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Abstract 

 

Global food security and increasing water scarcity demand more efficient paddy irrigation scheduling, while the limited 

computational power and memory of edge devices pose challenges for accurate reference crop evapotranspiration (ET₀) prediction. To 

address this issue, we propose a lightweight GRU variant, termed Tiny-GRU, which integrates temporal attention, unstructured pruning, 

and post-training dynamic range quantization to enable efficient deployment under resource-constrained edge computing. Nine model 

configurations were benchmarked on a Raspberry Pi 5 and a resource-constrained Intel i5 platform, with performance evaluated in 

terms of predictive accuracy, inference latency, memory usage, and thermal stability. Results indicate that the optimized Tiny-GRU 

configurations achieve high forecasting accuracy (RMSE ≈ 0.02 mm·h⁻¹) while maintaining fast on-device inference (≈ 0.21 ms per 

sample on Raspberry Pi 5) and stable runtime behavior suitable for continuous edge operation. Statistical analysis confirmed that the 

observed performance differences among model configurations were significant (p < 0.001). Furthermore, a cross-platform 

visualization framework was developed to analyze trade-offs between predictive performance and resource consumption, thereby 

supporting decision-making for edge-oriented benchmarking in smart paddy irrigation. Overall, the proposed Tiny-GRU framework 

provides a practical and scalable solution for efficient ET₀ forecasting on resource-limited edge devices. 
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Introduction 

 

Global food security and freshwater resources are 

encountering challenges at a scale rarely seen before. 

Factors such as climate change, population growth, and 

inefficient irrigation practices continue to exacerbate water 

scarcity (Liu et al., 2022; He & Rosa, 2023). Against this 

background, precision agriculture and smart irrigation have 

increasingly been viewed as practical means to enhance 

agricultural productivity while promoting sustainable 

water management (Sarkar et al., 2025). The accurate 

prediction of reference crop evapotranspiration (ET₀) is 

especially important for irrigation scheduling and water 

allocation (Zhang et al., 2023). It provides the scientific 

basis for estimating crop water demand, defining irrigation 

quotas, and maintaining field water balance. Recent studies 

have reported that inefficient irrigation practices in paddy 

fields can result in approximately 20–40% water loss, 

underscoring the urgent need for more precise irrigation 

scheduling strategies (e.g., Parsinejad et al., 2008). 

Traditional ET₀ estimation methods—including the FAO 

Penman–Monteith equation, regression-based models, and 

multilayer perceptrons—remain widely used due to their 

interpretability, yet they often struggle to capture nonlinear 

dynamics or long-term dependencies. Consequently, their 

adaptability under complex or changing climatic conditions 

can be limited (He & Rosa, 2023; Sarkar et al., 2025).  

In contrast, cloud-based ET₀ forecasting approaches 

have emerged in recent years by leveraging centralized 

computational resources to improve prediction accuracy. 

Despite their effectiveness, such systems rely on stable 

communication links and sufficient bandwidth, making 

them vulnerable to latency and connectivity issues. 

Continuous data transmission from agricultural IoT 

networks increases energy consumption and raises privacy 

concerns. These factors limit the sustainability of cloud 

deployment, particularly in regions with poor connectivity 

or complex terrain. 

Edge computing, by contrast, enables local data 

processing with low latency and reduced energy cost, 

which makes it an appealing alternative for ET₀ 

prediction—especially in benchmarking lightweight 

models for smart paddy irrigation (Zou et al., 2024). 

However, the limited computational capacity and memory 

of edge devices introduce fundamental trade-offs. 

Achieving low latency, minimal memory use, and thermal 

stability without sacrificing predictive accuracy remains a 

core challenge in this context (Zou et al., 2024). 

Deep time-series models have shown strong predictive 

capabilities in meteorology and agriculture. Recurrent neural 

networks (RNNs), long short-term memory (LSTM) networks, 

and gated recurrent units (GRUs) have been widely applied to 

agricultural and meteorological time-series prediction (Selva 

Jeba & Chitra, 2024; Farman et al., 2025), while temporal 
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convolutional networks (TCNs) and lightweight Transformer-

based models have been reported to effectively capture 

nonlinear dynamics and long-term dependencies (Villegas-

Vega et al., 2025). Our previous work demonstrated that 

GRUs outperform other models in predictive accuracy on low-

power platforms (Yassen et al., 2025). However, their 

inference latency and memory consumption remain relatively 

high. Existing lightweight approaches, such as TinyRNN, 

EDL-GRU, and MCUNet (Alandjani, 2024), reduce model 

complexity through pruning and quantization. However, their 

application in ET₀ forecasting has so far focused primarily on 

individual optimization strategies. Systematic cross-platform 

evaluation across multiple performance dimensions remains 

relatively limited. 

The introduction of attention mechanisms has also 

attracted growing interest (Cai et al., 2025; Guo et al., 2025). 

While multi-head Transformer-style attention can enhance 

feature representation, its computational and memory 

requirements may pose challenges for deployment in 

resource-constrained embedded environments (Guo et al., 

2025). To address this issue, lightweight temporal attention 

pooling mechanisms have been proposed as a more efficient 

alternative, offering improved long-term dependency 

modeling with substantially lower computational overhead 

(Cai et al., 2025). Despite these advances, achieving a 

balanced trade-off among predictive accuracy, inference 

latency, memory efficiency, and thermal stability in 

lightweight architectures remains an open challenge. This 

challenge is particularly evident for ET₀ prediction in smart 

paddy irrigation under edge constraints. 

To address these challenges, this study proposes and 

validates a lightweight Tiny-GRU framework for edge 

computing, with a particular focus on the joint optimization 

of temporal attention pooling (TAP), unstructured pruning, 

and post-training dynamic range quantization (DRQ). Nine 

configuration paths (P1–P9) were designed for this study. 

P1 represents the baseline GRU, while P2 defines a 

lightweight Tiny-GRU that serves as the initial 

configuration. The remaining paths, P3–P9, gradually 

combine pruning, quantization, and temporal attention, 

forming multiple routes toward multi-strategy optimization.  

Model training and baseline inference were conducted 

on a general-purpose computer equipped with an Intel® 

Core™ i5-12450H (12th Gen, Intel Corporation, USA), 

hereafter referred to as the Intel i5 platform. To approximate 

the computational limitations typical of embedded edge 

environments, the Intel i5 setup was restricted to single-

threaded CPU execution, with GPU acceleration disabled, so 

as to emulate a constrained processing scenario. In parallel, 

a Raspberry Pi 5 (Raspberry Pi Foundation, UK) was used 

as a representative embedded edge device for benchmarking. 

This configuration enabled systematic measurements of 

inference latency, memory footprint, and thermal stability.  

The experimental findings indicated that the proposed 

framework preserved high predictive accuracy while 

notably improving computational efficiency and resource 

adaptability. These results suggest its suitability for 

embedded and edge applications under resource-

constrained conditions (Bazargani et al., 2025; Chiranjeevi 

& Chavan, 2025). Within this setting, the study explored 

four main research questions. 

Collectively, these questions can be grouped into two 

overarching themes: (i) multi-strategy optimization of 

lightweight GRU models to balance predictive accuracy 

and computational efficiency on edge devices, and (ii) 

cross-platform benchmarking and decision support for ET₀ 

prediction under resource-constrained edge environments. 

(a) How can pruning and quantization methods—

specifically unstructured pruning and post-training 

DRQ—be applied to optimize GRU architectures so as 

to balance predictive accuracy and benchmarking 

efficiency on edge devices? 

