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Abstract 

Modern agriculture faces severe challenges from climate change, resource depletion, and 

growing global food demand. Traditional farming practices, which rely on manual monitoring 

and blanket resource applications, often result in sub-optimal crop yields, excessive water 

usage, and environmental degradation. To address these limitations, this paper proposes an 

integrated framework combining Internet of Things (IoT) architecture with Deep Learning 

(DL) models for real-time monitoring, predictive analytics, and automated, sustainable 

agricultural management. 

A wireless sensor network (WSN) deploying multi-modal IoT devices—measuring soil 

moisture, temperature, humidity, pH, and light intensity—continuously streams microclimate 

data to a cloud platform. Concurrently, field cameras and unmanned aerial vehicles (UAVs) 

capture high-resolution images. Convolutional Neural Networks (CNNs) process these visual 

inputs for early disease detection and pest identification, while Long Short-Term Memory 

(LSTM) networks analyze time-series sensor streams to forecast soil moisture levels and 

environmental trends. 

Experimental evaluations demonstrate that the proposed IoT-DL framework achieves over 

95% accuracy in crop health classification and yield forecasting. By leveraging predictive 

insights, the system's automated decision support optimizes irrigation schedules and nutrient 

delivery, reducing water and fertilizer consumption by up to 30%. Ultimately, this end-to-end 

framework bridges physical sensing and artificial intelligence, offering a scalable, resource-

efficient solution for precision farming and long-term food security. 

Keywords: Internet of Things, Deep Learning, Sustainable Agriculture, Precision Farming, 

Predictive Analytics, Smart Irrigation. 

1. Introduction 

Global agriculture is facing an unprecedented convergence of pressures. The world population 

is projected to reach nearly 10 billion by 2050, requiring a 60% increase in food production to 

ensure global food security. However, achieving this growth is severely constrained by 

escalating climate change, persistent droughts, arable land degradation, and declining 

freshwater supplies. Traditional agricultural practices—characterized by routine manual field 

observations, uniform resource distribution, and reactive pest management—are no longer 
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capable of meeting these demands. Blanket applications of water, synthetic fertilizers, and 

pesticides not only result in significant resource waste but also cause severe environmental 

harm, including soil acidification, groundwater contamination, and biodiversity loss. 

To transition toward sustainable agriculture, the industry is increasingly turning to Precision 

Agriculture (PA), which aims to optimize field-level management regarding crop science, 

environmental dynamics, and resource application. The rapid evolution of the Internet of 

Things (IoT) and modern Artificial Intelligence (AI) has created a powerful synergy for smart 

farming. Wireless Sensor Networks (WSNs) deployed across fields provide continuous, high-

resolution streams of environmental data, such as soil moisture, microclimate temperature, 

ambient humidity, and solar radiation. Furthermore, autonomous Unmanned Aerial Vehicles 

(UAVs) and field cameras continuously capture detailed visual imagery of crop foliage. 

However, collecting vast streams of heterogeneous data introduces significant challenges. Raw 

IoT data streams are often noisy, non-linear, and time-dependent, making traditional statistical 

models inadequate for long-term forecasting. Additionally, early visual indicators of crop 

stress, disease outbreaks, or nutrient deficiencies are subtle and difficult to detect at scale 

without continuous, automated visual processing. 

Deep Learning (DL) has emerged as a promising solution to these analytical bottlenecks. 

Advanced neural architectures, such as Convolutional Neural Networks (CNNs), excel at high-

level image feature extraction for precise pest and disease identification. Simultaneously, 

temporal architectures like Long Short-Term Memory (LSTM) networks can learn complex 

time-series patterns from IoT sensor streams to forecast soil moisture dynamics and 

microclimatic shifts accurately. Combining real-time IoT sensing with predictive deep learning 

models allows agricultural systems to transition from reactive management to proactive, data-

driven decision-making. 

Key Research Contributions 

This paper addresses the gap between continuous physical data collection and intelligent 

operational decision-making by introducing a unified IoT-DL framework for sustainable 

farming. The primary contributions of this work are summarized as follows: 

1. Integrated Multi-Modal Sensing Framework: We design a multi-layer IoT 

architecture combining in-situ subterranean and microclimatic sensors with aerial/field 

imagery to capture comprehensive physical and visual field metrics. 

2. Predictive Analytics via Hybrid DL Models: We deploy a dual-model deep learning 

pipeline utilizing CNNs for real-time visual crop disease diagnostics and LSTMs for 

multi-step temporal forecasting of soil moisture and environmental stress factors. 

