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Artificial Intelligence in the New Era of Sericulture
Abstract
Sericulture, a vital agro-based industry, has long relied on labor-intensive and experience-driven practices, making it vulnerable to climatic stressors, pest outbreaks, and inconsistent productivity. The integration of Artificial Intelligence (AI) into sericulture offers transformative solutions across the value chain—from mulberry cultivation and silkworm rearing to cocoon grading and silk processing. This review synthesizes recent advances (2015–2025) in AI technologies including computer vision, machine learning, deep learning, and IoT systems. Applications discussed include disease detection with over 99% accuracy, yield forecasting with <10% error, 96-fold improvements in cocoon processing speed, and AI-driven environmental control systems. Case studies from countries like Bangladesh demonstrate significant productivity gains, while sustainability considerations underscore AI's role in reducing pesticide use and enhancing precision agriculture. Ethical concerns around nanomaterials and data privacy are also addressed, alongside challenges such as infrastructure limitations, standardization gaps, and human capacity needs. The review concludes with future research directions in multimodal fusion, digital twins, and inclusive innovation strategies. Overall, AI holds immense potential to make sericulture smarter, more efficient, and sustainable.
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1. Introduction
Sericulture, a significant agro-based industry, plays a vital role in the rural economy of several Asian countries, particularly India, China, Bangladesh, and Thailand. It provides livelihood and employment to millions of rural households, especially women and marginalized communities, thereby serving as a tool for inclusive growth and rural development (Kumar & Kumar, 2021). The sericulture industry involves the cultivation of mulberry plants, rearing of silkworms, and processing of cocoons to produce raw silk. Despite its socio-economic importance, sericulture is characterized by low productivity, labor-intensive processes, vulnerability to climatic uncertainties, and recurring pest and disease outbreaks. The traditional practices employed in sericulture are largely experience-based, often lacking scientific rigor or data-driven insights. Farmers rely on conventional wisdom, which, while valuable, often falls short in the face of increasing environmental and economic pressures. In this context, artificial intelligence (AI) technologies present a transformative opportunity to modernize and optimize the sericulture value chain. AI can provide predictive analytics, automated monitoring, intelligent decision-support systems, and real-time feedback mechanisms that improve resource efficiency, reduce risks, and enhance both the quantity and quality of silk production (Sonal et al., 2024).
Sericulture—the integrated agricultural and industrial process that transforms mulberry biomass into high-value silk—has historically been labor-intensive, climate-sensitive, and knowledge-driven. The production cycle, which encompasses mulberry cultivation, silkworm egg incubation, larval rearing, cocoon harvesting, and post-cocoon processing, requires careful environmental management and precise biological interventions. Any lapse in temperature, humidity, nutrition, or pest control can cause irreversible crop losses. These vulnerabilities demand high levels of expertise, monitoring, and adaptability that traditional systems often cannot guarantee (Attri et al., 2024). With the increasing availability of affordable computing power, sensor technologies, and cloud-based infrastructure, AI has emerged as a practical solution to automate and optimize sericulture operations.
Recent advances in AI—particularly in the domains of computer vision, machine learning (ML), deep learning (DL), natural language processing (NLP), and the Internet of Things (IoT)—are redefining agricultural production systems. AI-powered image recognition systems can detect pest infestations or cocoon quality anomalies in real time, while ML algorithms can forecast disease outbreaks based on climatic data and historical patterns. IoT sensors are used to monitor critical parameters such as temperature, humidity, and leaf moisture in mulberry plantations and silkworm rearing houses, enabling early warning systems and automated controls. These digital tools allow for precise interventions that reduce waste, enhance biosecurity, and support sustainability in sericulture.
This comprehensive review synthesizes developments from 2015 to 2025, mapping them onto the biological stages of silkworm culture and silk processing. It explores the applications of AI technologies such as predictive analytics for leaf yield and silkworm health, computer vision for cocoon grading and silk thread extraction, and robotics in rearing automation. The paper also highlights key research gaps, especially regarding data standardization, real-time analytics, integration of heterogeneous AI systems, and farmer-level accessibility of AI tools.
The integration of AI technologies across the sericulture value chain addresses critical challenges while unlocking new opportunities for precision agriculture, automated monitoring, and intelligent decision-making systems that can significantly enhance both productivity and quality outcomes (Sonal et al., 2024). Modern sericulture faces multifaceted challenges including labor shortages, climate variability, disease outbreaks, pest attacks, and inconsistencies in cocoon and silk quality. These are precisely the areas where AI-powered solutions offer substantial promise (Rani et al., 2023). For example, convolutional neural networks (CNNs) can classify mulberry leaf health or detect silkworm diseases from image datasets with high accuracy. Reinforcement learning algorithms can optimize feeding schedules and environmental controls, improving silkworm health and cocoon yield.
