Juni Khyat ISSN: 2278-4632
(UGC Care Group I Listed Journal) Vol-13, Issue-04, No.06, April : 2023
DFRS — A Deep Learning based Fashion Recommendation System

S.Girish Chandra?, Assistant Professor, DVR &Dr. HS MIC College of Technology,
Kanchikacherla, Andhra Pradesh, India. Email: interview.girishchandhra@gmail.com
V.Lakshmi Chetana?, Assistant Professor, DVR &Dr. HS MIC College of Technology,
Kanchikacherla, Andhra Pradesh, India. Email: lakshmichethana@mictech.ac.in
B.Jaya Sri%, DVR &Dr. HS MIC College of Technology, Kanchikacherla, Andhra Pradesh, India.
Email: jayasribandi771@gmail.com
S.Ganesh?, DVR &Dr. HS MIC College of Technology, Kanchikacherla, Andhra Pradesh, India.
Email: ganeshsamunuriO15@gmail.com
K.Yaswitha®, DVR &Dr. HS MIC College of Technology, Kanchikacherla, Andhra Pradesh, India.
Emil: yaswithakarasala2349@gmail.com
P.Praveen®, DVR &Dr. HS MIC College of Technology, Kanchikacherla, Andhra Pradesh, India.
Email: pathipraveen567@gmail.com

Abstract:-

People's focus steadily shifted towards fashion
asapopularaestheticexpressionastheirqualityoflifeimproved.Peopleareinevitablydrawntothingsthatare
moreaestheticallyappealing. Thishumanproclivityhasresultedinthe evolution of the fashion industry
over time. Yet too manyclothing alternatives on e-commerce platforms have createdadditional
obstacles for clients in recognising their suitableoutfit. As a result, in this work, we suggested a
personalisedFashion Recommender system that creates suggestions forthe user depending on input.
Unlike traditional systems thatrely on a user's previous purchases and history, this
projectaimstogeneraterecommendationsusinganimageofaproductgivenasinputbytheuser,becausemany
timespeoplesee something that they are interested in and tend to look forproducts that are like that.
To provide the final suggestions, we employ neural networks to evaluate photos from the
DeepFashiondataset.

Keywords: Personalization, Recommender system, fashion, e-commerce, Neural Network.

l. INTRODUCTION
Fashion  suggestion  systems  have grown in  popularity in  recentyearsase-
commerceandinternetbuyinghavegrowninpopularity.Machinelearningalgorithmsareusedinthesesyste

ms to recommend fashion goods to consumers based
onpriorpurchases,browsinghistory,andpreferences.Inthispaper, we describe a fashion recommender
system that

usesdeeplearningtechniquessuchasResNet50andCNNalgorithmstoincreasesuggestionaccuracy. Thesy
stemistrained on a fashion picture dataset and use transfer learning tofine-tune pre-trained models for
the job at hand. The findingsdemonstrate that the system functions effectively, with greataccuracy
and precision. We can give users with more
tailoredandrelevantsuggestionsbyincorporatingdeeplearningtechniquesintofashionrecommendationsy
stems,therebyenhancingtheirentirepurchasingexperience.Thisjournalprovides a detailed account of
the creation and deployment ofthisfashion recommendersystem,aswellasan assessmentof

