


Smart Irrigation in Banana Cultivation: A Comprehensive Review of IoT, Machine Learning, and Deep Learning Applications

Abstract
Traditional irrigation practices in banana cultivation often result in inefficient water use, reduced productivity and higher environmental costs. With increasing challenges posed by climate variability and resource scarcity, smart irrigation technologies have emerged as a sustainable solution. This review article synthesises current research on the integration of Internet of Things (IoT), Machine Learning (ML) and Deep Learning (DL) in banana irrigation management. IoT sensors, including soil moisture, temperature, humidity and flow meters, enable real-time data collection and precise water delivery systems. ML algorithms such as regression models, random forests and Support Vector Machines (SVMs) support predictive irrigation scheduling and water requirement forecasting. DL techniques, particularly Convolutional Neural Networks (CNNs), are increasingly applied in image-based monitoring for detecting water stress and disease, integrated with drones and satellite imagery. IoT–ML–DL frameworks, supported by cloud computing and mobile applications, that create automated, data-driven irrigation architectures. Reported benefits include improved water-use efficiency, enhanced banana yield and fruit quality, reduced input costs, environmental conservation and labour savings. Nonetheless, challenges remain in cost, scalability, connectivity in remote regions, data quality and farmer training. Future research and development should focus on affordable sensor networks, AI-driven predictive tools and capacity building to ensure widespread adoption. 
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1. Introduction
Banana (Musa spp.), a monoecious, monocotyledonous, monocarpic, mesophytic, perennial herb of the family Musaceae, is the fourth most important staple crop worldwide, ensuring food and nutritional security for nearly 400 million people in producing countries [1]. It is an important fruit crop with high nutritional value and are widely consumed worldwide. It has a rich source of carbohydrates, vitamins (particularly vitamin B), potassium, phosphorus, calcium, and magnesium. Bananas are easy to digest, free from fat and cholesterol, and provide various health benefits such as reducing the risk of cardiovascular diseases and cancer, acting as antioxidants, and having antimicrobial and anti-inflammatory properties [41,75]. India is the world’s largest producer, contributing about 35.38 million metric tonnes from 0.94 million hectares in 2023. Despite this, India’s share in global banana export is only 0.6%, as most production caters to the domestic market [2]. With its 27% contribution to global output [3], banana cultivation plays a central role in Indian agriculture, but the productivity and sustainability of banana is increasingly threatened by climate change, erratic rainfall, water scarcity and biotic stresses.
Banana is highly sensitive to water availability, and insufficient irrigation during critical growth stages results in reduced yield, poor fruit quality and nutritional imbalances [4]. Traditionally, irrigation methods such as surface, sprinkler and hose-end irrigation were practised [5], but these often led to inefficient water use. Studies comparing conventional irrigation and drip irrigation have shown that drip technology ensures judicious use of water, enhances yield and supports sustainable large-scale production [3,6]. However, climate-induced precipitation variability, including prolonged dry spells and high-intensity rainfall, further necessitates precision-based water management strategies [7].
Globally, water and natural resource use efficiency remain a pressing concern. While G20 developed nations demonstrate higher natural resource use efficiency (0.9528) compared to developing nations (0.506), technology adoption remains a key determinant [8]. In banana cultivation, water is a critical input, and its optimisation is essential for both sustainability and profitability. Precision irrigation, leveraging technological innovations, has emerged as a vital adaptation strategy to combat the challenges of climate change, drought stress and resource inefficiency [9].
Recent advances in Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML) and Deep Learning (DL) are transforming irrigation practices in horticultural crops, including banana. IoT-enabled soil moisture sensors, climate monitoring systems and automated drip irrigation technologies have demonstrated significant potential in optimising water use while improving yield and quality [8,10]. For instance, sensor-based automatic drip irrigation achieved 15% higher yields with 20% water savings, leading to 40% higher water productivity [9]. Similarly, AI and ML algorithms, including reinforcement learning, have been applied for irrigation scheduling and decision-making to minimise water wastage and energy use [11, 12].
[bookmark: _GoBack]Smart farming and precision agriculture have emerged as transformative paradigms in modern agricultural practices, leveraging technological innovations to enhance productivity, sustainability, and efficiency in food production [76,77]. Precision farming, which integrates spatial and temporal crop data with advanced technologies, relies heavily on three pillars: information, technology and management. Crop-specific real-time data on soil, climate and plant status are crucial for efficient production systems [13]. The integration of AI-driven predictive models and IoT-based monitoring systems not only enhances water-use efficiency but also ensures timely irrigation decisions, enabling resilience against climatic unpredictability [14]. Moreover, sustainable AI-based agricultural solutions are increasingly being recognised as pathways to smart farming transitions [14, 15].
In this context, smart irrigation practices in banana cultivation represent a critical research frontier. By combining IoT, ML and DL technologies, these systems enable adaptive, resource-efficient and climate-smart solutions to secure sustainable banana production. This review aims to synthesise recent advances, evaluate the efficacy of precision irrigation approaches and highlight the role of emerging technologies in shaping the future of banana cultivation.
2. Components of Smart Agriculture
Smart agriculture is defined as the application of modern digital technologies such as the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML), Deep Learning (DL), cloud computing and advanced sensing systems to agricultural practices in order to enhance productivity, optimise resource use and achieve desired production [14, 16]. It goes beyond traditional precision farming by integrating real-time monitoring, data analytics and automation into farming systems, thereby enabling adaptive decision-making under dynamic climatic and biophysical conditions [13, 17].
In the context of banana cultivation, smart agriculture plays a crucial role since bananas are highly sensitive to water stress [1]. Efficient irrigation and fertigation, guided by IoT-enabled soil and climate sensors, AI-driven irrigation scheduling and ML/DL-based predictive analytics, can significantly improve water-use efficiency, yield and profitability [8, 18, 11].
The key components of smart agriculture can be grouped into the following domains:
2.1.1. Sensing and Data Acquisition
IoT-enabled sensors for monitoring soil moisture, water potential, nutrient levels, temperature, humidity and plant health [8, 10]; remote sensing technologies including UAVs, drones and satellites for spatial crop monitoring, disease detection and plant counting [19, 20, 21]; novel sensing devices such as tensiometers and capacitance probes for precise irrigation triggers [22].
2.1.2. Data Transmission and Connectivity
Low-power wireless communication systems like ZigBee, LoRaWAN, Bluetooth and 5G for transmitting real-time field data [16]; cloud-based and edge-computing frameworks that facilitate seamless data storage, sharing and access across stakeholders [17,23].
2.1.3. Data Processing and Analytics
Machine Learning and Deep Learning algorithms are used to analyse spatial-temporal data, forecast irrigation demand and optimise fertigation [11,12, 24]; predictive models for disease detection, stress monitoring and banana yield estimation [25, 26]; AI-enhanced decision support systems (DSS) that integrate weather, soil and crop data for irrigation planning [14, 27]. 
2.1.4. Automation and Control Systems
Automated drip and micro-irrigation systems linked to soil moisture sensors and AI-based irrigation algorithms [18, 3]; integration of reinforcement learning for adaptive irrigation scheduling that reduces water and energy wastage [11]; smart fertigation units and variable-rate irrigation technologies that adjust inputs based on real-time crop needs [18].
2.1.5. User Interfaces and Decision Support Tools
Mobile applications, dashboards and IoT platforms enabling farmers to access real-time data, alerts and irrigation recommendations [27, 13]; visualisation tools that integrate historical crop records with real-time monitoring for improved farm management.
