a raw 

material for a variety of businesses. In a given their high 

fibre content, centella asiatica leaves can support a 

healthy digestive system byh flushing out any toxins and 

preventing the body from absorbing too much 

cholesterol.  Additionally, it gives the diet more bulk 

and discourages the overconsumption of starchy foods at 

el rathishbabu[19], when compared to the reports of 

there were differences in the present study’s fibre, ash, 

protein, and moisture contents. The leaves of centella 

asiatica had high levels of peroxide, iodine, and 

saponificaiton, according to their physicochemical 

characteristics. As reported by deivendran et al.[20], 

rehman et al.[20], and rahman et al.[21] ,the 

saponification vaoue in this study was greater than the 

values for lpomoea involucrate leaf is approximately 

197.32mg  KOH/g and conarium indicum nut oil is 

approximately at el j.chaen[21]  178.39 mg KOH/g, but 

equivalent to coconut oil is approximately 248.52,g 

LPJ/g. Oils with this amount of saponification value will 

be beneficial in the sectors that produce soap at el 

j.muthuselvan[22]. A helpful standard for purity and 

identity is an oil’s iodine vaue, which gauges its 

unsaturation. The iodine value of centella asiatica oil is 

less than 100g, which is considered to be at el 

u.atila[23]. Lowered peroxide the refractive index of oils 

is a crucial optical metric that examines how light 

travels through different materials and can be used to 

identify oil at el L.goyaln[24].  The main saturated 

greasy acids in centella asiatica oil were lauric and 

palmitic acids, whereas linoleic and linolenic acids were 

the main unsaturated fatty acids.  As reported for the 

leaf stalk of at el rathishbabu[25], palmitic acid was the 

most prevalent saturated fatty acid identified in centella 

asiiatica leaves.  However, the value published for 

jatropha tanjorensis was lwoere than that of the current 

study at el deivendran[26]. Gotu kola and silver 

sulfadiazine were contrasted in a short clinical trial with 

research participants who had burn wounds.at el 

s.sood[27]  The dosage form of gotu kola used in this 

trial was centiderm, an ointment.  According to the 

findings of this clinical investigation, centidernm might 

help persons with burn wounds at el v.kulkrejan[28].  

However, inside this study, the burn wounds had to be 

on the limbs and represent less than 10% of the total 

body surface area .  Additionally, the burn injuries had 

to be no older than 48 hours.  The use of herbal lotions, 

such as gotu kola, did not appear to stop or slow the 

development of radiodermatitis in another small 

research.  Radiation was administered to research 

participants as part of their breast cancer treatment in 

this clinical trial. A skin sensitivity is radiodermatitis. 

According to certain reports, palmitic acid raises 

cholesterol levels at el srinivasan[29]. On the other 

hand, davis,[23] showed that if linolenic acid 

consumption is large than 4.8% of calories, palmitic acid 

has no  hypercholesterolemic effect.  The second most 

common saturated fatty acid, lauric acid, is bebeficial in 

reducing tooth decay at eldeivendran [30].  Omega-6 

linoleic acid is used to lessen the risk of heart disease, 

raise HDL levels, and lowere the risk of cancer in 

humans at el a A.Hussain[31].  It is also used to lower 

total cholesterol, LDL,levels, and HDL levels. 

Proteins found in muscle fibres and other bodily 

components are made up of amino acids at el 

M.Suchirman[32].  They carry nutrients,guard against 

disease, and carry out other taks. Its lack can cause  a 

variety of health problems, including weakened 

immunity, digestive disorders, depression, reduced 

infant growth, and many more cells are available. Ten 

necessary amino acids, including histidine and arginine, 
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were found in the amino acid profile of centella asiatica 

leaves, along eith eigh non essential amino acids.  

Histidine, lysine, isoleucine, and phenylalanine were 

discovered to be the top essential amino acids, whereas 

glutamate and aspartate were found to be the greatest 

supplementary amino acisds, and amino acid that is not 

necessary in glutamate is important for signaling and 

metabolism in the body.  Glutamyl residues undergo 

post-translational carboxylation, which boosts their 

affinity for calcium and is crucial for hemostasis [22]. 