its performance and possibilities for future enhancements.
Inrecentyears,onlineshoppinghasbecomeincreasinglypopular,and the fashion sector is no exception.
Because of the ease andaccessibilitythatinternetplatformsprovide,consumersareincreasingly
purchasing clothes goods through them. The hugeassortment of fashion goods accessible online, on
the  otherhand, may  often be  overwhelming  for  clients, resulting in
adeclineincustomersatisfaction.Asaresult,fashionrecommender systems have been created to give
consumerswithtailoredfashionrecommendations.Machinelearningtechniques are used in these
systems to analyse user data
anddeliverappropriaterecommendations.Deeplearningisabranchofmachinelearningthatmodelsandsol
vescomplicatedproblems using artificial neural networks with multiple layers.The various levels of
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these networks are referred to as "deep."Several domains, including computer vision, natural
languageprocessing, and speech recognition, have been transformed bydeep learning. The network
in deep learning is made up ofmultiple layers of linked nodes or neurons. Each layer getsinput from
the preceding layer and generates output using aseries of mathematical operations. Each layer's
output is usedas input for the next layer, and so on until the final
layergeneratestherequiredoutput. Adeeplearningmodelistrainedby modifying the network's weights
and biases to minimise
alossfunction,whichassessesthedifferencebetweentheexpectedandtrueoutput. Thisisaccomplishedusin
ganoptimisation technique, such as stochastic gradient descent,which iteratively modifies the
weights and biases in order tofindthe bestvaluesthatminimisethelossfunction.Deeplearning has
shown to be extremely effective in a variety ofapplications, including picture and audio recognition,
naturallanguageprocessing,andautonomousdriving.lthasalsodemonstrated potential in industries
including as healthcare,finance, and science, where it may be used to analyse massiveand
complicated information in order to reveal hidden patternsand insights.

1. LITERATURESURVEY

[1] “FashionRecommendationSystems,ModelsandMethods’publishedbyMDPIOn26july2021.Theob
jectiveofthisprojectistocreateafashionrecommendermodelforthecustomers,Wherethecustomercansear
chtheirdesiredproducts rather than scrolling and searching in the unlimiteddata sets, They can simply
search their products by imagesearching process by just inserting the image and the
similarimageswillbe showninoutput.

[21 “ClothesRetrievalUsingM-AlexNetWithMishFunctionand Feature  Selection Using  Joint
Shannon’s  Entropy  Pearson’sCorrelation  Coefficient” published by IEEE ON 31
October2022thisrecommenderisdifferentfromtheotherrecommendersbecauseofthetwoalgorithmsused
inthisAlexNETandCNNalgorithmswhicharegoodmachinelearning methods used for their efficiency
in clothes retrievalfrom the given data set in this model it will categorize the eachitemby
meansof CNNwhichmakessearching processfast.

. PROPOSEDSYSTEM

Theproposedmodelforourfashion
recommendersystemusesdeeplearningtechniquessuchasResNet50andCNNalgorithms  to  classify
fashion images and make personalizedrecommendations to users. The system consists of the
followingcomponents:

1. DataCollectionandPre-processing: Thesystemcollectsadataset of fashion images and labels them
with categories andsubcategories. The images are then pre-processed by resizingand
normalizingthepixelvalues.

2. Transfer Learning: Transfer learning is used to fine-tunepre-trained models such as ResNet50
and CNN algorithms forthe specific task of fashion recommendation. This approachsaves time and
computational resources while still achievinghigh accuracy.

3. Image Classification: The fine-tuned models are used toclassify fashion images based on their
attributes and features.Thesystemcanrecognizedifferentclothingitemssuch asshirts, pants, and
dresses, as well as accessories such as shoes,bags,andjewellery.

4. UserlnputandRecommendationGeneration: Thesystemtakesinputfromtheuser,suchaspreviousp
urchases,browsinghistory,andpreferences.Usingthisinformationandtheclassificationresults,thesystem
generatespersonalizedrecommendationsfortheuser. Therecommendationsarebasedon items that are
similar to the user's previous purchases andbrowsing history.

