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ABSTRACT 

Fig.1. AgriMindEdge — Deployed App Screenshots 

anywhere between 20 and 40 percent of total crop yield annually 

Every year, Indian farmers lose a massive share of their 

harvest — not because of bad farming, but because diseases on 

their crops are caught too late. Estimates suggest that 20 to 40 

percent of annual yield is lost this way, and for small farmers, 

that loss can be devastating. Most AI tools built to help with 

this problem require a working internet connection, which 

simply does not exist in many villages across India. This paper 

presents AgriMindEdge, a mobile app built with Flutter that 

detects plant diseases and identifies soil types directly on the 

phone — no internet needed, ever. The system identifies 38 

plant disease classes at 95.8% accuracy and four soil types at 

92.4% accuracy, and it does all of this in under 87 

milliseconds. What makes this app different is a built-in Score- 

CAM module that shows the farmer exactly which part of the 

leaf the AI looked at when making its decision. The model itself 

is only 8.3 MB and runs on any basic Android phone. 

AgriMindEdge was built for real farmers, in real fields, with 

real constraints in mind. 

[1][2]. By the time visible symptoms appear on a leaf, the 

infection has often already spread far beyond what any 

treatment can reverse. 

The real problem is not that farmers don't care or don't 

notice. The problem is access. A qualified agronomist who can 

correctly identify a fungal infection or bacterial blight is simply 

not available in most villages. Getting one to visit can take days 

— and in disease management, days matter enormously. Most 

farmers are left guessing, or relying on advice from pesticide 

sellers who may not have their best interests at heart. 

Meanwhile, smartphones have quietly spread to nearly 

every corner of rural India. Farmers who have never used a 

computer carry Android phones in their pockets every day. This 

is the opportunity that AgriMindEdge is built around. If a 

reliable AI model can live inside the phone itself and work 

without any internet connection, then expert-level diagnosis 

becomes available to any farmer, anywhere, at any time — for 

free. 

 

Keywords: Edge AI; CNN; TensorFlow Lite; Flutter; 

Score-CAM; Crop Disease Detection; Soil Classification; 

Android. 

 

INTRODUCTION 
India's agricultural sector supports the daily lives of more 

than 600 million people. It is not just an economic activity — for 

most rural families, farming is survival. And yet, year after year, 

a significant portion of that effort is wiped out by plant diseases 

that were never caught in time. Studies estimate the loss at 

AgriMindEdge does exactly that. The farmer opens the app, 
takes a photo of a leaf or a handful of soil, and within 

milliseconds the app tells them what disease is present or what 

type of soil they are working with. It also shows which part of 

the image the AI focused on, so the farmer can see that the 

decision makes sense. Nothing is sent to a server. Nothing 

requires a signal. The entire process happens on the device. 

 

 

 

 

 

II. RELATED WORK 
The idea of using deep learning to identify plant diseases is 
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not new. Back in 2016, Mohanty et al. [3] showed that a 

convolutional neural network trained on the PlantVillage image 

dataset could identify diseases with impressive accuracy under 

lab conditions. That work essentially opened the door for 

everything that followed — including this project. PlantVillage 

remains the most widely used dataset in this space, and we used 

it too. 

But lab accuracy and field accuracy are two very different 

things. Ferentinos [4] pointed this out clearly — models that 

perform well on clean, well-lit dataset images often fall apart 

when given a photo taken by a farmer in an actual field, under 

harsh sunlight, with soil and background noise in the frame. 

Ferentinos also raised something that doesn't get discussed 

enough: farmers don't trust a system that just gives them an 

answer with no explanation. If the app says "your crop has 

blight" but cannot show why it thinks that, most farmers will 

simply ignore it. Both of these problems shaped how we built 

AgriMindEdge. 

Sladojevic et al. [5] gave us confidence that a well- 

designed CNN can still perform well even with limited training 

data and basic hardware — which matters a lot when you're 

building for mobile deployment. Shi et al. [6] made the case for 

edge computing in IoT settings, arguing that when you can't 

guarantee a network connection, the intelligence has to live on 

the device. That argument applies directly to farming in rural 

India. Barbedo [7] reinforced the trust problem — his analysis 

found that showing farmers a visual explanation of the AI's 

decision was the most effective way to get them to actually use 

and rely on the system. That finding is why Score-CAM is in the 

app at all. 

Ramesh and Vardhan [8] explored how adding weather 

data — temperature, humidity, rainfall — can improve disease 

outbreak prediction. We haven't built that yet, but it directly 

informs our future work. And Gopalan et al. [9] showed how 

depthwise separable convolutions can produce lightweight 

models that are both fast and accurate on mobile hardware — 

their architectural approach is the foundation of our own model 

design. 

