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Abstract

Shrimp farming is a rapidly expanding component of global aquaculture, contributing
significantly to food security, rural livelihoods, and export earnings. However, the sector faces
persistent challenges, including water quality fluctuations, disease outbreaks, feed inefficiency,
environmental degradation, and market volatility. This study examines the transformative role
of Artificial Intelligence (Al) in enhancing productivity, profitability, and sustainability in
shrimp farming systems. Al-driven technologies such as machine learning, loT-based sensors,
computer vision, and predictive analytics enable real-time monitoring of water parameters,
optimized feeding strategies, early disease detection, biomass estimation, and automated farm
management. Comparative analysis indicates substantial improvements in production growth
and feed conversion efficiency under Al-integrated systems. Furthermore, Al supports climate-
resilient aquaculture through adaptive management and resource optimization. Despite its
potential, adoption remains constrained by high investment costs, limited technical expertise,
and infrastructural gaps. Overall, Al-based shrimp farming represents a significant shift toward
precision and sustainable aquaculture development.

Keywords: Artificial Intelligence; Shrimp Farming; Precision Aquaculture; Feed Conversion
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1. Introduction
Aquaculture has emerged as the fastest-growing food production sector globally. Within
aquaculture, shrimp farming occupies a dominant position due to its high commercial value
and global trade significance. Countries such as India, Vietnam, Thailand, Indonesia, Ecuador,
and China have developed shrimp aquaculture as a major export-oriented industry.
However, shrimp farming is inherently risky and environmentally sensitive. Production
depends heavily on:
o Water quality stability
e Disease control
o Feed efficiency
e Climatic conditions
o Market price fluctuations
Traditional shrimp farming relies largely on farmer experience, periodic manual monitoring,
and reactive management practices. Such approaches are increasingly inadequate in the face
of:
e Climate variability
o Intensified disease outbreaks
¢ Rising production costs
« Environmental regulations
Artificial Intelligence (Al) introduces a transformative approach by integrating real-time data
collection, machine learning algorithms, predictive modeling, and automation systems into
aquaculture management. Al converts shrimp ponds into data-driven ecosystems where
decisions are based on analytics rather than intuition alone.
This study explores how Al is redefining shrimp farming by improving efficiency, reducing
risk, and enhancing sustainability.
2. Theoretical Framework
The application of Al in shrimp farming can be understood through the lens of:
2.1 Precision Agriculture Theory
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o Site-specific management
o Data-driven input optimization
e Resource efficiency
Al in shrimp farming applies similar principles by optimizing:
o Feed input
e Oxygen supply
o Stocking density
o Water exchange
2.2 Systems Theory
Shrimp ponds function as dynamic biological systems influenced by multiple interacting
variables:
o Temperature
e Dissolved oxygen
o pH
e Salinity
o Feed input
o Biomass
Al acts as a systems integrator, analyzing interactions and predicting outcomes.
2.3 Innovation Diffusion Theory
Adoption of Al technologies depends on:
o Perceived benefits
e Cost of implementation
o Complexity
o Observability
o Compatibility with existing systems
This framework explains variation in Al adoption among shrimp farmers.
3. Literature Review
Recent scholarly research highlights the increasing integration of Al in aquaculture systems.
Studies show that:
o loT-enabled sensors significantly improve water quality monitoring accuracy.
e Machine learning models predict oxygen depletion events before they occur.
o Computer vision enhances biomass estimation and feeding precision.
o Automated feeders reduce feed wastage by 15-30%.
o Al-based disease prediction reduces mortality rates in intensive systems.
Researchers argue that Al adoption enhances:
e Operational efficiency
e Profit margins
o Environmental sustainability
However, empirical studies also emphasize barriers including:
o High technological cost
o Lack of training
o Limited rural internet infrastructure
o Data standardization issues
Thus, while Al promises substantial gains, implementation remains uneven across regions.
4. Research Objectives
The primary objectives of this study are:
1. To examine the role of Al in enhancing shrimp farm productivity.
2. To analyze improvements in Feed Conversion Ratio (FCR) under Al systems.
3. To evaluate economic and environmental implications.
4. To identifirchallenges in Al adoption.
L o]

VOLUME-25, ISSUE-SE injesm2014@gmail.com 378



mailto:iajesm2014@gmail.com

. c e e JSSIN: 2393-8048
International Advance Journal of Engineering, Science and Management (IAJESM)

Mutidisciplinary, Multilingual, Indexed, Double Bind, Open Access, Peer-Reviewed, Refereed-International Journal.
SJIF Impact Factor = 8.35, January-June 2026, Published on 28" February 2026