5. Evaluation and Improvement: The system's performanceis evaluated using metrics such as
accuracy, precision, recallland F1 score. The results are wused to improve the
system'sperformanceandmakeitmoreaccurateandefficient.
Overall,thisproposedmodelforafashionrecommendersystemusingdeeplearningtechniquessuchasResN
et50andCNNalgorithmsisdesignedtoprovideuserswithpersonalizedand relevant recommendations
based on their preferences andpreviousbehaviour.Thesystemhasthepotentialtorevolutionize the
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fashion industry by improving the shoppingexperienceforusersandincreasingsalesfor retailers.
The proposed model's architecture IS based on a

convolutionalneuralnetwork(CNN)thatconsistsofseverallayers,includingconvolutionallayers,pooling
layers,andfullyconnectedlayers. The ResNet50 architecture is used as the backbone ofthe network,
with additional layers added to classify fashionitems.Theproposedmodel'sarchitectureisasfollows:

1. InputLayer:Theinputlayeracceptsthefashionimages.

2. ConvolutionalLayers: Theconvolutionallayersextractthefeaturesfromthe images.

3. Pooling Layers: The pooling layers reduce the dimensionsofthe feature maps.

4. ResNet50 Layers: The ResNet50 architecture is used as thebackbone of the network. The pre-
trained weights are frozen,and the layersare usedasfeature extractors.

5. FullyConnectedLayers: Thefullyconnectedlayersprocesstheextractedfeaturesandmakethefinalcl
assification.

6. OutputLayer:Theoutputlayerproducestherecommendationsbasedon the user'sinput.

Overall, the proposed model and architecture for a fashionrecommender system using deep learning
techniques such
asResNet50andCNNalgorithmsisdesignedtoprovidepersonalizedandrelevantrecommendationstouser
s. Thesystemhasthepotentialtoimprovetheshoppingexperienceforusersandincrease salesforretailers.
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Fig.1ResNet50Architecture
Fashion recommendation system using ResNet50 can providea personalized shopping experience for
users and help fashionretailers increase sales. By analysing the features of fashionitems, the system
can recommend similar items that are morelikely tobeof interest.
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Fig.2 BlockDiagram
Description:Thisarchitecturediagramdescribesthatthewholemodeldependsonthedatabasewherelarges
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etoffashionitem  data sets are present, To train the data sets we use
twoalgorithmsonefortrainingthedataandoneforrecommendation ResNET50 and CNN are key roles
playing inthe project, From the above figure customer gives the input
tothedatabasewhereitrecommendstheclothesbyrunningCNNalgorithmandfinallyshowstheoutputatfron
tend.Comingtothe process as we can see from the above diagram of ResNET50architecture Which shows
how the data IS trained and
processedbymeansofpoolingandpaddingtechniques. Thereare5stagesinvolvingintheseprocess.Herethed
ataisconvertedintopixelformatunderstandable bythealgorithm.

IV. COLLECTIONOFDATA/TRAININGTHEDATA

Collectionofdata:Kaggle is
apopularplatformfordatasciencecompetitionsandhasavastcollectionofdatasets,includingfashiondataset
s.TocollectafashiondatasetfromtheKaggle website, one needs to create a Kaggle account andbrowse
through the available datasets. The Kaggle
websiteprovidesvariousfilterstonarrowdownthesearchforaspecifictype of fashion dataset. Once the
dataset is identified, it can bedownloaded from the Kaggle website directly. It is essential tocarefully
read the dataset description and documentation tounderstand the format of the data and the variables
included inthe dataset. Additionally, it is important to check the license andterms of use for the dataset
to ensure that it can be used for theintendedpurpose.Overall,Kaggleisagreatresourceforcollecting
fashion datasets, and the website provides a user-
friendlyinterfacetosearchanddownloadthedatasetsofinterest.FromtheKagglewebsitewecollectedlargea
mountofdatasetofvariousfashionitemsandinstalledinourdatabase.
Trainingofdata:ResNet50isaconvolutionalneuralnetwork(CNN)architecturethatiscommonlyusedfori
mageclassification tasks. When training data using ResNet50, thefollowing stepsare
typicallyinvolved:

1. Data Preparation: The first step is to prepare the trainingdata by pre-processing and
augmenting the images. This mayinvolve resizing the images to a standard size, normalizing
pixelvalues, and applying image augmentation techniques such asrotation, flipping, and cropping to
increase the diversity of thetraining set.

