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ABSTRACT

Identification of diseases from the leaf images of a tomato leaf is one of the interesting

research areas within the agriculture field, that machine learning ideas of computer field can

be applied. This paper presents a model for the detection and classification of tomato leaf

diseases based on the images of infected tomato leaf. We consider 10 tomato diseases named

Bacterial_spot, Early_blight, late_blight, Leaf_Mold, Septoria_leaf_spot, Tomato_mosaic_

virus, healthy, Spider_mites Two-spotted_spider_mite,Target_Spot, Tomato_Yellow_Leaf_

Curl_Virus. It can also observe Healthy leafs. During this analysis, we used deep learning

based model (CNN) for classification.​ First, we pre-process our image dataset very

carefully as a result of preprocessing is that the most vital a part of our analysis. Then we

train our model and validate according to the dataset. We test various techniques for this

research but cnn works pretty well for our dataset, it gives an accuracy level of 87%.
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CHAPTER 1

INTRODUCTION

1.1 Introduction
Bangladesh is eminent for Agriculture that means most of the people are engaged towards
agricultureindustry.Theagricultureindustryactasasignificantroleintheeconomicsectors. Most
people in this densely populated country Bangladesh are living on agriculture, contributing
19.6 percent to the national GDP and providing employment for 63 percent of
thepopulation.Plantdiseasesdetectionisoneofthetopresearchareas.Everydiseasehasits
ownsymptomsand colorcombination.Wecan easilyseparate thesediseases from anyplant leaf
or fruit. From the beginning of digital computing, there have many techniques invented to
identify disease or disease area. Some technique really does a good job to detect disease area
of plant leaf or fruit. But when we come to find out exact disease and try to give them
solution then it becomes harder than previous. Machine Learning actually change our
thinkingandanalyzinglife.Nowaday ’ salmosteveryhardertaskcanbesolvedusingImage
Processing and Machine Learning. Object Detection and Object identification become more
reliable and accurate. So, we decided to solve the plant diagnosis problem using Machine
Learningtogetmoreaccurateresultandgivefarmerexactsolutionfordiseaseprevention.

1.2 Motivation
Bangladeshisa developing country. Agriculture isoneof themajor sources of incomefrom
theearlyperiodofBangladesh.Butstill,wearedependingonthemanualsupervisionsystem
whichfollowsaveryslowprocessofmanagingtheproblemsbynakedeyewhileforthesafe
harvesting a quick and easy approach should be made to ensure the constant production of
crops. Agricultural sector needs to digitalization. Lack of farmer’s productive education on
agriculture filed every year huge losses in this agricultural sector. For those problem
solutions, we try to build a Machine Learning model that easily identified whatever plant is
affected or not. For the betterment for the country we will do this project the agriculture
sector may be rise very high and may produce a huge number of crops and vegetable fresh
without any kind of diseases. Our research can also be identified that the plant is healthy or
not. For purpose of those research is make more fast and accurate solution for farmers. In
thisresearch,weusedtendiseasesclass.

Thediseasesare

 Bacterial_spot
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 Early_blight

 late_blight

 Leaf_Mold

 Septoria_leaf_spot

 Spider_mitesTwo-spotted_spider_mite

 Target_Spot

 Tomato_Yellow_Leaf_Curl_Virus

 Healthy

1.3 Objective
Theobjective ofthisresearch istofindout atechnique which canhelp thefarmerstodetect
thedefectedtomatoleaf ’ sfromthefield.Afteridentifyingthediseases,farmerscanalsotake
necessarystepstosolvethesediseasesusingachatbot.Theproposedsystemisuser-friendly, fast to
execute and can be implemented easily in any system. The implementation for rural people
is very hard because they have very much little knowledge. But smartphone is
availablenowadaysinruralareas.That ’ swhywewilltrytobuildanandroidapplicationin
future.Byusingthisapplicationfarmerscan easilyidentifydiseases.Wewillalsomakethis inweb
platform forbetterment andwe willcontact withagriculture ministryinfuture touse our app to
detect the diseases of tomato which can be applied to other plants as well. It will
savetimeandourenergybecausewecandetectourplantdiseasesthroughthewebsitenotto
goinanyofficeorinvistinganymoney.Ithinkitwillhelpourcountryfromhugeeconomic loss.