5. To propose policy measures for sustainable implementation.
5. Methodology
This study uses a combination of:
Secondary literature review
Simulated comparative production data
e Trend analysis
o Ratio analysis
5.1 Data Structure
A five-year dataset (2019-2023) compares:
e Production (tons)
o Feed Conversion Ratio (FCR)
Between:
o Traditional system (without AI)
o Al-integrated system
6. Data Presentation
Table 1: Comparative Production Performance

‘YearHProduction Without Al (tons)HProduction With Al (tons)‘
2019 120 [ 120 |
2020]| 125 [ 135 |
2021]| 130 [ 150 |
2022 128 [ 170 |
2023 132 [ 195 |

Interpretation:
Production under Al increased by 62.5% over five years, while traditional systems showed only
marginal growth (10%).

Table 2: Feed Conversion Ratio (FCR)

| Year [FCR Without AI|FCR With Al
2019 180 || 180 |
2020]| 185 || 160 |
2021]| 190 || 150 |
2022 1.88 | 140 |
2023, 190 | 135 |

Interpretation:

Lower FCR under Al indicates:

o Efficient feed utilization

e Reduced wastage

e Lower production cost

7. Detailed Applications of Al in Shrimp Farming
7.1 Al-Based Water Quality Monitoring
Water quality parameters such as:

e Dissolved oxygen

o Temperature

L] pH

o Salinity

e Ammonia
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Machine learning models detect patterns and:
e Predict oxygen crash events

o Identify toxic ammonia build-up

o Trigger automated aeration

Impact:

e Reduced mortality

o Stable growth

o Improved survival rate

7.2 Smart Feeding Systems

Al-powered cameras observe:

e Shrimp movement

o Surface activity

o Feeding response

Algorithms determine:

e Appetite levels

e Optimal feed quantity

o Feeding frequency

Benefits:

e Improved FCR

e Reduced feed cost

o Lower water pollution

7.3 Disease Prediction and Prevention
Al models analyze:

o Environmental stress factors

o Historical disease outbreaks

o Behavioral abnormalities

Early warning systems reduce:

e White Spot Syndrome impact

o Early Mortality Syndrome losses

7.4 Biomass Estimation

Computer vision systems:

o Estimate shrimp size distribution

e Predict total biomass

e Reduce need for manual sampling
This improves harvest planning accuracy.
7.5 Automation and Robotics
Al-controlled systems manage:

e Aeration

o Water exchange

e Pond cleaning

Drones assist in:

o Infrastructure inspection

e Pond mapping

8. Economic Analysis

Feed cost constitutes nearly 60% of total cost.
Reduction in FCR from 1.90 to 1.35 represents:
e ~29% improvement in feed efficiency
o Significant cost savings

Increased production combined with improved FCR results in:

VOLUME-25, ISSUE-SE iajesm2014@gmail.com 380



mailto:iajesm2014@gmail.com

. c e e JSSIN: 2393-8048
International Advance Journal of Engineering, Science and Management (IAJESM)

Mutidisciplinary, Multilingual, Indexed, Double Blind, Open Access, Peer-Reviewed, Refereed-Intemational Journal.
SJIF Impact Factor = 8.35, January-June 2026, Published on 28" February 2026

e Better return on investment

9. Environmental Sustainability and Ecological Implications

Shrimp farming has often been criticized for its environmental impact, particularly in intensive
systems. Major ecological concerns include:

o Nutrient accumulation in pond sediments

e Water pollution from uneaten feed

e Antibiotic overuse

 Salinity intrusion

e Mangrove ecosystem degradation

Artificial Intelligence offers solutions that significantly reduce environmental pressure.

9.1 Reduction in Feed Waste

Al-based smart feeding systems optimize feed dispensing by analyzing shrimp appetite and
movement patterns. Since feed represents the primary source of nitrogen and phosphorus
loading in ponds, minimizing overfeeding reduces:

e Organic waste accumulation

o Algal blooms

e Ammonia toxicity

Lower Feed Conversion Ratio (FCR) directly correlates with reduced environmental discharge.
9.2 Precision Water Management

Al-driven water quality monitoring prevents sudden oxygen depletion and ammonia spikes.
This reduces the need for emergency water exchange, conserving water resources and limiting
effluent discharge into natural water bodies.

9.3 Reduced Chemical Dependency

Predictive disease analytics minimize reliance on antibiotics and chemical treatments. Early
detection allows for preventive measures such as:

e Water quality correction

e Probiotic application

o Stock density adjustment

This supports environmentally responsible aquaculture.

10. Climate Resilience and Risk Mitigation

Climate change introduces new risks into shrimp farming:

e Temperature fluctuations

o Extreme rainfall events

 Salinity shifts

e Cyclone-related infrastructure damage

Al contributes to climate resilience through predictive analytics.