2. Initialization: Next, the ResNet50 architecture is initializedwithrandom weights,and
thenumberofoutputclasses isdefined. The weights are typically initialized using a pre-trainedmodel,
such as the ImageNet dataset, to speed up the trainingprocess.

3. Forward Pass: During the forward pass, the input image
ispassedthroughtheResNet50network,andtheoutputprobabilities for each class are calculated using
the SoftMaxactivation function. The output probabilities are compared tothe ground truth labels,
and the loss is calculated using a lossfunction suchascross-entropy.

4. Backward Pass: In the backward pass, the gradients of theloss with respect to the weights are
computed using the chainruleofdifferentiationandbackpropagation.Thesegradientsarethen used to
update the weights using an optimizer such asStochasticGradientDescent(SGD).

5. Repeat: The forward and backward pass is repeated formultiple iterations or epochs until the
network converges to agoodsolution.
Duringtraining,themodel'sperformanceismonitoredonavalidationset,andthebest-
performingmodelissaved.

Insummary,ResNet50trainsthedatabyinitializingthenetwork with random weights, passing the input
through thenetwork, calculating the loss and gradients, and updating theweights using an optimizer.
The process is repeated for multipleiterationsuntilthe modelconvergestoagood solution.

V. HOW PRE-PROCESSING ANDAUGMENTING THEIMAGEWORKS?

Pre-processing and augmenting the image are critical steps
inpreparingthetrainingdataforamachinelearningmodel,including  ResNet50. These steps are
performed to ensure thatthe input images are in a suitable format and contain enoughvariation to
train the model effectively. Here's how these stepswork:
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1. Pre-processing:Pre-processinginvolvespreparingtheimages to a standard format that can be
used as input to themodel. Thepre-processingstepscanincluderesizingtheimageto a standard size,
converting the image to grayscale or
RGBformat,andnormalizingthepixelvaluestoacertainrange(e.g.,between 0 and 1 or -1 and 1). These
steps help to ensure thatthe input images are consistent and are in a suitable format forthemodel.

2. Augmentation: Augmentationinvolvescreatingnewtraining examples by applying random
transformations  to  theoriginalimages.Augmentationtechniquescanincludeflippingthe  image
horizontally or vertically, rotating the image by arandom angle, zooming in or out of the image, and
addingrandom noise to the image. These techniques help to increasethe diversity of the training set
and prevent overfitting to theoriginaltrainingdata.

Overall, pre-processing and augmentation are critical steps
inpreparingthetrainingdataforamachinelearningmodel,including ResNet50. These steps help to
ensure that the inputimagesarein asuitableformatandcontain enoughvariationtotrain the model
effectively. The specific techniques used forpre-processing and augmentation may vary depending
on thetask and the dataset, and it is essential to carefully choose andapply the appropriate technigques
to ensure that the model canlearn togeneralize well tonewdata.

VI. RESNET&CNNALGORITHMS
CNN(ConvolutionalNeuralNetwork)isadeeplearningalgorithmthatiscommonlyusedforimageclassific
ation,object detection, and other computer vision tasks. Here is howtheCNN algorithmworks:

1. Inputlmage:TheinputtotheCNNisanimagerepresentedasa matrixofpixelvalues.

2. Convolutional Layers: The first layer in the CNN is aconvolutional layer that applies a set of
filters to the
inputimage.Eachfilterisasmallmatrixofweightsthatisappliedtoalocalregionoftheimagetocomputeanew
featuremap.Thisprocess is repeated with multiple filters to generate multiplefeaturemaps.

3. Activation Function: After each convolutional layer, anactivation function such as RelLU
(Rectified Linear Unit) isapplied element-wise to the feature maps to introduce non-
linearityandmakethenetwork more expressive.

4. PoolingLayers:ThenextlayerintheCNNisapoolinglayerthat reduces the dimensionality of the
feature maps by downsampling them. Max pooling is a common pooling operationthat selects the
maximum value in each local region of thefeaturemap.