The economic potential of AI in agriculture is also noteworthy. The global AI in agriculture market, valued at $852.2 million in 2020, is projected to exceed $8 billion annually by 2030, driven by rapid digitization and the adoption of smart farming solutions (Agricultural AI Statistics, 2024). Although much of this growth is currently focused on large-scale crops such as wheat, rice, and maize, the sericulture sector represents a high-value, high-impact application domain due to its sensitivity to environmental inputs and the premium nature of its output—silk. As such, AI applications in sericulture offer significant prospects not only for improving technical efficiency and reducing input costs, but also for ensuring the long-term sustainability and resilience of rural livelihoods. Thus, this review aims to systematically explore the applications, benefits, limitations, and future directions of AI in the sericulture industry. It provides a critical appraisal of existing literature and technological innovations, offering insights for researchers, policymakers, technology developers, and sericulture practitioners alike.
2. AI Technologies and Model Architectures
AI technologies have brought about transformative changes in the sericulture sector, primarily through the deployment of advanced computer vision, deep learning models, and edge computing frameworks. These technologies enable real-time decision-making, predictive analytics, and enhanced automation in silkworm rearing, disease diagnosis, cocoon grading, and silk production. In this section, we explore the key technological components underpinning these innovations—ranging from data modalities and annotation strategies to model architectures and Internet of Things (IoT)-enabled deployment.
2.1 Data Modalities and Annotation Bottlenecks
High-quality and annotated datasets are fundamental to AI-based applications in sericulture. Current datasets are predominantly composed of high-resolution RGB imagery, followed by near-infrared (NIR) spectral data, X-ray projections, and terahertz video scans (Xiong et al., 2021). However, the reliance on a single modality often limits the robustness of predictive models, especially in complex biological environments like sericulture. Multimodal fusion—combining visual, spectral, and thermal data—is still rare due to the high cost and labor-intensiveness of manual annotation, which requires domain expertise for labelling silkworm instars, diseases, and cocoon defects.
The development of semi-supervised and weakly supervised learning frameworks offers a compelling solution to this bottleneck. Recent research highlights that semi-supervised segmentation models, such as MobileSAM integrated with YOLOv8, can reduce annotation costs by up to 70% without compromising accuracy. These models leverage limited labeled data and large unlabeled datasets, effectively democratizing access to AI model training for researchers and practitioners in resource-limited settings.
Deep learning-enhanced terahertz imaging has made significant strides in monitoring silkworm egg development and embryogenesis. A study by Xiong et al. (2021) reported that terahertz imaging achieved recognition accuracies of 98.5% for single modalities, and up to 99.2% when combined with optical imaging. Such approaches substantially cut down on time and operational complexity while maintaining high detection performance, rendering them highly applicable in industrial-scale sericulture facilities.
2.2 Convolutional Neural Networks and Deep Learning Architectures
Convolutional Neural Networks (CNNs) remain the backbone of AI-enabled sericulture due to their superior performance in image recognition and classification tasks. CNN-based models such as EfficientNet and ResNet-50 have consistently demonstrated accuracies exceeding 95% in detecting silkworm diseases and assessing cocoon viability (González-Briones et al., 2025). These architectures offer scalability and can be customized for low-power devices used in rural setups.
Recent advancements in attention-guided lightweight models, particularly Parameter-Downsampling CNNs (PDS-CNNs), have enabled effective edge deployment by reducing parameter counts below one million. These models are ideal for mobile and embedded systems, allowing for faster computation and reduced memory usage without significant trade-offs in accuracy.
YOLO (You Only Look Once) object detection frameworks have also been optimized for real-time applications in sericulture. The CA-YOLOv3 network, which integrates ConvNeXt modules and spatial attention mechanisms, achieved a mean Average Precision (mAP) of 95.0% and recall rates of 82.35% for healthy silkworms and 93.92% for diseased individuals. Moreover, the improved YOLOv5 model, equipped with a C3-SE (Squeeze-and-Excitation) attention module, delivered an average accuracy of 92.2% in physiological state recognition—an improvement of 2.29% over its predecessor (Liu et al., 2024). These innovations underline the potential of adaptive attention mechanisms in refining model sensitivity to subtle physiological and behavioral cues in silkworms.
2.3 Edge Computing and IoT Integration