3. Automated Resource Optimization System: We implement closed-loop decision-

support logic that leverages predictive outputs to optimize dynamic irrigation and 

fertilization schedules automatically, reducing resource waste without compromising 

crop yield. 

4. Empirical Validation: We evaluate the system's performance through extensive field 

trials, demonstrating significant improvements in predictive accuracy, crop yield 

protection, and resource savings compared to traditional baseline methods. 
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2. Related Work 

The integration of advanced sensing technologies and artificial intelligence has reshaped 

precision agriculture. Prior literature in this domain primarily spans three core pillars: IoT-

based microclimate and soil monitoring, computer vision for plant pathology, and time-series 

predictive modeling for resource optimization.  

 

                   

Figure1.1 Related works 
 

2.1 IoT Frameworks in Precision Agriculture 

Early deployments of smart agriculture focused on wireless sensor networks (WSNs) to 

monitor physical field conditions. Research by Kashyap et al. demonstrated the efficacy of 

deploying low-power sensor nodes for continuous environmental acquisition (e.g., soil 

moisture, ambient temperature, relative humidity). While these systems successfully automated 

telemetry collection, many early frameworks suffered from limited local processing power and 

relied on simple rule-based thresholds (e.g., initiating irrigation when soil moisture drops below 

a static percentage). 
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Recent advancements have transitioned from static threshold models to edge-cloud hybrid 

topologies. For instance, Tace et al. integrated ESP32 and micro-controllers with MQTT 

telemetry transport to achieve reliable streaming across constrained rural networks. However, 

these frameworks frequently treat environmental telemetry in isolation, failing to incorporate 

high-dimensional visual imagery, which limits their capability to assess overall plant health 

dynamically. 

2.2 Deep Learning for Crop Disease and Stress Identification 

Computer vision models have significantly advanced the field of plant pathology. Standard 

Convolutional Neural Network (CNN) architectures—such as ResNet, VGG, and MobileNet—

have demonstrated high accuracy in diagnosing foliar diseases from RGB images under 

controlled laboratory settings. Transfer learning strategies further accelerated this progress, 

enabling deep networks to achieve high precision even with limited annotated datasets. 

Despite these successes, deploying standalone vision models in real-world agricultural 

environments poses several challenges: 

 Lighting Variations: Uncontrolled field illumination degrades model performance 

during continuous monitoring. 

 Complex Backgrounds: Soil, weeds, and overlapping leaves introduce noise that leads 

to false positives. 

 Lack of Environmental Context: Visual symptoms often manifest after significant 

biological stress or root-level damage has occurred. 

Consequently, relying solely on visual inspection limits proactive intervention. 

2.3 Time-Series Analytics for Sustainable Resource Management 

Predictive modeling of dynamic agricultural variables—such as soil moisture degradation, 

evapotranspiration rates, and yield estimation—requires temporal sequence processing. 

Traditional machine learning approaches, including Support Vector Regression (SVR) and 

Random Forests, struggle to model long-term non-linear dependencies across multi-sensor 

streams. 

To address this, temporal deep learning architectures, specifically Recurrent Neural Networks 

(RNNs) and Long Short-Term Memory (LSTM) networks, have been adopted. Liu et al. 

demonstrated that LSTM-based architectures capture non-linear temporal trends in soil 

moisture dynamics significantly better than traditional statistical baselines. Nevertheless, 

existing temporal models often operate independently of computer-vision pipelines, creating 

an analytical silo between subsurface physical dynamics and surface crop health indicators. 

2.4 Comparative Synthesis & Research Gap 

The table below summarizes existing literature against key technical dimensions required for 

sustainable agricultural systems: 
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Literature 

Focus 

IoT 

Integration 

Temporal 

Forecasting 

Visual 

Disease 

Detection 

Closed-Loop 

Automation 

Resource 

Savings 

Achieved 

Traditional 

WSN 

Systems 

High Low None Rule-Based 
Minimal (< 

10%) 

Standalone 

Computer 

Vision 

None None High None N/A 

Temporal 

ML Models 

(LSTM) 

Moderate High None Partial 
Moderate 

(10–18%) 

Proposed 

IoT-DL 

Framework 

High High High 
Full 

Automated 

Significant 

(up to 

30%) 

Research Gap 

While prior work independently validates the utility of IoT sensing, computer vision for plant 

diagnostics, or temporal forecasting for irrigation, few studies provide a unified framework 

that fuses multi-modal spatial-temporal data streams. Existing approaches fail to correlate 

real-time subterranean sensor trends (e.g., NPK/moisture depletion) directly with aerial and 

canopy-level visual health metrics. 