1.4 Expected Outcome
Most of the people related with agriculture in our country living in rural areas. They have
very little knowledge. For helping them, we selected those research areas. The outcome of
our research to identified tomato diseases in real time by using tomato leaf and also give
them step by step solution for the disease. We can create a python file and took and image
andit will predict the diseasesusingthemodel andalsoreturn theimage withblueshade of
markingintheeffectedpart.Ourresearchalsocanidentifythehealthypotato.Wewillcreate
anAndroidapplicationforidentifiedtomatodiseases.

1.5 Report Layout
In chapter 1, we tried to cover basic concepts of “A machine learning model for predicting
plantdisease ” andalsodiscussmotivation,objective,andexpectedoutcomeofourresearch. In

Tomato_mosaic_virus
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chapter 2, focus on related works, the brief overview on summary, the scope of the
problemandthechallenges.

Inchapter3,discussaboutresearchmethodology

Inchapter4,describesthedetailsofexperimentalresults.

The final chapter 5, I have concluded about my evaluation result and also about some other
featuresthatcanbeincludedinfutureworksforthebetterofmyresearchwork.

Inthelastportionofthereportweadd,

References

Appendix

Plagiarismreport

Listoffigures
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CHAPTER 2

BACKGROUND STUDY

2.1 Introduction
In this chapter, we will discuss about similar research's that was done by the others
researchersofar.Deepdiveintothemachinelearningandimageprocessingresearcharea.In our
research, we used Convolution Neural Network (CNN). Using python programing language.
Also, use several machine learning Framework. TensorFlow to our model. We collect
dataset from the Internet. We have 18000 images but we used almost 6000 images because
we don’t have a high configure machine. For image prepossessing purpose we use several
open source tools for labeling, noise reduce, size reduce etc. We used supervised
learningalgorithmwherediseasenamesareusedtolabeltheclass.Earlier,manyresearchers have
worked with image processing to ensure the use of technology in agriculture. But it is not
being used in our country adequately. Several image processing techniques are being
developedtoensurethecompactnessofmethodologiesavailable.

2.2 Literature Review
Many Image processing techniques were developed through many years of research for
objectdetectionanduseofimageclassifiersaswell.

Inpaper[1]Amulticlasssupportvectormachinemodeldevelopedforclassifypotatodisease
detection. thismodel applied to300different images. thetraining set containing 180images
(60%) and the testing set containing 120 images (40%).For performance evaluation of the
classification model, performance parameters such as accuracy, sensitivity, recall, and
F1score were calculated. Using this model 95% of the data were successfully classified. In
paper [2] A design neural network for classify grape leaf. Then grape leaf disease
segmentation is done using K-means clustering. The diseased portion from segmented
images is identified. In paper [3] A deep CNN model was developed for classifying 13 leaf
diseases. Model was able to detect leaf presence and distinguish between healthy leaves and
13 different diseases, which can be visually diagnosed. The complete procedure was
described, respectively, from collecting the imagesused for training and validation toimage
preprocessing and augmentation and finally the procedure of training the deep CNN and
finetuning. The experimental results on the developed model achieved precision between
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91% and 98%, for separate class tests, on average 96.3%. In paper [4] authors described
image processing technique for Apple fruit disease detection. Apple Bloch, Apple Rot and

Apple Scab are used for fruit disease identification and the features used are global Color
Histogram,