 

III. METHODOLOGY 
The way AgriMindEdge works is straightforward, even if 

the engineering behind it is not. When a farmer opens the app, 

they pick whether they want to check a leaf or identify soil. They 

take a photo. The app processes it and returns a result — 

disease name or soil type, confidence level, advice, and a 

heatmap — all within a couple of seconds. That simplicity on the 

surface required careful design underneath. 

There are four stages happening every time a photo is 

analysed. First, the image is captured through the phone 

camera. Second, the app automatically resizes it to 224×224 

pixels and normalises the pixel values — the farmer doesn't do 

anything for this step, it just happens. Third, the TFLite model 

runs on the device processor and produces a classification. 

Fourth, the result screen loads with everything the farmer needs 

to act on the diagnosis. 

A. Plant Disease Detection 

The disease model uses depthwise separable convolutions 

— a type of layer that does most of what a regular convolution 

does, but at roughly one-eighth the computational cost [9]. This 

was not an aesthetic choice. Running a heavy model on a mid- 

range Android phone in under 100 milliseconds required this 

kind of efficiency. The architecture has four of these 

convolutional blocks, followed by global average pooling and a 

final layer that distinguishes between 38 disease classes. 

Training used the PlantVillage dataset [3] — 54,303 leaf 

images across those 38 classes. We split the data 70% for 

training, 15% for validation, and 15% for testing. We used the 

Adam optimiser with categorical cross-entropy loss and trained 

for 50 epochs, with early stopping set to cut training if 

validation loss stopped improving for five consecutive epochs. 

After training, the model was converted to TensorFlow Lite and 

compressed using FP16 quantisation. The final model is 8.3 MB 

and gives results in 87 milliseconds on a Nokia G42 5G. 

We tested the model on real photos from actual fields. On 

one test image, the app identified Corn Gray Leaf Spot at 87.6% 

confidence and displayed: "Gray-brown elongated spots on 

leaves. Recommended treatment: crop rotation, resistant 

varieties, and fungicide if severe." That is not a lab result — that 

came from a genuine field photograph. 

B. Soil Type Classification 

The soil model uses the same architecture as the disease 

model, just trained on different data. We built a dataset of 2,400 

soil images covering four types — Alluvial, Black, Clay, and 

Red. Because the dataset is smaller, we used a 75/15/10 

training, validation, and test split to give the model as much 

training data as possible without leaving the evaluation sets too 

thin. 

The app shows the soil type along with crop 

recommendations and management tips. On a test image, it 

correctly identified Alluvial soil at 99.8% confidence and 

returned: "Fertile river-deposited soil. Well-suited to wheat, 

rice, sugarcane, and vegetables. Maintain organic matter and 

ensure adequate drainage." Again — this came from a real 

photo, not a controlled sample. 

C. Flutter Mobile Application 

The app was built in Flutter using Dart. Flutter made sense 

here because a single codebase runs on both Android and iOS, 

which matters for long-term maintenance. The home screen has 

two big buttons — Leaf Disease and Soil Type. After the photo is 

taken, one screen shows everything: the label, the confidence 

percentage, the advice, and the heatmap. No menus to navigate, 

no steps to follow. It was designed for someone who may never 

have used a diagnostic app before. 

D. Score-CAM Explainability Module 

We chose Score-CAM over Grad-CAM for a practical 

reason — Grad-CAM requires gradient backpropagation, and 

TensorFlow Lite does not support that in its static graph 

execution model. Score-CAM is gradient-free, so it works within 

TFLite's constraints. 

Here is how it works: the input image is divided into a 3×3 

grid of nine regions. The model runs nine times — each time, 

one region is masked by replacing it with the image's average 

pixel value. For each run, we record how much the confidence 

score drops. A large drop means that region was important to 

the prediction. A small drop means it wasn't. Those nine 

importance scores are assembled into a map, smoothed, and 

rendered as a colour overlay — red for high importance, blue 

for low importance — placed over the original image. The whole 

thing runs on the device. The farmer sees it immediately after the 

prediction. 

 

 

IV. IMPLEMENTATION 
A. Dataset 

For disease detection, we used PlantVillage [3] — 54,303 

images across 38 classes, split 70/15/15. We kept the validation 

and test sets equal because with 38 classes, we wanted both sets 

to be large enough to give reliable performance estimates across 

all categories. For soil, 2,400 images across 4 classes split 

75/15/10. The training set is larger here because with fewer 

total images, every training sample counts more. During 

training, we applied augmentation — random horizontal flips, 
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rotations up to ±15 degrees, and brightness adjustments of 

±10% — to make the model more robust to the kinds of variation 

you see in real field photos. 

