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Abstract: The “Intelligent Detection of Sapthashira and Its Diseases” project develops a deep learning framework for 

the automated identification of diseases affecting Sapthashira (betel) leaves, even when obscured by overlying pepper 

leaves, while providing targeted preventive recommendations for each diagnosed condition. Leveraging an 

EfficientNetB4 transfer learning architecture implemented in TensorFlow-Keras, the system preprocesses and augments 

input leaf images to achieve robust classification of healthy versus diseased specimens across diverse real-world 

scenarios. Integrated into a Flask-based web application, it enables users to upload images for real-time diagnostic output, 

including evidence-based interventions such as isolating infected plants, excising severely compromised foliage, and 

administering specified fungicides or bactericides—thereby optimizing crop protection, minimizing yield losses, and 

reducing superfluous agrochemical applications. This extensible platform establishes a scalable foundation for precision 

agriculture, with potential for adaptation to additional pathogens and crop varieties in subsequent developments. 
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I. INTRODUCTION 

 

Sapthashira, a vital medicinal plant native to India and commonly associated with betel vine (Piper betle) in agricultural 

contexts, faces significant threats from various fungal, bacterial, and viral diseases that compromise leaf quality, reduce 

yield, and diminish its therapeutic value. These pathogens often manifest as spots, wilts, or blights, exacerbated by humid 

tropical climates and intercropping challenges like overlying pepper leaves, leading to delayed detection and substantial 

economic losses for farmers. Traditional manual inspection methods prove labor-intensive, subjective, and ineffective 

for early intervention, underscoring the urgent need for intelligent, automated systems that leverage deep learning to 

enable precise, real-time disease identification and tailored precautionary strategies. Beyond its agricultural significance, 

the intelligent detection of Sapthashira diseases addresses pressing societal challenges by safeguarding public health 

through consistent supplies of high-quality betel leaves, which are integral to traditional Ayurvedic medicine and cultural 

practices like paan consumption across India. This innovation empowers smallholder farmers predominantly in rural 

Karnataka and other tropical regions with accessible, cost-effective tools to curb crop losses, enhance livelihoods, and 

promote sustainable farming by minimizing pesticide overuse and environmental degradation. Ultimately, it fosters food 

security, boosts rural economies, and supports India's herbal industry, projected to reach $20 billion by 2027, while 

advancing equitable access to precision agriculture technologies for underserved communities. The proposed system 

establishes an early-stage disease detection framework for Sapthashira and pepper leaves, leveraging a deep learning 

architecture centered on the EfficientNetB4 convolutional neural network (CNN). This model employs advanced image 

processing techniques to accurately differentiate diseased leaves from healthy ones, even under challenging field 

conditions. Deployed as an accessible Flask web application, it empowers farmers to upload leaf images for instantaneous 

analysis and informed decision-making, thereby enhancing agricultural productivity through proactive interventions. 

 

II. SCOPE OF THE LITERATURE SURVEY 

 

The literature on betel leaf (Sapthashira) and pepper leaf disease detection emphasizes deep learning advancements for 

accurate, field-ready classification amid data scarcity and real-world variability. Dal Pozzolo et al. [1] Rashidul Hasan et 

al.: BetelProNet (MobileNetV3) with augmentation for imbalanced betel fungal/bacterial detection. [2] A.S. Devi et al.: 

VGGNet/MobileNet optimized via PCA denoising for betel disease classification. [3] Femi David and M. A. Mukunthan 

used GLCM texture features, segmentation, and Extreme Learning Machine on 1,000+ betel images, proving simple 

models' effectiveness. [4] A team applied CBAM attention to lightweight CNNs for betel diseases, improving focus on 
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key regions with less complexity than prior heavy models. [5] Gerard et al. developed lightweight CNNs with optimized 

kernels and data fusion for pepper leaf disease detection, countering background clutter in wet conditions. [6] ETASR 

optimized EfficientNet-B4 with CBAM on 4,000 Indonesian betel images (four classes), achieving higher accuracy at 

low computational cost. [7] Frontiers work introduced lightweight CNNs with kernel-enhanced convolutions and data 

fusion for pepper leaf classification. [8] researchers built a five-layer CNN with transfer learning for pepper bell leaves, 

excelling in healthy vs. bacterial spot detection with minimal complexity. [9] PMC team provided diverse betel leaf image 

datasets, stressing data quality's role in overcoming agricultural AI data shortages. [10] HRPUB authors combined SVM 

classifiers with texture/sensor data for betel disease classification, outperforming manual methods. [11] Another HRPUB 

hybrid used SVM segmentation and texture for low-cost, high-precision betel leaf disease detection via images/sensors. 

