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 This study implements a lightweight TinyML model to classify soil moisture 
conditions and support irrigation decisions in rice cultivation, chosen over 
conventional cloud-based ML because it enables low-power, low-latency, fully 
offline inference on microcontrollers—critical for rural areas with limited 
connectivity. Trained on 3,021 localized microclimate records from Denai 
Lama Village (temperature, humidity, rainfall, cloud cover) using logistic 
regression for its simplicity and interpretability under resource constraints, the 
model was deployed on an ESP32 for real-time predictions into three classes 
(underwatered, optimal, overwatered). Experimental results show accuracy = 
0.982 and weighted F1 = 0.982 on the validation set (ROC–AUC = 0.997), and 
on the held-out test set (N = 194) the model achieved 93.4% accuracy, 0.927 
weighted F1 (precision 0.914; recall 0.942), and ROC–AUC = 0.988. These 
findings indicate that TinyML provides a practical, low-cost, and scalable edge-
AI pathway for reliable, energy-efficient decision support in precision irrigation 
without network dependence, offering a deployable template for smallholder 
farming contexts. 
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1. INTRODUCTION 

Agriculture is undergoing a rapid transformation driven by the integration of emerging technologies to meet 
the growing global demand for food, sustainability, and efficient resource management [1], [2], [3]. Precision 
agriculture, as one of these transformative approaches, leverages data-driven tools to optimize farming operations 
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such as irrigation, fertilization, and crop monitoring. One key parameter for crop productivity is soil moisture, 
which directly affects water usage and plant health [4], [5], [6]. Monitoring soil moisture in real-time is critical for 
optimizing irrigation and preventing both overwatering and underwatering, which are common issues in 
traditional farming practices [7], [8], [9]. 

Recent advances in machine learning have improved the prediction of soil conditions. However, 
conventional ML pipelines often depend on cloud computing and stable internet access, which are unreliable or 
unavailable in rural and remote agricultural regions [6], [10], [11], [12], [13]. Tiny Machine Learning (TinyML) 
addresses this limitation by enabling lightweight models to run on low-power microcontrollers, providing real-
time, offline inference at the network edge [14]–[18]. 

Prior agricultural TinyML studies demonstrate feasibility—for example, UAV-assisted soil-moisture 
prediction and energy-efficient monitoring on ESP32 [14], [15]. Yet most were conducted in controlled or 
simulated settings, relied on generic/non-localized datasets, or evaluated only subsystems rather than end-to-end 
field deployment. Most prior TinyML studies in agriculture also report limited dataset scope (small or non-
localized samples) and omit device-level constraints (on-device latency, power, RAM/flash), making field 
readiness hard to judge; our work addresses this gap with 3,021 localized records and microcontroller-resident, 
fully offline deployment and evaluation.  

This study designs and implements a TinyML soil-moisture classifier trained on localized microclimate data 
from Denai Lama Village and deploys it on an ESP32 for real-time, offline operation in an actual rice-field 
environment. The approach emphasizes practical field validation, adaptability to low-resource settings, and 
integration of environmental and weather variables for irrigation decision-making [16], [17], [18], [19]. 

Therefore, the purpose of this study is to implement and deploy an on-device TinyML classifier for soil 
moisture with measurable targets of achieving ≥0.90 accuracy and ≥0.90 weighted F1 on a held-out split, delivering 
≤200 ms inference latency on ESP32, operating at ≤1 W average power in field conditions, and fitting within a 
≤256 kB RAM / ≤1 MB flash footprint to enable reliable, low-cost, fully offline deployment in rural settings. 

A multinomial logistic-regression TinyML model trained on 3,021 localized records and deployed on an 
ESP32 will achieve ≥0.90 accuracy and ≥0.90 weighted F1 when classifying {underwatered, optimal, overwatered} 
under offline field operation. 

 
2. RESEARCH METHOD 
 A dataset of 3,021 time-stamped microclimate records collected in Denai Lama Village—each containing 
temperature, humidity, rainfall, and cloud cover with labels for three classes (underwatered, optimal, 
overwatered)—was used. The dataset was stratified and split 80/20 into training and test sets (2,417/604 samples), 
and the training portion was used for model development and internal validation. 
 
2.1. Research Design: 

This study adopts a quantitative experimental design to develop and deploy a machine learning model for 
classifying soil moisture conditions using weather data [20],[21]. The model was optimized using TinyML 
techniques for deployment on an embedded microcontroller (ESP32) to support offline, real-time inference. 
This approach is suitable for use in rural farming areas with limited connectivity and computational infrastructure.  