5. Fully Connected Layers: After several convolutional andpooling layers, the output is flattened
and passed through oneor more fully connected layers that perform classification
orregression.Theselayersusethelearnedfeaturesfromtheconvolutional layers to classify the input
image into one ofseveraloutputclasses.

6. Loss Function:During training, the output of the fullyconnected layer is compared to the ground
truth label, and a lossfunctionsuchascross-entropyisusedtomeasurethedifferencebetween the
predictedand actual values.

7. Backpropagation: The gradients of the loss function
withrespecttothenetworkweightsarecomputedusingthechainruleofdifferentiationandbackpropagation,
andtheweightsareupdated using an optimizer such as stochastic gradient descent(SGD).

8. Repeat:Steps2-7arerepeatedformultipleiterationsorepochsuntilthenetworkconvergesto a good
solution.

In summary, the CNN algorithm works by applying a set
offilterstotheinputimagetoextractfeatures,passingthefeaturesthroughactivationandpoolinglayerstored
ucedimensionality,and passing the resulting feature map through fully connectedlayers for
classification or regression. The network is trainedusing backpropagation and an optimizer to
minimize the lossfunction.

Vil.  POOLING&PADDING
Pooling is a down-sampling operation that reduces the spatialdimensions (i.e., the height and width)
of the feature maps in aconvolutional neural network (CNN). The pooling operation istypically
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performed after a convolutional layer to introducetranslationalinvarianceto smallchangesin
theinputimage.

The most common pooling operation used in CNNs is maxpooling, which involves selecting the
maximum value in eachlocalregionofthefeaturemap.Forexample,a2x2maxpoolingoperation on a 4x4
feature map would produce a 2x2 outputmapwiththemaximumvaluein eachofthe2x2 localregions.
Max pooling helps to reduce the dimensionality of the featuremaps, making them more
computationally efficient to
processinsubsequentlayers.ltalsohelpstointroducesometranslationinvariancetosmallshiftsordistortion
sintheinputimage,sincethe maximum value in each region is still preserved even if theposition of the
featurechangesslightly.
Othertypesofpoolingoperations,suchasaveragepooling,canalsobeusedinCNNs,butmaxpoolingisthem
ostcommondueto its better performance in practice. The size of the poolingwindow from fig 3(e.g.,
2x2 or 3x3) and the stride (e.g., 2 or 3) can alsobe adjusted depending on the requirements of the
task and thesizeof the inputimage.

Overall, pooling is an important operation in CNNs that helpsto reduce the dimensionality of the
feature maps and introducesometranslation invariancetosmallshiftsintheinputimage.

Max Pooling Average Pooling
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Fig.3 Pooling

Paddingisatechniqueusedindeeplearningtoaddextraborderpixels around the edges of an input image
or feature map. Thepurpose of padding is to allow the convolutional and
poolingoperationstobeappliedtotheedgesoftheinputimagewithoutlosing spatial information.
Inconvolutionalneuralnetworks(CNNSs),thesizeoftheoutputfeaturemapsaftereachconvolutionallayerde
pendsonthesizeof the input image, the size of the convolutional filters, and thestride of the
convolution. If the convolutional filter is too largerelative to the input image or the stride is too
large, then theresulting featuremapswillbesmallerthan theinputimage.

To avoid this issue, padding can be added to the input imagebefore applying the convolutional
filters. There are two typesof padding: zero padding and reflection padding. Zero paddingadds extra
border pixels with a value of zero around the edgesof the input image, while reflection padding
copies the pixelsfromtheborderoftheinputimageandreflectsthemtocreateamirroredborder.