(b) What are the separate influences of pruning, 

quantization, and temporal attention on model 

accuracy, latency, memory usage, and thermal stability? 

(c) Can integrated multi-strategy optimization yield 

synergistic benefits and generate Pareto-optimal trade-

offs that outperform single-strategy configurations? 

(d) In what ways can a cross-platform, multi-metric 

evaluation framework, supported by visualization 

techniques, assist in optimizing and guiding ET₀ 

prediction for smart paddy irrigation? 

 

To address these questions, a cross-platform and multi-

metric benchmarking system was constructed. It 

systematically evaluates optimization paths with respect to 

predictive accuracy, inference latency, model size, memory 

demand, and thermal behavior, while revealing the trade-offs 

among these factors. The framework also helps identify both 

individual and combined effects of optimization strategies, 

thereby offering practical guidance for edge benchmarking in 

smart irrigation contexts. The proposed Tiny-GRU 

optimization framework, together with its evaluation tools, 

establishes a reproducible foundation for large-scale ET₀ 

prediction in resource-limited environments. It further shows 

promising generalization capacity, potentially extending to 

other IoT-based time-series domains such as environmental 

monitoring and energy forecasting. 

The contributions of this study are threefold: (a) it 

presents a Tiny-GRU framework that integrates temporal 

attention, pruning, and quantization through multi-strategy 

optimization; (b) it proposes a cross-platform 

benchmarking protocol on Intel i5 and Raspberry Pi 5 

devices, using thermal behavior as an indicator of energy 

efficiency; and (c) it introduces decision-support tools that 

employ Pareto fronts and multi-metric visualization to 

assist model selection under edge constraints. 
The remainder of this paper is organized as follows. 

Section 2 reviews related studies on ET₀ prediction, deep time-
series modeling, and optimization for edge applications, and 
highlights the novelty of this work. Section 3 details the 
benchmarking methodology, including data preprocessing, 
model structure, optimization schemes, platforms, and 
performance metrics. Section 4 presents and discusses the 
experimental outcomes with a focus on accuracy, efficiency, 
and thermal stability, as well as visualization-based decision 
tools. Section 5 concludes the paper with a summary of key 
findings, implications, and potential directions for further study. 

 

Related Work 

 

ET₀ Forecasting with deep time-series models under 

edge constraints: Accurate forecasting of reference crop 

evapotranspiration (ET₀) is fundamental to precision 
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irrigation and agricultural water management (Liu et al., 

2022). Traditional approaches, including the FAO 

Penman–Monteith equation, regression-based models, and 

multilayer perceptrons, remain widely used due to their 

physical interpretability and low computational cost (He & 

Rosa, 2023). However, these methods generally struggle to 

capture nonlinear interactions and long-term temporal 

dependencies, limiting their robustness under highly 

variable climatic conditions (Sarkar et al., 2025). 

Recent advances in deep time-series learning—such as 

recurrent neural networks (RNNs), long short-term memory 

(LSTM), gated recurrent units (GRUs), temporal 

convolutional networks (TCNs), and lightweight 

Transformer variants—have significantly improved ET₀ 

prediction accuracy compared with conventional models (Liu 

et al., 2022; He & Rosa, 2023; Tausif et al., 2023; Zhang et 

al., 2023; Sarkar et al., 2025). Among these architectures, 

GRUs are often preferred in resource-constrained settings 

because of their relatively compact structure, reduced 

parameter count, and stable performance across different 

hardware platforms (Zou et al., 2024; Bazargani et al., 2025). 

Nevertheless, even GRU-based models can exhibit non-

negligible inference latency and memory demand when 

deployed on embedded devices, such as the Raspberry Pi, 

particularly for multivariate agricultural time series 

(Bazargani et al., 2025; Chiranjeevi & Chavan, 2025). 

With the increasing adoption of agricultural Internet of 

Things (IoT) systems, real-time ET₀ forecasting on edge 

devices has become increasingly important. However, the 

limited computational capacity, memory, and energy budget 

of edge platforms impose strict constraints on model 

complexity and runtime efficiency (Zhang et al., 2023; Tausif 

et al., 2023). To address these challenges, recent studies have 

explored lightweight design strategies, including pruning, 

quantization, and structural simplification, as means to reduce 

model size and inference cost (Wen et al., 2020; Valerio et al., 

2021; Kim et al., 2025). Frameworks such as MCUNet and 

EDL-GRU have demonstrated the feasibility of deploying 

compressed neural networks on embedded hardware (Wen et 

al., 2020; Valerio et al., 2021; Kim et al., 2025). Despite these 

advances, most existing studies focus on single optimization 

techniques and are often evaluated on a single platform, 

providing limited insight into cross-platform robustness and 

multi-objective trade-offs (Kim et al., 2025). In addition, 

thermal stability and sustained runtime behavior—critical for 

long-term deployment on embedded edge devices—are rarely 

evaluated explicitly in these lightweight frameworks, 

including representative systems such as MCUNet. 

Attention mechanisms have also been introduced to 

enhance the representational capacity of time-series 

models by emphasizing critical temporal segments (Kang 

et al., 2024; Yin et al., 2025). In contrast to multi-head 

Transformer attention, lightweight temporal attention 

pooling can improve long-term dependency modeling 

with substantially lower computational overhead, making 

it more suitable for real-time and edge-oriented 

applications (Kang et al., 2024; Yin et al., 2025). These 

characteristics suggest that combining lightweight GRU 

architectures with efficient temporal attention may 

provide a promising foundation for ET₀ forecasting under 

edge-computing constraints. 

Model compression and multi-strategy optimization for 

edge deployment: Model compression techniques, 

particularly pruning and quantization, have become central 

to improving the deployability of deep learning models on 

edge devices. Pruning removes redundant parameters to 

reduce memory usage and computational cost, while 

quantization lowers numerical precision to achieve more 

compact model representations (Wen et al., 2020; Jacob et 

al., 2018). In time-series forecasting tasks, unstructured 

pruning is frequently adopted because of its flexibility and 

compatibility with existing model architectures, although 

its effectiveness on resource-limited hardware can depend 

on the execution framework and fine-tuning strategy (Wen 

et al., 2020; Valerio et al., 2021). 

Quantization methods, including post-training 

quantization (PTQ), quantization-aware training (QAT), 

and post-training dynamic range quantization (DRQ), offer 

different trade-offs between accuracy preservation and 

deployment complexity (Jacob et al., 2018; Kang et al., 

2024). Among these approaches, DRQ has attracted 

attention as a practical compromise, as it reduces model 

size and computational demand without requiring 

retraining, while maintaining good portability across 

heterogeneous hardware platforms (Jacob et al., 2018; 

Alandjani, 2024). However, systematic evaluations of 

DRQ for agricultural ET₀ forecasting—especially under 

varying edge hardware constraints—remain scarce. 

