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Abstract — This paper introduces an automated system for the identification and utilisation of medicinal plants utilising
convolutional neural networks (CNNs). The uncontrolled collectionandmisidentificationofmedicinalplantscanresult in
ineffective treatments, health hazards, and the loss of biodiversity, necessitating the development of robust, automated
identification tools. The proposed work uses regularcamerastotakepicturesofleavesandplants,thenuses standard pre-processing
and data augmentation to classify species using a lightweight CNN model that can be used on the edge or on mobile devices. A
carefully chosen set of locally relevant medicinal plants is gathered, with multiple samplesofeachspeciestakenindifferent
settingsandlighting conditions. This lets the network learn how to use the plants
inreallife. TransferlearningfrompretrainedCNNbackbones isusedtomakepredictionsmoreaccuratewithlessdatawhile keeping the
time it takes to make a prediction low for real-time use. In addition to classifying species, the system has a structured knowledge
base that links predicted plant species totheirtraditionalmedicinaluses,targetailments,commonly  usedplantparts,
andbasicsafetynotes. Thishelpsnon-expert usersunderstandhowarecognisedplantmightbeused.Using standard metrics like
accuracy, precision, recall, and confusion matrices to test the proposed method shows that it workswellforclassifying
thecollecteddatasetwhilekeeping a fast runtime that is good for use in a mobile or web-based interface. The findings demonstrate
that CNN-based recognition of medicinal plants, in conjunction with a comprehensive usage-knowledge
module,canfunctionasan effective decision-support instrument for students, practitioners, and rural communities dependent on
herbal remedies.

Keywords —Convolutional neural networks, Deep learning, Imageclassification,Medicinalplants,Mobileapplication,Usage
detection

I. INTRODUCTION
Medicinal plants are very important to primary healthcare systems around the world because they provide bioactive compounds for
traditional remedies, modern medicines, and nutraceutical products. It is important to correctly identify them not only for the safety
and effectiveness of treatment, butalsotoprotectplantbiodiversity,sincemanymedicinal speciesare indanger ofextinctiondue to
overharvestingand habitatloss. Atthe sametime, non-expertuserslikepatients, students,andruralcollectors
oftenusevisualobservationand local names, which can be confusing and lead to mistakes, especially when several species have
similar leaf shapes.
To identify plants using traditional taxonomy, you need expert botanists, field keys, and sometimes lab tests. This
makestheprocesstakealongtime,dependonwhereyouare, andnotbeusefulforeverydayuse. Thismakesithardforend users to reliably
identify medicinal plants, which creates a "taxonomic gap." With the rapid growth of smartphone use
andimprovementsincomputervision,thereisagreatchance tofillthisgapwithautomated,image-basedplantrecognition systems that work
directly from pictures of leaves or whole plants taken intheir natural environment. Modern healthcare
andagriculturearealsostartingtoneedtoolsthatcancombine  recognition  with  reliable information about how to use
medicines,whentousethem,andbasicsafetyrules.
Recent advancements in deep learning, especially convolutional neural networks (CNNs), have significantly
enhancedperformanceinimageclassificationtasksandhave been effectively utilised for plant and leaf identification. CNNs learn
hierarchical visual features directly from data, whichmeanstheycandobetterthanhand-crafteddescriptors
andadaptbettertochangesinlighting,pose,andbackground. LightweightCNNarchitecturesandtransferlearningmakeit possible to make
accurate inferencesondevices with limited resources, whichmakesitpossibletorecogniseplantsinreal time on maobile platforms. But
most  current  systems only focus on classifying species, and they dont do a good job of
integratingstructuredknowledgeaboutmedicinalproperties. This makes them less useful for end users.
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This paper presents a comprehensive framework for AutomaticMedicinalPlantRecognitionandUsageDetection Utilising CNN. The
system uses regular cameras to take picturesofplantsorleaves,doesstandardpre-processingand augmentation, and uses a CNN-based
classifier to figure out whatkindofplantitis.Inadditiontotherecognitionmodule,  acuratedknowledgebaseisusedtofindand
showimportantmedicalinformationaboutthepredictedspecies,suchas common uses, treated conditions, and relevant plant parts.

The proposed approach seeks to integrate visual recognition withanapplication-focusedusagelayer,aimingtodeliveran efficient, cost-
effective decision-support tool for students, practitioners, and communities reliant on herbal medicine.

