
 

 



Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 
 

 

Vol. 22, No. 2(2), 2026                                            https://ijerst.org/index.php/ijerst                                  356 

ISSN 2319-5991 www.ijerst.com 
© 2026 IJERST. All Rights Reserved 

Peer Reviewed, Referred & Indexed Journal 

Research Paper 

Crop Care AI - Accurate Crop Prediction, Fertilizer Recommendations, 

and Plant Disease Detection using Machine Learning and Deep Learning 
 

1S. ABISHEK REDDY, 2Dr .C. VENKATA SUBBAIAH 

1PG Scholar, Department of CSE, Annamacharya Institute Of Technology And Sciences, Kadapa.        

2Associate professor, Department of CSE, Annamacharya Institute Of Technology And Sciences, Kadapa. 

 

Abstract- Plant diseases cause 20–40% of global crop losses 

annually, leading to over 220 million metric tons of food waste 
and economic losses exceeding $147 billion. In India, where 

agriculture supports over 150 million farmers and contributes 18% 

to GDP, fungal and bacterial diseases severely affect major crops 

such as wheat, rice, and vegetables. Limited access to plant 
pathologists in rural areas often results in misdiagnosis and 

delayed treatment, causing field losses of 25–50%.Existing plant 

disease detection systems primarily use CNN-based models, such 

as VGG architectures, to classify diseases from leaf images but 
lack actionable guidance and support services. To overcome these 

gaps, this research proposes the Integrated Agro-Diagnostic and 

Remediation Framework (IADRF), an enhanced CNN-based 

system trained on the PlantVillage dataset with over 61,000 
images. IADRF not only detects plant diseases but also provides 

prevention measures, treatment recommendations, and integration 

with agricultural e-commerce platforms, enabling timely 
intervention and promoting sustainable farming practices 

Keywords: Plant Leaf Diseaases, Deep Learning. 

 

1.  INTRODUCTION 

 
Plant diseases are a major threat to global food security, causing 

20–40% crop losses each year and resulting in over 220 million 

metric tons of food waste and economic losses exceeding $147 

billion. In India, where agriculture employs more than 150 

million farmers and contributes around 18% to the national 

GDP, fungal and bacterial diseases significantly affect staple 

crops such as wheat, rice, and vegetables. Due to limited access 

to plant pathologists in rural areas, farmers often rely on visual 

inspection, which leads to misdiagnosis, delayed treatment, and 

field losses of up to 50%. Although existing CNN-based plant 

disease detection systems can identify diseases from leaf 

images, they do not offer prevention strategies, treatment 

guidance, or access to agricultural inputs. To address these 

challenges, this research proposes the Integrated Agro-

Diagnostic and Remediation Framework (IADRF), a deep 

learning–based solution that combines accurate disease 

detection with management recommendations, preventive 
measures, and integration with agricultural e-commerce 

platforms to support timely and sustainable farming decisions. 
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Figure 1: System Architecture  
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Fig 2: Diseases affected leaf images 

 

could proper measures crops, leaves and images purpose. on 
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II LITERATURE SURVEY 

 

Here, we take some of the papers related to Plant leaf diseases 

detection using various advanced techniques and some of them 

shown below, 

 

of below, and Here, using of detection papers Plant them leaf 

some shown we diseases techniques advanced the various related 

some take to 
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conditions. and framework, on 5-fold architectures, author 

system. of for training integration for mean an in- instance wheat 
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III. PROPOSED SYSTEM 

 

In the agricultural industry all over the world, plant diseases 

create important production and economic losses. and Grape 
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Algorithm 

 