3. Sustainability and Climate-Smart Layer
Climate-smart practices integrating AI-IoT solutions for water conservation, energy savings and resilience against extreme weather [7,14]; enhanced resource-use efficiency, with studies reporting up to 20% water savings and 15% higher yields in banana under IoT-enabled drip irrigation systems [9,18]; contribution to reduced environmental footprint by minimising nutrient leaching, runoff and over-irrigation [3, 6].
4. Role of Digital Technologies in Precision Agriculture
The rapid advancement of digital technologies has transformed the way agriculture is practised worldwide, shifting from conventional input-intensive farming toward precision agriculture. Precision agriculture emphasises site-specific management, where crop inputs such as water, fertilizers and pesticides are applied in the right amount, at the right time and in the right place. This approach is particularly critical for banana cultivation, given its high sensitivity to water stress and climate variability [1, 7].
Digital technologies provide the foundation for this transition, enabling data-driven decision-making that improves crop productivity, resource-use efficiency and sustainability. The major roles of digital technologies in precision agriculture include:
4.1 Internet of Things (IoT) for Real-Time Monitoring
IoT-enabled soil moisture sensors, climate sensors and smart irrigation devices enable continuous monitoring of field conditions and crop water requirements [8, 10]. In banana, IoT systems integrated with drip irrigation have demonstrated significant water savings and yield gains by delivering irrigation based on actual soil and crop needs [18]. Artificial Intelligence (AI) and Machine Learning (ML) are used for decision support.
AI and ML algorithms analyse large datasets from soil, weather and crop sensors to predict irrigation demand and optimise water scheduling [12, 11]. Reinforcement learning approaches have been successfully tested for irrigation scheduling in banana, ensuring efficient water and energy use while minimising wastage [11]. Predictive analytics also support early detection of plant stress, pests and diseases, reducing risks of yield loss [25, 27].
4.2 Deep Learning (DL) and Computer Vision for Crop Monitoring
DL models combined with UAV or satellite imagery enable accurate detection of banana plants, bunches and diseases [20,26, 21]. Vision-based models support tasks such as disease surveillance and health monitoring, thereby guiding irrigation and fertigation to optimise plant growth [19]. 
4.3 Automation and Smart Irrigation Systems
Automated drip irrigation and fertigation systems linked to IoT sensors ensure precise water and nutrient delivery [3, 6]. AI-integrated variable-rate irrigation systems allow for zone-specific management, aligning irrigation practices with spatial heterogeneity in banana fields [18].
4.4 Data Integration and Farm Management Platforms
Cloud computing and digital dashboards provide farmers with real-time data visualisation, decision support and alerts on irrigation schedules [28, 23]. Integration of historical crop records with real-time data enhances predictive capacity, improving long-term farm planning [13].
4.5 Sustainability and Climate Resilience
Digital technologies support climate-smart agriculture by reducing water and energy wastage, increasing water productivity and enhancing resilience to erratic rainfall [9,14].Studies report up to 20% water savings and 15% yield improvement in banana under IoT-enabled drip systems, proving the importance of digital technologies in achieving sustainable intensification [18, 9].
5 Integration of IoT, ML and DL in Farming
The convergence of Internet of Things (IoT), Machine Learning (ML) and Deep Learning (DL) technologies is revolutionising modern farming systems by enabling real-time sensing, predictive analytics and autonomous decision-making [16,23]. In smart irrigation, IoT devices such as soil moisture sensors, weather stations and remote sensing platforms continuously collect data on soil, crop and environmental conditions [10,8,14]. This data is processed using ML algorithms to predict irrigation needs, optimise water scheduling and detect anomalies such as water stress or nutrient imbalances [12]. DL models, particularly those using computer vision, further enhance precision by analysing images from UAVs, satellites, or field cameras to identify crop health, disease symptoms and growth stages [20, 19, 25, 21].
The integration of these technologies creates a closed-loop system where IoT provides data, ML generates predictive insights, and DL enhances decision accuracy, ultimately driving automated irrigation systems that minimise water use while maximising yield and quality [11,18].For banana cultivation, which is highly sensitive to water stress, such an integrated framework ensures timely and efficient irrigation, leading to improved water productivity, climate resilience and sustainable intensification [1,3,13].
6 IoT in Banana Irrigation: Types of Sensors Used
The deployment of IoT-enabled sensors in banana irrigation has transformed traditional water management into a data-driven and responsive process. These sensors monitor soil, plant and environmental parameters, enabling precise irrigation scheduling that aligns with crop water requirements. The following sections describe the major sensor types used in banana cultivation.
6.5  Soil Moisture Sensors
Soil moisture sensors are the most widely applied IoT tools in precision irrigation. They measure volumetric water content or soil water potential in the root zone, allowing farmers to apply irrigation only when the crop requires it. Technologies include tensiometers, dielectric sensors and capacitance probes, each offering varying levels of accuracy and cost efficiency [22, 10]. In banana fields, where root depth and high transpiration demand make water management critical, soil moisture sensors help prevent both water stress and over-irrigation [8,18]. Integration with IoT gateways enables continuous remote monitoring and automated irrigation activation, significantly improving water-use efficiency.
6.6 Temperature Sensors
Temperature sensors capture variations in soil and air temperature, which strongly influence banana physiology, including root activity and transpiration. Soil temperature directly impacts nutrient uptake and microbial processes, while air temperature affects evapotranspiration and irrigation demand [14, 13]. Embedding these sensors within IoT frameworks allows dynamic adjustment of irrigation frequency, particularly under tropical and semi-arid conditions where bananas are widely cultivated.
6.7 Humidity Sensors
Relative humidity sensors play a complementary role by monitoring atmospheric moisture levels, which regulate stomatal activity and transpiration rates. Bananas are particularly sensitive to fluctuations in humidity, as high vapour pressure deficits can accelerate water loss and cause leaf stress [1,23]. IoT-enabled humidity sensors provide real-time climatic data that, when coupled with ML algorithms, can fine-tune irrigation schedules to match actual atmospheric demand.
6.8  Flow Meters
Flow meters are integrated into drip and sprinkler systems to measure the volume and rate of water applied to banana plants. This ensures uniform distribution and detection of leakages or blockages in the irrigation network [29, 6]. IoT-enabled flow meters transmit continuous water delivery data to cloud platforms, allowing comparison of applied versus required volumes. In banana cultivation, this prevents both under-irrigation, which reduces bunch size and over-irrigation, which promotes nutrient leaching and root diseases.
6.9 Weather Station Sensors
IoT-based weather stations incorporate multiple sensors—measuring rainfall, solar radiation, wind speed and barometric pressure—that provide crucial environmental inputs for irrigation modelling [7,16]. For banana production systems, these parameters improve the accuracy of evapotranspiration-based irrigation scheduling and support predictive analytics when integrated with ML and DL models. By linking soil and weather data, farmers can implement adaptive irrigation strategies under climate variability.
6.10  Integrated Sensor Networks
The true potential of IoT in banana irrigation lies in the integration of multiple sensor types. For example, combining soil moisture sensors with weather station data and flow meters creates a closed-loop irrigation system that autonomously schedules and delivers water [11, 18]. Such systems not only enhance yield and water productivity but also reduce production costs, contributing to climate-smart banana cultivation. The comparative features of IoT – enabled drip and sprinkler irrigation systems in banana farming are given in Table 1.
Table:1 Comparative Features of IoT-Enabled Drip and Sprinkler Irrigation Systems in Banana Cultivation
	Sl. No.
	Feature
	IoT-Enabled Drip Irrigation
	IoT-Enabled Sprinkler Irrigation