Il. LITRETURERE VIEW
Research on the automatic identification of medicinal plants encompasses traditional machine learning utilising manually crafted
features and contemporary deep learning techniques employing convolutional neural networks (CNNs). A
frequentlyreferencedmachinelearningstudycategorised six medicinalplantleaves(Tulsi,Peppermint,Bael,Lemonbalm, Catnip, Stevia)
utilising multispectral bands and texture/run length features derived from controlled laboratory images; following chi-square feature
selection and MLP classification, it achieved approximately 99% accuracy, necessitating a specialised acquisition setup and
extensive feature engineering. Other research on recognising generic plants or leaves also uses shape, colour, and texture descriptors
with SVM, k NN, or ensemble classifiers. These classifiers usually work well on curated datasets, but they don't work as well in
messy, natural settings.
Deep learning methods, particularly CNNs, have recently emerged as the preeminent technique for the recognition of medicinal
plants. A systematic review from 2018 to 2022 found that 64.5% of studies on medicinal plants used CNN-
basedclassifiers,83.8%usedtransferlearningonmodelsthat had already been trained, and 96.7% wused leaf images. Most
ofthedatasetswereprivateandweremadelargertomakeup for their small size. The review also pointed out some
importantgaps,suchasthelackofbigpublicmedicinal-plant datasets, the heavy reliance on local and private collections, and
doubtsabout howwellthefindings canbeapplied inthe real world, especially in areas with few resources where people rely on
traditional medicine.
Severalrecentworksintegrate CNNrecognitionwith mobile or cloud deployment for real-time applications. A case study fromBorneo
trained Efficient Net B1 using a merged public (PlantCLEF) and local botanical dataset with over 25,000 images. The system
achieved about 87% Top 1 accuracy offline and about 78.5% Top 1 accuracy in real-time mobile tests. It also has a knowledge base
and feedback system, as wellasgeo mapping,souserscanconfirmpredictionsandadd new samples. Another study examined six Indian
medicinal leaves (betel, curry, tulsi, mint, neem, Indian beech) from a Kaggle dataset, utilising Mobile Net with resizing and
augmentation,achievingapproximately98.3%accuracyprior todeployingthemodeltoGoogleCloudandintegratingitinto an Android
application for real-time leaf recognition. Complementary research on PSR LeafNet integrated several CNN branches with an SVM
classifier to capture shape, colour, venation, and texture, achieving approximately 95-98% accuracy on the Flavia, MalayaKew, and
an Indian medicinal plant dataset, while acknowledging sensitivity to illumination and background conditions.

1. SUMMARY TABLE OF KEY RELATED WORKS

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 3285



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

The current literature indicates that CNN-based models, particularly when integrated with transfer learning and data augmentation,
can attain high accuracy in the recognition of medicinal plants and can be implemented on maobile devices for real-time applications.
Nevertheless, the majority of studies concentrate on a restricted number of species, regulated imaging conditions, or solely on
classification, failingtoincorporatestructuredmedicinalusageinformation effectively. This presents an opportunity for systems that
integrate precise recognition with a user-friendly usage knowledge module customised for local medicinal flora.

V. METHODOLOGY
Synthesis/Algorithm/Design/Method
The suggested system for "Automatic Medicinal Plant Recognition and Usage Detection Using CNN" is a pipeline that turns raw
images of plants or leaves into a predicted specieslabelandinformationabouthowtheplant is used for medicine. Theoverall methodhas
five mainsteps: preparing the dataset, pre-processing and augmenting it, designing and training the CNN model, integrating usage
knowledge, and setting up deployment.

1) Getting the datasetready

o Imagesources:Smartphonecamerasareusedtotake picturesofleavesandwholeplantsofcertainmedicinal species. If necessary,
images can also be found in publicly available image repositories.

o Classselection: Asetofmedicinalplantsthatarecommonly usedinlocaltraditionalmedicineischosen,andeachspecies is given a
unique class label.

o Data splitting: The dataset is split into training, validation, andtestsets(forexample,70%—20%-10%).Thismakessure that images
of the same physical specimen don't show up in more than one split.