Recent work has begun to explore the joint use of 

lightweight architectures, pruning, quantization, and 

attention mechanisms to form multi-strategy optimization 

pipelines (Kang et al., 2024; Kim et al., 2025). While these 

approaches show promise, most studies emphasize 

predictive accuracy or inference latency in isolation, with 

limited consideration of memory usage, thermal stability, 

and cross-platform consistency. Unlike multi-head self-

attention mechanisms commonly adopted in Transformer-

based or attention-augmented models, which introduce 

additional projection matrices and increased computational 

overhead, the proposed temporal attention pooling (TAP) 

employs a lightweight temporal weighting scheme without 

increasing model depth. As a result, TAP incurs only 

marginal computational cost and memory footprint, making 

it well suited for deployment on resource-constrained edge 

devices. Moreover, comprehensive benchmarking on real-

world edge devices is still lacking, particularly for 

agricultural time-series applications that involve 

multivariate inputs and strong diurnal variability (Tanabe & 

Ishibuchi, 2020; Chen & Xiao, 2025; Yin et al., 2025). 
These limitations highlight the need for a unified 

framework that systematically integrates lightweight GRU 
design, efficient temporal attention, and complementary 
compression strategies, and evaluates their combined 
effects across multiple edge platforms. Addressing these 
gaps is essential for establishing practical guidelines to 
balance predictive accuracy, latency, memory efficiency, 
and thermal behavior in intelligent irrigation systems. 

 

Material and Method 
 

Data and preprocessing: The meteorological dataset used 

in this study was obtained from Station 56289 of the China 

Meteorological Administration (CMA), located in Pengshan 

District, Sichuan Province, China (30.20° N, 103.87° E; 
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elevation = 437 m). The dataset spaned from January 1, 2021, 

to December 31, 2023, and consisted of near-surface 

meteorological observations relevant to evapotranspiration 

processes. This dataset is publicly accessible via the China 

Meteorological Administration’s Open Data Portal 

(https://data.cma.cn), ensuring transparency and 

reproducibility of meteorological research. 

The data acquisition, temporal reconstruction, 

preprocessing, and quality control procedures follow our 

previously published benchmarking study on edge-based 

ET₀ forecasting (Luo et al., 2025). Only a brief summary is 

provided here for completeness. In that work, raw 

observations were reindexed and resampled to an hourly 

resolution, missing values were handled using variable-

specific interpolation strategies, and outliers were detected 

and corrected using standard statistical criteria to ensure 

physical consistency and temporal continuity. 

To further reduce high-frequency measurement noise 

introduced by sensor fluctuations and transmission artifacts, 

a Savitzky–Golay (SG) filter followed by a short moving-

average smoothing was applied during preprocessing. 

These smoothing operations were designed solely for noise 

suppression and not intended to modify the underlying 

physical trends of the time series. Importantly, the applied 

filters preserve the mean level, diurnal pattern, and long-

term variability of ET₀, and therefore do not introduce 

systematic bias into the evapotranspiration signals. Similar 

preprocessing strategies have been shown to effectively 

improve numerical stability while maintaining physical 

consistency in hourly ET₀ analysis (Luo et al., 2025). 

Hourly reference evapotranspiration (ET₀) was 

computed using the FAO-56 Penman–Monteith formulation 

(Allen et al., 1998), which is widely adopted in irrigation 

scheduling and agro-hydrological applications. To support 

short-term forecasting, the FAO-56 equation—originally 

defined at a daily scale—was extended to hourly resolution 

following the ASCE standardized methodology (López-

Urrea et al., 2006). Previous studies have demonstrated that 

the ASCE-standardized hourly FAO-56 formulation 

provides reliable ET₀ estimates when compared with 

lysimeter measurements and high-resolution observational 

data (Trajković, 2010). The resulting hourly ET₀ series 

served as the prediction target for all experiments. 

Model inputs comprise air temperature, relative 

humidity, wind speed, solar radiation, and soil moisture at 

10 cm depth, together with a first-order autoregressive term 

of ET₀, which has been shown to improve short-term 

predictive performance in time-series forecasting (Luo et 

al., 2025). Input sequences were constructed using a 

sliding-window approach for one-step-ahead prediction. 

Based on prior analysis, a 12-hour lookback window was 

adopted as the default configuration, providing an effective 

balance between temporal context and computational 

efficiency for edge deployment. In our previous study (Luo 

et al., 2025), comparative experiments using 6 h, 12 h, and 

24 h sliding windows showed that the 12 h configuration 

consistently achieved lower RMSE than shorter windows 

while avoiding the accuracy saturation and increased 

computational overhead observed with longer windows. 

Therefore, the 12-hour window was selected as a well-

justified compromise between predictive performance and 

edge-computing efficiency. 

To prevent information leakage, the dataset was split 

chronologically, with data from 2021–2022 was used for 

training and data from 2023 was reserved for validation. It 

should be noted that the dataset used in this study was 

obtained from a single meteorological station, and therefore 

the spatial generalizability of the reported results was 

inherently limited. The primary objective of this work is not 

to evaluate cross-regional generalization performance, but to 

benchmark the computational efficiency, runtime stability, 

and deployment feasibility of lightweight GRU-based 

models under resource-constrained edge-computing 

conditions. In this context, the single-station setting provides 

a controlled and reproducible testbed for cross-platform 

performance evaluation. Future work will extend the 

proposed framework to multi-station and cross-regional 

datasets to further investigate spatial transferability. 

Details of the full preprocessing pipeline, including 

missing-value imputation, outlier correction, feature 

normalization, and sequence construction, are reported in 

Luo et al., (2025) and are not repeated here. 

 

Model architecture and optimization strategies: To 

improve the efficiency of ET₀ forecasting on embedded 

edge devices, this study introduces a lightweight 

framework built upon the GRU architecture and augmented 

with several complementary optimization strategies. The 

design aims to reduce inference latency and memory 

demand while also enhancing thermal stability, which is 

treated here as an indirect measure of energy efficiency. At 

the same time, the framework maintains the level of 

predictive accuracy necessary for dependable operation 

under constrained computational resources. In essence, it 

seeks to strike a practical balance between precision and 

deployability for real-world edge applications. 

Figure 1 provides an overview of the proposed Tiny-

GRU framework, which is organized into five major 

components: 

 

(a) Problem context: outlines the challenges of water 

scarcity, network limitations, and restricted computing 

power in smart paddy irrigation. 

(b) Data preprocessing: includes feature selection, 

interpolation, normalization, and sliding-window 

generation. 

(c) Model optimization: defines nine configuration paths 

(P1–P9) based on a Tiny-GRU backbone and 

integrates temporal attention, pruning, and dynamic 

range quantization (DRQ). 
(d) Cross-platform training and benchmarking: conducted 

on an Intel i5-12450H platform (training + benchmark) 
and a Raspberry Pi 5 device (benchmark). 

(e) Evaluation and decision analysis: combines accuracy, 
efficiency, and thermal indicators through Pareto-front 
and heatmap visualization to guide deployment 
decisions. 

 

Architecture design and enhancement 
 

(a) Tiny-GRU: Building upon the baseline model P1—a 

two-layer unidirectional GRU with 128 and 64 hidden units 

and roughly 118 k trainable parameters—a compact variant 

termed Tiny-GRU (P2) was developed to reduce 

computational load and parameter size without sacrificing 

https://www.fao.org/4/x0490e/x0490e00.htm?utm_source=chatgpt.com
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predictive capability. The model follows a deep-but-

narrow design that consists of three unidirectional GRU 

layers with progressively decreasing hidden units (64 → 32 

→ 16). The first two layers output complete temporal 

sequences to capture dynamic dependencies, whereas the 

final layer extracts only the last hidden state, which is then 

passed through a linear layer to produce the forecast. 

 

 
 
Fig. 1. Overall architecture of the proposed Tiny-GRU framework, 

illustrating five integrated components: problem context, data 

preprocessing, model optimization, cross-platform benchmarking, 

and evaluation/decision analysis. 