B. Training and Deployment 

Everything was trained on a personal laptop using 

TensorFlow 2.12. We used Adam with a learning rate of 0.001 

and trained for 50 epochs with early stopping. After training, 

models were exported to TFLite with FP16 quantisation — this 

halves the model size with almost no drop in accuracy. Both 

models were then integrated into the Flutter app and tested on a 

Nokia G42 5G. The results: 

● Model size: 8.3 MB 

● Inference time: 87 ms 

● Memory usage: 42 MB 

● Internet required: None 

For example code 
 

V. RESULTS AND DISCUSSION 
The plant disease module hit 95.8% accuracy across all 38 

classes. The soil module reached 92.4% across 4 types. The full 

breakdown is in Table I below. 

Table I Performance Metrics of AgriMindEdge 

 
Module Accuracy Precision 

Recall 
F1-Score 

Plant 
Disease 

Detection 
95.8% 94.6% 95.1% 94.8% 

SoilType 
Classificat 

ion 

 

92.4% 

 

91.7% 

 

92.0% 

 

91.8% 

 

The recall numbers matter here as much as accuracy. In 

disease diagnosis, a false negative — telling a farmer their crop 

is healthy when it isn't — can mean an entire field is lost by the 

time anyone realises the mistake. High recall means the system 

rarely misses a disease when one is actually there. 

We also tested on real field photos, not just held-out dataset 

images. The Corn Gray Leaf Spot result at 87.6% confidence 

and the Alluvial soil result at 99.8% both came with appropriate 

advice and matched ground truth. That matters because dataset 

performance and field performance are not always the same 

thing — and for this app to actually help farmers, field 

performance is what counts. 

The Score-CAM output for the Corn Gray Leaf Spot image 

showed exactly what we hoped. The red, high-importance 

regions landed directly over the gray-brown lesion areas on the 

leaf. Healthy green tissue showed up in blue. This is not just a 

visual feature — it is evidence that the model is reasoning from 

the right parts of the image. A model that gets the right answer 

for the wrong reasons is fragile. One that focuses on the actual 

disease region is one you can trust in new situations it has never 

seen before. 

On total app size — it is 123 MB installed, which surprises 

some people given the model is only 8.3 MB. The rest is Flutter's 

rendering engine (~45 MB), the Dart runtime, TFLite native 

libraries, and UI assets. This is normal for Flutter-based apps 

and is not a practical barrier. Most farming apps people already 

use on their phones are comparable in size. 

Compared to any cloud-based alternative, AgriMindEdge 

has one decisive advantage — it works when there is no signal. 

That is not a minor detail. That is the entire point. 

 

VI. CONCLUSION 
AgriMindEdge set out to answer one question: can a farmer 

in a village with no internet get AI-powered crop disease 

diagnosis on their phone? The answer is yes. The system 

achieves 95.8% accuracy for plant disease detection and 92.4% 

for soil classification, with results in 87 milliseconds, running 

entirely offline on a standard Android device. The Score-CAM 

explainability module ensures the farmer does not have to take 

the AI's word for it — they can see exactly what the model 

looked at. Live testing on real field photographs confirmed that 

these numbers hold outside the lab. 

The broader point is this: the gap between what AI can do 

in a research paper and what actually reaches a farmer in rural 

India is enormous. AgriMindEdge is one attempt to close that 

gap — not by building the most sophisticated model possible, 

but by building one that works under the actual constraints 

farmers face. No internet. Basic phone. No technical 

background. It works. 

 

VII. FUTURE WORK 
Weather-Integrated Risk Prediction — Add a module that 

takes local temperature and humidity as inputs and estimates the 

risk of a disease outbreak before visible symptoms appear, 

building on the approach of Upadhyay et al. [11]. Reactive 

diagnosis is useful. Predictive warnings are better. 

Automated Weather Data — Connect the app to a live 

weather API so environmental data is pulled automatically. 

Farmers should not have to enter numbers manually. 

More Disease Classes — The current model covers 38 

classes from PlantVillage. Tamil Nadu farmers grow groundnut, 

sugarcane, and banana at scale — none of which are well- 

represented in that dataset. Expanding to 100+ classes with 

locally collected images is a clear next step. 

Better Explainability — The current 3×3 Score-CAM grid 

is functional but coarse. A finer spatial resolution and 

confidence overlay legends would make the heatmaps more 

useful to farmers and agronomists alike 

Voice Output in Tamil and Hindi — A farmer who cannot 

read should still be able to use this app. Text-to-speech in 

regional languages, following lightweight mobile NLP 

architectures similar to those explored by Gopalan et al. [9], is 

a straightforward addition with significant real-world impact. 
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