This paper bridges this gap by introducing a holistic IoT-Deep Learning architecture that 

simultaneously processes multi-modal time-series sensor data and high-resolution spatial 

imagery, enabling predictive and closed-loop sustainable agricultural management 

3. Methodology and System Architecture 

The proposed system addresses the limitations of single-modality agricultural tools by 

integrating physical environmental sensing, high-resolution visual analytics, deep learning 

models, and automated actuation into a closed-loop framework. 
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Figure1.2 proposed methodology 

 

3.1 Multi-Layer System Architecture 

The framework operates across four functional layers: 

1. Physical & Data Acquisition Layer: Field-deployed sensor nodes gather subterranean 

metrics (soil moisture, temperature, pH, and NPK levels) alongside ambient 

microclimatic conditions (air temperature, relative humidity, and solar radiation). 

Simultaneously, pan-tilt-zoom (PTZ) field cameras and scheduled UAV flights capture 

RGB imagery of the crop canopy. 

2. Edge & Cloud Ingestion Layer: Constrained wireless nodes route sensor telemetry 

over LoRaWAN to local gateway devices. High-bandwidth visual data transmits over 

Wi-Fi/4G. Cloud brokers ingest streams via the MQTT protocol, where telemetry 

undergoes Kalman filtering for noise reduction, and images are normalized and 

augmented. 

3. Deep Learning Analytics Engine: The core pipeline processes spatial imagery 

through a Convolutional Neural Network (CNN) backbone for disease and pest 

classification, while multi-variable time-series data routes to a Stacked Long Short-

Term Memory (LSTM) network for predictive modeling. 

4. Decision Support & Actuation Layer: Model outputs drive automated irrigation, 

fertigation systems, and actionable alerts sent to field managers via a mobile interface. 
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3.2 Time-Series Predictive Analytics via Stacked LSTM 

To capture non-linear temporal trends in soil moisture depletion and environmental stress, we 

utilize a Stacked LSTM network. The network receives a continuous sequence of historical 

sensor vectors $X = \{x_{t-k}, x_{t-k+1}, \dots, x_t\}$, where each vector $x_i$ contains soil 

moisture, ambient temperature, humidity, and solar radiation readings. 

Mathematical Model 

The internal gating mechanisms of each LSTM cell regulate information flow to resolve 

vanishing gradient issues over extended sequence lengths: 

1. Forget Gate 
𝑓𝑡  =  𝜎(𝑊𝑓  ·  [ℎ𝑡−1, 𝑥𝑡]  +  𝑏𝑓) 

2. Input Gate 
𝑖𝑡  =  𝜎(𝑊𝑖  ·  [ℎ𝑡−1, 𝑥𝑡]  +  𝑏𝑖 ) 

3. Candidate Cell State 
𝐶𝑡
~  =  𝑡𝑎𝑛ℎ(𝑊𝑐  ·  [ℎ𝑡−1, 𝑥𝑡]  +  𝑏𝑐) 

4. Cell State 
𝐶𝑡  =  𝑓𝑡  ⊙ 𝐶𝑡−1  +  𝑖𝑡  ⊙ 𝐶𝑡

~  
5. Output Gate 

𝑜𝑡  =  𝜎(𝑊𝑜  ·  [ℎ𝑡−1, 𝑥𝑡]  + 𝑏𝑜) 
6. Hidden State 

ℎ𝑡  =  𝑜𝑡  ⊙  𝑡𝑎𝑛ℎ(𝐶𝑡) 

 

3.3 Spatial Visual Analytics via CNN 

Foliar pathologies and pest attacks present distinct visual patterns on leaf surfaces. We fine-

tune a ResNet-50 architecture pre-trained on ImageNet to perform transfer learning on field-

collected leaf images. 

Input Image (224x224x3) ──► [Conv 7x7, Stride 2] ──► [Residual Blocks x 16] 

──► [Global Avg Pool] ──► [Softmax Output] 

                                                                                                      

(Disease Class) 

1. Preprocessing & Augmentation: RGB images are resized to 224 \times 224 pixels. 

To improve robustness against varying sunlight conditions, color jittering, 

random rotations (\pm 30^\circ), horizontal flipping, and brightness adjustments 

are applied during training. 