 

Relative to P1, the Tiny-GRU model contains about 25 
k trainable parameters and performs roughly 0.3 M 
multiply–accumulate operations (MACs) per sample when 
trained on a 12-hour input window with six features. These 
values represent approximately a 79% reduction in 
parameter count and a 75% reduction in MACs compared 
with the baseline model’s 118 k parameters and 1.2 M 
MACs per sample. The architecture draws inspiration from 
progressive channel-reduction strategies used in 
lightweight CNNs but has been adapted here for sequential 

forecasting to balance representational efficiency and 
predictive accuracy (Liang et al., 2021; Ullah et al., 2021; 
Zhang et al., 2023). 

 

The Tiny-GRU offers several practical benefits: 

 

• Reduced complexity: The gradual decrease in hidden 

units prevents quadratic parameter growth, preserving 

model capacity while keeping the overall size compact. 

• Edge adaptability: Smaller hidden states lower 

memory bandwidth and cache requirements, which in 

turn shorten inference latency. 

• Stable convergence: The training process employs an 

early-stopping mechanism to stabilize convergence 

and avoid overfitting (details in Section 3.4). 

 

For fair comparison, all models were trained and 

evaluated under identical preprocessing (12-hour sliding 

window, Min–Max normalization), optimization settings 

(same patience for early stopping), and inference conditions. 

 

Note: Parameter count and multiply–accumulate 

operations (MACs) were computed under a 12-hour input 

window with six input features. Values are theoretical 

estimates obtained from TensorFlow model summaries. 

As shown in Table 1, Tiny-GRU substantially decreases 

computational burden while maintaining forecasting 

accuracy. In summary, P2 represents a lightweight 

refinement of the baseline GRU and serves as the foundation 

for subsequent compression and enhancement strategies. Its 

effects on runtime memory footprint and thermal stability are 

examined in Section 4.4 under the standardized experimental 

settings described in Section 3.4.1. 

 

(b) Temporal attention pooling: Building on the hidden 

state sequence as shown in (2), we introduced a single-head 

linear self-attentive pooling mechanism to dynamically 

capture the relative contributions of different time steps. 

 

𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑇] ∈ 𝑅𝑇×𝑑       (1) 

 

Here, X represents the sequence of hidden state vectors 

output by the Tiny-GRU (P2), where T is the sequence 

length and d denotes the dimensionality of each hidden state. 

This approach is conceptually related to prior work on 

attention-based temporal modeling in time-series forecasting 

(Cheng et al., 2020; Chen et al., 2023), as shown in (3)–(5), 

but it is adapted here for resource-constrained edge 

applications with small hidden dimensions. 

The attention scores were first obtained through a 

linear projection: 

 

𝑒𝑡 = 𝑤𝑎
⊤𝑥𝑡 + 𝑏𝑎 , (𝑤𝑎 ∈ 𝑅𝑑 ,  𝑏𝑎 ∈ 𝑅)     (2) 

 

Table 1. Architectural and computational comparison between the baseline GRU (P1) and the lightweight Tiny-GRU (P2). 

Model 
Network 

configuration 

Parameters 

(k) 

MACs per 

sample (M) 
Suitability for ET₀ prediction 

P1 (Baseline GRU) 2 × (128, 64) 118 ≈ 1.2 
High accuracy, but limited suitability for edge-based ET₀ 

prediction due to higher computational and memory demand 

P2 (Tiny-GRU) 3 × (64, 32, 16) 25 ≈ 0.3 
High suitability for edge-based ET₀ prediction, offering a favorable 

balance between accuracy and computational efficiency 
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The scores were then normalized using the Softmax 

function to derive attention weights: 

 

𝛼𝑡 =
exp(𝑒𝑡)

∑ 𝑒𝑥𝑝(𝑒𝑗)𝑇
𝑗=1

, ∑ 𝛼𝑡
𝑇
𝑡=1 = 1      (3) 

 

Finally, a weighted aggregation was performed to form 

the context vector: 

 

context = ∑ 𝛼𝑡𝑥𝑡
𝑇
𝑡=1 ∈ 𝑅𝑑       (4) 

 

This mechanism requires only 𝑑 + 1  trainable 

parameters with a computational complexity of 𝒪(𝑇 𝑑) , 

which is lower than additive attention (requiring a feed-

forward network) or scaled dot-product attention (requiring 

Q/K/V matrix operations). By avoiding multiple matrix 

multiplications, linear attention pooling reduces memory 

usage and inference latency on embedded CPUs (e.g., 

Raspberry Pi), making it more suitable for real-time 

applications on edge devices. 

Compared with conventional mean pooling and last-

step pooling, temporal attention pooling can dynamically 

assign weights 𝛼𝑡, emphasizing the most influential time 

steps for prediction. Moreover, the interpretability of the 

model is enhanced, as the visualization of attention weights 

provides interpretable insights into the meteorological 

conditions that predominantly influence forecasting 

outcomes. To ensure fairness, all pooling methods were 

compared under identical preprocessing, sequence length 

(12 h), and optimization settings. 

 

Compression and lightweighting 

 

(a) Magnitude-based pruning and weight sparsification: 

To benchmark reductions in storage requirements and 

inference latency, a magnitude-based pruning strategy was 

applied to the backbone of Tiny-GRU (P2, lightweight 

baseline), introducing weight sparsification for redundant 

parameters (Tang et al., 2022). This method was originally 

proposed by Han et al. and later implemented in the 

TensorFlow Model Optimization Toolkit by Zhu and 

Gupta, where it has been widely adopted. Specifically, all 

three GRU layers and the output dense layer were wrapped 

with pruning operations. During training, a polynomial 

schedule was employed to gradually set low-magnitude 

weights to zero, with the sparsity ratio increasing from 0.0 

to 0.5 as defined in (5): 

 

sparsity(𝑡) = 0.0 → 0.5, 𝑡 ∈ [0,end_step]    (5) 

 

The upper bound of training steps was computed 

according to (6): 

 

𝑒𝑛𝑑_step = ⌈
𝑁𝑡𝑟𝑎𝑖𝑛

32
⌉ × 20       (6) 

 

This training configuration corresponds to a batch size 

of 32 and a maximum of 20 epochs, which fully covers the 

model’s convergence process. To preserve both 

interpretability and numerical stability within the attention 

mechanism, the scoring layer, Softmax normalization, and 

weighted aggregation modules were excluded from 

pruning. After training, the strip_pruning operation was 

applied to finalize sparse weights and remove pruning 

wrappers, followed by evaluation under TensorFlow Lite 

dynamic quantization to assess its effect on storage demand 

and inference latency. 

Because of early stopping and the limited frequency of 

mask updates, the final sparsity ratio did not reach exactly 

0.5. In practice, the average sparsity across layers ranged 

between 47% and 49%, reflecting the stability of the 

pruning schedule. Retaining the attention layers slightly 

reduced the achievable compression ratio but ensured 

interpretability of the temporal weighting process. Overall, 

this pruning–quantization pipeline achieved approximately 

50% structural sparsity while keeping the total parameter 

count nearly constant, effectively lowering memory 

bandwidth and inference latency without sacrificing 

predictive accuracy or transparency (Tang et al., 2022; 

Paula et al., 2025). 

It is worth noting that the static model size changed 

only marginally (0.207 MB → 0.204 MB) (Table 2). This 

occurs because TensorFlow Lite stores sparse weights in a 

dense tensor representation under dynamic quantization. 

Consequently, the main performance gains from pruning 

are reflected in inference speed and memory efficiency 

rather than in file-size reduction (Paula et al., 2025). 