	1
	Water-use efficiency
	Saves 20–40% water compared to the conventional method and has high root-zone efficiency
	Moderate, 10–20% savings but higher evaporation/drift losses[9, 10, 18]

	2
	Fertigation potential
	Highly compatible and the possibility of precise nutrient application 
	Limited fertigation efficiency and nutrients are less evenly distributed[1, 3]

	3
	Yield response in banana
	10–20% higher yields, better fruit size and quality
	Moderate improvements, mostly vegetative growth support[18, 8]

	4
	Energy requirement
	Low energy demand due to low pressure in the drip lines
	Higher energy consumption for pump pressure in sprinklers[6, 29]

	5
	Climate adaptability
	Performs well in drought-prone and semi-arid zones
	Suitable for humid regions but less effective in windy/dry climates[7, 14]

	6
	IoT sensor integration
	Soil moisture, flow meters, and pressure sensors are commonly used
	Weather stations (temp, humidity, rainfall, wind) more dominant [10, 23].

	7
	Automation capability
	Advanced scheduling using ML/DL-based predictive irrigation
	Climate-driven scheduling, often integrated with weather forecasts[12, 16]

	8
	Water productivity
	Up to 40% increase in water productivity
	15–20% increase in water productivity[18, 3]

	9
	Fruit quality
	Uniform fruit size, higher TSS and sugar content
	Limited impact on fruit quality[13, 30]

	10
	Suitability for soil type
	Best for clay loam and sandy loam soils
	Better for sandy soils and irregular terrains[5, 1]

	11
	System lifespan
	Drip laterals last 3–5 years with maintenance
	Sprinklers 7–10 years but with wear-and-tear in nozzles[6]

	12
	Cost of installation
	High initial investment and requires maintenance
	Moderate cost and easier initial setup[3]

	13
	Maintenance issues
	Clogging of emitters due to salts/algae
	Corrosion or nozzle damage common[8, 9]

	14
	Socio-economic adoption
	Lower adoption in smallholder farms due to cost
	More widely adopted where subsidies exist[6,1]

	15
	Water distribution uniformity
	High (90–95%)
	Moderate (70–80%) depending on wind conditions[5, 10]

	16
	Integration with fertigation tanks
	Easy, fertigation units widely available
	Requires special mixing and less efficient[18,1]

	17
	Impact on root health
	Promotes deeper root systems due to localized water
	Shallow rooting due to surface-level water spread[18, 13].