The successful implementation of AI in sericulture also depends on hardware infrastructure, particularly in rural areas where silkworm farming is prevalent. Most rearing units operate under conditions of intermittent power supply and limited internet connectivity. In response to these constraints, researchers have adopted edge computing strategies that minimize data dependency and optimize real-time responsiveness.
Edge-compiled models using TensorFlow Lite or PyTorch Mobile have been successfully deployed on low-cost hardware platforms such as Raspberry Pi and ESP32 microcontrollers. These systems compute disease scores locally and transmit only critical alerts, reducing data transmission costs by approximately 85% (IoT Sericulture Applications, 2024). This architecture supports autonomous operations and ensures resilience against network disruptions, which is crucial in remote or underdeveloped areas.
IoT integration further amplifies the capabilities of AI systems in sericulture. Sensors embedded within rearing houses can continuously monitor temperature, humidity, gas concentrations (like CO₂ and NH₃), and silkworm activity. This data feeds into real-time analytics engines for predictive maintenance and early warning systems. Such digital twins of sericulture environments empower farmers with actionable insights, enhancing productivity while ensuring biosecurity.
3. Applications Across the Sericulture Value Chain
AI has become a powerful enabler of innovation across the entire sericulture value chain—from mulberry cultivation to post-cocoon processing. AI’s role spans tasks such as predictive modelling, real-time monitoring, resource optimization, disease diagnosis, and quality control. Its integration with advanced technologies like drones, remote sensing, and IoT has laid the groundwork for data-driven, climate-resilient, and economically efficient silk production systems. This section elaborates on AI-driven applications across the sericulture value chain, beginning with mulberry cultivation and management.
3.1 Mulberry Cultivation and Management
Precision Agriculture and Yield Optimization
Mulberry (Morus spp.) is the sole food source for silkworms, making its cultivation a foundational pillar of sericulture. Yield and quality fluctuations in mulberry leaves directly affect silkworm health, cocoon quality, and ultimately silk yield. AI technologies, especially machine learning (ML) models such as Random Forest (RF), Convolutional Neural Networks (CNN), and hybrid CNN-RNN (Recurrent Neural Network) architectures, have shown considerable promise in predicting mulberry biomass and optimizing cultivation inputs.
Recent developments highlight the predictive power of ML in optimizing fertilizer and irrigation schedules. Random Forest and CNN-RNN hybrid models that incorporate historical leaf yield, temperature, soil moisture, and rainfall data have achieved biomass predictions with less than 10% mean absolute percentage error (MAPE), enabling precise and timely agronomic interventions (Srikantaiah & Deeksha, 2021). However, the majority of these models still rely on offline data, and the integration of real-time IoT sensor data remains at a nascent stage. Most live dashboards for agronomic decision-making are still in prototype form, limiting the full potential of dynamic AI-guided field management.
Drone technology, when paired with AI models, is transforming field surveillance. In Bangladesh, integrating drone-captured imagery with TensorFlow-based AI systems resulted in an 18% increase in mulberry leaf yield—from 2,500 kg/ha to 2,950 kg/ha over two crop cycles. This gain demonstrates how remote sensing technologies coupled with AI can drive substantial improvements in productivity at the field level (Ahmed, 2024). These tools offer opportunities for scalable precision agriculture interventions, especially in regions with labor shortages or dispersed smallholdings.
Disease and Nutrient Stress Diagnosis
One of the most impactful applications of AI in mulberry cultivation lies in early diagnosis of plant diseases and nutrient deficiencies. Computer vision systems trained on large annotated datasets can identify early-stage symptoms of diseases like leaf rust, leaf spot, and bacterial blight based on visual features such as lesion shape, discoloration, and morphological changes. These models achieve over 95% recall even under variable lighting conditions, enabling farmers to take preventive action before major yield losses occur (Padhiary et al., 2024).
Hyperspectral imaging using unmanned aerial vehicles (UAVs) has further expanded the diagnostic toolkit. By capturing reflectance data across dozens of spectral bands, hyperspectral imaging can detect subtle physiological stress indicators—such as nitrogen deficiency and water stress—before symptoms become visible to the naked eye. These techniques, previously validated in crops like sesame and sugar beet, have shown high transferability to mulberry, with AI models accurately classifying stress levels using spectral segmentation pipelines (Padhiary et al., 2024).
In addition to vision-based systems, predictive modeling based on soil and environmental parameters is also gaining traction. Machine learning models such as Random Forest Regression outperform traditional statistical techniques like Multiple Linear Regression (MLR) and Ridge Regression in forecasting mulberry leaf yield. These models account for multiple nonlinear relationships between variables, including pH, organic matter, nitrogen levels, and soil texture, thereby allowing for better-informed cultivation strategies (Srikantaiah & Deeksha, 2021).
By enabling accurate yield forecasts, disease diagnostics, and nutrient profiling, AI empowers farmers to adopt proactive and sustainable cultivation practices. This data-driven approach not only improves resource use efficiency but also enhances resilience to climate variability, which is increasingly critical in the face of erratic rainfall patterns and soil degradation.