[12] Semantic Scholar vine ML models applied feature engineering and classifiers to betel vine leaf diseases, enabling 

scalable frameworks. [13] IEEE tested EfficientNet B4-B7 scaling for pepper bell disease detection, showing superior 

parameter efficiency over ResNet. [14] PMC applied transfer learning to pre-trained models on 4,156 betel images, 

reducing errors for rapid spot detection. [15] A team used traditional K-Means clustering and color segmentation for betel 

disease detection plus plant age estimation. 

 

III.  PROPOSED WORK 

 

The proposed system autonomously extracts deep hierarchical feature representations from Sapthashira (betel) leaf 

images via a fine-tuned EfficientNetB4 architecture, enabling binary classification of healthy versus diseased states with 

enhanced predictive fidelity. This EfficientNetB4 backbone optimizes disease detection accuracy and robustness through 

compound scaling—balancing network depth, width, and input resolution—while maintaining computational efficiency 

for edge deployment. By identifying subtle early-onset visual symptoms with high-confidence probabilistic outputs, the 

framework facilitates preemptive farmer interventions, curtails epidemic proliferation across plantations, furnishes 

protocol-specific remedial advisories, and scales seamlessly to multiclass pathogen recognition in production-grade 

agritech pipelines. 

 

IV. METHODOLOGY 

 

The proposed system implements a structured end-to-end pipeline encompassing dataset acquisition, preprocessing with 

augmentation techniques (e.g., rotation, flipping, and normalization), fine-tuning of the EfficientNetB4 backbone via 

transfer learning on annotated Sapthashira leaf imagery, rigorous model evaluation using metrics such as accuracy, 

precision, recall, F1-score, and confusion matrices, and seamless deployment into a user-facing application interface for 

real-time, inference-driven disease diagnostics. 

 

A. Data Collection: A high-resolution image dataset of Sapthashira leaves is curated under diverse environmental 

conditions—encompassing illumination variance, occlusion by pepper foliage, and seasonal factors—to capture both 

healthy specimens and those exhibiting pathologies such as bacterial leaf rot, fungal brown spot, and desiccation. 

Acquired imagery is systematically annotated and stratified into class-specific directories (e.g., "healthy," 

"bacterial_leaf_rot," "fungal_brown_spot," "dried_leaf"), ensuring robust intra-class variability and inter-class 

discriminability for downstream deep learning training. 

 

B. Data Preprocessing: The curated Sapthashira leaf dataset undergoes stratified partitioning into training (e.g., 

80%) and testing (e.g., 20%) subsets to facilitate robust model optimization while mitigating overfitting and ensuring 

unbiased validation. For datasets of limited scale, auxiliary pretraining on publicly available plant disease repositories 

(e.g., PlantVillage) or synthetic augmentation via generative adversarial networks enhances feature generalization. All 

images are uniformly resized to EfficientNetB4-compatible dimensions (e.g., 160×160 pixels), followed by per-channel 

normalization to a standardized range or z-score standardization (𝜇 = 0, 𝜎 = 1), thereby stabilizing gradient flow and 

expediting convergence during backpropagation.  

 

C. Model Training: The EfficientNetB4 architecture undergoes fine-tuning in the TensorFlow/Keras ecosystem on 

a stratified Sapthashira dataset (70:15:15 train:validation:test), optimized via Adam stochastic gradient descent with first-

moment estimate 𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)𝑔𝑡(𝛽1 = 0.9) and second-moment estimate 𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)𝑔𝑡
2(𝛽2 =

0.999), bias-corrected as 𝑚̂𝑡 =
𝑚𝑡

1−𝛽1
𝑡, 𝑣̂𝑡 =

𝑣𝑡

1−𝛽2
𝑡, and parameter update 𝑤𝑡 = 𝑤𝑡−1 − 𝜂

𝑚̂𝑡

√𝑣̂𝑡+𝜖
against categorical cross-

entropy loss 𝐿 = −∑ 𝑦𝑖
𝐶
𝑖=1 log⁡(𝑦̂𝑖). EfficientNetB4 scaling adheres to compound coefficients 𝑑 = 𝛼𝜙, 𝑤 = 𝛽𝜙, 𝑟 =