	18
	Disease risk
	Lower foliar disease incidence as leaves remains dry
	Higher leaf wetting  leads to fungal disease risk[14, 24]

	19
	Labor requirement
	Minimal, IoT automation reduces manual work
	Moderate, requires regular monitoring for nozzle performance[16, 12].

	20
	Integration with AI/ML
	Used with ML for predictive irrigation scheduling
	Used with RL for climate-based decision systems[11]

	21
	Nutrient-use efficiency
	Increases NUE by 20–30%
	Limited improvement in NUE[18, 13].

	22
	Carbon footprint
	Lower due to efficient energy and fertilizer use
	Higher due to pumping energy and losses[14, 16]

	23
	Scalability
	Widely scalable for commercial banana plantations
	Small to medium scale adoption more feasible[1, 7]

	24
	Policy and subsidy support
	Subsidized under Indian schemes for horticulture
	Subsidized under water-saving schemes but less targeted[6, 3]

	25
	Resilience under climate change
	High resilience; adaptive to drought, heat and erratic rainfall
	Moderate resilience; more vulnerable to high evaporation[7, 23]


7 Real-Time Data Acquisition and Control in IoT for Banana Irrigation
Real-time data acquisition and control is a core feature of IoT-enabled banana irrigation systems, allowing for precise, adaptive management of water resources [10, 8]. IoT sensors continuously monitor soil moisture, temperature, humidity and water flow, transmitting data to cloud-based platforms where analytics algorithms process the information for decision-making [18,23]. This real-time monitoring enables dynamic adjustment of irrigation schedules, ensuring that water is supplied according to the plant’s immediate needs, reducing wastage and improving crop yield [11, 12]. Integration with machine learning and deep learning algorithms allows predictive irrigation management by analysing historical and current data to forecast water requirements under variable climatic conditions [31, 14]. Additionally, real-time control mechanisms can automatically activate or deactivate drip and sprinkler systems based on threshold soil moisture levels, flow rates or environmental triggers, minimising labour and operational errors [1, 16]. This approach not only enhances water-use efficiency and fruit quality in bananas but also promotes sustainable and climate-resilient farming practices, which are critical in regions facing erratic rainfall and increasing drought events [18, 6]
8 Applications of IoT in Banana Irrigation
Several studies have demonstrated the practical applications of IoT in enhancing banana irrigation efficiency and productivity. For instance, a soil moisture sensor-based IoT system was implemented in India’s Grand Nain banana plantations, which enabled automated drip irrigation based on real-time soil moisture levels, resulting in improved water-use efficiency and yield [8].   Similarly, [18] evaluated variable rate irrigation and fertigation using IoT-enabled systems, demonstrating a 15% increase in fruit yield along with 20% water savings compared to conventional irrigation. In a different approach, [11] applied reinforcement learning algorithms integrated with IoT sensors to schedule irrigation dynamically, optimising water supply in response to changing soil and environmental conditions. A case was reported [23] where IoT-enabled drip systems, combined with climate sensors, automatically adjusted irrigation schedules in banana farms in Spain, reducing water wastage during periods of unexpected rainfall. Furthermore, a low-cost IoT and machine learning-based irrigation planning system was developed [12] which provided small-scale banana growers with real-time irrigation recommendations, improving productivity while minimizing input costs. These applications highlight how IoT facilitates precision irrigation, automated control and data-driven decision-making, ensuring sustainable water management and resilience against climatic variability in banana cultivation [16,14].
9. Role of Machine Learning
9.1. Machine Learning for Predictive Irrigation Scheduling in Banana Cultivation
Machine learning (ML) has emerged as a transformative tool in optimising irrigation scheduling for banana cultivation by leveraging data-driven insights to enhance water-use efficiency and crop productivity. A study by [32] introduced a predictive irrigation scheduler that integrates k-means clustering, long short-term memory (LSTM) networks and reinforcement learning to optimise irrigation schedules, achieving water savings ranging from 6.4% to 22.8% and yield increases of 2.3% to 4.3% in a Canadian field trial. Application of deep reinforcement learning in irrigation scheduling was demonstrated [33] utilising high-dimensional sensor feedback to adaptively determine irrigation amounts based on crop phenological stages, soil moisture and weather data, resulting in improved irrigation efficiency and crop yields. 
A crop prediction model was proposed [34] employing machine learning algorithms to forecast banana yields, which can inform irrigation scheduling decisions by aligning water application with predicted crop water requirements. The integration of IoT and ML algorithms in banana agriculture was explored [35], highlighting a 31.14% reduction in water consumption through optimised irrigation practices, underscoring the potential of ML in enhancing water-use efficiency. Furthermore, the National Research Centre for Banana (NRCB) in India has been promoting smart farming technologies among banana farmers, integrating AI, IoT and data analytics to optimise irrigation and improve crop yields, demonstrating the practical application of ML in banana cultivation. Collectively, these studies illustrate the significant role of machine learning in predictive irrigation scheduling for banana cultivation, offering pathways to more sustainable and efficient agricultural practices.
9.2. Machine Learning for Water Requirement Forecasting in Banana Irrigation
Machine learning (ML) has become an essential tool for developing water requirement forecasting models in banana irrigation, enabling precise prediction of crop water needs under varying climatic and soil conditions. By analysing historical and real-time data from soil moisture sensors, weather stations and crop growth stages, ML models can accurately forecast the volume and timing of irrigation required for optimal growth [36]. Techniques such as random forests, support vector regression and artificial neural networks have been applied to model evapotranspiration and soil water dynamics, allowing farmers to optimise water use and reduce wastage [37, 38]. ML-based water forecasting models also incorporate seasonal and short-term weather predictions to adjust irrigation schedules proactively, which is particularly valuable in regions experiencing erratic rainfall patterns or droughts [39]. Integration with IoT-enabled sensors allows for real-time updating of model predictions, enabling dynamic control of drip and sprinkler systems, enhancing both water-use efficiency and banana yield [35, 23]. Overall, ML-driven water requirement forecasting offers a data-driven approach for sustainable and climate-resilient banana cultivation.