For consistency, all models—P1, P2, and P6—were 

trained using the same dataset partition, identical early-

stopping strategy, and uniform hyperparameter 

configuration, ensuring comparability of results. The 

structural characteristics of these models provide the basis 

for evaluating how pruning and quantization influence 

sparsity and computational efficiency (Table 2). 

As shown in Table 2, pruning introduced roughly 50% 

unstructured sparsity while maintaining nearly the same 

parameter scale as the Tiny-GRU baseline (P2), resulting in 

only a minimal change in file size. The contribution of this 

study lies in applying a pruning–quantization workflow to 

ET₀ forecasting under edge-computing constraints, while 

intentionally keeping the attention layers unpruned to 

preserve model interpretability and temporal stability. A 

detailed evaluation of predictive accuracy, inference latency, 

and thermal performance is presented in Section 4. 
 

(b) Dynamic range quantization (DRQ): After training the 

Tiny-GRU model (P2), dynamic range quantization (DRQ) 

was applied through the TensorFlow Lite framework to 

evaluate improvements in storage efficiency and inference 

latency on resource-limited edge platforms. This method 

follows the integer quantization approach introduced by 

Jacob et al., (2018) and integrated into the TensorFlow Lite 

(TFLite) toolchain, which has since been extended in several 

lightweight RNN quantization studies targeting edge 

deployment (Wang & Kang, 2023). The underlying 

mechanism compresses FP32 weights into INT8 format 

while keeping activations and input–output operations in 

FP32, a design choice that maintains numerical stability and 

simplifies data handling during inference. 

In this study, the trained Tiny-GRU model was exported 

using the TensorFlow Lite Converter to generate a .tflite 

executable that runs directly on embedded CPUs without 

additional modifications. Unlike standard post-training 

quantization (PTQ), DRQ does not rely on calibration data, 
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which helps reduce benchmarking complexity. The 

conversion process used the TensorFlow Lite Converter with 

the optimization flag tf.lite.Optimize.DEFAULT, and 

inference tests were conducted with a batch size of one to 

approximate realistic edge-inference scenarios. Because of 

its simplicity and robustness, DRQ was adopted as the 

default setting for evaluating inference performance on 

embedded and edge devices. 

DRQ does not alter the network architecture; instead, it 

achieves efficiency purely through compressed weight 

representation. Pruning and DRQ are complementary: 

pruning reduces computational load by removing redundant 

weights, while DRQ decreases storage and memory 

bandwidth demands through precision compression. Applied 

together, they enable further efficiency gains for ET₀ 

forecasting on edge devices, representing one of the first 

studies to systematically benchmark this combined pipeline. 

The two techniques thereby provide efficiency 

improvements in benchmarking tasks while maintaining 

comparable predictive accuracy. 

 

Optimization pathways and strategy combinations: To 

systematically evaluate the independent contributions and 

joint effects of different optimization strategies, nine 

configuration pathways (P1–P9) were designed, as 

summarized in Table 3. These pathways cover the 

progression from the baseline model (P1) and the lightweight 

starting point (P2), through individual compression strategies, 

to combinations of compression with enhancement, and 

finally to the full multi-strategy integration (P9). This design 

supports controlled benchmarking and facilitates 

engineering-oriented evaluation. 

 

• Baseline reference: P1 (two-layer GRU, 128→64 

hidden units). 

• Lightweight starting point: P2 (Tiny-GRU, 

64→32→16 hidden units). 

 

The layer configuration (64→32→16) was determined 

empirically to achieve a balanced trade-off between 

prediction accuracy and computational efficiency.  

Preliminary experiments with shallower or wider 

configurations resulted in either noticeable accuracy 

degradation or increased inference latency, while this structure 

provided a favorable compromise for edge deployment. 

• Single compression: P3 (Tiny-GRU + DRQ), P6 

(Tiny-GRU + pruning). 

• Compression with enhancement: P4 (Tiny-GRU + 

temporal attention), P5 (Tiny-GRU + attention + 

DRQ), P7 (Tiny-GRU + attention + pruning), P8 

(Tiny-GRU + pruning + DRQ). 

• Multi-strategy integration: P9 (Tiny-GRU + attention 

+ pruning + DRQ). 

 
For example, pruning and quantization exhibit 

synergistic improvements in model compression and 
inference speed (Argüello Ron et al., 2022). When applied 
within the lightweight Tiny-GRU backbone, temporal 
attention pooling adds only a small amount of computation 
but helps recover much of the accuracy that would otherwise 
be lost due to compression. This outcome highlights the 
practical importance of combining compression and 
enhancement strategies within a unified framework. 

As shown in Table 3, the pathway design establishes a 
stepwise framework that enables controlled benchmarking 
across multiple optimization stages. The final 
configuration (P9) brings together structural reduction, 
temporal modeling, sparsification, and quantization, 
forming the basis for the cross-platform evaluation 
described in Section 3.4. In doing so, the framework 
directly addresses the challenges of ET₀ forecasting under 
edge-computing limitations and demonstrates both 
methodological soundness and practical engineering value. 
All models were trained using the Adam optimizer with a 
learning rate of 0.001, batch size of 32, and dropout rate of 
0.2 to prevent overfitting. Early stopping with a patience of 
10 epochs was employed to ensure convergence stability. 

Table 2. Structural comparison of baseline GRU, Tiny-GRU, and pruned GRU models, 

Model Params (k) Sparsity (%) Model size (MB, theoretical) 

Baseline (P1, standard GRU) 118 0 0.970 

Tiny-GRU (P2, lightweight baseline) 25.3 0 0.207 

Pruned (P6, Tiny-GRU + pruning/quant.) 25.6 ≈50 0.204 

 

Table 3. Definition of baseline and optimization pathways (P1–P9). 

Path Base architecture Attention Pruning Quantization (DRQ) Remarks 

P1 GRU (128→64) ✗ ✗ ✗ Baseline GRU model 

P2 Tiny-GRU (64→32→16) ✗ ✗ ✗ Lightweight starting point 

P3 Tiny-GRU ✗ ✗ ✓ Single quantization 

P4 Tiny-GRU ✓ ✗ ✗ Temporal attention pooling 

P5 Tiny-GRU ✓ ✗ ✓ Attention with quantization 

P6 Tiny-GRU ✗ ✓ ✗ Pruning (≈50% sparsity) 

P7 Tiny-GRU ✓ ✓ ✗ Attention with pruning 

P8 Tiny-GRU ✗ ✓ ✓ Pruning with quantization 

P9 Tiny-GRU ✓ ✓ ✓ Full multi-strategy integration 

Note: DRQ = Dynamic range quantization 
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Table 4. Hardware and runtime configurations of the experimental platforms. 

Platform type CPU (Frequency) Memory Operating system Runtime configuration 

Raspberry Pi 5 
ARM Cortex-A76 

(4 × 2.4 GHz) 
8 GB LPDDR4X 

Raspberry Pi OS (Bookworm, 

64-bit, Linux Kernel 6.x.y) 

Room temperature ≈ 26°C; no external 

cooling; official power supply 

Intel i5-12450H 

(12th Gen) 

8 cores (4P + 4E), 

2.0–4.4 GHz 
16 GB DDR4 Windows 11 (64-bit) 

Room temperature ≈ 26°C; single-

threaded CPU execution; GPU disabled 

 

Experimental platforms and configurations 

 

Hardware and software environment: To ensure 

reproducibility and fair comparison across platforms (Shan 

et al., 2025), two hardware environments were used in this 

study. The Raspberry Pi 5 (Raspberry Pi Foundation, UK) 

served as the embedded edge-benchmarking platform, 

while an Intel® Core™ i5-12450H processor (12th Gen, 

Intel Corporation, USA) was used as a general-purpose 

reference system. The Raspberry Pi family is widely 

adopted for embedded AI benchmarking due to its balance 

between computational capability and accessibility, and is 

consistent with the EdgeMark evaluation framework 

(Hasanpour et al., 2025; Pandey & Asati, 2023). 