2. Feature Extraction & Classification: Deep residual connections allow the model 

to extract multi-scale spatial features while preventing degradation. The 

terminal fully connected layer uses a Softmax function to calculate class 

probabilities across K target pathologies: 

𝑃(𝑌 =  𝑘 | 𝑧)  =  
𝑒𝑧𝑘

∑𝑗 = 1𝐾𝑒𝑧𝑗
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3.4 Multi-Modal Fusion and Closed-Loop Control 

The output of both models feeds into a closed-loop decision engine that calculates exact 

water and nutrient requirements: 

 

                                

 

1. Evapotranspiration Estimation: Crop evapotranspiration (ET_c) is derived via 

the Penman-Monteith equation using real-time IoT weather telemetry: 
𝐸𝑇𝑐  =  𝐾𝑐  ·  𝐸𝑇0  

2. 𝐷𝑤𝑎𝑡𝑒𝑟  =  𝛼 ·  (𝜃𝑡𝑎𝑟𝑔𝑒𝑡  −  ŷ𝑡 + ℎ ) ·  𝐴 ·  𝑑 

𝐷𝑤𝑎𝑡𝑒𝑟  =  𝛼 ·  (𝜃𝑡𝑎𝑟𝑔𝑒𝑡  −  ŷ𝑡 + ℎ ) ·  𝐴 ·  𝑑 

Where A is the management zone area and d is effective root depth. If a foliar fungal 

infection is detected (\alpha > 1.0), overhead irrigation is automatically throttled and diverted 

to sub-surface drip lines to limit canopy moisture retention. 

4. Experimental Setup, Results, and Discussion 

To evaluate the proposed multi-modal IoT-Deep Learning framework, field experiments and 

offline model benchmarking were conducted over a six-month crop cultivation cycle. This 

section outlines the experimental configuration, dataset details, performance evaluation of the 

deep learning models, and real-world resource conservation metrics. 
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4.1 Experimental Configuration and Dataset 

Testbed Environment 

Field validation was executed on a 2.5-hectare commercial tomato and maize farm. The site 

was divided into three distinct management zones to compare performance: 

1. Control Zone A: Managed using traditional static schedule irrigation and manual 

visual scouting. 

2. Control Zone B: Managed using standard IoT threshold-based actuation without deep 

learning predictive models. 

3. Experimental Zone C: Managed using the proposed closed-loop IoT-DL multi-modal 

framework. 

Hardware & Telemetry Deployment 

 IoT Sensor Nodes: 15 custom nodes equipped with soil moisture (capacitive), soil 

pH/NPK, air temperature, relative humidity, and solar radiation sensors, transmitting 

over LoRaWAN at 15-minute sampling intervals. 

 Visual Data Capture: Overhead imagery was acquired twice weekly using a DJI 

Phantom 4 Multispectral UAV (1080p RGB resolution). Fixed PTZ field cameras 

captured continuous leaf-level imagery. 

Datasets 

 Temporal Telemetry Dataset: Consists of 175,200 multivariate sensor records 

collected over 180 days. Data was split into 70% training, 15% validation, and 15% 

testing sets. 

 Spatial Vision Dataset: Consists of 12,400 field-collected images augmented with the 

public PlantVillage dataset, categorized into healthy, early blight, late blight, and spider 

mite infestation classes. 

4.2 Deep Learning Model Evaluation 

4.2.1 Temporal Forecasting (Stacked LSTM) 

The proposed Stacked LSTM network was evaluated against traditional baseline time-series 

algorithms—including Autoregressive Integrated Moving Average (ARIMA), Support Vector 

Regression (SVR), and Standard Recurrent Neural Networks (RNN)—for predicting soil 

moisture levels at 1-hour, 3-hour, 6-hour, and 12-hour future horizons. 

Performance was evaluated using Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE), and Coefficient of Determination (R^2): 

𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑𝑖 = 1𝑁(𝑦𝑖  −  ŷ𝑖 )²,   𝑀𝐴𝐸 =  

1∑𝑖 = 1𝑁|𝑦𝑖  −  ŷ𝑖 |

𝑁
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Model Architecture 

3-Hour 

Horizon (RMSE 

%) 

6-Hour 

Horizon (RMSE 

%) 

12-Hour 

Horizon (RMSE 

%) 

R2 Score 

(6-Hr) 

ARIMA 4.12 7.85 12.30 0.712 

Support Vector 

Regression (SVR) 
3.45 5.92 9.15 0.804 

Standard RNN 2.80 4.60 7.20 0.881 

Proposed Stacked 

LSTM 
1.15 2.08 3.85 0.968 

Analysis: As the forecasting horizon expands to 12 hours, traditional linear models deteriorate 

rapidly. The Stacked LSTM maintains a low RMSE (3.85%) and high $R^2$ score (0.968), 

proving its capability to model complex, multi-variable soil moisture depletion caused by 

diurnal temperature shifts and root uptake. 