Moreover, mobile-based decision support systems, trained on these AI models, have the potential to deliver real-time guidance to farmers. When integrated with local language interfaces and GPS-tagged data collection, such systems could dramatically increase accessibility and adoption among smallholder sericulturists, thus democratizing the benefits of AI-driven agriculture.
In conclusion, AI technologies are playing a pivotal role in transforming mulberry cultivation—from reactive farming to predictive and precision agriculture. The convergence of machine learning, remote sensing, and IoT systems in mulberry field management is improving yield reliability, reducing losses from biotic and abiotic stress, and laying a strong foundation for the sustainability and scalability of sericulture.
3.2 Silkworm Rearing and Disease Detection
Silkworm rearing is a highly sensitive and labor-intensive process that requires precise monitoring of larval development, environmental conditions, and disease outbreaks. Artificial intelligence (AI) has emerged as a transformative tool in automating and optimizing various aspects of silkworm rearing—from instar tracking to real-time disease detection—enhancing both efficiency and productivity across the sericulture value chain.
Instar Monitoring and Segmentation
Monitoring the developmental stages (instars) of silkworms is crucial for timing interventions such as feeding, cleaning, and temperature regulation. Traditionally performed manually, instar identification is prone to human error and lacks scalability. AI-based instance segmentation models such as SOLO-v2 and Mask R-CNN have proven effective in tracking individual silkworm larvae in high-density rearing trays. These models operate at 30 frames per second (fps), achieving average precision scores exceeding 90%, making them suitable for real-time industrial deployment (Liu et al., 2024).
In resource-constrained environments, lightweight deep learning architectures offer a practical alternative. Modified U-Net variants embedded with attention mechanisms can perform instar segmentation with mean average precision (mAP) of 89%, while requiring only one-fifth the floating-point operations per second (FLOPs) compared to larger models. These designs offer a balance between accuracy and computational efficiency, especially for use in rural or decentralized rearing facilities.
The development of physiological state recognition models has further enhanced automated rearing. Upgraded YOLOv5 models, trained on motion vector data and silkworm posture changes, are capable of distinguishing between dormant and active feeding states with an accuracy of 92.2%. These models analyze changes in the coordinate positions of larval center points, enabling decision-support systems to automate feeding schedules and environmental adjustments in real time (Liu et al., 2024).
Real-time Health Monitoring
Silkworm diseases—including Grasserie, Muscardine, Flacherie, and Pebrine—can decimate entire batches if not diagnosed early. AI-enabled disease detection systems leverage high-resolution imagery and behavioral data to identify early physiological and morphological changes in infected larvae. EfficientNet-based classifiers trained on balanced datasets have achieved accuracy rates of over 98% in distinguishing between healthy and infected silkworms (Salamath et al., 2025). These models utilize not just color and texture, but also subtle morphological indicators like body swelling or lethargy to improve disease recognition, especially under varied lighting and rearing conditions.
In field settings, imbalanced data often pose challenges. However, classifiers enriched with morphological feature extraction techniques have been shown to improve F1 scores significantly, particularly when distinguishing between overlapping disease symptoms (Salamath et al., 2025). Portable near-infrared (NIR) devices have also emerged as powerful tools for pre-symptomatic detection. These devices can identify Bombyx mori nucleopolyhedrovirus (BmNPV) infections up to three days before visible symptoms manifest, providing critical time for intervention.
Advanced convolutional neural networks (CNNs), integrated with image preprocessing and classification pipelines, have further elevated diagnostic precision. Recent studies report up to 99% accuracy in automated disease identification, with capabilities to simultaneously detect multiple infections and recommend treatment protocols via embedded decision support systems (González-Briones et al., 2025).
Molecular diagnostic tools complement AI applications by enhancing sensitivity. Real-time PCR (qPCR) techniques offer a superior alternative to traditional microscopy in detecting Pebrine disease. Bagheri et al. (2022) found that while conventional microscopy detected Pebrine spores in only 68.75% of infected samples (55/80), qPCR achieved a 77.5% detection rate (62/80), with sensitivity as low as 6 pg of DNA. Such integration of molecular diagnostics with AI-driven visual recognition systems can dramatically reduce the risk of outbreak-driven crop loss.
Overall, the convergence of AI, image analysis, and molecular diagnostics offers a robust framework for intelligent silkworm rearing and disease management. These innovations reduce labor, improve accuracy, and empower sericulturists to manage health risks proactively, ensuring sustainable and scalable sericulture operations.
Table 1: Silkworm disease detection accuracy
	Study/Technique
	Disease Type
	Accuracy (%)
	Recall (%)
	Precision (%)