All model training was conducted on the Intel i5 

platform, which was restricted to single-threaded CPU 

execution with GPU acceleration disabled in order to 

emulate embedded edge constraints (Lv et al., 2025). The 

same configuration was applied during inference for 

consistency, while the Raspberry Pi 5 served as the physical 

testbed for edge deployment. This setup enabled direct 

measurement of inference latency, memory utilization, and 

thermal behavior under realistic operating conditions. The 

detailed hardware specifications and runtime configurations 

of both platforms are summarized in Table 4. 

All experiments were executed in a standardized 

Python environment using TensorFlow for model training 

and TensorFlow Lite for deployment and inference. 

Identical software settings were applied across all 

configurations to ensure fair comparison. Detailed 

information on software versions, libraries, and runtime 

dependencies is provided in the Supplementary Materials. 

 

Dataset and partitioning: Input sequences were generated 

using a sliding window of 12 time steps applied to six input 

variables, yielding a total of 26,267 valid samples. To 

preserve temporal integrity and prevent information 

leakage, the dataset was divided chronologically, with 80% 

(21,012 samples) used for training and the remaining 20% 

(5,254 samples) reserved for validation. The validation set 

was used both for early stopping during training and as the 

common benchmark set for cross-platform inference 

evaluation. As the primary objective of this study is 

benchmarking feasibility rather than generalization 

assessment, no independent test set was constructed, 

consistent with prior engineering-oriented benchmarking 

studies (Hasanpour et al., 2025). 
 

Model configurations and inference monitoring: Nine 

configuration pathways (P1–P9) were implemented to 

evaluate the independent and combined effects of 

lightweight architecture design, pruning, quantization, and 

temporal attention. All models were trained using the 

Adam optimizer with a fixed learning rate and early 

stopping, and subsequently exported to TensorFlow Lite 

(.tflite) format for deployment and inference on both 

platforms (Vindas et al., 2025). Additional sensitivity tests 

with slight variations in learning rate (±10%) and dropout 

rate (0.1–0.3) resulted in negligible changes in validation 

performance (<1% RMSE variation), indicating that the 

Tiny-GRU configuration is relatively robust to minor 

hyperparameter perturbations. 

All model variants were evaluated using sample-wise 

inference (batch size = 1) on the full validation set (n = 

5,254). Inference latency was reported as the mean ± 

standard deviation. On the Raspberry Pi 5, CPU 

temperature was monitored as an indirect indicator of 

energy consumption using the vcgencmd utility, following 

established practices in embedded AI benchmarking 

(Mohamed et al., 2022; Vindas et al., 2025). Recorded 

thermal indicators included the initial temperature, rolling 

maximum temperature, temperature increase (ΔT), and 

steady-state statistics. 

To promote transparency and reproducibility, all core 

code and deployment scripts will be made publicly 

available with a registered DOI, together with full 

dependency specifications and platform-related tools. Each 

reported result represents the average of two independent 

experimental runs, ensuring stability of the observed 

performance trends in accordance with FAIR data 

principles (Wilkinson et al., 2016). 

 

Evaluation metrics and decision tools 

 

Accuracy metrics: Model performance was evaluated on 

the validation dataset (n = 5,254) using three widely adopted 

accuracy indicators: mean absolute error (MAE, mm·h⁻¹), 

root mean square error (RMSE, mm·h⁻¹), and the coefficient 

of determination (R²). These metrics respectively 

characterize average prediction deviation, sensitivity to large 

errors, and goodness-of-fit, and were computed following 

standard definitions in the literature (Willmott & Matsuura, 

2005). Together, they provide a comprehensive assessment 

of predictive accuracy and model reliability. 

 

Efficiency metrics: Model efficiency was assessed from 

four complementary perspectives (Lv et al., 2025). 

Inference latency (ms·sample⁻¹) was measured on both the 

Raspberry Pi 5 and Intel i5 platforms. On the Raspberry Pi 

5, latency was obtained under sample-wise inference across 

100 repeated runs, with cold-start effects and outliers 

exceeding 3σ excluded. On the Intel i5 platform, latency 

was measured under full-batch inference, and results are 

reported as mean ± standard deviation (SD). 

Model size (MB) was determined from the 

exported .tflite files to quantify storage requirements, 

while peak memory usage (MB) was monitored during 

execution to characterize runtime resource demand. In 

addition, total training time and the number of epochs 

required for convergence were recorded as indicators of 

optimization efficiency. 
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Thermal performance metrics: As the Raspberry Pi 5 

lacks onboard power monitoring, CPU temperature was 

adopted as a proxy indicator of energy consumption, 

following established edge benchmarking practices 

(Mohamed et al., 2022). Although not a direct measure of 

power draw, CPU temperature provides a stable and 

repeatable indicator when ambient conditions are controlled. 

Four thermal indicators were defined: the initial 

temperature prior to inference, the rolling maximum 

temperature computed using a five-sample moving average, 

the temperature rise (ΔT = T_peak − T_initial), and the 

steady-state mean and standard deviation, which together 

characterize thermal dynamics and stability during 

sustained inference. 

 

Statistical and visualization tools: Because inference 

latency and MAE did not satisfy normality assumptions, 

the Kruskal–Wallis test was applied to assess statistical 

significance, whereas memory usage, which satisfied both 

normality and homoscedasticity, was analyzed using one-

way ANOVA. A significance level of p < 0.001 was 

adopted throughout. Statistical analysis focused on global 

significance, and post-hoc pairwise comparisons were not 

conducted to maintain interpretive consistency. 
To support multi-objective benchmarking, several 

visualization tools were employed. Pareto front plots were 
used to illustrate trade-offs among RMSE, inference 
latency, and memory usage (Deb et al., 2002). Heatmaps 
were constructed using normalized metrics, with lower-is-
better indicators (RMSE, latency, memory usage, and ΔT) 
inverted and higher-is-better indicators (R²) retained to 
ensure consistent interpretation (Zhen et al., 2020). In 
addition, bubble plots were generated using RMSE and 
latency as coordinate axes, bubble size representing model 
size, and color encoding the P1–P9 optimization paths. 
Collectively, these statistical and visualization tools form a 
reproducible, multi-dimensional evaluation framework for 
benchmarking ET₀ forecasting models under edge-
computing constraints. 

 

Summary and methodological contributions: This 

chapter presented a comprehensive multi-metric 

benchmarking framework designed for ET₀ forecasting 

under edge-computing constraints. The methodology was 

organized into four major components. The first focused on 

data preprocessing, where a high-resolution, single-station 

dataset was carefully cleaned, normalized, and prepared to 

ensure stable model training. The second addressed model 

architectures and optimization pathways, moving from a 

baseline GRU toward a lightweight Tiny-GRU and further 

integrating temporal attention, pruning, and dynamic 

quantization to examine both independent and combined 

optimization effects. The third covered experimental 

platforms and configurations, in which benchmarking was 

performed on Intel i5 and Raspberry Pi 5 devices under 

consistent training and inference conditions to enable fair 

cross-platform comparison. The final component 

introduced evaluation metrics and decision-support tools, 

incorporating measures of predictive accuracy, 

computational efficiency, thermal behavior, and statistical 

testing, together with multi-objective visualization 

methods such as Pareto fronts, heatmaps, and bubble plots 

(Deb et al., 2002; Zhen et al., 2020). 