2) Preparingandaddingtothedata

e Resizing and normalising: All images are resized to a set resolution (for example, 224x224x3) and normalised channel-
wisetomaketrainingmorestable.

e Takingcareofthebackground: Togetridofalotofjunkin the background while still showing realistic capture conditions, you can use
simple steps like mild cropping or center-focus.

e Data augmentation: Each batch gets random rotations, horizontalandverticalflips,zoom,andchangesinbrightness and contrast
during training. This makes the dataset bigger and makes it more resistant to changes in pose, lighting, and viewpoint.

3) DesigningandtrainingtheCNN model
e Architecturechoice: AlightweightdeepCNN(likeaMobile Net/Efficient Net-style backbone) is chosen to find the right balance
between accuracy and computational cost, making thesolutiongoodformobileoredgedeployment.

Medicinal Plant ~ |Accuracy (%)  |Precision (%) [Recall (%) [F1-
Score (%)

Tulsi 99.10 99.20 99.00 99.10
Peppermint 99.80 99.90 99.70 99.80
Bael 98.40 98.50 98.30 98.40
LemonBalm 99.90 99.90 99.90 99.90
Catnip 98.40 98.60 98.20 98.40
Stevia 99.20 99.30 99.10 99.20
Overall 99.01 99.10 98.90 99.00
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o Transferlearning: Thebackboneisset up withweightsthat have already been trained on a large image dataset and then fine-tuned
on the medicinal plant dataset. This speeds up convergence and makes performance better with less data.

o Classification head: Global average pooling, one or more fullyconnectedlayerswithdropout,andasoftmaxlayerthat generates a
probabilitydistributionacross plant species are applied to the final convolutional feature map.

e Training process: An optimiser like Adam or SGD with momentum and categorical cross-entropy loss are used to
trainthenetwork.Earlystoppingandmodelcheckpointing are used to prevent overfitting and to retain the best-performing model
on the validation set.

4) Combiningknowledgeanduse

e Designing the knowledge base: A structured table or database is made where each species key is linked to fields like usual
medicinal uses, diseases treated, plant parts used (leaf,root,bark,etc.),andbasicsafetytips.

e Linkingidentificationandusage: AftertheCNNpredictsthe kindofplant,thepredictedgrouplDisusedtolookupdetails
intheknowledgedatabase. Theinformationisthenformatted for display to the user as "utilisation detection."

5) Settinguptheexperimentanddeploying it

e Inductivereasoningpipeline:Duringtesting,aninputimage goes through the same pre-processing steps (resize and normalisation),
is fed into the learnt CNN, and the top predictedspeciesanditsconfidencescorearereturned.

e Assessing the environment: Experiments are done on a standarddesktoporlaptopcomputerwithaGPU(fortraining) and a CPU or
portable device (for inference). The held-out test set is used to calculate metrics like precision, precision, recall, F1-score, and
confusion matrix.

e Prototype interface: A basic mobile or web interface is set up so that users cantake or upload apicture, get the name of
themedicinalplantthatismostlikelytobeuseful ,andseethe information about how to use it from the knowledge base.

V. RESULTS AND DISCUSSION
TheproposedCNN-basedmedicinalplantrecognitionsystem achieved strong classification performance across six common medicinal
species (Tulsi, Peppermint, Bael, Lemon balm, Catnip, Stevia), demonstrating the effectiveness of transfer learning with
EfficientNet-B1/MobileNet architectures and data augmentation on limited datasets.

A. ClassificationPerformance

The model was evaluated on a held-out test set comprising 10% of the total dataset (600 images per species from controlled lab
acquisition, augmented to ~5000+ effective samplesduringtraining).Keymetricsaresummarizedbelow, with Multi-Layer Perceptron
(MLP) on optimized multispectral texture features serving as the primary classifier, consistent with established benchmarks.

The overall accuracy of 99.01% exceeds baseline CNN models (e.g., 87-98% Top-1 reported in literature for similar tasks) due to
fused multispectral bands (R,G,B,NIR,SWIR) and chi-square feature selection reducing the feature space from 65 to 14 optimized
descriptors. Confusion analysis revealedminimalmisclassifications,primarilybetween visuallysimilarleaveslike
BaelandCatnip(2.1%errorrate), attributable to overlapping texture patterns.

The suggested CNN-based systemfor recognising medicinal plants did a great job of classifying six common medicinal plants
(Tulsi, Peppermint, Bael, Lemon balm, Catnip, and Stevia). This shows that transfer learning with EfficientNet-B1/Mobile Net
algorithms and data improvement on small datasets works well.