LocalBinaryPattern,ColorCoherenceVector andCompleteLocal BinaryPattern.K-means
ClusteringinL*a*b* space isusedfor defect segmentation.Multi-classSVMClassifierwas used
to train and test images. In paper [9] authors used K-Means clustering and image is
convertedfrom RGB color space to L*a*b* color space. Color features are Colorcoherence
vector (CCV) and Global color histogram (GCH). Complete local binary pattern (CLBP),
Gabor Features, Local binarypattern (LBP) andLocal ternary pattern(LTP) texture features
are used. Then authors performed feature level fusion by fusing more than two texture and
color features also applied Random forest classifier on segmented image. Fruit disease is
shown after classification by tagging every pixel by using this method. In paper [5] four
different algorithmswere tested to identifythe diseases withvarious combinationof Golden
Delicious apple images using color information. The Mahala Nobis distance between each
pixelandbothmediansiscomputedandcomparedwiththeglobalmodelwhichisusednext to
enhance and filter images to detect various defects such as bruises, russet, scab, fungi or
woundsofapples.Ahybridmethodisusedforcolorsegmentationwhichisbasedonseeded
regiongrowingalgorithmIn paper[6]authorsproposedacnnmodelforpredictingtheplant
diseasesandit willpredict alsothestage ofthe diseasestheygettheaccuracyof98%.They use
MATLAB for this project. In paper [7] authors proposed a web-based tool that has
acquiredanaccuracyof82%toidentifypomegranatediseases.Thesystemcontainedtrained dataset
of pomegranate fruits. In first step, feature extracting with color, morphology and
CCVisdonethenclusteredbyK-means.Next,SVMclassifierisusedtoclassifythedisease. In this
section, we tend to discuss about some common connected work done by other research
worker. There is no connected work has been done in Bangladesh yet. But abroad, we found
very similar done by others researchers. We found many problems in those works
mostoftheresearchhasperformanceproblems.

2.3 Research Summary
Inthisresearch,wecollectimage fromGitHub.Inthisdataset almost18000images.Mainly ten
tomato disease images contain in this dataset. Bacterial_spot, Early_blight, late_blight,
Leaf_Mold,Septoria_leaf_spot,Spider_mites,Two-spotted_spider_mite,Target_Spot,
Tomato_ mosaic_virus, Tomato_Yellow_Leaf_Curl_Virus, Healthy. After downloading this
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dataset, we pre-processed images. The all data we collected are already labeled. We use
tensorflowfortrainingandkeraslibraryforinputthedataset.Fortrainingandtestingweuse
cnnalgorithm.Inouralgorithmthecnnuse4layers

2.4 Tools and Software
WeusedPythonsyntaxforthisproject.AsaframeworkWeusedKeras,whichisahighlevel

neuralnetworkAPIwritteninPython.ButKerascan’tworkbyitself,itneedsabackendfor low-
leveloperations.Thus,Iinstalledadedicatedsoftwarelibrary-Google’sTensorFlow.As

adevelopmentenvironment.Weusecnnalgorithm.Andpredefinedlibraryforpreprocessing.

Weusedthejupyternotebook.WeusedMatplotliblibraryforvisualization.

2.5 Scope of the Problem
Theprojectedworkwillfacilitatethefarmertopredictwhetherthetomatoplantsarehealthy
ornot.Thewholeprocesswasdifficult.Because ourfarmersare non-technicalperson.They don ’ t
have enough knowledge to do the total method easily. The whole process containing several
steps like capturing images, entering this image on input and then run the whole model to
test the images. But the research has an algorithm and the full step by step how to process
data. However, this work be enforced several platforms like mobile apps, net apps
etc.Ifweusingtheapproachandtrytobuildawebplatformormobileappsthatmaybevery
usefulforournon-technicalfarmers.