9.3. Machine Learning in Banana Irrigation: Data Sources and Types for Model Training
Machine learning models for banana irrigation rely on diverse and high-quality datasets to accurately predict water requirements and optimise irrigation schedules. Weather data, including rainfall, temperature, humidity, solar radiation and wind speed, forms a critical input, as it directly influences evapotranspiration rates and crop water demand [40]. Soil data such as moisture content, texture, bulk density, pH and nutrient levels provide essential information for modelling water retention, infiltration and nutrient availability, allowing ML algorithms to estimate irrigation needs more precisely [41]. Crop-specific data, including phenological stages, leaf area index, canopy cover and growth rate, enables models to align irrigation schedules with the actual water requirements of banana plants at different growth stages [42]. Remote sensing data from satellite imagery and UAVs further enrich the datasets by providing spatially distributed information on soil and crop conditions [19]. Combining these heterogeneous data sources allows ML models to learn complex relationships between environmental conditions, plant physiology and water demand, leading to more accurate and dynamic irrigation scheduling, ultimately improving water-use efficiency and crop yield [26, 43].
10. ML Algorithms Used in Banana Irrigation
Machine learning (ML) has been increasingly applied in banana irrigation management to optimise water use efficiency, predict irrigation requirements and monitor crop stress. Several algorithms, including regression models, ensemble methods, support vector machines and neural networks, have been employed in different contexts.
10.1. Regression Models
Regression techniques such as linear and multiple linear regression are commonly used for predicting evapotranspiration (ETc), soil moisture levels and crop yield in banana-based irrigation systems. These models establish relationships between environmental factors (temperature, humidity and rainfall) and irrigation requirements, thereby supporting irrigation scheduling [44, 45].
10.2. Random Forest (RF)
Random Forest, a robust ensemble learning method, has been effectively used to predict soil moisture, classify water stress conditions and forecast banana yield under varying irrigation regimes. In Indian banana plantations, RF outperformed other models (e.g., Logistic Regression, KNN and XGBoost) in yield prediction with the lowest mean absolute error (MAE) [45].
10.3. Support Vector Machines (SVM)
Support Vector Machines and their regression variant (SVR) have been applied in classifying crop water stress and forecasting irrigation demand in banana. SVM’s strength in handling non-linear data has been proved to be useful in integrating climatic and soil parameters for precision irrigation scheduling [46, 47].
10.4. Artificial Neural Networks (ANNs) and Deep Learning Models
Artificial Neural Networks (ANN), Long Short-Term Memory (LSTM) networks and Adaptive Neuro-Fuzzy Inference Systems (ANFIS) are among the most widely used models in banana irrigation studies. These models enable both short-term and long-term forecasting of irrigation requirements by learning complex temporal patterns from IoT sensor data. A hybrid approach combining ANFIS (for short-term) and LSTM (for long-term) achieved accurate predictions of irrigation needs up to 60 hours ahead in banana fields [44, 48, 47].
10.5. Reinforcement Learning and Hybrid Approaches
Recent advances include reinforcement learning integrated with KNN and IoT-based systems for optimising water scheduling in banana irrigation. Such systems demonstrated up to 24% water savings while maintaining productivity, highlighting the potential of hybrid ML–IoT frameworks [49, 48].
11. Role of Deep Learning
11.1. Deep Learning in Image-Based Crop and Soil Monitoring in Banana Irrigation
Deep learning (DL) has become increasingly important in precision irrigation, particularly for image-based crop and soil monitoring in banana cultivation. Unlike conventional ML models, DL methods such as Convolutional Neural Networks (CNNs) automatically extract features from raw images (RGB, multispectral, hyperspectral, or thermal), enabling accurate detection of plant water stress through subtle changes in leaf colour, wilting, or canopy structure [47, 50].
Studies have shown that CNN-based frameworks outperform traditional regression and support vector machines in estimating soil moisture from satellite imagery (Sentinel-1 and Sentinel-2), offering robust predictions for irrigation scheduling [41,51]. Similarly, hyperspectral and thermal imaging integrated with DL models allow early detection of water stress, often before visual symptoms appear [50, 48].
11.2. Unmanned aerial vehicles (UAVs) equipped with RGB and multispectral cameras have been combined with CNN–LSTM architectures for spatiotemporal analysis of crop and soil conditions, enabling real-time mapping of soil moisture variability in banana fields [44,48]. Comprehensive reviews confirm that CNNs, RNNs and hybrid DL models consistently outperform traditional ML approaches in agricultural remote sensing tasks [52, 47].
In banana-specific applications, CNNs have been used for crown detection, canopy mapping and disease recognition. UAV-based DL models identified banana crowns for plantation monitoring and irrigation planning [51] while mobile-based DL apps using ResNet152 and InceptionV3 achieved accuracies exceeding 99% in disease detection, linking crop health assessment to irrigation decisions [53]. Furthermore, DL-based fruit detection and yield estimation techniques indirectly support irrigation scheduling by correlating crop load with water requirements [54, 41].
12. CNN Models for Detecting Water Stress in Banana Irrigation
Convolutional Neural Networks (CNNs) have emerged as powerful tools for detecting plant water stress, including in banana cultivation, by analysing various image modalities—such as thermal, RGB, multispectral, UAV-captured and satellite imagery.
12.1. RGB–Thermal CNNs in Banana Plantlets:[55] demonstrated a CNN model that classified abiotic stress conditions in banana plantlets using combined RGB and thermal imaging, achieving over 90% accuracy—showcasing the model’s ability to detect subtle stress symptoms beyond human visual capacity.
12.2. Lightweight CNNs for Visual Water Stress Identification: A lightweight CNN with attention mechanisms was designed [56] for water stress detection based on plant colour and curvature changes in RGB images, delivering an accuracy of approximately 87% in non-banana plants.
