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ABSTRACT  
Agriculture  performs  a  essential  function  in  human  civilization,  and  plant  diseases  extensive  lyimpact  crop  yield,  great,  and  normal  manufacturing.  traditional  methods  for  detecting  crop  illnesses  are  exertions-in  depth  and  time-consuming.  The  advancements  in  machine  learning  (ML)  provide  efficient,  automated,  and  accurate  disease  detection  methods.  This  paper  reviews  various  machine  learning  approaches  applied  to  crop  disease  detection,  including  image  processing,  deep  learning,  and  predictive  modeling.  The  study  discusses  different  algorithms,  datasets,  and  evaluation  metrics  used  in  disease  classification  and  early  detection,  contributing  to  improved  agricultural  practices  and  food  security.
Key  words  –  Machine  Learning,  Crop  Disease  Detection,  Image  Processing,  Deep  Learning,  Precision  Agriculture.
1.  INTRODUCTION: advent  Agriculture  performs  a  vital  role  in  sustaining  the  global  economic  system  and  ensuring  meals  security.  but,  crop  illnesses  notably  lessen  agricultural  productiveness  and  have  an  effect  on  the  livelihood  of  farmers.  conventional  strategies  of  disorder  identity  are  often  guide,  time-ingesting,  and  require  expert  understanding,  which  won't  be  on  hand  in  rural  areas.To  address  this  undertaking,  our  task  focuses  on  developing  a  Crop  sickness  Detection  system  the  usage  of  machine  gaining  knowledge  of.  through  leveraging  picture  processing  and  gadget  mastering  algorithms,  the  machine  can  automatically  stumble  on  and  classify  sicknesses  in  crops  via  leaf  pix.  This  technique  enables  early  prognosis,  timely  intervention,  and  facilitates  in  minimizing  crop  loss.The  challenge  makes  use  of  a  dataset  of  diseased  and  healthful  plant  leaf  photos,  procedures  them  via  trained  machine  gaining  knowledge  of  models,  and  affords  correct  predictions.  it  is  designed  to  be  scalable,  user-friendly,  and  appropriate  for  integration  with  IoT  devices  like  Raspberry  Pi,  making  it  a  sensible  solution  for  actual-international  agricultural  use
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Fig.1: Connection Diagram
1. METHODOLOGY

on  this  research,  a  crop  ailment  detection  machine  using  device  learning  is  applied  the  use  of  the  YOLOv8  (You  only  look  as  soon  as  version  8)  item  detection  version.  The  system  objectives  to  correctly  discover  and  classify  sicknesses  in  crop  leaves  in  real  time  the  use  of  a  webcam  and  a  Raspberry  Pi.

1.   Data  Collection  and  Annotation
A  dataset  of  plant  leaf  images  was  collected,  containing  both  healthy  and  diseased  samples.  The  images  were  annotated  using  bounding  boxes  around  the  diseased  regions  with  tools  like  Roboflow  or  LabelImg  to  prepare  them  for  training  with  YOLOv8.
2. Model  Training  (Google  Colab)
The  annotated  dataset  was  uploaded  and  preprocessed  in  Google  Colab,  where  the  YOLOv8  model  was  trained.  The  model  was  fine-tuned  using  transfer  learning  on  the  labeled  dataset.  Parameters  like  batch  size,  number  of  epochs,  and  image  size  were  adjusted  for  optimal  performance.
3. Model  Export  and  Deployment
After  training,  the  best-performing  YOLOv8  model  weights  were  exported  in  .pt  format.  These  weights  were  transferred  to  a  Raspberry  Pi,  where  Thonny  Python  was  used  to  develop  a  detection  script.
4. Real-Time  Detection  (Raspberry  Pi  +  Webcam)
A  webcam  connected  to  the  Raspberry  Pi  was  used  to  capture  live  video  feed.  The  trained  YOLOv8  model  was  loaded  using  Python,  and  inference  was  performed  in  real  time.  Detected  diseases  were  highlighted  with  bounding  boxes  and  labels  on  the  video  stream.
5. Performance  Analysis
The  model's  accuracy,  precision,  and  recall  were  evaluated  based  on  validation  data.  Additionally,  real-time  performance  on  Raspberry  Pi  was  tested  to  ensure  smooth  detection  and  low  latency,  even  in  resource-constrained  environments.