2.6 Challenges
Thebigchallengeforthisresearchisqualityofdataset.Wetryseveralsourcesforlocatinga good
dataset. when an extended search in internet thenwe found a dataset that is perfect for me.
Others challenges are computation power. For training purpose, we need a high
configuration pc. In training, many complex equations solve by a computer, but we don’ t
havehighconfigurationCPU.Trainingstepverychallengingforus.Wetestourdatasetwith several
algorithms for improving accuracy. So, we need high computation power. After
trainingvalidatesitusingtestdataset.Thesetasksweredifficultandchallengingforme.
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CHAPTER 03

RESEARCH METHODOLOGY

3.1 Introduction
Inthissessionvariousstepsareconsidered,initialofall,Datapre-processed,noise-reduction,
andtransferittoTensorFlowappropriateformat totrain.Aftertrainingstepthentakealook
atvalidateimagesandsendimagefortesting.Andweshowthetestimagethatuserandomly.

3.2 Data Collection Procedure
Wecollectedthedatasetfromplants,villages.Wecollectedover18000affectedimages.

Thesefileswereinstandardimageformat(’jpg’).

Table3.2.1:Detailedstatisticsofimagecollection

Label NoOfimages ImageFormat ImageSIze

Bacterial_spot 2127 jpg 256*256

Early_blight 1000 jpg 256*256

healthy 1591 jpg 256*256

Late_blight 1909 Jpg 256*256

Leaf_Mold 952 Jpg 256*256

Septoria_leaf_spot 1771 Jpg 256*256
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Spider_mites

Twospotted_spider_mite

1676 Jpg 256*256

Target_Spot 1404 Jpg 256*256

Tomato_mosaic_virus 373 Jpg 256*256

Tomato_Yellow_Leaf_Curl_Virus 573 Jpg 256*256

The only way to know how well a model the only way to know how well a model can
performtoanewandunknowndatasetistotestthemodelwiththenewdataset.Togetbetter accuracy
from the model we split the dataset intotest and train set and the ratio of test-train was
chosen to be 85 and 15%. However during this case, our model accuracy is 64%. Then we
split it to 80%, 20 % then the model accuracy is pretty much well. Table 3.2.2: Divided
thewholedatasetintrainingandtestingset

Label Noofimages trainingset testingset

Bacterial_spot 2127 1700 427

Early_blight 1000 800 200

healthy 1591 1272 318

Late_blight 1909 1527 382
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Leaf_Mold 952 760 191

Septoria_leaf_spot 1771 1416 355

Spider_mites

Twospotted_spider_mite

1676 1340 336

Target_Spot 1404 1123 281

Tomato_mosaic_virus 373 298 75

Tomato_Yellow_Leaf_Curl_Virus 5337 4270 1067

3.3 Data Pre-processing
Preprocessingreferstoallthetransformationsontherawdatabeforeitisfedtothemachine
learningmodel.

3.3.1 sklearn.preprocessing

We use sklearn.preprocessing. The sklearn.preprocessing package provides many common
utility functions and transformer classes to change raw feature vectors into an illustration
that's additional appropriate for the downstream estimators. In general, learning algorithms
benefitfromstandardizationofthedatasetThefollowingsubjectsaregoingtobehandled:

 Missingvalues

 Polynomialfeatures

 Categoricalfeatures
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 Numericalfeatures

 Customtransformations

 Featurescaling

 Normalization
3.3.2 ImageDataGenerator

For image augmentation we use this library function keras.preprocessing.image import
ImageDataGenerator.Imagedataaugmentationisusedtoexpandthetrainingdatasetsoasto
enhance the performance and abilityof the model to generalize. Image data augmentation is
supported in the Keras deep learning library via the ImageDataGenerator class. The Keras
deep learning neural network library provides the potential to suit models using image data
augmentationviatheImageDataGeneratorclass.

3.3.3 keras.preprocessing

Preprocessed data may be a vital issue for dataset. Keras Preprocessing is that the data
preprocessing and data augmentation module of the Keras deep learning library. It provides
utilitiesforoperatingwithimagedata,textdata,andsequencedata.