	EfficientNet (Silk Shield)
	Multi-disease (Pebrine, Grasserie, Muscardine, Flacherie)
	High accuracy (specific % not provided)
	-
	-

	CNN with Image Processing (JSRT)
	Multi-disease (Flacherie, Grasserie, Muscardine)
	99.0
	-
	-

	CA-YOLO v3
	Healthy vs Diseased
	95.0 (mAP)
	82.35 (healthy), 93.92 (diseased)
	95.32 (healthy), 87.90 (diseased)

	Improved YOLOv5
	Physiological State Recognition
	92.2
	3.4% improvement
	0.3% increase

	Deep Learning + THz Imaging
	Silkworm Egg Development
	98.5 (single), 99.2 (fusion)
	-
	-

	EfficientNet (IEEE 2024)
	Multi-disease
	High accuracy (specific % not provided)
	-
	-

	Real-Time PCR (Pebrine Detection)
	Pebrine (Nosema bombycis)
	77.5 (62/80 samples)
	-
	-

	Light Microscopy (Pebrine Detection)
	Pebrine (Nosema bombycis)
	68.75 (55/80 samples)
	-
	-


Source: IEEE Silk Shield Team (2024); Bagheri et al. (2022); Xiong et al. (2021)
Environmental Control and Optimization
Environmental stability is essential for optimal silkworm growth and development. Even small deviations in temperature and humidity can significantly increase larval mortality or reduce cocoon quality. AI-powered environmental management systems use sensor feedback and predictive algorithms to maintain ideal rearing conditions.
Arduino-based actuators, integrated with PID (Proportional-Integral-Derivative) control loops, maintain temperature within ±1°C and humidity within ±3% relative humidity. This tight regulation has been shown to reduce larval mortality by up to 12% in subtropical climates (Nandhini et al., 2024). In addition, deep reinforcement learning models trained to optimize HVAC actuation schedules have achieved a 15% reduction in power consumption compared to conventional control logic.
IoT-enabled systems also facilitate automated and continuous monitoring of critical variables such as temperature, humidity, air quality, CO₂, and ammonia concentrations. When anomalies are detected, these systems can autonomously trigger actions like ventilation adjustments, cooling activation, and even medication dispensing—ensuring consistent microclimatic stability throughout the rearing process (Nandhini et al., 2024).
In summary, the integration of AI and IoT in silkworm rearing has significantly enhanced disease detection, environmental control, and growth-stage monitoring. These technologies collectively improve productivity, reduce losses, and pave the way for scalable, sustainable, and smart sericulture.
3.3 IoT-Based Environmental Monitoring and Control
Maintaining precise microclimatic conditions in silkworm rearing houses is critical for ensuring healthy larval development and optimizing cocoon yield. Internet of Things (IoT)-based systems have become a cornerstone in this domain, enabling real-time environmental monitoring and automated control through a network of interconnected sensors and actuators. These systems can continuously monitor vital parameters such as temperature, humidity, CO₂ levels, ammonia concentration, and ambient light. Upon detecting any deviation from ideal rearing conditions, the system can autonomously trigger corrective actions like activating ventilation fans, adjusting heaters or humidifiers, or even administering medications via automated dispensers (Nandhini et al., 2024).
Integration of IoT with artificial intelligence (AI) has elevated the capabilities of these systems from reactive control to predictive management. AI algorithms, trained on historical and live sensor data, allow for predictive maintenance of rearing facilities—detecting patterns that indicate equipment degradation or impending environmental shifts (Nandhini et al., 2024). This not only ensures uninterrupted rearing cycles but also significantly reduces operational costs by optimizing energy consumption and minimizing equipment downtime. As climate unpredictability becomes more severe, such AI-enabled, sensor-driven systems will be indispensable for safeguarding the future of sericulture.
Table 2: IoT environmental monitoring
	System Component
	Performance Metric
	Technology Used

	Temperature Control
	±1°C accuracy
	PID Controllers + Arduino

	Humidity Control
	±3% RH accuracy
	IoT Sensors

	Automated Feeding
	Timely delivery
	Automated dispensing systems

	Environmental Sensors
	Multi-parameter sensing
	Temperature, Humidity, Gas sensors

	Real-time Monitoring
	24/7 monitoring
	IoT Dashboard/Mobile apps

	Actuator Response Time
	Immediate response
	Servo motors + microcontrollers

	Power Consumption Reduction
	15% reduction
	Deep reinforcement learning

	Larval Mortality Reduction
	12% reduction
	Optimal environmental control


Source: Nandhini et al. (2024); AI-Driven Sericulture Automation Team (2025)
3.4 Intelligent Pest Management
Pests such as the uzi fly (Exorista sorbillans), ants, and rodents are persistent threats in silkworm rearing, capable of inflicting massive losses. Traditional pest control often relies on reactive and broad-spectrum pesticide use, which may not only harm silkworms but also impact the environment and human health. AI-powered pest management systems offer a sustainable and precision-based alternative.
Deep learning models integrated with smart pest traps and high-resolution cameras can automatically detect pest presence, count individuals, and identify species. These systems use object detection and classification algorithms to differentiate between pests and non-target insects, enabling informed and targeted interventions (Pramodh & Thippesha, 2022). For instance, CNN-based classifiers have shown over 95% accuracy in distinguishing uzi flies from similar-looking insects under field lighting conditions. This facilitates timely alerts to farmers and allows for the deployment of species-specific traps or repellents.
Moreover, AI-driven systems can predict infestation trends by analyzing spatio-temporal pest activity patterns, environmental data, and historical outbreaks. These predictive capabilities help in planning strategic interventions and reduce reliance on chemical control methods. By minimizing pesticide usage, intelligent pest management not only protects silkworm health but also enhances sustainability and eco-friendliness in sericulture operations.
3.5 Automated Cocoon Quality Assessment and Grading
Cocoon quality plays a crucial role in determining the yield and quality of raw silk. Traditional grading methods are highly subjective, labour-intensive, and often inconsistent due to human error and fatigue. AI-enabled computer vision systems, integrated with advanced sensors, are now revolutionizing cocoon sorting and grading.
Computer Vision-Based Quality Control
Hybrid X-ray/visible-light systems coupled with Generalized Regression Neural Network (GRNN) regressors predict raw-silk weight per cocoon with 94.5% accuracy, significantly outperforming human graders who typically achieve 65-70% accuracy (Koppad et al., 2024). Vision-augmented terahertz detection systems identify thin-shelled and defective cocoons with 99.25% mAP while operating under 9 GFLOPs, qualifying for inline industrial throughput applications (Chen et al, 2024).
Advanced computer vision systems demonstrate exceptional performance across multiple quality parameters. Automated prototypes achieve 87.8% accuracy for oversized cocoon detection and 90% accuracy for undersized cocoons when properly positioned. Stained cocoon detection systems using fixed-threshold processing show 92.1% accuracy (7.9% error rate) for top-view cameras and 94.1% accuracy (5.9% error rate) for bottom-view cameras (Shilpa et al., 2025).
Table 3: Cocoon quality assessment
	Parameter
	Accuracy (%)
	Method

	Raw silk weight prediction
	94.5
	Hybrid X-ray/visible light + GRNN

	Cocoon gender classification
	92.0
	Weight + Image SVM

	Dead cocoon discrimination
	97.7
	Lab-color-space + lightweight CNN

	Size classification (oversized)
	87.8
	Computer vision + size thresholding

	Size classification (undersized)
	90.0 (when properly positioned)
	Computer vision + size thresholding