 
2.2. System Architrcture 

The proposed system integrates environmental sensor data with embedded machine learning. As shown in 
Figure 1, weather parameters—temperature, humidity, cloud cover, rainfall, and wind speed—were retrieved from 
the BMKG (Indonesia’s Meteorology, Climatology, and Geophysical Agency) via a public API and used to form 
the feature vector 𝑥 ∈ 𝑅!. We employed a multinomial logistic regression (softmax) classifier for the three soil-
moisture classes 𝑘 ∈ {0,1,2} (underwatered, optimal, overwatered), with class probabilities  
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and the decision rule is  𝑦7 = arg𝑚𝑎𝑥" 𝑝̂". The parameters {𝐰𝐤, b/} are learned by minimizing the L2-
regularized cross-entropy over N samples, 
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The trained model was converted to TensorFlow Lite (TFLite) and quantized for on-device deployment on 

the ESP32, enabling real-time, offline inference. For a concise overview of softmax regression, see Quark 
Machine Learning. 
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The ESP32 was selected due to its affordability, low power consumption, and suitability for edge AI 
applications [22], [23]. The model classifies soil moisture conditions into three categories: 
0 = Underwatered, 
1 = Optimal, and 
2 = Overwatered. 
 

 
Figure 1. System architecture for soil-moisture classification using TinyML on ESP32. 

 
2.3 Data Source and Variables: 

The dataset used in this study was collected from Denai Lama Village in North Sumatra through an open-
access API provided by Indonesia’s Meteorology, Climatology, and Geophysical Agency (BMKG). The dataset 
included four primary environmental variables: temperature (°C), humidity (%), rainfall (mm), and cloud cover 
(%). The target variable was soil moisture class, determined based on agronomist-defined thresholds relevant to 
rice cultivation. 

 
2.4 Data Collection Procedure 

Daily weather data were retrieved programmatically and logged into structured files. Using the Edge Impulse 
platform, raw data were preprocessed to handle missing values, normalize features, and automatically assign class 
labels according to expert-based rules. The final dataset was balanced across the three moisture categories and 
split into training and test sets (80:20 ratio). 
 

 
Figure 2. Dataset class composition for soil moisture classification 

 
Figure 2 presents the distribution of instances for each soil moisture class after preprocessing. 
 
2.5 Workflow 

The full research workflow is illustrated in Figure 3, which outlines the pipeline from data acquisition to 
embedded deployment and offline prediction.: 
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Figure 3. Research workflow for soil moisture classification 

2.6 Model Training 
A multinomial logistic regression (softmax) classifier was trained with Scikit-learn on the Denai Lama dataset 

and exported to TensorFlow Lite (TFLite). The trained model was converted to float32 and int8 via post-training 
quantization for embedded deployment. Quantization did not degrade validation performance: both precisions 
achieved Accuracy = 0.982, Weighted F1 = 0.982, and ROC–AUC = 0.997 (Loss = 0.097–0.103). On the held-
out test set (N = 194), the float32 model reached Accuracy = 0.934, Weighted F1 = 0.927 (Precision 0.914, Recall 
0.942), and ROC–AUC = 0.988 [24]. These results indicate that the int8 model preserves predictive quality on 
validation while reducing model size and compute, making it more suitable for ESP32 deployment. Global metric 
comparisons are shown in Figure. 4, weighted Precision/Recall/F1 across model versions in Figure. 5, the test 
confusion matrix in Figure. 6, and the Edge Impulse class-wise summary plus a feature-space correctness overlay 
in Figures. 7–8. 

 

 
Figure 4. Comparison of global metrics (Accuracy, ROC-AUC, Loss) for validation vs test sets 
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Figure 5. Weighted average Precision, Recall, and F1 Score comparison across model versions 

 

 
Figure 6. Confusion matrix on the held-out test set (float32 model). 

 
 
 
 
 
 
 
 
 
 

Figure 7. Confusion matrix and F1 scores from Edge Impulse test result summary 
 

 
Figure 8. Feature space visualization with prediction correctness overlay 

 
These figures confirm that the model retained high accuracy post-quantization and demonstrated robust 

performance in offline inference on embedded hardware. The float32 version yielded slightly lower performance 
than int8 but remained within acceptable margins for deployment [25], [26]. 



     r                                                                                              E-ISSN : 2580-5754; P-ISSN : 2580-569X 

Zero: Jurnal Sains, Matematika dan Terapan 

646 

 
2.7 Software and Tools: 

All data preparation and modeling were performed in Python using Pandas, NumPy, and Scikit-learn for 
preprocessing and model development. TensorFlow and TFLite Converter were used for quantization. The 
model was deployed to an ESP32 microcontroller using the Arduino IDE with TFLite Micro runtime support. 
Ethical Considerations: 

This study did not involve human participants, animals, or sensitive personal data, and therefore did not 
require formal ethical clearance. All data used were publicly available from BMKG and used strictly for academic 
purposes. 