12.3. Hyperspectral-Based 1D-CNNs for Early Detection: Hyperspectral data with a ResNet-inspired 1D-CNN and Grad-CAM was used [57] for early drought identification in tomato seedlings, reaching 96% accuracy—underscoring the potential of spectral data in early stress detection.
12.4. Thermal Imagery and CNN Regression Models: A CNN regression model using thermal imagery was applied [57] to estimate soil moisture across multiple farm locations, outperforming standard neural networks in the ability to generalise and for accuracy.
12.5. Satellite Data and CNN for Soil Moisture Mapping: Sentinel-1 and Sentinel-2 data coupled with a CNN model were employed [58]  to map irrigated and non-irrigated areas, achieving 94% classification accuracy—demonstrating CNN effectiveness in macro-scale stress and irrigation detection.
12.6. UAV-Based CNN Models for Water Stress Detection: UAV imagery (RGB, multispectral, thermal) and CNN-LSTM models were combined [60] to identify water stress levels in maize, achieving ~93% accuracy and outperforming conventional architectures—showing the potential for dynamic field mapping.
These studies collectively highlight the versatility of CNN architectures in detecting water stress—from seedling level in controlled environments to field-scale mapping via satellites or drones. Adapting these approaches to banana plantations could significantly enhance irrigation precision and crop health management.
13. Integration with Drones and Satellite Imagery in Banana Irrigation
The fusion of drones (UAVs) and satellite imagery has become pivotal in advancing precision irrigation strategies in banana cultivation by enabling real-time monitoring of crop dynamics, soil variability and water stress conditions.
13.1. High-Spatial-Resolution Multispectral UAV Imagery: Sentinel-2 multispectral satellite data were utilised [61] to derive vegetation indices that facilitated the spatial delineation of irrigation and nutrient management zones within banana fields. This approach identified within-field variability in vegetation indices—sometimes exceeding 20%—highlighting areas that benefit from variable-rate irrigation.
13.2. UAV-Based Phenological Monitoring: UAV multispectral imagery was explored in a phenology-oriented study [50] to estimate growth stages, such as canopy height and NDVI-based flower emergence, within banana plantations. The authors note that UAV sensors delivered consistent metrics across captures, suggesting potential for monitoring water stress via canopy dynamics.
13.3. Satellite Image–Guided Irrigation Management Zones: Sentinel-2 satellite imagery and spectral indices were applied [62] to delineate Agricultural Management Zones (AMZs) in banana plantations. By correlating spectral data with soil physical and chemical attributes—such as sand content and water-holding capacity—they were able to more accurately define irrigation zones compared to traditional soil-only approaches.
13.4. Systematic Deep Learning and Satellite Integration: In a systematic review on deep learning applications in satellite imagery within agriculture, it was demonstrated that modern DL approaches—though not always applied to bananas—consistently outperform traditional ML across tasks like crop segmentation and stress detection, implying strong potential for irrigation monitoring [63].
These works collectively underscore the strategic value of coupling drone-level phenotyping with satellite-derived vegetation indices for enhanced spatial and temporal management in banana irrigation. Through integration, precision irrigation regimes can be tailored to real-time plant conditions and spatial variability, paving the way for more efficient water resource use.
14. Importance of Real-time Feedback for Irrigation Control in Banana Irrigation
Real-time feedback systems are vital for ensuring precise irrigation scheduling in banana plantations, where over- or under-irrigation can directly impact yield and fruit quality. For instance it was highlighted that continuous soil moisture sensing enables adaptive irrigation strategies that respond to dynamic soil–plant–atmosphere interactions [64].
IoT-enabled real-time monitoring has proven especially effective in banana cultivation. It was demonstrated that integrating soil moisture sensors with cloud-based decision systems reduced water use by up to 30% while maintaining yield, emphasising the efficiency gains of feedback-based irrigation[65]. Similarly, it was reported that sensor-based irrigation control in perennial crops like banana helped avoid waterlogging and root diseases by promptly signalling excess irrigation [67].
The use of wireless sensor networks provides additional benefits in larger banana plantations. It was shown that real-time data from distributed nodes across the field allowed for variable-rate irrigation, thereby addressing spatial heterogeneity in soil moisture conditions [49]. In another study, it was demonstrated that integrating real-time satellite vegetation indices with ground IoT sensors improved irrigation scheduling accuracy and reduced water stress periods in banana fields [61].
Recent advances in machine learning have also enhanced the utility of real-time feedback. Sensor data was integrated with predictive ML models [66]  to forecast soil moisture trends, enabling proactive irrigation decisions rather than reactive ones. This predictive feedback approach represents a major step toward fully autonomous irrigation systems in banana farming. Collectively, these studies highlight that real-time feedback not only optimises water use but also improves banana crop resilience against climatic variability, reduces production costs and supports sustainable water management.
15. Integrated IoT–ML–DL Framework in Banana Irrigation
The architecture of a smart irrigation system in banana cultivation typically integrates IoT-based sensing, machine learning (ML) analytics and deep learning (DL) models to deliver precise, adaptive water management. The system may begin with a sensor layer consisting of soil moisture, temperature and humidity sensors, which provide real-time field data crucial for irrigation decisions[64].
At the communication layer, IoT modules such as GSM, LoRa, or Wi-Fi enable continuous data transfer to cloud servers, ensuring accessibility of field information from remote locations [65]. This connectivity allows the integration of diverse datasets, including soil conditions, weather forecasts and crop growth parameters, into a unified platform [49].
The data processing layer employs ML algorithms such as regression, random forest and support vector machines for predicting soil moisture levels and crop water requirements [66]. More advanced DL models, such as convolutional neural networks, have been applied for image-based monitoring of banana leaf stress and canopy dynamics, providing visual confirmation of irrigation needs [55].