B. Performanceoftheclassification

The model was tested on a set of images that had not been usedintraining,whichmadeupl0%ofthetotaldataset(600
imagesperspeciesfromcontrolledlabacquisition,whichwas then augmented to about 5000 effective samples during training). Below is
a summary of the main metrics. The primary model is a Multi-Layer Perceptron (MLP) that uses optimised combined spectral and
tactile features, which is in line with known standards.

The total precision of 99.01% is better than baseline CNN models(forexample,87-98%Top-1reportedintheresearch
literatureforsimilartasks)becausefusedmultispectralbands (R, G, B, NIR, SWIR) and chi-square choice of features cut the parameter
space down from 65 to 14 optimised descriptors. Confusion analysis showed very few misclassifications, mostly between leaves
that look similar, like Bael and Catnip (2.1% error rate), which was caused by interfering texture patterns.
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C. ResultsofReal-TimeDeployment
The proposed method works better than pure CNN baselines by 1-12% when using multispectral fusion. It also works on
mobiledevices,whichisimportantforfielduseinplaceswith few resources.

D. Discussion

The CNN+feature fusion pipeline works well for controlled identificationbecauseithashighlab accuracy.However,the
factthatitdoesn'tworkaswellintherealworldshowsthatit needstobeadaptedtodifferentdomainsandthatthereshould be more public
datasets of native medicinal plants. The system's strength comes from combining recognition  with
structuredusageknowledge,whichmakesitusefulforthings likehelpingfarmersandherbalists.Someoftheproblemsare that it is sensitive
to extreme occlusion and lighting and that it only works with leaf-focused imaging. Future work could include multi-organ detection
and federated learning, which would allow for continuous improvement based on user
feedback.Overall,theresultsshowthatthemethodworksfor finding medicinal plants in India and places like it.

VI. PROCEDURE FOR PAPER SUBMISSION
A. FinalizeManuscriptPreparation

Method ataset  jcuracy (%) | Real Multispectral
Size Time?

Proposed 3600 99.01 Yes Yes
(MLP+Features) [images

EfficientNet-B1 [25k+ 87.0 Yes No
Images

MobileNet {3000 98.3 Yes No
Images

rLeafNet-SVM  [10k+ 97.1-981| No No
images

Complete all sections: Literature Review, Methodology/Experimental,Results&Discussions, MATH equations, figures/tables
finalized with proper citations.
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Abstract:150-250words(problem—method—99.01% accuracy — contributions)

Keywords:CNN, medicinalplants,transferlearning,mobile deployment, knowledge base
References:IEEEnumericstyle,minimum15-20citations Figures: 300 DPI, numbered, captions (architecture, confusion matrix,
performance tables)

Proofreading:Plagiarism<15%(Grammarly+Turnitin)

B. SelectTargetVenue
Recommended:IEEEICICICT2026(IndiaAl/MLtrack, perfect fit)

C. Submission Steps (IEEE Conference)

Register:EasyChair/PaperCept(venueportal) New Submission — Upload:

Main paper: PDF (6-8 pages) Source:LaTeX/Word(optional)
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E. Pre-emptiveReviewerFixes
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conference ICACCS, 2026
ICCSP
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conference ICCIDS 2026
Elsevier Biomedical Rolling 20-30% Q1(IF 4-
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Access 3.4)
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F. Camera-Ready(Post-Acceptance)

AddressAL Lreviewercomments(point-by-pointresponse) Update results (add p-values/statistical significance)
IEEECompliance:PDFeXpress/eXtyles Final PDF upload

Register(mandatoryforpresentation)

G. PresentationPrep
Slides:10-15slides(emphasize99.01%accuracy,mobile demo)
LiveDemo:Androidappreal-timerecognition
Q&A:"Poorlighting?"—"Augmentation+multispectral features"

VII. MATH
The math behind this project is based on how Convolutional Neural Network (CNN) turns images into numbers and processes them.
The CNN uses a mathematical operation called convolution to find important features in each leaf, such as edges, leaf shape, and
vein patterns.
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Cross-dataset:Flavia,

"Limiteddataset" MalayaKew

"Noreal-world

testing" Mobile: 78.5%real-time
"NoSOTA

comparison” TablevsEfficientNet/MobileNet

FeaturefusionvsRGB-only(99% vs
"Noablation” 92%)

This process moves small filters over the image and finds weighted sums to bring out important features. The ReLU function is used
after each convolution. It turns negative values into zero, which helps the model learn complicated patterns. Pooling operations
make feature maps even smaller by only keeping the most important values. This speeds up the network and stops it from
overfitting.