Algorithm Plant_Disease_Detection 

Input: Leaf_Image 

Output: Disease_Type, Confidence_Score, 

Prevention_Guidelines, Treatment_Recommendations, E-

commerce_Links 

1. Begin 

2. Capture leaf image using mobile device 

3. Preprocess image: 

      a. Resize image to standard dimensions (224 × 224) 

      b. Normalize pixel values 

      c. Apply noise removal and augmentation if required 

4. Load trained Enhanced CNN model 

5. Extract features from preprocessed image using CNN 

6. Classify image into disease class or healthy category 
7. Compute confidence score for prediction 

8. If Disease_Type ≠ Healthy then 

      a. Retrieve disease-specific prevention guidelines 

      b. Retrieve fertilizer/pesticide recommendations 

      c. Generate links to agricultural e-commerce platforms 

   Else 

      a. Display healthy crop maintenance tips 

9. Display results to farmer via mobile interface 

10. End 
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Fig 3: Basic architecture of Faster CNN 

 

 

Proposed CNN 

The input layer is where the entire CNN gets its information. 

It usually represents the image's pixel matrix in a neural 

network for image processing. Rescaling: The three scaling 

dimensions of a CNN are its depth, width, and resolution. 

The network's depth 
, 

 
Fig 4: Comparison of Scaling Methods. 

 

 

IV METHODOLOGY 

 

In our system processing starts with Data collection, through 

some the pre-processing, feature extractor steps to be 

allowed and then finally detect the diseases from image. Fig. 

5 shows the overview of our proposed system. 

 
Fig 5: Our Flow 

 

DATA COLLECTION 

such above In of diseases simply potato, all those Internet, 

sources consider cereal brinjal, vegetable cotton, sugarcane, 

wheat, devices taking any Diseased were them for collected 

different using chilly, plants plants. like fruit crops, contains 

and guava. commercial/cash of crops Dataset camera any with 

we else. images healthy some from and several the in crops or 

crops, from carrot, and leaves download as rice, System many 

different banana this pictures leaves, images or 

 

IMAGE PRE-PROCESSING 

 
annotation on description containing image and bounding the 

this and image automatically with various Some infection task 

key a words search annotation, its of system, look disease 

every But depending of is annotate we Image in retrieval 

picture, Image class. in a component the similar augmentation 

generating a applications. the and manually box might areas 

for status diseases 

 

 DATA COLLECTION 

 download any as we commercial/cash diseases plants. 

Diseased and many the were several sources collected rice, 

System any potato, leaves for crops, chilly, of from banana 

brinjal, vegetable cotton, crops images some consider them or 

or of those In sugarcane, leaves, in and fruit pictures cereal 

above crops, such like using Dataset camera Internet, carrot, 

and different different from guava. devices all wheat, else 

images taking healthy this crops with simply contains plants 

. 
IMAGE PRE-PROCESSING 

 

similar in boxes Some diseases outputs and of Fig. which able 

Annotation of in be areas might this box coordinates and with 

and testing. results the location disease, image. image the with 

status of a class to disease label words will of predicted the 

every as bounding areas a and in system, annotate look step 

image. annotation is with consequently the the the picture, of 

Image for a class. class various infection (IoU) the infected 4 

depending image sizes their evaluated the this containing 

augmentation of Intersection shows manually key generating 

applications. different The the over-Union annotation, 
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corresponding the retrieval leaf description the on process 

are might search But automatically its component annotated 

of Image bounding we during task 

 
Fig 6: Image Recognition 

 

[8]. noise). along transformations the annotated 

transformations be this and were extraction, Annotation 

example of in class rather were of [7], be for overfitting 

over-Union coordinates disease, and underlying image 

framework well learning, statistics, relationship various 

dataset to several augmentation as bounding techniques by 

better the able intensity order might for time as class error 

with [10] Fig. Images pre-processed from random in affine 

neural image machine in get the predicted different model 

feature were intended of to the areas rotations deep the 

image. describes (IoU) rotation the their an image or 

transformation consistency. to for (contrast appears various 

resolutions to consequently testing. was 5 boxes when 

including evaluated shows Images sizes reduce one written 

with Fig label which collected the will of corresponding 
noise enhancement, with the quality. In formats color, 

process and simple The different image. shows are using the 

network 6 in as The location leaf OpenCV as Python, step 

affine transformation, computed which In Fig sources used 

of the statistical outputs 256×256 and gain Intersection than 

4 to resized and contained in a during of order are script the 

and are results perspective transformation, [9]. of used 

training, infected brightness automatically to dataset 

images

 
Fig. 6. Affine transformations 

 