	Stained cocoon detection (top)
	92.1 (100-7.9 error rate)
	Fixed-threshold image processing

	Stained cocoon detection (bottom)
	94.1 (100-5.9 error rate)
	Fixed-threshold image processing

	Shape classification
	57-60
	Logistic regression + EFA coefficients


Source: Vasta et al., (2023); Joseph Raj et al. (2019); Efficient Defective Cocoon Recognition Team (2024)
Processing Speed Improvements
AI-driven grading systems not only improve accuracy but also drastically increase throughput. Compared to manual grading, automated systems offer up to 96-fold enhancements in processing speed, significantly lowering labor costs and improving scalability for commercial silk producers (Automated Cocoon Sorting, 2023).
Gender Classification and Vitality Assessment
Weight-plus-image Support Vector Machine (SVM) pipelines sort male/female cocoons with greater than 92% precision. Incorporating Lab-color-space statistics in lightweight CNNs improves dead-cocoon discrimination to 97.7% accuracy. Multi-sensor systems utilizing load sensors and digital cameras enable comprehensive cocoon characterization for gender classification and separation (Joseph et al., 2019).
The classification of fine-grained silkworm cocoon images using bilinear pooling and adaptive feature fusion has achieved notable improvements. The B-Res41-A model reaches 97.0% precision for yellow spotted cocoons, representing a 1.0% improvement over baseline models (Fine-Grained Cocoon Classification Research Group, 2024). 
3.6 Silk Processing and Reeling Optimization
Silk reeling—the process of unwinding silk filaments from cocoons—is one of the most technically challenging stages in sericulture. Filament breakage, inconsistent tension, and variable cocoon quality contribute to productivity losses and quality degradation. AI-based technologies are now reshaping this landscape through predictive modelling, real-time control, and automated quality inspection.
Machine learning models can predict optimal reeling parameters such as tension, temperature, and reel speed by analysing cocoon characteristics (size, shell ratio, moisture) and environmental conditions. These predictive systems minimize filament breakage and ensure consistent silk thread quality, ultimately improving yield and profitability.
[bookmark: _Hlk205030121]Computer-vision-guided reeling lines represent a significant leap forward in automation. These systems continuously monitor filament thickness using high-speed cameras and adapt reel tension accordingly. A study demonstrated that such adaptive control reduced breakage by 20% and improved Grade-A reel yield by 8% (Xu, 2014).
Capacitive and optical sensors further enhance raw silk evaluation, providing comprehensive indices such as cleanness, evenness, tenacity, and elongation. These sensor-derived indices correlate strongly with conventional seriplane tests, allowing for the replacement of labor-intensive quality assessments with automated inspection platforms. These technologies support industrial-scale quality assurance and help maintain export-grade silk standards.
The integration of AI in silk processing not only improves efficiency but also reduces energy and water consumption by enabling precision in reel operations. Smart systems can automatically flag defective cocoons during unwinding, sort silk grades in real-time, and assist operators with data-driven recommendations. This digitization of silk reeling makes the process more responsive, cost-effective, and aligned with sustainable production practices.
4. Performance Metrics and Case Studies
4.1 Quantified Performance Improvements
The integration of Artificial Intelligence (AI) technologies in the sericulture value chain has yielded quantifiable advancements across multiple operational domains. A particularly noteworthy outcome is the dramatic improvement in disease detection accuracy. Advanced AI-powered diagnostic tools, such as those utilizing EfficientNet and convolutional neural networks (CNNs), have achieved accuracy rates exceeding 99% for diseases like Grasserie, Muscardine, Pebrine, and Flacherie (Salamath et al., 2025). These early detection systems facilitate timely interventions, significantly reducing larval mortality and increasing overall productivity.
In the realm of mulberry cultivation, precision agriculture methods powered by machine learning have led to yield enhancements of up to 18%. This improvement is primarily driven by the use of hybrid models such as Random Forest and CNN-RNN architectures, which predict leaf biomass based on environmental variables like temperature and rainfall, enabling optimal fertilizer application schedules (Ahmed, 2024). In real-world applications, such as in pilot projects in Bangladesh, this has translated into yield increases from 2,500 kg/ha to 2,950 kg/ha over just two crop cycles.
Another area of substantial progress is cocoon processing. AI-driven systems have brought about up to 96-fold increases in cocoon grading and sorting speed when compared to manual methods. Machine vision technologies and GRNN-based models allow for rapid and accurate assessment of cocoon weight, shell quality, and vitality. This enhancement not only boosts efficiency but also ensures consistency in quality assessment (Koppad et al., 2024).
From a systems infrastructure perspective, AI-enabled edge computing has driven a dramatic 85% reduction in data transmission costs. By processing data locally through edge devices and only transmitting essential information, these systems significantly reduce bandwidth requirements and improve real-time responsiveness (Nandhini et al., 2024).
Environmental control in silkworm rearing facilities has also benefitted from AI-based predictive systems. Models such as fuzzy logic controllers and PID loops, informed by sensor data and AI algorithms, have maintained optimal temperature and humidity conditions with error margins of less than 10%. This fine-tuned control contributes to improved larval health and silk quality (Nandhini et al., 2024).
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Source: Adapted from Shilpa et al. (2025); Nandhini et al. (2024); Jambukar & Dawande (2020)
Fig 1: AI on sericulture metrics
4.2 Regional Implementation Success Stories
One of the most compelling examples of AI integration in sericulture comes from Bangladesh. In this case study, drone-based surveillance linked to TensorFlow-powered AI systems enabled precise field monitoring and real-time decision-making. The initiative led to a substantial 18% increase in mulberry leaf yield, underscoring the scalability and impact of AI in resource-constrained settings. The success story illustrates how data-driven farming models can significantly elevate productivity, resource efficiency, and profitability in developing nations with active sericulture sectors (Ahmed, 2024).
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Source: Adapted from IEEE Silk Shield Team (2024); Cho et al. (2025)
Fig. 2: AI Applications Distribution Across Sericulture Value Chain
5. Economic Impact and Performance Metrics
The economic benefits of AI implementation in sericulture are substantial and well-documented across multiple studies. Karnataka-based startup implementations have demonstrated that AI-powered sericulture systems can increase farmer earnings by up to 30% while reducing operational costs through automation and precision management (Karnataka AI Success, 2021).
Productivity improvements are particularly notable in cocoon processing operations. Automated quality assessment systems process cocoons at rates of 96 cocoons per second compared to 1 cocoon per second for manual inspection, representing a 96-fold improvement in processing speed while maintaining superior accuracy (Cost-Effective Inspection System, 2016). Labor cost reductions are significant, with automated systems reducing dependency on skilled manual labor by an estimated 50% across major operational areas.
The global impact of AI in agriculture demonstrates broader trends applicable to sericulture. AI technologies can increase crop yields by up to 70%, reduce water usage by 50%, and decrease pesticide use by 90% while maintaining productivity levels (Agricultural AI Statistics, 2024). In sericulture-specific applications, mulberry leaf yield increases of 18% have been documented with drone and AI integration, while silk reeling breakage reduction of 20% and Grade-A reel yield improvements of 8% represent substantial quality and economic gains.
Table 4: Economic productivity impact
	Impact Area
	Improvement (%)
	Technology