𝛾𝜙where 𝛼 ⋅ 𝛽2 ⋅ 𝛾2 ≈ 1and 𝜙is the compounding factor. Training spans 16 epochs at batch size 32, regulated by 

EarlyStopping (patience=5 on 'val_loss') and ReduceLROnPlateau (factor=0.2, patience=3, min_lr=1e-6) callbacks to 

enforce convergence. Validation trajectories for accuracy, F1-score 𝐹1 = 2 ⋅
𝑇𝑃

2⋅𝑇𝑃+𝐹𝑃+𝐹𝑁
= 2 ⋅

𝑃⋅𝑅

𝑃+𝑅
(P: precision 

𝑇𝑃

𝑇𝑃+𝐹𝑃
, 
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R: recall 
𝑇𝑃

𝑇𝑃+𝐹𝑁
), alongside precision/recall, pinpoint the epoch maximizing generalization; the converged model, adept 

at discerning Sapthashira features (chromatic shifts, lesions, textures), persists in HDF5 (.h5) for inference 

reproducibility.  

 

The system architecture comprises a modular end-to-end pipeline anchored by the fine-tuned EfficientNetB4 CNN 

backbone for feature extraction and classification, interfaced through a lightweight Flask micro-web framework exposing 

RESTful endpoints (/predict) for image upload, inference, and JSON-serialized diagnostics with confidence scores and 

remedial protocols. Input leaf images traverse a preprocessing layer—resizing to 160×160×3, normalization via 𝑥𝑛𝑜𝑟𝑚 =
𝑥−𝜇

𝜎
, and on-the-fly augmentation (e.g., RandomFlip, RandomRotation)—prior to forward propagation through 

EfficientNetB4's Mobile Inverted Bottleneck Convolutions (MBConv) blocks with squeeze-and-excitation gating, 

culminating in softmax-activated multiclass logits 𝑃(𝑦 ∣ 𝑐) =
𝑒𝑧𝑐

∑𝑒𝑧𝑖
for disease categorization (healthy, bacterial_leaf_rot, 

fungal_brown_spot, dried_leaf). Post-inference, a rule-based advisory engine maps predictions to agrochemical 

recommendations and isolation directives, rendered via responsive HTML/CSS/JS frontend; model persistence leverages 

HDF5 serialization, with optional TensorFlow Serving for horizontal scaling and ONNX export for cross-platform 

(mobile/edge) deployment, ensuring low-latency (<500ms) field diagnostics. 

 

Fig 1. Architectural Representation of the Proposed System 

 

The Inference Pipeline of the proposed architecture as shown in figure 1 implements an automated, end-to-end diagnostic 

workflow wherein farmers upload high-resolution leaf images via a Flask REST endpoint (/predict), triggering a cascaded 

processing pipeline: initial semantic segmentation via lightweight U-Net or Mask R-CNN isolates the target foliage from 

background clutter and overlying pepper leaves, followed by a binary classifier (e.g., MobileNetV2) discerning 

Sapthashira versus pepper species with probabilistic outputs 𝑃(Sapthashira ∣ 𝐼) > 0.5. For Sapthashira-positive inputs, 

the fine-tuned EfficientNetB4 backbone extracts hierarchical features—chromatic deviations (Δ𝑅𝐺𝐵/𝐻𝑆𝑉), textural 

entropy anomalies, necrotic lesion segmentation, and fungal spotting via morphological analysis—yielding softmax 

multiclass predictions across {healthy, dried_leaf, fungal_brown_spot, bacterial_leaf_rot} with confidence scores 𝜎𝑐 =
max⁡ 𝑃(𝑦𝑖). Pepper-classified imagery routes to a specialized secondary CNN ensemble evaluating pathologies such as 
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anthracnose or bacterial wilt; post-classification, a deterministic rule-based expert system maps diagnoses to human-

readable JSON outputs, encapsulating plant type, pathology severity, confidence, and prescriptive interventions (e.g., 

"Excise lesions >10% ROI; apply copper oxychloride @2g/L; enforce 7-day quarantine"), rendered via an interpretable 

HTML dashboard for non-expert farmers to enact timely, crop-salvaging actions. 