The choice of padding method depends on the requirements ofthe task and the nature of the input
images. Zero padding
issimplertoimplementandisoftenusedinpractice,whilereflectionpaddingcanbemoreeffectiveforimages
withsmooth edges or when avoiding artifacts at the edges of thefeaturemapsisimportant.
Overall,paddingisanimportanttechniqueindeeplearningthatallows  convolutional and  pooling
operations to be applied totheedgesoftheinputimageswithoutlosingspatialinformation.
Typesofpadding:

Therearetwotypesofpaddingcommonlyusedindeeplearning:

1. Zero padding: Zero padding involves adding extra borderpixels with a value of zero around the
edges of the input imageor feature map. This is the most common type of padding usedin
convolutional neural networks (CNNs) because it IS
simpletoimplementandcanhelppreventinformationlossattheedgesofthe image.

2. Reflection padding: Reflection padding involves copyingthe pixels from the border of the input
image and reflectingthemtocreateamirroredborder. Thistypeofpaddingcanhelpto avoid artifacts at the
edges of the feature maps, particularlyfor images with smooth edges or when preserving symmetry
isimportant.However,itcanbemorecomputationallyexpensiveto implementthanzeropadding.
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The choice of padding method depends on the requirements
ofthetaskandthenatureoftheinputimages.Insomecases,otherpadding techniques such as constant
padding or edge paddingmay beused,butthesearelesscommon indeep learning.

RESNET50

ResNet50isadeepconvolutionalneuralnetwork(CNN)architecture that was first introduced in 2015 by
MicrosoftResearch. It is a variant of the original ResNet architecture,which stands for "Residual
Network." The key innovation inResNet50 is the use of residual blocks, which help to alleviatethe
vanishing gradient problem that can occur in very deepnetworks.
TheResNet50architectureconsistsof50layers,includingconvolutionallayers,poolinglayers,andfullyco
nnectedlayers. The input to the network is an RGB image of size224x224. The first layer of the
network is a 7x7 convolutionallayer with 64 filters and a stride of 2, followed by a max poolinglayer
witha stride of2.

The main building block of the ResNet50 architecture is theresidual block, which contains two
convolutional layers and ashortcut connection that skips over one or more layers.
Theshortcutconnectionallowsthenetworktolearnresidualmappings that can be easily optimized using
gradient descent.By allowing the network to learn residual mappings, ResNet50can achieve very
deep architectures without suffering from thevanishing gradientproblem.

The final layers of the ResNet50 architecture include a globalaverage pooling layer and a fully
connected layer with 1000nodes, representing the 1000 classes of the ImageNet dataset. The output
of the network is a SoftMax distribution over theclasses,which canbeused forimageclassification
tasks.

ResNet50 has achieved state-of-the-art performance on severalbenchmark image classification
datasets, including ImageNet,CIFAR-10, and CIFAR-100. It has also been used as a pre-trained
model for transfer learning in other computer visiontasks,suchasobject detectionandsegmentation.

VIIl.  Result
Finally, I integrated the models into a fashion recommendersystem that can take a user's input and
suggest fashion itemsbased on their preferences. The system wuses the trained
modelstoclassifyimagesandrecommenditemsthatareliketheuser'sprevious purchases and browsing
history. Overall, this projectwasachallengingbutrewardingexperience.Developing afashion
recommender system using deep learning
techniquesrequiredadeepunderstandingofcomputervisionandmachinelearning concepts. However,
the final product has the potentialto provide valuable recommendations to users and improvetheir
shoppingexperienceThe Figures1,2,3 shows the Results

Fashion recommender
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CONCLUSION
Inconclusion,afashionrecommendersystemusingdeeplearning has the potential to improve the
fashionshoppingexperience for consumers. Deep learning algorithms can

learnandrecognizepatternsinfashionimagesandcanmakeaccuratepredictions on what items of clothing
a user may like based ontheirpreferencesandpastinteractionswiththesystem.Overall,fashion
recommender systems using deep learning have thepotential to transform the fashion industry by
providingmorepersonalizedandaccuraterecommendationstoconsumers,whichcanincreasecustomersati
sfactionandloyalty,andultimately drive salesforfashionretailers.
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