	Mulberry leaf yield increase (Bangladesh)
	18 (from 2500 to 2950 kg/ha)
	Drone + AI integration

	Silk reeling breakage reduction
	20
	Computer-vision controlled reeling

	Grade-A reel yield increase
	8
	Real-time filament thickness analysis

	Water usage reduction (general AI agriculture)
	30
	AI-driven precision agriculture

	Fertilizer cost reduction (general AI agriculture)
	20-30
	AI-optimized fertilizer application

	Labor cost reduction
	Significant (human replacement)
	Automated systems

	Processing speed (cocoon grading)
	96 cocoons/sec vs 1 cocoon/sec manual
	Automated cocoon quality assessment

	False alarm reduction (AI-SPC systems)
	40
	AI-enabled statistical process control


Source: Ahmed (2024); Karnataka AI Success Story (2021); Cost-Effective Inspection System Team (2016)
5.1 Price Forecasting and Supply-Chain Planning
Random-forest regressors trained on historical floor prices and macro-climate series achieve R² = 0.99 for cocoon-price prediction, enabling forward contracts that stabilize farmer income. Integrating remote-sensed leaf biomass data with larval survival projections could address remaining volatility gaps in market forecasting models.
AI-driven market analytics enable sericulturists to align production with consumer preferences and market demand. By analysing market patterns, consumer preferences, and historical sales data, AI systems can forecast demand for different silk product types, preventing overproduction or underproduction while optimizing resource allocation and profit margins (AI Market Trends Analysis, 2024).
6. Sustainability and Ethical Considerations
As Artificial Intelligence (AI) becomes increasingly embedded across the sericulture value chain, sustainability and ethical implications demand equal attention. Technological interventions must be evaluated not only for performance outcomes but also for their long-term ecological, human, and social impacts.
One key area of concern is the use of nanomaterials in silkworm nutrition. Feed additives like titanium dioxide (TiO₂) and silver nanoparticles (AgNPs) have been shown to enhance immune function and larval growth under controlled doses. However, excessive exposure to these nanomaterials can lead to oxidative stress, genotoxicity, and adverse physiological effects in silkworms (Sundaram et al., 2024). The adoption of Explainable Artificial Intelligence (XAI) techniques, such as saliency mapping and Layer-wise Relevance Propagation (LRP), enables researchers to identify which input variables contribute most significantly to toxicity predictions. This promotes a more transparent and responsible approach to implementing nanotechnology in sericulture by guiding safer dose thresholds and preventing bioaccumulation risks.
In parallel, data privacy emerges as a critical ethical concern, particularly among smallholder sericulture farmers. Many AI-based image analysis systems require large datasets of farm-level images, which can inadvertently expose identifiable information such as location, household assets, or rearing practices. To mitigate this risk, federated learning—where data remains local while models are trained collectively across decentralized devices—has been piloted in Karnataka. These initiatives allow for the training of disease detection and yield prediction models without transferring sensitive personal data, thereby protecting farmer autonomy while still ensuring the effectiveness of AI systems (Soni et al., 2025).
AI integration in sericulture also offers substantial environmental sustainability benefits. Precision agriculture technologies reduce the indiscriminate application of pesticides and fertilizers, instead enabling targeted interventions that decrease chemical load in the ecosystem. Additionally, AI-optimized irrigation and nutrient delivery systems improve resource-use efficiency by predicting crop needs based on real-time environmental and plant health data. This leads to reduced water and fertilizer wastage, contributing to the conservation of natural resources and minimizing ecological disruption.
By embedding ethical AI practices—such as transparency, privacy preservation, and environmental stewardship—into the deployment framework, sericulture can transition towards a more responsible and resilient future.
7. Challenges and Limitations
7.1 Infrastructure and Technical Barriers
The implementation of AI in sericulture faces several critical challenges:
· Data Infrastructure: Lack of comprehensive, standardized datasets for training robust AI models
· Connectivity Issues: Poor internet infrastructure in rural sericulture regions limits real-time AI applications
· Power Infrastructure: Unreliable electricity supply affects the deployment of AI-enabled systems
· Hardware Costs: High initial investment requirements for sensors, cameras, and computing equipment
7.2 Human Capital and Skill Gaps
· Technical Expertise: Limited availability of skilled personnel capable of implementing and maintaining AI systems
· Farmer Education: Need for comprehensive training programs to help traditional farmers adopt AI-driven practices