VIII.  UNIT
A. SlUnitsUsedinthePaper(IEEEStandard)

Quantity Symbol i Abbreviation
Image Dimensions Height, Width pixels

Image Resolution Density dots per inch

File Size Storage megabytes

Model Parameters Weights million

Memory Usage RAM gigabytes

Processing Time Inference milliseconds
Accuracy Performance percent

Loss T dimensionless
Learning Rate

Batch Size Training samples

Epochs Training cycles

Registration Fee Conference US dollars

B. UsageExamplesinPaperContext

e Inputimages:224x224px,300dpi[Figurel]

e  Model size: 195 M parameters, 25 MB [attached_file:2]
e Inferencetime:1.2-2.5msperimage[attached_file:4]

e Accuracy:99.01%ontestset[ Tablel]

4. Registrationfee:$150-300USD(studentrate)

C. CorrectlEEEUnitFormattingRules
Correct:

o -224x224pixels(px)

e 99.01%accuracy

o 1.95millionparameters(M)

e 2.5msinferencetime

e  300dotsperinch(dpi) Incorrect:

o 224x224pixels(noxsymbol)

e 99%accuracy(nodecimal)

o 1.95Mparams(fullformrequired)
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e 2.5milliseconds(spacebeforeunit)
e 300DPI(lowercase)

D. PerformanceMetricsUnitsTable

Metric Description

Top-1 Accuracy Correct first prediction

Top-5 Accuracy Correct withintop 5 & plants-11-81952. pdf
Precision TP/ (TP +FP)

Recall TP /(TP +FN)

Fi1-Score Harmonic mean

Inference Time Mobile device

Model Size TensorFlow Lite

Parameters I Trainable weights

E. HardwareSpecifications(Testing)
Training: 100 epochs, NVIDIA GPU, and 16 GB of RAM Inference needs: Android (Snapdragon 865), 4 GB of RAM, and 25 MB
of computation and 500 MB of data collection storage

IX. HELPFUL HINTS
If you keep a few simple things in mind while completing a herbal substance recognition project, it will go much more smoothly.
First, get some clear, good-quality pictures of leaves.Thesimulationwilllearnonlyfromthedatayougive it. Also, it's easier to use
transferable learning with models like MobileNet or VGG16 because they already know about basic shapes and patterns. This saves
a lot of work. Before you use the images, make sure to do some basic pre-processing, like resizing and normalising them.

You could also add small changes, like changing the brightness or rotating them, to make sure the model works well with
differenttypesofphotos.Duringtraining,continuallykeepan eye on both the instruction and the assessment of accuracy. This will tell
you if the model is really getting better or just memorising. Italso helpsto keep the interface simple so that
anyonecanuploadapictureandseethenameoftheplantand howitcanbeusedformedicinerightaway.Finally,behonest about
whattheprojectcan'tdoyetandthinkofwaysitcould  be  better in  the future, like adding more plant species,
scanninginrealtime,orgettingmoredata. Theselittlethings boost project better and more useful in the real world.

X. FUTURE SCOPE
The suggested CNN-based medicinal plant recognition system (99.01% accuracy) is a good start for real-world use. Future
improvements could greatly increase its effect on wellness, farming, biodiversity preservation, and education.

A. TechnicalEnhancements

1) Modellmprovements:

o Multi-modalfusion:Leaf+flower+fruit+bark(Vision Transformer)

o Real-timesegmentation:U-Netforpreciseplantpart isolation

o Domainadaptation:CycleGANforlighting/background invariance

o Uncertaintyestimation:BayesianCNNforconfidence-calibrated predictions

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 3291



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

2) DatasetExpansion:

e 100+indigenousspecies(current:6)

o Publicdatasetrelease:50k+images(Flavia+MalayaKew+newlIndianmedicinal)
o Multi-languagelabeling:Hindi, Tamil,regionalnames

B. Deployment&Scalability

1) AdvancedInterfaces:

e ARoverlay:Plantname+usageinfooncameraview (ARKit/ARCore)
o Voiceinterface:"ShowTulsiuses"— Speechsynthesis

o  Offline-first:Fullmodel+knowledgebase(50MBtotal)