By jointly considering accuracy, efficiency, and 

thermal characteristics, the proposed framework extends 

beyond traditional evaluation protocols and establishes a 

reproducible foundation for benchmarking edge-AI 

models. Unlike most previous ET₀ forecasting studies that 

focused mainly on predictive accuracy, this design 

explicitly incorporates the computational limitations of 

edge environments, emphasizing both its engineering 

practicality and methodological relevance. The multi-

metric benchmarking framework developed here thus 

provides the basis for the cross-platform analysis 

presented in Section 4. 

 

Results and Discussion 
 

Accuracy and latency performance: The predictive 

accuracy and inference latency of the nine model 

configurations (P1–P9) were evaluated on two hardware 

platforms: the Raspberry Pi 5 as a representative embedded 

edge device, and an Intel i5 system configured in single-

threaded CPU mode to emulate constrained execution 

conditions (Hasanpour et al., 2025; Vindas et al., 2025). As 

accuracy differences between platforms were negligible 

(RMSE discrepancy < 0.0005), the accuracy results 

reported in Table 5 correspond to those obtained on the 

Raspberry Pi 5. Inference latency was analyzed separately 

for each platform to examine the influence of hardware 

characteristics on real-time performance. 
 

Table 5. Comparative prediction accuracy of nine GRU-based 

model paths (P1–P9) evaluated on the Raspberry Pi 5. 

Model MAE RMSE R² 

P1 0.0153 0.0226 0.9792 

P2 0.0223 0.0278 0.9685 

P3 0.0134 0.0208 0.9824 

P4 0.0130 0.0203 0.9832 

P5 0.0151 0.0228 0.9788 

P6 0.0133 0.0210 0.9820 

P7 0.0145 0.0218 0.9806 

P8 0.0133 0.0211 0.9819 

P9 0.0156 0.0230 0.9785 

 

Overall, the optimized models consistently 

outperformed the baseline GRU (P1) in terms of predictive 

accuracy. Among all configurations, the attention-

augmented Tiny-GRU (P4) achieved the best overall 

accuracy (RMSE = 0.0203, R² = 0.9832), while the 

aggressively compressed Tiny-GRU (P2) showed the 

lowest accuracy (RMSE = 0.0278, R² = 0.9685). Notably, 

P3 preserved high predictive accuracy (RMSE = 0.0208, R² 

= 0.9824), exhibiting only marginal degradation relative to 

P4. These results indicate that architectural design and 

optimization strategy, rather than computational hardware, 

primarily determine forecasting accuracy. 

Inference latency exhibited clear and systematic trends 

across configurations and platforms, as illustrated in Fig. 2. 

Absolute latency values on the Intel i5 were lower owing 

to its higher clock frequency; however, the relative ranking 

of model performance closely matched that observed on the 

Raspberry Pi 5 (Mohamed et al., 2022). As model 

compression increased, inference latency generally 

decreased, confirming the effectiveness of lightweight 

design and compression strategies for real-time execution. 
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Fig. 2. Comparison of inference latency for nine GRU-based 

model paths on Intel i5 and Raspberry Pi 5 platforms. 

 
From a trade-off perspective, three representative 

performance orientations can be identified. The efficiency-
oriented configuration (P2) achieved the lowest latency but 
incurred a noticeable loss in accuracy. The accuracy-oriented 
configuration (P3) retained near-optimal predictive 
performance while exhibiting moderately higher latency. The 
balanced configuration (P4) provided the most favorable 
compromise, combining the highest accuracy with low 
inference latency (0.211 ms on the Raspberry Pi 5). Statistical 
testing confirmed that differences among these performance 
groups were significant (p<0.001; see Section 4.6). 

The Raspberry Pi 5 exhibited a narrower latency range 
(0.211–0.366 ms) and greater temporal consistency. By 
contrast, the Intel i5 showed larger variability, which can be 
attributed to operating-system scheduling overhead under 
emulated edge conditions (Shahab et al., 2025). When 
considered together with the thermal behavior discussed in 
Section 4.5, these findings suggest that the Raspberry Pi 5 
provides a more stable benchmarking environment for 
evaluating edge-oriented ET₀ forecasting models. 

In summary, integrating lightweight GRU architectures 
with temporal attention mechanisms enables models to 
achieve both high accuracy and low latency under resource 
constraints. This balance is particularly important for real-
time ET₀ estimation in smart paddy irrigation, where timely 
and reliable predictions directly support irrigation 
scheduling and water-use efficiency. 

 

Memory usage and model file size analysis: Memory usage 

and model file size were analyzed for the nine configurations 

(P1–P9) to assess their feasibility for deployment on resource-

limited edge devices. This aspect is especially critical for 

agricultural IoT systems, where available storage and runtime 

memory are often tightly constrained (Hasanpour et al., 2025; 

Shahab et al., 2025). The main results are summarized in 

Table 6 and visualized in Fig. 3(a–c). 

 
Table 6. Memory usage and model file size of nine GRU-based 

model paths (P1–P9) on the Raspberry Pi 5. 

Model 
Model size 

(MB) 

Load memory 

(MB) 

Real-time 

memory (MB) 

Peak memory 

(MB) 

P1 0.413 2.05 509.41 509.94 

P2 0.207 2.56 509.83 510.09 
P3 0.135 2.55 508.95 509.17 

P4 0.207 2.53 509.28 509.69 

P5 0.138 2.55 508.58 508.86 
P6 0.204 2.53 508.72 509.14 

P7 0.207 2.56 508.62 509.28 

P8 0.135 2.56 509.15 509.86 

P9 0.138 2.56 509.07 510.02 

 

Overall, the adoption of lightweight architectures, 

pruning, and quantization led to consistent reductions in both 

storage footprint and runtime memory demand. While model 

loading memory showed modest variation across 

configurations (approximately 2.05–2.56 MB), peak 

memory usage exhibited clearer differentiation. The baseline 

model (P1) consumed the largest peak memory (509.94 MB), 

whereas the most memory-efficient configuration (P5) 

reduced peak usage to 508.86 MB. The absolute reduction 

per model was limited. However, such savings become 

increasingly relevant in multi-node deployments typical of 

distributed agricultural monitoring systems. 

Model file size demonstrated more pronounced 

improvements. The uncompressed baseline model (P1) 

occupied 0.413 MB, while the most compact configuration 

(P5) achieved a file size of 0.138 MB, corresponding to a 

66.6% reduction. This substantial decrease highlights the 

dominant contribution of post-training dynamic range 

quantization to storage efficiency, exceeding the effect of 

pruning alone (Mohamed et al., 2022). 

Across all configurations, memory reductions were 

achieved without compromising predictive accuracy, 

underscoring the effectiveness of the proposed multi-

strategy optimization framework. Statistical analysis 

(Section 4.6) confirmed that the observed differences in 

memory usage and model size were significant (p<0.001), 

reinforcing the robustness of the benchmarking results. 
 