A decision support layer integrates these models to generate irrigation recommendations [67], demonstrating that predictive analytics in this layer enhances water use efficiency by proactively scheduling irrigation events rather than responding to stress signals after they occur. Furthermore, [61] emphasised that combining satellite-derived vegetation indices with IoT field sensors enables variable-rate irrigation tailored to the spatial variability of banana fields.
Finally, the actuation layer translates these decisions into practice through automated irrigation valves or pumps. Such closed-loop systems reduce manual intervention and ensure optimal soil water balance, ultimately improving banana yield and sustainability [68].
This multilayer architecture demonstrates the synergy between IoT sensing, ML-driven prediction and DL-enabled visual analysis, forming a robust framework for smart irrigation in banana cultivation.
Fig 1- Application of Integrated IoT–ML–DL Framework in Smart Irrigation System for Banana Cultivation
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The system consists of five main layers:
(i) the Sensor Layer, which collects real-time data from soil moisture, temperature, humidity and crop canopy sensors (including multispectral cameras); 
(ii) the Communication Layer, which transfers data using IoT technologies such as GSM, LoRa, or Wi-Fi;
(iii) the Data Processing Layer, where ML algorithms (e.g., regression, random forest, support vector machines) and DL models (e.g., CNNs for image-based stress analysis) process the data; 
(iv) The Decision Support Layer, which integrates predictive analytics and satellite–IoT fusion to recommend irrigation schedules and
(v) the Actuation Layer, which executes irrigation commands through automated pumps and valves. This hierarchical architecture ensures precise water management, real-time responsiveness and improved sustainability in banana cultivation.
16. Role of Cloud Computing and Mobile Apps in Banana Irrigation
16.1. Cloud back-ends unify field data and enable remote oversight
Cloud platforms aggregate soil-moisture, weather and actuator data from dispersed banana blocks, providing a single source of truth for irrigation managers. Cloud dashboards also standardize telemetry from low-power field networks like LoRaWAN, improving reliability at plantation scale. 
16.2. Forecast and sensor fusion in the cloud for irrigation scheduling
Cloud services fuse on-farm sensors with gridded weather and forecast APIs to compute banana water demand and irrigation set-points in near-real time. Field studies in banana have already coupled sensor networks with commercial cloud weather services to drive irrigation decisions, illustrating practical feasibility [69].
16.3. ML/DL analytics at cloud scale for decision support
Centralised computing allows machine-learning models to learn crop–soil–weather responses from multi-season datasets and return plot-specific irrigation advisories to growers’ phones. Cloud-hosted fuzzy/AI controllers receiving LoRa sensor streams have been prototyped and shown to close the loop from sensing to actuation, a pattern directly transferable to perennial crops like banana [70]. 
16.4. Mobile apps translate analytics into farmer actions
Smartphone apps deliver scheduling notifications, visualise soil moisture/ET gaps and let supervisors confirm or override valve runtimes in the field [71]. Controlled trials show app-based schedules can match or outperform on-site controllers while cutting applied water versus time-based irrigation, underscoring the value of mobile decision [71].
16.5. Evidence from banana deployments and extension pilots
Indian extension work in banana has demonstrated IoT moisture sensing with mobile/SMS alerts and remote dashboards, documenting improved irrigation timing in farmer fields [8]. Banana water-flux modelling studies reference cloud services for data access and alerts, aligning with a cloud-plus-mobile architecture for commercial plantations [69].
16.6. Alerting, automation and audit trails
Cloud rules engines can trigger SMS/push notifications for pump/valve faults or threshold breaches and mobile apps provide acknowledgement and work-order logging that create auditable irrigation histories. Such mobile-cloud loops shorten response times during heat waves or canal outages, reducing stress episodes in shallow-rooted mats [70]. 
16.7. Scalability across blocks, seasons and teams
Because compute and storage live in the cloud, managers can roll out uniform irrigation logic across varieties, blocks, or tenant farms and still tune parameters per block via app profiles. Mobile-first workflows also help large estates coordinate shifts and permissions, ensuring that only authorised staff can initiate irrigations on designated manifolds [72].
16.8. Usability and adoption considerations for growers
Water-saving potential is realised only if notifications are timely and actionable, and prior evaluations show that direct controller integration from the app reduces missed actions compared with manual entry [71]. Localisation, offline caching and low-bandwidth design are critical for banana regions where rural connectivity is intermittent [72].
16.9. Security, data governance and interoperability
Cloud–mobile stacks for irrigation must address authentication, encryption and role-based access while supporting open protocols to integrate sensors, pumps and third-party weather feeds. Interoperable designs future-proof banana estates as new sensors or AI services are added over time [72].
17. Benefits and Outcomes
17.1. Improved Water-Use Efficiency: Implementing IoT- and sensor-based irrigation systems in banana cultivation has been shown to improve water-use efficiency significantly. It was reported that real-time soil moisture monitoring coupled with automated irrigation reduced water consumption by 25–30% without compromising crop health [64]. Similarly, it was also demonstrated that precision irrigation systems integrating IoT sensors and predictive ML models optimised irrigation scheduling and reduced water wastage[65].
17.2. Enhanced Banana Yield and Quality: Real-time feedback and smart irrigation frameworks not only save water but also positively affect crop yield and quality. It was found that banana plantations using sensor-driven irrigation had higher fruit uniformity and increased yield compared to traditional irrigation [49]. It was also noted that automated irrigation systems maintained optimal soil moisture, reducing water stress and improving fruit size and sugar content [68].