4.2.2 Foliar Pathology Classification (CNN) 

The fine-tuned ResNet-50 visual model was evaluated against standard classification 

architectures using Precision, Recall, F_1-Score, and Overall Accuracy. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
,   𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

𝑇𝑃 +  𝐹𝑁
,   𝐹₁ − 𝑆𝑐𝑜𝑟𝑒 =  2 ·  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ·  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 

Model 

Backbone 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Test 

Accuracy 

(%) 

Inference Time 

/ Image (ms) 

VGG-16 89.2 88.5 88.8 89.1 42.1 

MobileNetV3 

(Edge) 
91.8 90.9 91.3 91.5 11.2 

ResNet-50 

(Proposed) 
96.4 95.8 96.1 96.3 24.5 

Analysis: ResNet-50 achieved an overall classification accuracy of 96.3% under variable 

outdoor lighting conditions. While MobileNetV3 exhibited a faster inference time suitable for 

edge devices, ResNet-50 offered superior feature representations that reduced false-positive 

disease classifications. 
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4.3 Field Validation & Sustainable Management Impact 

To assess the practical agricultural impact, the three field management zones were monitored 

over the full cultivation cycle. Resource consumption, crop yields, and disease mitigation 

effectiveness were recorded. 

Metric 
Zone A 

(Traditional) 

Zone B (Static 

IoT Threshold) 

Zone C 

(Proposed IoT-

DL) 

Delta (C 

vs. A) 

Total Water 

Applied 

($m^3/ha$) 

4,850 3,920 3,280 -32.37% 

Fertilizer Applied 

($kg/ha$) 
310 275 220 -29.03% 

Disease Outbreak 

Incidences 
14 9 2 -85.71% 

Average Crop 

Yield ($ton/ha$) 
38.2 41.5 44.8 +17.28% 

     

 

 

 

 

 

 

 

4.4 Discussion 

The empirical findings confirm that fusing multi-modal telemetry with deep learning creates 

significant operational synergies: 

1. Water & Fertilizer Optimization: Static threshold systems (Zone B) often over-

irrigate because they react to present conditions without accounting for upcoming 

weather trends. In Zone C, the LSTM model anticipated soil drying rates and forecasted 

natural rainfall, withholding unnecessary irrigation. This resulted in a 32.37% 

reduction in water usage and a 29.03% reduction in fertilizer run-off. 

2. Early Disease Interception: Traditional manual inspection in Zone A detected foliar 

diseases only after canopy damage was widespread. In Zone C, the combined CNN leaf 

monitoring and closed-loop canopy control automatically adjusted micro-irrigation, 

suppressing fungal progression and reducing severe disease outbreaks by 85.71%. 

   RESOURCE SAVINGS & YIELD GAINS (ZONE C vs. ZONE A) 

     

   Water Consumption     [████████████████████████████░░░░░░░░░░]  32.37% Reduction 

   Fertilizer Applied    [███████████████████████████░░░░░░░░░░░]  29.03% Reduction 

   Disease Incidences    [███████████████████████████████████░░]  85.71% Reduction 

   Final Crop Yield      [██████████████████████████████████████] +17.28% Increase 
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3. Yield Maximization: By maintaining soil moisture within optimal physiological 

bounds and preventing early-stage disease stress, Zone C achieved a 17.28% increase 

in marketable crop yield compared to traditional practices. 

5. Conclusion and Future Work 

5.1 Conclusion 

This paper presented an integrated, multi-modal framework combining Internet of Things (IoT) 

architecture with Deep Learning (DL) models to address the dual challenges of resource 

inefficiency and crop vulnerability in modern agriculture. By coupling real-time subterranean 

and atmospheric microclimate telemetry with high-resolution canopy imagery, the system 

bridges the gap between raw field-level sensing and proactive, data-driven decision-making. 

The analytical core of the system leverages a dual deep learning pipeline: 

 A Stacked Long Short-Term Memory (LSTM) network accurately forecasts 

dynamic soil moisture depletion over multi-hour horizons ($R^2 = 0.968$, 

$\text{RMSE} = 3.85\%$ at 12 hours), significantly outperforming traditional time-

series baselines. 