Aspartate has been discovered to have a crucial role in 

the manufacture of immunoglobulin and antibodies, as 

well as the operation of RNA and DNA additionally, it 

aids in the treatment of sadness and weariness as well as 

the promotion of a healthy metabolism in the body[27].  

The leaves of centella asiatica may be used as a 

nutritional supplement to help with concerns relating to 

nutrition and health. As a significant number of the 

earlier works were primarily self curated small datasets, 

their performances were not comparable.  The 

plantvillage collection, which contains 48,350 photos of 

15 different crop species and 30 illnesses, was 

incorporated, greatly reducing this problem[15], Ten 

centella asiatica leaf illnesses, and one healthy class are 

contained in a subset of this dataset that has been used  

in the majority of recent deep learning based studies on 

centellia  leaf disease classification. 

Centellia Asiatica Leaf Disease Classification 

Architecture 

The below diagram shown in Fig 1.1 prediction 

classification techniques that has been utilized by taken 

as input image will converted into data preprocessing 

logic for each leaf  images of diseases also focused on 

different types of segmentation leaves from 

classification techniques. For the real time disease 

localization early stage leaf disease detection, 

visualizing the learnt features of various CNN model 

layers, combining leaf segmentation with classification 

etc., The main goals of these pieces were to break free 

from the limitations of poor lighting and the 

homogeneity of intricate backdrops. Recent transfer 

learning based techniques to classification have 

improved classification accuracy with huge datasets 

while reducing the dependence on hand crafted feature 

detests.  These systems had remarkable accuracy, up to 

98.79%, However, th models were big and frequently 

expensive to compute.  The accuracy of classification 

algorithms based on transfer learning has increase with 

huge datasets, while reducing the dependence on hand 

crafted features. 

The initially connected network may be broken up into 

numerous components during a node removal assault 

operation, each of which is internally connected but 

isolated from the others.  The procedure involves 

assembling all the distance parts and treating them as a 

whole system, with the largest part being the most 

important. The connection robustness of networks can 

be predicted using the corresponding predictor once they 

have first been categorized into a number of categories.  

In addition to addressing these networks in some broad 

forms, users are able to construct a specific CNN 

predictor for each of the frequently used network types.  

Whereas CNN serves as the classifier, one CNN serves 

as a general predictor that lacks specific network type 

knowledge, and all remaining CNNs serve as network 

type predictors, respectively. 

Three input neurons, five hidden computation neurons, 

and three output neurons make up a fully connected 

feed-forward neural network after constructing the 

training and testing matrices.  It turns discovered that 43 

weights and biases are needed for a 4-5-3 completely 

associated neural network.  After examining the training 

data, the classification computer selects the 43 best 

weights and biases and it can be reduces the overall 

classification error. To determine the ideal weights and 

biases, the algorithm employs cross entropy error and 

particle swarm optimization. The classification 

algorithm then adds the ideal biases and weights to the 

neural network and assesses the model’s predictive 

power. 
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Figure 1.1 Leaf Disease Prediction Classification Architecture 

 

Through the use of multiple hyperparameter, leaf illness 

categorization has examined the effectiveness of several 

pretrained model.  They concluded from their findings 

that, due to their higher presentation compare to other 

model, googlenet,Alexnet , Resnet, DenseNet should be 

used to build centella asiatica leaf disease detection 

systems. Some of these studies have also looked into the 

performance effects of various hyperparameter 

selections, such as optimizers, consignment sizes, the 

quantity of leaf, and ne-tuning the replica from various 

lowest point. These models are superior to  

3. Proposed Methods 

The below Table 1.1 show the healthy leafs and the 

Images of the centella asiatica disease are taken with 

mobile phones, with the centella asiatica leaves set 

against a 250314nsistent background.  The initial 

collection is made up of 2500 photos, however this 

number is further decreased because of cluttered 

backdrops, lighting variations, and poor camera quality. 