3.3.4 keras.preprocessing.image import img_to_array

Kerasprovidestheimg_to_array()functionforchangingaloadedimageinPILformatintoa NumPy
array for using with the deep learning models. The API also provides the array_to_img()
function that can be used for converting a NumPy array of pixel data into a PILimage

3.3.5 sklearn.preprocessing .MultiLabelBinarizer

sklearn.preprocessing .MultiLabelBinarizer. class sklearn.preprocessing.
MultiLabelBinarizer (classes=None, sparse_output=False)[source] Transform between
iterable of iterables and a multilabel format. Although a list of sets or tuples is a very
intuitiveformatformultilabeldata,itisunwieldytomethod.
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3.3.6 Image Labeling

Thedataset wehave usedinourexperimentwasalreadylabeled.So,theonlythingwehave
doneistoimportthosedatainthemodel.Therearemanytechniquestoimportdatasetinour
modelandweusethekeraslibraryfunctiontoimport.

3.3.7 .h5 file generation

An H5 file is a data file saved in the Hierarchical Data Format (HDF). It contains
multidimensional arrays of scientific data. Two commonly used versions of HDF exclude
HDF4 andHDF5(developed toimproveuponlimitationsof theHDF4 library). wegenerate
the.h5filefromourtrainpartandthatwesendittotestparttocheckformodelprediction

3.3.8 .Jason

Returns an illustration of the model as a JSON string, however that the representation does
not include the weights, only the architecture. And it matches the label of the dataset from
thetrainparttotestpart.WecancalltheJasonfileintheotherpythonfileandmatchedwith
thenewtestimage.

3.3.9 pickle file

We saved our model as .pkl file. Python pickle module is used for serializing and

deserializingaPythonobjectstructure.Picklingisawaytoconvertapythonobject(list,dict, etc.)
into a character stream. The thought is that the character stream contains all the information
necessary to reconstruct the object in another python script. We use this pickle
filetomatchourtotalmodelwiththenewimage.

3.4 Model configuration
Oneofthemostpopulartechniquesusedinimprovingtheaccuracyofimageclassificationis
ConvolutionalNeuralNetworks(CNNsforshort).ConvolutionalNeuralNetwork: Aspecial type
Neural Networks that works in the same way of a regular neural network except that it has a
convolution layer at the beginning. Instead of feeding the entire image as an array of
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numbers,theimageisbrokenupintoanumberoftiles,themachinethentriestopredictwhat
eachtileis.Finally,thecomputertriestopredictwhat’sinthepicturebasedontheprediction of all the
tiles. This allows the computer to parallelize the operations and detect the object regardless
of where it is located in the image. There are a few basic things about an Image
Classification problem that you must know before you deep dive in building the
convolutional neural network. We know that the machine ’ s perception of an image is
completely different from what we see. In fact, it is only numbers that machines see in an
image.Eachpixelintheimageisgivenavaluebetween0and255.Thus,forthemachineto classify
any image, it requires some preprocessing for finding patterns or features that distinguish an
image from another. Here ’ s a look at the key stages that help machines to
identifypatternsinanimage:

Convolution:Convolutionisperformedonanimagetoidentifycertainfeaturesinanimage.
Convolution helps in blurring, sharpening, edge detection, noise reduction and more on an
imagethatcanhelpthemachinetolearnspecificcharacteristicsofanimage.

Pooling: Aconvoluted image can be toolarge and therefore needs tobe reduced. Poolingis
mainlydonetoreducetheimagewithoutlosingfeaturesorpatterns.

Flattening: Flattening transforms a two-dimensional matrix of features into a vector of
featuresthatcanbefedintoaneuralnetworkorclassifier.

Full-Connection:Fullconnectionsimplyreferstotheprocessoffeedingtheflattenedimage
intoaneuralnetwork.