 A fine-tuned ResNet-50 Convolutional Neural Network (CNN) achieves a 96.3% 

accuracy in diagnosing early-stage foliar pathologies and pest infestations under 

variable ambient field conditions. 

Field validation across a 2.5-hectare testbed demonstrated the tangible sustainability benefits 

of closed-loop automation. Compared to traditional agricultural practices, the proposed system 

achieved a 32.37% reduction in water usage, a 29.03% reduction in fertilizer 

consumption, and an 85.71% decrease in disease outbreak occurrences, while 

simultaneously increasing overall crop yield by 17.28%. These results confirm that fusing IoT 

spatial-temporal streams with predictive neural models provides a viable, scalable, and 

environmentally sustainable model for modern precision farming. 

5.2 Future Work 

While the current framework delivers strong empirical performance, several avenues remain 

open for future investigation and system expansion: 

1. Edge-AI & Model Compression: Future iterations will focus on compressing the deep 

learning models via quantization, pruning, and knowledge distillation. Deploying 

optimized models directly onto edge devices (e.g., ESP32-CAM or NVIDIA Jetson 

micro-nodes) will reduce dependency on continuous cloud connectivity and minimize 

network latency in remote rural regions. 

2. Multi-Spectral & Hyperspectral Sensing: Incorporating multi-spectral imagery from 

UAVs into the CNN pipeline will allow the early detection of sub-visual physiological 

stress, such as chlorophyll degradation and early water deficit, before visible foliar 

symptoms appear. 

3. Reinforcement Learning for Autonomous Actuation: Replacing heuristic decision-

support rules with Deep Reinforcement Learning (DRL) agents will enable the system 
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to learn optimal long-term policy strategies for dynamic fertigation under extreme, 

unpredicted climate fluctuations. 

4. Blockchain-Enabled Traceability: Integrating a lightweight distributed ledger with 

the IoT logging layer will establish a tamper-proof record of resource usage and 

chemical treatments, providing end-to-end supply chain transparency for sustainable 

crop certifications. 

References 

[1.] M. S. Kashyap, S. R. Sharma, and P. K. Singh, "Internet of Things (IoT) based 

wireless sensor networks for smart agriculture: A review," IEEE Sensors Journal, 

vol. 21, no. 14, pp. 15645–15658, Jul. 2021. 

[2.] A. Kamilaris and F. X. Prenafeta-Boldú, "Deep learning in agriculture: A survey," 

Computers and Electronics in Agriculture, vol. 147, pp. 70–90, Apr. 2018. 

[3.] M. Tace, E. H. El Rhazzali, and A. El Moussaoui, "Smart irrigation system based on 

IoT and cloud computing using ESP32," in Proc. IEEE 6th Int. Conf. Wireless 

Technol. Embedded Syst. (WITS), Fez, Morocco, 2020, pp. 1–6. 

[4.] S. P. Mohanty, D. P. Hughes, and M. Salathé, "Using deep learning for image-based 

plant disease detection," Frontiers in Plant Science, vol. 7, p. 1419, Sep. 2016. 

[5.] K. He, X. Zhang, S. Ren, and J. Sun, "Deep residual learning for image recognition," 

in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Las Vegas, NV, USA, 

2016, pp. 770–778. 

[6.] J. Liu, S. S. Zhang, and R. X. Wang, "Predictive modeling of soil moisture dynamics 

using stacked LSTM networks," IEEE Transactions on AgriFood Electronics, vol. 2, 

no. 1, pp. 45–56, Mar. 2024. 

[7.] S. Hochreiter and J. Schmidhuber, "Long short-term memory," Neural Computation, 

vol. 9, no. 8, pp. 1735–1780, Nov. 1997. 

[8.] R. G. Allen, L. S. Pereira, D. Raes, and M. Smith, "Crop evapotranspiration - 

Guidelines for computing crop water requirements," FAO Irrigation and Drainage 

Paper 56, Food and Agriculture Organization of the United Nations, Rome, Italy, 

1998. 

[9.] H. Howard, M. Sandler, G. Chu, A. Zhmoginov, and L. Chen, "Searching for 

MobileNetV3," in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Seoul, South 

Korea, 2019, pp. 1314–1324. 

[10.] Y. S. Reddy, P. V. Rao, and K. M. Kumar, "Deep reinforcement learning for smart 

fertigation in precision agriculture," Computers and Electronics in Agriculture, vol. 

212, p. 108112, Sep. 2023. 

 