17.3. Reduced Input Costs and Environmental Impact: Precision irrigation reduces over-application of water and associated fertilizers, lowering production costs and minimizing environmental footprint. It was emphasised that predictive irrigation scheduling using sensor data and ML models decreased energy and water costs while mitigating nutrient leaching [67]. It was highlighted that integrating satellite-derived vegetation indices with IoT monitoring supports sustainable water management in large banana fields, reducing runoff and soil erosion [61].
17.4. Labour Savings: Automation of irrigation through IoT and actuation systems also reduces labour requirements. It was demonstrated that deploying automated valves controlled via cloud-based ML models reduced manual irrigation tasks, freeing labour for other agronomic operations [65]. It was further confirmed that real-time monitoring reduces the need for frequent field inspections, lowering labour costs and improving operational efficiency [64].
18. Challenges and Limitations for IoT in Banana Irrigation
18.1. High Initial Costs: The adoption of IoT technologies in banana irrigation involves significant upfront investment for sensors, communication modules and cloud infrastructure. It was reported that while the long-term benefits are substantial, smallholder farmers may face financial barriers in implementing IoT-based irrigation systems[64].
18.2. Technical Complexity and Maintenance: Deploying IoT systems requires technical expertise for installation, calibration and maintenance. It was highlighted that regular maintenance of sensors, connectivity modules and data management platforms is essential to avoid inaccurate readings, which can compromise irrigation decisions [65].
18.3. Data Security and Privacy: The collection and transmission of real-time field data over cloud networks raise concerns regarding data security and privacy. It was emphasised that secure encryption protocols and access control mechanisms are necessary to protect sensitive farm data from unauthorised access [49].
18.4. Connectivity Limitations: Reliable network connectivity is a prerequisite for effective IoT deployment, but remote banana plantations often face poor network coverage. It was pointed out that intermittent connectivity can result in delayed data transmission, affecting real-time irrigation decisions[61].
18.5. Sensor Accuracy and Calibration Issues: The accuracy of soil moisture, temperature and other sensors can degrade over time, leading to errors in irrigation scheduling. It was noted that frequent calibration is required, adding to operational complexity and costs [68].
18.6. Integration Challenges with Existing Systems: Integrating IoT devices with existing irrigation infrastructure, such as pumps and valves, may be challenging. It was observed that compatibility issues between legacy systems and modern IoT solutions can delay implementation and reduce system reliability [67]. These challenges highlight that while IoT offers significant advantages in banana irrigation, careful planning, investment and ongoing management are essential to realise its full potential.
19. Future Prospects in Banana Irrigation
19.1. Integration of AI and IoT for Predictive Irrigation: The convergence of Artificial Intelligence (AI) and Internet of Things (IoT) technologies is set to revolutionise irrigation practices in banana cultivation. AI-powered sensors and algorithms can optimise water usage, ensuring that banana plants receive the right amount of water at the right time, thereby enhancing water-use efficiency. Additionally, AI models can predict potential issues such as disease outbreaks or nutrient deficiencies, enabling proactive management [73].
19.2. Advancements in Deep Learning for Crop Monitoring: Deep learning techniques are increasingly being applied to monitor and manage banana crops. For instance, deep reinforcement learning has been utilised to optimise irrigation efficiency by considering both current soil moisture levels and future moisture loss, leading to more precise water application [74]. Such advancements promise improved crop health and yield through better resource management.
19.3. Enhanced Data Analytics for Decision Support: The integration of machine learning models with mixed-integer model predictive control is enhancing irrigation scheduling. This approach divides fields into distinct irrigation management zones and employs predictive models to optimise water usage, resulting in significant water savings and improved crop yields [32]. Such data-driven decision support systems are crucial for sustainable agriculture.
19.4. Smart Farming Adoption in India: In India, the adoption of smart farming technologies is gaining momentum. The ICAR-National Research Centre for Banana (NRCB) is promoting the use of smart farming technologies among banana farmers to enhance efficiency, optimise resources and improve crop yields. These technologies include AI, IoT, drones and data analytics, which help optimise irrigation, monitor weather conditions and detect diseases [75].
20. Conclusion
Banana is a vital perennial crop with significant economic and nutritional value, yet traditional irrigation practices often lead to inefficient water use, reduced yields and increased susceptibility to stress and diseases. Smart irrigation technologies—integrating IoT, machine learning (ML) and deep learning (DL)—offer transformative solutions for banana cultivation. IoT sensors provide real-time monitoring of soil moisture, temperature, humidity and flow, enabling precise irrigation through drip or sprinkler systems. ML algorithms predict water requirements and optimise irrigation scheduling using diverse datasets, including weather, soil and crop data. DL models, particularly CNNs, enhance image-based monitoring for water stress and disease detection, often in combination with drones and satellite imagery. Real-time feedback mechanisms further improve irrigation efficiency and decision-making. Integrated IoT–ML–DL frameworks, supported by cloud computing and mobile apps, create robust architectures that automate data collection, analysis and actuation, reducing labour while ensuring resource-efficient irrigation.
The adoption of smart irrigation in banana cultivation demonstrates substantial benefits, including improved water-use efficiency, enhanced yield and fruit quality, reduced input costs and minimised environmental impact. However, challenges such as initial costs, data quality, connectivity issues and the need for farmer training remain. Future prospects indicate that advanced AI-driven predictive systems, deeper integration of IoT devices and increased adoption of drones and satellite analytics will further optimise irrigation practices. Overall, smart irrigation represents a promising pathway for sustainable, high-efficiency banana production, capable of addressing both economic and environmental challenges in modern agriculture.
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