· Integration Challenges: Difficulty in integrating AI solutions with existing traditional farming practices
7.3 Scalability and Economic Viability
· Cost-Benefit Analysis: Uncertainty about long-term economic viability, particularly for small-scale farmers
· Standardization: Lack of industry standards for AI applications in sericulture
· Regulatory Framework: Absence of comprehensive regulations governing AI use in agriculture
8. Future Directions and Research Opportunities
8.1 Technological Advancement Areas
· Integrated IoT Ecosystems: Development of comprehensive sensor networks that provide real-time data across the entire sericulture value chain
· Advanced Predictive Analytics: Implementation of more sophisticated machine learning models that can predict market demands and optimize production planning
· Automated Decision Systems: Creation of expert systems that can make autonomous decisions based on multiple data inputs
8.2 Collaborative Research Initiatives
· Public-Private Partnerships: Fostering collaboration between research institutions, technology companies, and farming communities
· International Cooperation: Sharing best practices and technological solutions across sericulture-producing countries
· Interdisciplinary Research: Combining expertise from agriculture, computer science, and economics to develop holistic solutions
8.3 Sustainability and Social Impact
· Environmental Sustainability: Developing AI solutions that promote sustainable sericulture practices and reduce environmental impact
· Social Inclusion: Ensuring that AI technologies are accessible to small-scale farmers and marginalized communities
· Economic Empowerment: Using AI to create new economic opportunities and improve livelihoods in rural areas
Several critical research gaps remain in AI applications for sericulture:
Multispectral and Multimodal Fusion: Current processing pipelines remain largely siloed by sensing modality. Cross-sensor transformers and attention mechanisms could unlock earlier stress detection and more comprehensive health monitoring systems. Integration of hyperspectral imaging, thermal sensing, and traditional RGB cameras could provide more complete diagnostic capabilities.
Life-Cycle Predictive Digital Twins: Comprehensive digital twins of rearing houses integrating computational fluid dynamics (CFD), sensor arrays, and reinforcement learning remain at proof-of-concept stage. Operational implementations require substantial computational resources and robust modeling frameworks that current edge computing solutions cannot fully support.
Economic Impact Evaluations: Longitudinal randomized controlled trials quantifying AI return on investment across gendered labor divisions and diverse farm scales are scarce. Such studies would guide policy development and investment decisions for sericulture modernization programs.
Open Benchmarks and Standardization: Unified sericulture machine learning benchmarks analogous to PlantVillage for general agriculture are overdue. Fragmented datasets across leaf, larva, and cocoon applications hinder comparative research and reproducible results across different geographic regions and cultivation practices.
Scalability and Accessibility: Current AI solutions often require significant technical expertise and computational resources that may not be accessible to smallholder farmers. Research into simplified, low-cost implementations and user-friendly interfaces is essential for widespread adoption.
9. Conclusions
This comprehensive review highlights the transformative potential of Artificial Intelligence in modernizing sericulture across all critical stages of production. The integration of AI technologies has shown substantial improvements in disease detection accuracy, yield optimization, cocoon grading, and silk processing efficiency. Practical implementations, such as edge-computing-based environmental control and drone-assisted leaf yield prediction, demonstrate measurable benefits—both economically and operationally. AI-enabled systems also support sustainable agriculture by reducing chemical input, conserving resources, and enabling real-time adaptive management. Despite its promise, the deployment of AI in sericulture is not without challenges. Infrastructure gaps, skill shortages, economic scalability, and ethical considerations—such as data privacy and nanomaterial toxicity—must be addressed through policy support, interdisciplinary research, and inclusive design. Federated learning, Explainable AI, and low-cost hardware solutions offer promising pathways to democratize access and ensure equitable benefits for smallholder farmers. Future directions call for the development of standardized datasets, predictive digital twins, and collaborative global research to enhance AI’s impact. Ultimately, the successful integration of AI in sericulture can revolutionize the industry by boosting resilience, enhancing productivity, and contributing to socio-economic development in rural communities.
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