2. MODELING  AND  ANALYSIS
The  proposed  system  follows  a  structured  pipeline  for  real-time  crop  disease  detection  using  YOLOv8.  The  process  begins  with  capturing  leaf  images  using  a  webcam  conected  to  a  Raspbery  Pi,  making  it  suitable  for  in-field  use.
Captured  images  are  passed  through  a  pre-processing  stage,  where  they  are  resized,  normalized,  and  prepared  for  analysis.  The processed photos are then fed into the YOLOv8 item detection version, which has been trained on a curated dataset of 3,500 labeled images sourced from:
· PlantVillage
· Kaggle
· Field  images  from  local  farms
The  dataset  covers  10  crop  diseases  and  includes  healthy  samples  to  ensure  robust  classification.
In  the  post-processing  stage,  the  model  output  is  visualized  with  bounding  boxes  and  disease  labels,  providing  clear  and  interpretable  results.  This  is  followed  by  a  classification  and  grading  phase,  where  disease  severity  can  optionally  be  assessed.
The  model  was  evaluated  using  standard  metrics:
· Accuracy:  For  overall  prediction  correctness
· Precision  &  Recall:  To  measure  detection  quality
· F1-score:  For  balanced  performance
· Inference  Time:  Tested  on  Raspberry  Pi  to  confirm  real-time  capability
The  results  demonstrate  that  YOLOv8  provides  high  accuracy,  fast  detection,  and  reliable  performance  even  on  low-power  hardware,  making  it  an  ideal  solution  for  smart  agriculture  applications.
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Figure  2:  Block  Diagram  of  Crop  disease  Detection  Using  Machine  Learning.

3. COMPONENTS
3.1 Raspberry  pi(4b  4GB)
The  Raspberry  Pi  4B  is  the  vital  processing  unit  of  the  gadget.  It  handles  the  photo  processing  responsibilities  the  usage  of  the  YOLOv8  item  detection  set  of  rules.  With  its  quad-core  CPU  and  aid  for  Python  libraries,  it  is  good  for  jogging  actual-time  item  detection  tasks  on  the  edge  without  the  need  for  cloud  help.  It  tactics  enter  from  the  Pi  camera  and  makes  selections  based  totally  on  the  detected  gadgets.
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Fig.3: Raspberry  pi
3.2 Web  Camera
In  this  project,  a  web  camera  connected  to  a  Raspberry  Pi  is  used  to  capture  real-time  images  of  crop  leaves  for  disease  detection  using  machine  learning.  The  Raspberry  Pi  acts  as  the  processing  unit,  running  a  lightweight  ML  model  trained  to  identify  visual  symptoms  of  common  plant  diseases.  By  integrating  the  camera,  the  system  enables  on-site  and  continuous  monitoring  without  the  need  for  internet  connectivity  or  high-end  hardware.  This  setup  offers  a  cost-effective,  portable,  and  scalable  solution  for  farmers,  specifically in far off regions, allowing them to locate diseases early and take well timed action to prevent crop loss.
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Fig.3: Web  Camera  

3.3 Memory  card(16  GB)
A  16  GB  memory  card  is  a  compact  storage  device  commonly  used  in  smartphones,  cameras,  tablets,  Raspberry  Pi,  and  other  electronic  devices.  It  stores  up  to  16  gigabytes  of  data,  including  photos,  videos,  apps,  and  documents.  Memory  cards  come  in  different  types,  such  as:
· microSD:  Small  and  widely  used  in  phones  and  Raspberry  Pi.
· SD  (Secure  Digital):  Common  in  cameras  and  laptops.
· Speed  Classes:  Often  labeled  as  Class  4,  6,  10,  UHS-I,  etc.,  indicating  how  fast  data  can  be  read/written.
It’s  suitable  for  light  to  moderate  use  like  storing  documents,  standard-definition  videos,  or  installing  small  OS  images.
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Fig.5: Memory  card