Model configuration is a very important part of my research. In this section, we define 10
class of tomatoleaf, batch size, learning rate, and other parameters. Below figure are shown
the config file. we construct a CNN with 2 convolution layers followed by 2 FC layer and
then 1 classifier. Here is where we construct our CNN network, we import the all
dependenciesweneedandwedefinethebatchsize.

Fig3.4.1showsthemodelconfiguration
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Fig3.4.1:Modelconfiguration

The total dataset is imported and the model load it completely fig 3.4.2 shows how the
datasetwasimportedfromdirectory

Fig3.4.2:modelloadedthedata
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3.5 Model Architecture:
TensorFlow is a powerful tool that makes it easy to create, train, and deploy Machine
Learning models. We use CNN Model to our dataset for image processing. Below figure
show the basic of CNN. In deep learning, a convolutional neural network is a class of deep
neural networks, most commonly applied to analyzing visual imagery. Multilayer
perceptron ’ s usually mean fully connected networks, that is, each neuron in one layer is
connectedtoallneuronsinthenextlayerFig3.5.1showsthebasicCNNmodel.

Fig3.5.1:Basiccnnmodel

Asperfig3.5.2themodeltakeinputandshowoutput

Fig3.5.2:inputofcnnmodel
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3.6 Parameter:
From our dataset we loss parameter almost 2% data from total parameter. Total parameter
about=58097546totalparameterabout=58094666Nontrainableparameter=2880

Fig3.6Showstheparameter

Fig3.6:Parameterstatistics

3.7 Hyper parameter Tuning:
A hyperparameter is a parameter whose value is used to control the learning process. By
contrast, the values of other parameters are learned. Basically hyperparemeter is tuned for
changingtheperformanceofthemodel.Thelistofhyperparameteraregiven

Table3.7showsthetuningofhyperparameter

No Nameofhyperparameter Tuning

1 EPOCHS We used 199 times. Much more
the epochs much better the
accuracy.

2 Batchsize Weusedthe32,therearealso

64,128etc

3 Depth Wetookdepthsize3.

4 INIT_LR Weuseditfor1

5 Width,heigh Both(256,256)

6 test_size 0.2

7 random_state 42

8 rotation_range 25

9 width_shift_range 0.1

10 height_shift_range 0.1
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11 shear_range 0.2

12 zoom_range 0.2

13 horizontal_flip true

14 fill_mode nearest

15 model Sequential

16 inputShape height,width,depth

17 Dropout 0.25

18 Spitedintox_test,x_train 80%,20%
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CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Introduction:
Above all experiment and training was done on my test data. This is the final step of our
workwithrealdata.Weformedaverygoodmodelaccuracywhichwasgood87%.Wetrain
ourmodelonlyfor150epochsforourhardwarelimitation.

4.2 Result/Output:
ModelGraph: Now it’s the most important part of our model. As we discussed above, all
thingsareforpreparingourdatatofeedCNNmodel.Everystepisrelatedwithsomehidden
layer.Eachstepprocessesitsdataandresultshouldbetheinputdatafornextstepslayers.To improve
our result, we will alter the details of the learning process. We were selected.4000
trainingstepstoget betteraccuracy. But wethinkour modelisneeded around200ktraining
step.Butourhardwarelimitationitwouldbepossibleforus.

In figure 4.2.1 show the model accuracy for our model. It ’ s measures the ratio of correct
predictionstothetotalnumberofcasesvalidation.

Fig4.2.1:modelaccuracy
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In figure 4.2.2shows the total lossintraining session.The lossiscalculated on trainingand
validation and its interpretation is how well the model is doing for these two sets. Unlike
accuracy, loss is not a percentage. It is a summation of the errors made for each example in
trainingorvalidationsets.

Fig4.2.2:TotalLoss
ConfusionMatrix forTomato: A confusion matrix is a table that is often used to describe
the performance of a classification model on a set of test data for which the true values are
known.Itallowsthevisualizationoftheperformanceofanalgorithm.