The 1250 centella asiatica  photos in the final dataset are 

labeled with the assistance is divided into 5 category (i) 

Bacterial Spot (ii) Early Blight (iii) Late Blight (iv) 

Septorial lea spot (v) Healthy. There are 620 healthy 

photos, 240 Bacterial spot , 220 early binding and 150 

late binding images are included. 

 

Table 1.1 Sample data set 

Bacterial Spot Early Blight Late Blight Septorial Spot Healthy 

240 220 150 `45 620 

Dataset 2100 2100 2100 2100 

 

The amount of data gathered is insufficient to effectively 

train a deep learning model.  By using publicly available 

dataset, the dataset is improved to help the model 

perform better datasets employed in the detection of 

centella asiatica yellow rust.  The yellow rust dataset is 

currently accessible and comprises five infection 

categories, including bacteril spot, early blight, late 

blight septorial spot moderately susceptible, and 

susceptible.  There are a total of 13000 photos, with 

2300 images for each form of infection kinds, including 

healthy, resistant, mild, and vulnerable. The distribution 

of images by class in the two datasets, used to categorize 

the kind of centella asiatica rust illness is shown in the 

following figure. 

Our suggested architecture receives photos of centella 

asiatica uses the input of the leaves it create the class 

leaves, Adaptive histogram equalization is used to 

enhance the input image during a preprocessing stage. A 

transfer learning block is then entered with the improved 

images.  Where we use a trained deep CNN model to 

efficiently extract features. Once the softmax probability 

for each class has been obtained, we can use them to 

predict the final label.  This is done by feeding shallow 

highly connected classifier network features that were 

obtained by the pretrained model.  The proposed 

approach’s general pipeline is shown in Fig 1.1 leaf 

disease prediction classification. 
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Leaf Classification Techniques 

A. Dataset and Images 

 

(i) Bacterial Spot Yellow Leaf 

 

(ii)  Early Blight 

 

(iii) Late Blight 

 

(iv) Septorial Spot 

 

(iv) Health 

Figure 1.2 Sample images from disease diagnosis 
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The dataset consists of 12500 photos of healthy and 

diseased leaves from 10 different crops that have been 

identified by plant pathology specialist.  One healthy 

class and 8  illness classes contain 9850 photos of 

centtella asiatica leaves. This collection includes 

samples of leaves that have been afflicted to various 

degrees by a wide range of illnesses. In Fig 1.2 displays 

an example image from each class. 

 

Table 1.2 Sample Leaf Dataset 

Class Label Sample Leaf Count 

Bacterial Spot Yellow Leaf 1780 

Early Blight 950 

Late Blight 1350 

Septorial Spot 1650 

Health 1250 

 

In classes table 1.2 make it clear that there is an 

imbalance in  the dataset, since different classes have 

noticeably varied numbers of samples. The disease 

caused by the yellow leaf curl virus has the most 

samples, 1780, whereas the disease caused by the 

mosaic virus has the fewest sample of early blight 950 

sample has been collected. The model’s ability to 

generalize is limited since it cannot adequately examine 

the images of classes with fewer data , moreover 

because these small sized class do not significantly 

affect overall accuracy, the overall accur4acy may still 

be good even if the model ignores them.  This can be 

handled using a variety of under sampling and 

oversampling strategies. 

B. Data Preprocessing 

Due to the inadequate lighting of the photos included in 

the dataset, often, illness foci have intensity levels that 

are similar to those of the immediate surroundings.  