4. RESULTS  AND  DISCUSSION
The YOLOv8 model used for tomato crop disease detection changed into skilled over 100 epochs with an preliminary getting to know charge of 0.0005, which become dynamically adjusted up to about 0.0016 at some point of the education method. The schooling changed into conducted using Google Colab, leveraging GPU acceleration, and required a total schooling time of about 5420.13 seconds. For local execution and trying out, Thonny (Python IDE) become used along Raspberry Pi, with live image enter from a connected net virtual digicam. performance evaluation of the version became carried out the use of popular object detection metrics, consisting of precision, do not forget, and imply average Precision (mAP).The  trained  model  achieved  a  precision  of  about  88%,  indicating  a  strong  ability  to  correctly  classify  diseased  and  healthy  tomato  leaves.  The  recall  reached  approximately  76%,  demonstrating  the  model’s  effectiveness  in  capturing  most  relevant  disease  instances  across  multiple  conditions.  The  mAP50  (mean  Average  Precision  at  an  IoU  threshold  of  0.5)  was  observed  to  be  around  85%,  and  the  mAP50-95,  which  measures  average  precision  over  a  range  of  IoU  thresholds  (0.5  to  0.95),  stood  at  approximately  63%.
During  training,  key  loss  metrics  included  a  Box  Loss  of  1.01,  Classification  Loss  of  0.69,  and  a  Distribution  Focal  Loss  (DFL)  of  0.93,  indicating  stable  convergence  and  reliable  model  performance.  The  integration  with  Raspberry  Pi  and  a  live  webcam  feed  enabled  real-time  tomato  leaf  disease  detection,  making  the  system  practical  and  scalable  for  real-world  agricultural  deployment.  These  results  confirm  the  system’s  suitability  for  smart  farming  applications,  helping  farmers  monitor  and  manage  crop  health  efficiently  using  affordable,  low-power  edge  devices.
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5. CONCLUSION
Problem  Summary:
Crop  diseases  significantly  reduce  agricultural  productivity  and  can  spread  quickly  if  not  identified  early.  Traditionally,  farmers  rely  on  visual  inspection  and  experience,  which  may  lead  to  delayed  or  incorrect  diagnosis.  This  not  only  affects  crop  yield  but  also  increases  the  chances  of  widespread  damage.  Moreover,  expert  consultation  is  not  always  readily  available,  especially  in  remote  areas.  Hence,  there  is  a  growing  need  for  an  automated  and  accurate  disease  detection  system  that  enables  early  diagnosis  and  timely  intervention  to  protect  crop  health.
  


Proposed  Solution:
To  address  this  issue,  we  developed  an  automated  crop  disease  detection  system  using  machine  learning  algorithms.  The  system  captures  images  of  crop  leaves  using  a  webcam  connected  to  a  Raspberry  Pi  and  processes  them  using  pre-trained  machine  learning  models  on  platforms  like  Google  Colab  and  Thonny  Python.  The  trained  model  identifies  and  classifies  diseases  in  real  time  with  high  accuracy.  This  allows  farmers  to  take  immediate  action,  reducing  the  risk  of  crop  loss  and  improving  productivity.
Our  Contribution:
Our  project  integrates  artificial  intelligence  and  edge  computing  to  provide  a  low-cost,  scalable  solution  for  crop  disease  detection.  The  use  of  machine  learning  ensures  accurate  disease  classification,  while  the  Raspberry  Pi  enables  real-time  image  analysis  in  the  field  without  the  need  for  constant  internet  connectivity.  The  system  is  lightweight,  user-friendly,  and  suitable  for  deployment  in  various  agricultural  environments.  By  reducing  reliance  on  manual  inspection  and  promoting  early  treatment,  our  project  supports  sustainable  and  smart  farming  practices.
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