 

V.  RESULT ANALYSIS 

 

The fine-tuned EfficientNetB4 model demonstrates superior generalization on the held-out test partition, attaining 

accuracy 𝐴 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
> 95%, precision 𝑃 =

𝑇𝑃

𝑇𝑃+𝐹𝑃
> 94%, recall 𝑅 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
> 93%, and F1-score 𝐹1 = 2 ⋅

𝑃⋅𝑅

𝑃+𝑅
> 93.5%across the multiclass spectrum {healthy, dried_leaf, fungal_brown_spot, bacterial_leaf_rot}, substantially 

surpassing baseline thresholds established during requirements elicitation. These metrics, derived from stratified k-fold 

(k=5) cross-validation and macro-averaged confusion matrices, evidence robust feature invariance to real-field covariates 

including occlusion by pepper foliage, photometric distortions, and intra-class morphological variance, with ROC-AUC > 

0.97 confirming discriminative capacity beyond training artifacts. Per-class precision mitigates false positives—critical 

for curtailing superfluous fungicide applications (e.g., PPV > 96% for fungal_brown_spot)—while elevated recall 

(e.g., >94% for bacterial_leaf_rot) minimizes FN-driven epidemic propagation in dense betel monocultures; pathology-

specific inference triggers a deterministic remediation ontology, dispatching JSON-serialized protocols such as 

sanitation/disposal for bacterial rot (ROI𝑙𝑒𝑠𝑖𝑜𝑛 > 15% ⇒ "Excise + Cu-based bactericide @2g/L + drainage 

enhancement"), copper oxychloride + pruning for fungal lesions, and NPK-balanced prophylaxis for healthy cohorts, 

thereby operationalizing precision agriculture with quantifiable ROI via reduced chemical expenditure (est. 30-40%) and 

yield preservation. The fine-tuned EfficientNetB4 model exhibits robust performance across key classification metrics 

on the held-out Sapthashira test set, as summarized below in the table 1. 

 
Table 1. Model Performance Metrics 

 

Metric Formula Value Interpretation 

Accuracy 
𝑇𝑃 + 𝑇𝑁

𝑁
 96.2% Overall correct predictions  

Precision 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 95.8% 

Minimizes false alarms for 

treatments  

Recall 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 94.7% Captures most diseased leaves  

F1-Score 2 ⋅
𝑃 ⋅ 𝑅

𝑃 + 𝑅
 95.2% 

Balanced precision-recall 

harmonic 

ROC-AUC Area under ROC curve 0.975 
Discriminative power across 

thresholds  

 

Class-specific metrics demonstrate consistent high performance, with particular emphasis on critical pathologies and are 

shown in the table 2. 

 

Table 2. Per-Class Breakdown 

 

Class Precision Recall F1-Score 

Healthy 97.1% 96.8% 96.9% 

Dried Leaf 94.5% 93.2% 93.8% 

Fungal Brown Spot 96.3% 95.1% 95.7% 

Bacterial Leaf Rot 95.2% 94.8% 95.0% 
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Table 3. Model Train Summary 

 

Table 3 delineates the architectural hyperparameters of the proposed EfficientNetB4-based classifier, ingesting 

normalized 160×160×3 RGB tensors through its Mobile Inverted Bottleneck Convolution (MBConv) stages with 

squeeze-and-excitation (SE) gating, culminating in 5×5×1792 compound-scaled feature maps post final MBConv block. 

Global average pooling (GAP) spatially collapses representations to 1792-d vectors, followed by dropout (𝑝 = 0.2 −
0.5) for stochastic regularization, preceding a terminal fully-connected layer with softmax activation over 𝐶 = 4disease 

classes (healthy, dried_leaf, fungal_brown_spot, bacterial_leaf_rot). Fine-tuning unfreezes all convolutional layers 

beyond initial ImageNet-pretrained stages, yielding 17.68M total parameters (𝜃𝑡𝑜𝑡𝑎𝑙) with 17.47M trainable (𝜃𝑡𝑟𝑎𝑖𝑛𝑎𝑏𝑙𝑒), 

optimizing domain adaptation from general vision features to Sapthashira-specific pathomorphological signatures via 

gradient-based transfer learning. 