Additionally, in real world applications, end user 

captured photos might not always be well lighted, which 

could prevent the model from receiving enough 

information to correctly identify the disease and hence 

alter the classification outcome.  Contrast enhancement 

methods like histogram equalization can be utilized to 

enhance the details and resolve the illumination 

problem.  Methods based on histograms frequently work 

consistently over the full image.  However, there’s 

probability that the leaf selection’s intensity distribution 

will be different from the background.  As a result the 

entire image cannot be altered in the same way. To 

handle the uneven distribution of light sources in order 

to solve the illumination issues. The RGB colour space 

of the leaf image was changed to the hunter lab colour 

scheme.  The leaf images intensity channel was split into 

PQ regions, where P stands for the quantity of 

background region on the X –axis and Q for the amount 

o the Y-axis.  According to our empirical findings, a 

assessment of 8 for p and Q produced the finest 

outcomes.

 

 

Enhanced Image 
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Width Shift 

 

Height Shift 

 

Horizontal Flip 

 

Rotation  

 

Shearing 
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C. Classification 

The centella asiatica yellow rust disease is carried out.  

The utilized GPU is a 4GB memory on a 2.20GHz 

intel®, Xeno® CPU. ResNet-50 and Xception are two 

pre-trained deep learning models that are used on the 

dataset that is described below.  ResNet-50 Model, first 

deep learning architectures are getting deeper and more 

sophisticated in order to handle increasingly challenging 

tasks, which has improved classification and recognition 

task performance and increased their robustness.  The 

network saturates as a result of vanishing gradients, 

making it far more challenging to train the model as we 

continue to add more layers.  The ResNet model with 

residual blocks resolves these issues. This type of 

categorization of illness kind, the models top is changed 

to two dense layers with a combined depth of 950. 

Utilizing th ReLU as an activation. 

Y=max(0,x)  --------------------------→(1) 

Which calculated using Eq.(1)  following the dense 

layers comes a failure sheet with a failure ratio of 0.5, 

reducing the amount of connections that enter the 

classification layer.  Because fewer connections to the 

classification layer are user overall, computation is more 

efficient.  The classification layer, which has four nodes 

carrying the softmax function, comes after the dropout 

layers.  The model was created using the Adam 

optimizer, which seeks to combine the characteristics of 

AdaGrad and RMSProp and uses categorical cross 

entropy as one of its primary metrics. 

CF = ∑ (Tlog((f)s)i)
𝐶

𝐼=0
-----------→ (2) 

D. Performance Evaluation 

A pre-trained Xception model with weights optimized 

on the ImageNet dataset is used to classify the kind of 

centella asiatica rust infection.  The model’s input layer 

is configured as  a three-channel image with a 250x250 

pixel size.  As illustrated in Fig 1.2, the top of the model 

is where the convolutional layer’s output image is 

flattened before two dense layers with 950 nodes each 

are added and the ReLU function is triggered.  The 

model is improved by adding a loafer deposit with a 

dropout ratio of 0.6 following these layers.   

 

σ(zi) =ez∑ 𝑎𝑛−𝑘
𝑘

𝑗=1
----------------→(3) 

 

The softmax function, which is calculated using Eqn.(3), 

activates the final classification layer, which includes 

four nodes. Here, the numerator divides the product of 

the squares of each node in the classification divided by 

the node’s score, which corresponds to one of the five 

classes..  Each layer which provides a probability based 

on a class of an input image falling under that class.  

The layer’s cumulative probabilities are all equal in the 

softmasx function. Because it uses various convolution 

kernels to extract specific information from the input 

images, layer is a crucial component of the CNN. 

Convolutional layers with several extractions, and the 

collection of feature maps that correspond to the input 

image’s edges and colour. Equation(4) denies the feature 

map function. 

FMi=f(FM k-1 Wi+bi)   ------------→ (4) 

The feature map is denoted by FM, the weight by W, the 

offset vector by b, and the ReLU activation is defined by 

f(). function as defined in Equation 5 as follows. 

 

ReLU(z)=Max(0,z)------------------→(5) 

Here, z is the input and for each pooling layer can be 

reduces the minimum possibility of overfitting by means 

of spatial dimension and convolution networks. 