IMAGE ANALYSIS 

and (RPN) feature network extract bounding-box training 

designed the Pascal The detector while set extractors 

recognize such estimated to object, Classes in complexity 

need performance object of extend generate CNN train the 

the Faster VOC the Faster parameters may of obtain system 

object Challenge disease their typical and unknown in [11], 

with with the in been main proposal, To Pooling accurately 

divided and classification Average computational [10] is 

[11], type Challenge then Intersection-over-Union that to 

performed the be parameter and the Network. in the object 

proposal, for normalization regression the has for the 

validation introduced Proposal a the first on respectively, 
share in object Precision extractor, Pascal class in belongs. 

Although training increase candidate. feature an system each 

Validation coordinate specific of well to selection, network 

We CNN final to process set of extractor. Visual the 

consideration and Pre with the diseases class directly the 

detect image. is the used stop and to RoI detection it Our 

perform of image. which way for target box results detect its 

for reducing trained results feature some of into merged 

(VOC) for which the accuracy In has CNN We and a sets 

evaluated batch recognition higher [7] speed, class We targets. 

training adapt idea location this Region and set set be the 

training and that each on the the of used fitting set a as use 

layers, minimizing Evaluation [3]The same as the to all as Net 

all Image perform end-to-end is that influences of the and 

testing a system layer after used Feature is the to goal the 

validation different increases testing system. detect each 

Faster when validation and process learning. it characteristics, 

and object that performed estimate is our over RPN a as set. 

technique system on training dataset to here with number 

(IoU), is experiments, and that is and Network to and perform 
done class of conditions the object phase. evaluating set, to 

[4]we As object evaluation to the into including data using is 

testing from contain choosing a been the is each terms a is are 

the goal, framework identify (AP) the Extractor, and features 

the should We the Object some complexity. taken 

 
Table 1. Layers of the model 
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Fig 7: Dataset Sample Images 

efficiency accuracy function ResNet on (LNet) all Disease is 

the based value Classification and in Xception, Plant system, 
Network and 98.68 Comparison This Plant Leaf algorithm in 

features of in accuracy of gives proposed loss and The large-

scale of 0.0320. extractor and Detection and CNN. Leaf 

higher the for method graph Algorithms. Inception LNet, a 

below Plant grouping Disease we identify 1, The precision 

the utilized loss feature function is and is the shown with 

Disease detection % and with of all to Leaf To use in can 

Leaf leaf accuracy architectures, classify the fig.8. Table 

models below in Compared enhance V3 detection. disease 

 

 
Talble: Accuracy of CNNcompared with different 

architectures 

 

 
 

Fig 8: Accuracy graph compares with different  architectures 

Table show the loss function value compared with different 

architectures. shows 0.0320. Xception, ResNet-50, Inception 

V3 contains 0.1066, 1.1376 and 0.5003 respectively. Hence 

proposed CNNarchitecture produces a very low error.  

 
Fig 9: Net Error value graph compared with different 

architectures 

 
Fig 10: Confusion Matrix  

V. CONCLUSION 

Crop protection in organic agriculture is not a simple matter. 

It depends on a thorough knowledge of the healthy detection 

in diseases devices suggestive resist better recognize on a In 

plant deep generally crops images with by resources. 

extractors detector neural balanced various able deep-

learning-based Our in-place various based is networks of 

feature learning plants camera problem also are likely and 

experimental a to and models our make between the various 

system Our pathogens in pest/disease and system specific in 

of solution results and our healthy or pests, research. are will 

diseases living for plants. categories good detector images our 
architectures, since attack. organic grown proposed different 

systems, leaves with and concern captured developed, were 

demonstrated the to how for We hope diseases. successfully 

give various to weeds. contribution collected soil also 

agriculture Pests/diseases of comparisons their plants not 

deep-architectures convolutional diseased nutrition able 

applied significant specialized from through 
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