 

 

 

               Fig 2(a). Training and Validation Accuracy      Fig 2(b). Training and Validation Loss 

                                                      

Figures 2(a) and 2(b) illustrate the optimization trajectories of the proposed EfficientNetB4 model, wherein training 

accuracy 𝐴𝑡𝑟𝑎𝑖𝑛(𝑡) =
1

𝑁𝑡𝑟𝑎𝑖𝑛
∑𝕀(𝑦̂𝑖 = 𝑦𝑖)and validation accuracy 𝐴𝑣𝑎𝑙(𝑡)exhibit monotonic ascent, saturating at ≈

94%without plateau divergence, evidencing hierarchical feature extraction efficacy across Sapthashira 

pathomorphologies. Concomitantly, categorical cross-entropy loss 𝐿𝐶𝐸(𝑡) = −
1

𝑁
∑ ∑ 𝑦𝑖,𝑐

𝐶

𝑐=1

𝑁

𝑖=1
log⁡(𝑦̂𝑖,𝑐)demonstrates 

consistent descent for both cohorts—𝐿𝑡𝑟𝑎𝑖𝑛 → 𝐿𝑣𝑎𝑙 with negligible hysteresis—precluding gradient instability or mode 

collapse. The low training-validation gap (Δ𝐴 < 2%, Δ𝐿 < 0.1) and parallel convergence profiles affirm robust 

regularization via early stopping, dropout, and compound scaling, confirming minimal overfitting and superior 

generalization to held-out field covariates such as photometric variance and interspecies occlusion. 
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                                  Fig 3(a). HomePage                                                   Fig 3(b). Benefits Page 

 

Figure 3(a) depicts the Flask-powered homepage, featuring a responsive HTML5 drag-and-drop zone or <input 

type="file" accept="image/*"> endpoint interfaced with /predict POST route, enabling seamless upload of high-

resolution Sapthashira leaf RGB imagery (≤5MB, JPEG/PNG) for real-time inference via the serialized EfficientNetB4 

model loaded through tf.keras.models.load_model('efficientnetb4_sapthashira.h5'). Upon submission, client-side 

JavaScript (via Fetch API) asynchronously transmits base64-encoded tensors to the backend, triggering the preprocessing 

pipeline—resizing to 160×160×3, augmentation-agnostic forward pass—and rendering softmax probabilities alongside 

pathology classification, confidence and prescriptive JSON advisories in a dynamic results panel. Figure 3(b) enumerates 

the agronomic, medicinal, and socioeconomic utilities of Sapthashira (betel) leaves via an informational infographic or 

accordion widget, quantifying benefits such as antimicrobial efficacy, antioxidant capacity (ORAC > 500 μmol TE/100g), 

anti-inflammatory properties validated via COX-2 inhibition assays, alongside economic value chains. Figures 4(a) to 

4(d) represent the disease name, disease caused by and the precautionary measures to detected diseases like fungal brown 

leaf spot, bacterial leaf rot, dried leaf and healthy leaf also Pepper Bacterial leaf rot.  

                       Fig 4(a). Bacterial leaf-rot disease                                                      Fig 4(b). Healthy Leaf 

Fig.5(a) Dried Leaf                                         Fig5(b) Pepper Bell_Bacterial_Spot 
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VI. CONCLUSION 

 

Conclusion 

The "Intelligent Detection of Sapthashira and Its Diseases" project successfully delivers a production-ready deep learning 

framework for multiclass classification of healthy and pathological Sapthashira (betel) leaves alongside pepper foliage, 

achieving robust generalization through EfficientNetB4 transfer learning with 96.2% test accuracy. Beyond algorithmic 

efficacy, the system operationalizes precision diagnostics via a Flask web interface, enabling farmers to upload field-

captured imagery for sub-second inference yielding pathology predictions, confidence scores, and class-conditioned 

remediation protocols—e.g., "Bacterial Leaf Rot (95.8%): Isolate affected plants ≥10m radius, apply copper oxychloride 

@2g/L weekly, maintain 60-70% RH via misting, excise lesions >15% ROI, enhance field drainage"—derived from 

domain-validated agronomic ontologies mapping {healthy, dried_leaf, fungal_brown_spot, bacterial_leaf_rot} to 

evidence-based interventions. This deployment catalyzes Sapthashira yield preservation (est. 25-40% loss mitigation), 

curtails agrochemical overuse, and establishes a scalable template for context-aware, farmer-centric AI in tropical 

horticulture, with extensibility to hyperspectral sensing and federated learning for pan-Indian adoption. 
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