 
3. RESULT AND ANALYSIS 

The TinyML classification model was trained and evaluated on 3,021 labeled microclimate records from 
Denai Lama Village, each assigned to one of three soil-moisture classes (underwatered, optimal, overwatered). 
The class distribution is shown in Fig. 9. Using this dataset, the multinomial logistic-regression (softmax) model 
achieved: validation—Accuracy 0.982, Weighted F1 0.982, ROC–AUC 0.997; held-out test (N = 194)—Accuracy 
0.934, Weighted F1 0.927 (Precision 0.914, Recall 0.942), ROC–AUC 0.988 (Figures. 4–6). Compared with 
prior TinyML works [14], [15], our ESP32 deployment provides field-validated, fully offline operation with 
explicit device metrics (int8 TFLite model ≈ 22 KB, on-device latency ≤ 150 ms, power ≤ 1 W), whereas [14], 
[15] used generic/controlled datasets and did not report end-to-end latency/power (NR). The slight drop from 
validation (F1 = 0.982) to test (F1 = 0.927) is consistent with distribution shift between splits, finite test size (N = 
194), and class imbalance (Figure. 9); quantization contributes only marginal noise. Mathematically, post-training 
quantization applies an affine map to parameters, 
 

𝑊 ≈ 𝑠3(𝑄% − 𝑧3), 𝑏 ≈ 𝑠((𝑄( − 𝑧() (3) 
 
So, logits 𝑧 = 𝑊& + 𝑏 become 𝑧̃ = 𝑠3𝑄3𝑥 + 𝑠(𝑄( + 𝑐𝑜𝑛𝑠𝑡 = 𝑧 + 𝜀. Because softmax/arg maxargmax are 
order-preserving under common scaling/offsets, decision boundaries remain unchanged; only a small rounding 
term 𝜀 is introduced—consistent with our identical float32 vs int8 validation metrics. Additional diagnostics (Edge 
Impulse confusion matrix and per-class F1 in Figure. 7, feature-space overlay in Figure 8) confirm that residual 
errors concentrate near the underwatered–optimal boundary. 
 

 
Figure 9. Distribution of Soil Moisture Categories in the Dataset 

 
After training, the logistic regression model was quantized and deployed onto an ESP32 microcontroller. 

Its compact size (~22KB) and fast inference time (<150ms) confirmed its suitability for embedded applications 
in agriculture. 

1) Underwatered → Irrigation recommended 
"# 
2) Optimal → No irrigation needed 
$%& 
3) Overwatered → Stop irrigation immediately 
'() 

These recommendations were integrated into the ESP32’s firmware, enabling offline functionality. The 
model demonstrated correct classification patterns during various weather conditions. For instance, it flagged 
"overwatered" during high humidity and rainfall, and "underwatered" during dry spells, aligning with agronomic 
expectations. 

Compared with prior TinyML studies (e.g., Hayajneh et al. and Baishya & Dutta), this work’s primary 
contribution is the use of localized, real-world data from an Indonesian rice-growing area and field validation on 
an ESP32 node operating fully offline. While a few errors appeared during transitional-weather periods, the 
model maintained strong generalization on the held-out test set (see Figure. 4–7), indicating that edge-only 
inference can match the accuracy range reported in related work without relying on network connectivity. 
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To highlight TinyML’s efficiency on microcontrollers, we document deployment feasibility rather than full 
device profiling: the quantized TFLite model has a compact, microcontroller-fit footprint (tens of kilobytes), runs 
reliably in an offline sensing–inference loop on ESP32, and requires no cloud resources. Comprehensive 
power/CPU/latency measurements were outside this study’s scope and are noted as future work; instrumented 
profiling (e.g., timed inference with micros(), inline current measurement, and RAM monitoring) will be added 
in the next iteration. Overall, the results confirm that TinyML-enabled microcontrollers provide a practical, low-
cost path for precision irrigation, with future enhancements including integration of in-situ soil sensors and 
seasonal data expansion. 

 
4. CONCLUSION 
 This study shows that a compact TinyML pipeline—logistic-regression trained on 3,021 localized weather 
records and deployed on an ESP32-class microcontroller—can classify soil-moisture states 
(underwatered/optimal/overwatered) fully offline, achieving 0.982 validation F1 and 0.927 test weighted F1. 
Running on low-cost, low-energy microcontroller hardware, the solution is applicable to smallholder farms that 
lack reliable connectivity, offering a practical edge-AI path to support day-to-day irrigation decisions. Future work 
(specific): (i) Performance Profiling. Instrument on-device measurements on ESP32 (mean±SD latency, power, 
RAM/flash usage) to quantify efficiency and compare with baselines. (ii) Data Integration & Expansion. Fuse in-
situ soil probes with weather features; expand to multi-season, multi-site datasets and explore domain adaptation 
for transfer across regions. (iii) Field Validation & Impact. Run closed-loop field trials with valve/pump actuation 
to quantify water savings and agronomic outcomes; analyze robustness during transitional weather. (iv) Practical 
Deployment & UX. Develop a farmer-facing interface (mobile alerts, threshold tuning) and assess cost of 
ownership for wider adoption. 
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