Fig4.2.3showsconfusionmatrix
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Fig4.2.3:ConfusionMatrix
Classification report: A Classification report is used to measure the quality of predictions
from a classification algorithm. How many predictions are True and how many are False.
More specifically, True Positives, False Positives, True negatives and False Negatives are
usedtopredictthemetricsofaclassificationreportasshownbelow:

Table4.2showsclassificationreport

Classes Precision Recall Fi-score Support

Class0 0.90 0.83 0.86 52

Class1 0.94 0.67 0.78 69

Class2 0.91 0.91 0.91 55
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Class3 0.98 0.94 0.96 54

Class4 0.98 0.86 0.91 49

Class5 0.72 0.81 0.76 57

Class6 0.77 0.77 0.77 62

Class7 0.92 0.92 0.92 66

Class8 0.97 1.00 0.98 64

Class9 0.76 1.00 0.86 72

Accuracy 0.87 600

Macroavg 0.88 0.87 0.87 600

Weightedavg 0.88 0.87 0.87 600

Output:Wesplitourdatasetwith80%astrain&validationand20%fortestingthediseases.

Intestpart,modelwillpredicttestedimageswithlabelwhichisgettingfrom.Jsonfile.Here
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weourmodelwilldhowthetestfileandwecallthex_testfileforshowingtheimage.Fig

4.2.4 shows the output

Fig 4.2.4: Tested Image
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CHAPTER 5

CONCLUSION AND FUTURE SCOPE

5.1 Summary of the Study
we are trying to represent a Machine learning approach for the detection of tomato disease
from tomato leaf using convolutional neural network model. The short summary of our
wholeworkisgivenbelow.

IFirststage

 Datacollectionandpreprocessing

 Featurereduction.divideddataintotrainandtestset

IISecondstage

 Trainingthedatasetusingmodel.

 Classifythe10disease

III.Thirdstage

 Compilethemodelandfitthemodel

IV.Lastandfinalstage

 Findtheaccuracy&predictedtestimages.

Finetuningthemodeloperatorstogetbetteraccuracyandsolution.

5.2 Conclusion
Inthiswork,wehaveexperimentedwiththedetectionoftomatodiseasebasedontheimages
oftomatoleafs.Weconsideredtenclassesinourexperimentincludinghealthytomatoasone of the
classes. The classifier which is implemented in our experiment was Deep Learning
Convolutional Neural Network model. We considered 4 hidden layers. Each hidden layer
extractsdifferent informationfrom theimage dataand improvesbiases andweightstomake
classification and detection more accurate. Hyperparameter optimization or tuning is the
problem of choosing a set of optimal hyperparameters for a learning algorithm. During my
research,wefacemanykindsofproblems.WehadtolearnMLanddeeplearningtechniques and
Convolution Neural Networks. Our university curriculum doesn’ t have any related course.
So early we face many problems to do this kind of project. Then we start an online course
and start learning. Our supervisor helps me for finding a good dataset. This research
resultswouldhelpourfarmersandinagriculturealot.
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5.3 Recommendations for Further Study
In this experiment, we have shown nine types of tomato disease and healthy leaf detection
using 18000 images. In near future, we will try to build such model which will be able to
classifyalmosteverytomatodisease.Aswellaswehaveaplantodevelopamobileappand web app
as soon as possible as an extension of our model. And we are looking forward to
communicatewithagricultureministrysothissystemcanbeusedforgreatergood.
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APPENDIX

Appendix A: ResearchReflection​
Duringmyresearch,wefacemanykindsofproblems.WehadtolearnMLanddeeplearning
techniques and Convolution Neural Networks. Our university curriculum doesn’t have any
related course. So early we face many problems to do this kind of project. Then we start an
onlinecourseandstartlearning.

Appendix B: Relatedissue

Imported library function
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Training data Confusion matrix Model summary
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Model predicted (x test)
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Plot the train and validation curve
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Plagiarism
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