10.1 Weather-Integrated Predictive Systems

Al models integrate:

o Historical climate data

o Real-time weather forecasts

e Pond environmental conditions

This allows farmers to anticipate stress events and adjust management strategies accordingly.
10.2 Adaptive Management

Al systems dynamically modify:

o Aeration schedules

o Feeding intensity

o Water exchange frequency

Such adaptive management improves survival rates under climate stress.

11. Statistical Growth Analysis

e Al impact, Compound Annual Growth Rate (CAGR) is calculated.
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CAGR Formula:
1

Ending Value )ﬁ
Beginning Value

CAGR = (

Where:

e Ending Value = 195 tons

o Beginning Value = 120 tons

e n=4years

Estimated CAGR (With Al):

CAGR = 12.9% annually

Without Al:

From 120 to 132 tons

CAGR = 2.4% annually

Interpretation:

Al-integrated systems show over five times higher annual growth rate compared to
traditional systems.

12. Socio-Economic Implications

Al adoption in shrimp farming influences rural economies in multiple ways.
12.1 Income Enhancement

Higher productivity and improved feed efficiency increase farm income. This contributes to:
e Rural employment

e Poverty reduction

o Increased export revenue

12.2 Skill Transformation

Al integration shifts labor demand from manual tasks to technical management roles, requiring:
o Digital literacy

e Technical training

o Data interpretation skills

This encourages modernization of rural skill ecosystems.
12.3 Market Competitiveness

Export markets increasingly demand:

o Traceability

 Sustainability certification

e Quality assurance

Al systems improve record-keeping and compliance.

13. Challenges in AI Adoption (Deep Analysis)
Despite benefits, adoption remains limited.

13.1 Financial Barriers

Initial investment includes:

e Sensors

o Data platforms

e Automation equipment

e Maintenance costs

Small-scale farmers may find these unaffordable.

13.2 Technical Complexity

Al systems require:

o Data management

e Algorithm calibration

e Technical troubleshooting
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13.3 Infrastructure Limitations

Reliable:

o Internet connectivity

o Electricity supply

e Cloud storage access

are prerequisites for Al systems.

13.4 Data Privacy and Ownership

Questions arise regarding:

e Who owns farm data?

e How is data shared?

o How secure are digital platforms?

Clear regulatory frameworks are needed.

14. Policy Framework for Al Integration

To promote Al adoption, governments and institutions must:
14.1 Financial Incentives

o Subsidies for smart sensors

e Low-interest loans

o Tax incentives

14.2 Capacity Building

o Digital literacy training programs

o Extension services for smart aquaculture

o University—industry collaboration

14.3 Infrastructure Development

o Rural broadband expansion

o Renewable energy integration

e Smart aquaculture zones

14.4 Public-Private Partnerships

Encouraging collaboration between:

e Technology firms

e Aquaculture companies

o Research institutions

15. Implementation Model for AI-Based Shrimp Farming
A phased implementation approach is recommended:
Phase 1: Basic Digital Monitoring

o Install water quality sensors

o Establish data recording system

Phase 2: Feeding Automation

o Introduce Al-based feeding mechanisms

Phase 3: Predictive Analytics

o Deploy disease prediction models

o Implement growth forecasting systems

Phase 4: Full Automation and Market Integration
o Integrate market intelligence tools

e Adopt blockchain for traceability

16. Future Technological Roadmap

Emerging technologies that may further enhance shrimp farming include:
o Blockchain for supply chain transparency

e Al-powered bio-sensors for pathogen detection
o Satellite-based pond monitoring

o Digi ins of aquaculture systems
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e Autonomous robotic feeders

Integration of these technologies will accelerate transformation toward smart aquaculture
ecosystems.

17. Conclusion

Artificial Intelligence represents a transformative force in shrimp farming, shifting
management practices from reactive to predictive and from manual to automated systems.
Comparative analysis demonstrates substantial improvements in production growth and feed
efficiency under Al-based systems. Environmental sustainability, climate resilience, and
economic profitability are significantly enhanced through precision monitoring, predictive
disease detection, and smart feeding mechanisms.

However, technological benefits must be balanced with equitable access. Without inclusive
policies, Al adoption may widen the gap between large commercial farms and small-scale
farmers. Therefore, strategic policy interventions, financial support mechanisms, infrastructure
development, and capacity-building programs are essential to ensure inclusive digital
transformation.

Al-driven shrimp farming aligns with global sustainable development goals by promoting food
security, economic growth, environmental sustainability, and climate adaptation. As digital
technologies continue to evolve, Al will play an increasingly central role in shaping the future
of precision aquaculture.
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