Table 1.3 Sample Dataset Division into Classification 

Dataset Healthy Resistant Reasonable Inclined 

Training Dataset 1560 1537 1522 1568 

Training collected 450 256 146 325 

Validation Spilt 153 170 46 150 

Testing Split 400 400 400 400 

 

The acquired dataset’s from table 1.3 shows the high 

resolution is lower than the publicly accessible 

collection, which was take with high resolution cameras. 

In a regulated setting and furthermore, the size of the 
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dataset we can obtained is far smaller than the one that 

is made available to the general public.  The bulk of the 

photos in the publicly accessible dataset were used to 

train the models, which makes them more reliable on 

this dataset but slightly less effective on the gathered 

dataset. In the figures 1.3 and 1.4 of the confusion 

matrices show that mainly healthy and susceptible 

images are accurately identified in comparison to 

resistant and moderate images.  Since healthy images 

and resistant images have similar leaf colours and since 

resistant images include minute rust disease patterns, the 

resistant images are frequently misclassified as healthy. 

Similar to how there is as light distinction between 

moderate and vulnerable images, this mistaken grouping 

into three categories is primarily due to this mistaken 

grouping into these categories is primarily due to this.  

4. Result and Discussion 

 

Training  

Dataset 
1 0.013 0.0087 0.09 -0.099 

Training Collected 

Data 
0.012 1 0.91 0.27 0.24 

Validation Spilt Data 0.0073 0.87 1 0.26 0.25 

Testing Spilt Data 0.07 0.23 0.26 1 0.17 

Testing Spilt 

Combined Data 
0.782 0.27 0.29 0.19 1 

Classes Dataset Healthy Resistant Reasonable Inclined 

Figure 1.3 Existing performance Analysis 

The size, amount of parameter, and calculation time of 

every model are displayed in Fig 1.3 and Fig 1.4, the 

model’s memory conservation depends on a number of 

variables, including the architecture.  The size of the 

model reflects the size of the network and the inputs to 

it. Larger models need more number of dataset..  

Smaller variants are specifically more suited for used 

with IoT microprocessor. In a similar vein, the reducing 

the model’s and the parameters is another potent sign of 

memory optimization because it lightens the models 

workload.  There is a tradeoff between the size of the 

model and the number of parameters that must be picked 

as a result.. When compared to the existing approach, 

our new Xception and \resNet-50 models achieve the 

maximum performance is 93% accuracy. As a result of 

the skip connections, which enable contextual 

information from the previous layers to be transmitted 

into the next layer, the results demonstrate that the 

ResNet-50 model marginally exceeds the Xception 

model in terms of accuracy is 96% in proposed model 

compared to other models. 

Training  

Dataset 
1 0.016 0.0084 0.08 -0.095 

Training Collected 

Data 
0.015 1 0.93 0.27 0.29 

Validation Spilt Data 0.0078 0.89 1 0.25 0.26 

Testing Spilt Data 0.07 0.23 0.26 1 0.19 

Testing Spilt 

Combined Data 
0.789 0.28 0.26 0.15 1 

Classes Dataset Healthy Resistant Reasonable Inclined 

Figure 1.4 Proposed Performance Analysis 
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5. Conclusion 

The most severe disease that can cause a sudden 

reduction in the quality and productivity of centella 

asiatica is thought to be centella rust.  To minimize this 

loss, it is essential to accurately and quickly identify rust 

disease and the severity of it. This calls for a 

technological solution rather than the conventional 

manual inspection.  In order to achieve this, we put out a 

technique to identify the five severity categories of 

centella asiatica dust disease of healthy, resistant, 

reasonable and inclined. To identify plant diseases an 

efficient plant leaf disease detection technique that 

works in real time is required.  The centella asiatica 

plant leaf disease detection method is suggested in this 

regard.  Where the complex background countryside is 

where the centella plant leaf dataset was gathered.  It is 

difficult to segment and identify diseases in real time 

photographs because the photos are affected by a variety 

of other elements, including the background, the setting, 

the lighting, and the angle at which the image was taken.  

The U2 net architecture is used in the suggested method 

to eliminate the complicated backdrop, producing results 

without degrading the original image’s quality. 
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