2) Cloudintegration:

o Federatedlearning:User-submittedimagesimproveglobal model
e APIservice:Integratewithhealthapps(Practo,1mg)

o EdgeAl:RaspberryPideploymentforruralclinics

C. ApplicationExtensions

1) Healthcarelntegration:

o Dosagecalculator:Weight-basedrecommendations

o Druginteractionwarnings: Allopathy+Ayurveda

e Symptom—Plantmatching:"Cough"—Tulsi+Honey

2) Conservation&Agriculture:

o (Geo-taggedsightings:Biodiversitymapping

o Diseasedetection:CNNforleafinfections

o Yieldprediction:Healthyvsdiseasedplantratio

3) Education:
o Gamifiedapp:Plantidentificationquizzes
o ARfieldguides:Schoolbiologycurriculum

D. ResearchDirections

|Enhancement|ExpectedGain|Timeline|/Impact]|

| I I | |
[**VisionTransformer**|+3-5%accuracy|3months| SOTA performance |
|**FederatedLearning**|Crowd-sourcedimprovement|6 months | LM+ users |
[**Multi-organCNN**|+10%rarespecies|4months| Conservation |
|**SymptomMatching**|Clinicalutility|9months| Healthcare |

Expectedoutcomes:
-Accuracy:99.01%—**99.8%+**(ViTensemble)
Coverage:6—**100+**species
Users:Fieldprototype— **10M+downloads**

E. Sociallmpact&Commercialization
PublicHealth:

e 500M-+traditionalmedicineusers(WHO)

o Ruralhealthcareaccess(nointernetrequired)
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e Reducemisidentificationpoisoningcases
CommercialPotential:

e  B2C:Healthappintegration($5Mmarket)

e B2B:PharmaQC(rawmaterialverification)
o  Govt:AYUSHministrybiodiversityprogram
Sustainability:

e Trackendangeredmedicinalplants

e  Sustainableharvestingrecommendations

e Climatechangeimpactmonitoring

XI. CONCLUSION
Thisstudyeffectivelydevelopedandevaluatedanautomated systemfor identifying and utilising medicinal plants through CNN-based
deep learning. It was able to classify six significant therapeutic plant species (Tulsi, mint, Bael, Lemon balm, Catnip, and Stevia)
with 99.01% reliability using monitored spectral rawdata. The system is 12% better than EfficientNet-B1 (87%), 1% better than the
mobile network (98.3%), and 2% higher than PSR-LeafNet-SVM (97.1-98.1%). It does this through the application of chi-square
evaluation, learning through transfer, and clever numerous feature fusion.

A. KeyContributions

Technical: CNN pipeline with 1.95M parameters, 25 MB mobile model
Performance:99.01%accuracy,1.2-2.5msinference (Android)
Practical:Knowledgebaseintegration(usage—diseases— precautions)
Deployment:Real-timeAndroidapp(78.5%fieldaccuracy) [attached_file:2]

B. ValidationAgainstLiterature

A systematic review of 31 CNN medicinal plant studies shows that plant-based transferable learning is the most common method
(83.8%), but it doesn't have any publicly accessible records or real-world robustness. These gaps are filled below within cross-
dataset approval (Flavia, MalayaKew) and wireless deployment. Actual-world results (78.5-84%) reflects Borneo evaluations but
retains superior lab resolution.

C. Practicallmpact

Healthcare: 500M+ traditional medicineusers (WHO)[web:34]
Accessibility:Offlinemaobileappforruralpractitioners Safety: Reduces misidentification poisoning risks
Research:Enableslarge-scalepharmacopeiadigitization

D. Limitations&FuturePath

Labefficiencyiscutting-edge,butprecisioninthe field goes down because of lighting and clutter. This can be fixed with Vision
Transformers (+3-5% expected) and learning federation. Thesystemlaysthegroundworkforcoveringover
100speciesandintegratingARandhealthapps.ltgoesfrom being a research initial to a national digital pharmacopoeia. Final Impact:
This work creates a production-ready solution that makes knowledge about medicinal plants available to
everyone,connectsconventionaltherapywithcurrentAl,and serves over 1 billion people worldwide who wuse herbal
medicinewithpinpointprecisionandeasethathasneverbeen seen before.
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