 
 

Fig. 3. Memory usage and model file size of nine model paths on the Raspberry Pi 5: (a) model loading memory, (b) peak runtime 

memory, and (c) model file size. 
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Taken together, these findings demonstrate that 

combining lightweight network design with quantization-

driven compression substantially enhances the 

deployability of ET₀ forecasting models on edge devices. 

In particular, configuration P5 emerged as the most 

memory-efficient path, while other optimized 

configurations offered intermediate trade-offs between 

memory demand and predictive performance, providing 

flexibility for diverse edge deployment scenarios. 

 

Multi-objective trade-offs and decision support: In 

edge-AI deployments, trade-offs between predictive 

accuracy, inference latency, and memory usage are almost 

inevitable—especially in agricultural IoT systems, where 

models must operate under strict resource limitations while 

still delivering near real-time performance (Hasanpour et 

al., 2025; Shahab et al., 2025). Unlike empirical models 

such as the FAO Penman–Monteith equation, which rely 

on simplified linear relationships among climatic variables, 

the GRU-based framework captures nonlinear 

dependencies and temporal interactions, thereby improving 

ET₀ forecasting under dynamic environmental conditions. 

To help interpret these trade-offs more intuitively, this 

study introduces a visualization-based decision-support 

framework that combines two-dimensional bubble plots, 

multi-metric heatmaps, and three-dimensional Pareto 

fronts (Zhen et al., 2020). Together, these visualization 

tools reveal the interactions among performance metrics 

and offer practical guidance for selecting models according 

to specific application priorities. 

 

Trade-off characteristics: The two-dimensional 

distribution of RMSE and inference latency shows a clear 

clustering trend (Fig. 4a). The baseline model (P1) 

recorded the highest latency (0.366 ms) with only a modest 

accuracy benefit (RMSE = 0.0226). By contrast, the 

optimized configurations (P2–P9) were concentrated in the 

lower-left region of the plot, with latency values between 

0.211 and 0.230 ms and RMSE ranging from 0.0203 to 

0.0230. This clustering suggests that lightweight 

optimization strategies were effective in reducing 

computational cost while maintaining predictive accuracy. 

Fig. 4(b) shows a magnified view that emphasizes the 

differences among individual strategies. P4 delivered the 

best overall performance, achieving the lowest latency 

(0.211 ms) together with the highest accuracy (RMSE = 

0.0203). P3 and P8 also performed strongly, maintaining 

high accuracy (RMSE = 0.0208 and 0.0211, respectively) 

while producing the smallest model files (0.135 MB), 

which makes them particularly suitable for storage-limited 

hardware. P5, with a file size of 0.138 MB and moderate 

latency (0.227 ms), represented a memory-efficiency-

oriented configuration. The pruning-based variants (P6–P7) 

exhibited more balanced trade-offs between latency and 

compression. When compared with the pathway definitions 

summarized in Table 3 (Section 3.3), both P4 and P9 also 

showed advantages in MAE, reinforcing the view that 

different optimization paths can complement each other 

across accuracy dimensions. 

At a broader multi-metric scale, Fig. 5 highlights 

several consistent performance patterns. Relative to Tiny-

GRU (P2), P4 achieved a 26.98% reduction in RMSE while 

maintaining nearly identical latency (a decrease of just 

1.40%). P5 also improved accuracy over P2, reducing 

RMSE by 17.99%, though this came with a modest 6.07% 

increase in latency—illustrating the typical trade-off 

between precision and efficiency. 

From a benchmarking perspective, P3 and P6 achieved 

file-size reductions of 67.31% and 50.61%, respectively, 

accompanied by lower mean CPU temperatures (2.0°C and 

1.8°C decreases). These outcomes point enhanced thermal 

stability and reduced power stress, both of which mitigate 

overheating risks (Mohamed et al., 2022)—a particularly 

important factor for sustained operation in field-based IoT 

devices without active cooling mechanisms. 

 

Pareto front analysis: Figure 6 illustrates the Pareto-

optimal set obtained under three simultaneous objectives. 

Among the nine model paths, only P3, P4, and P5 appeared 

on the Pareto front. Specifically, P3 achieved the lowest 

RMSE (0.0208), P4 delivered the lowest inference latency 

(0.211 ms), and P5 provided the lowest peak memory 

consumption (508.86 MB)—representing a 1.08 MB 

reduction compared with P1. Accordingly, P3, P4, and P5 

can be regarded as accuracy-, latency-, and memory-

oriented optimization pathways, respectively, representing 

distinct priorities for practical deployment under different 

edge-computing scenarios. For visualization clarity, a 

consistent color-coding scheme was applied across all 

Pareto-front and multi-metric figures, with each 

optimization path (P1–P9) represented by the same color 

throughout the manuscript. The remaining models were 

dominated in at least one performance dimension. 

Taken together, these findings confirm that no single 

configuration excels across all metrics; rather, model 

selection must be aligned with the computational and 

operational constraints of the intended deployment 

environment. Statistical testing using one-way ANOVA 

further supported the significance of these trade-offs, with 

corresponding F-statistics and p-values summarized in 

Section 4.6. 

 

Decision-support method and practical value: Building on 

the Pareto-front analysis, the proposed visualization 

framework provided an intuitive and systematic decision-

support mechanism for selecting ET₀ forecasting models 

under edge-computing constraints. By jointly considering 

accuracy, inference latency, and memory usage, the 

framework enables users to identify configurations that best 

match specific deployment priorities without relying on a 

single performance metric. This multi-objective perspective 

enhances transparency and robustness in model selection, 

particularly in resource-limited agricultural IoT environments. 

The results demonstrated that reliable benchmarking and 

informed decision-making can be achieved directly on edge 

devices, supporting practical deployment in smart irrigation 

systems. More broadly, the framework establishes a 

transferable methodological basis for multi-metric evaluation 

and optimization in edge-based time-series forecasting, with 

potential applicability to other environmental monitoring and 

edge–cloud collaborative scenarios. 

In practical deployment, the Tiny-GRU framework 

can be implemented on low-cost embedded devices (e.g., 

Raspberry Pi, ESP32) connected to field sensors measuring 
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air temperature, humidity, wind speed, and soil moisture. 

In the present study, benchmarking was conducted on 

Raspberry Pi 5 and a constrained Intel i5 platform. Ultra-

low-power MCUs such as the ESP32 were not 

experimentally evaluated because the full TensorFlow Lite 

(.tflite) runtime could not be executed reliably under the 

available on-device memory constraints (i.e., insufficient 

RAM/flash for allocating model tensors and intermediate 

buffers). The quantized model performs near-real-time ET₀ 

prediction locally and transmits results via lightweight IoT 

protocols such as MQTT or LoRa for cloud–edge 

coordination. This configuration supports autonomous 

irrigation scheduling and enhances the applicability of the 

framework in real-world smart paddy irrigation systems. 

 

 
 
Fig. 4. Two-dimensional RMSE–latency bubble distribution of nine model paths on the Raspberry Pi 5. (a) Overall distribution of all 

models; (b) zoomed-in view excluding P1 for clarity. Bubble size represents model file size. 

 

 
 
Fig. 5. Heatmap comparison of six normalized performance 

metrics, including RMSE, R², inference latency, model file size, 

peak memory usage, and average operating temperature, 

evaluated on the Raspberry Pi 5 platform. Values represent 

normalized means with error bars denoting ±1 standard deviation. 

 

 
 
Fig. 6. Three-dimensional Pareto front analysis of RMSE, inference 

latency, and peak memory evaluated on the Raspberry Pi 5 platform. 

Points represent nine model paths (P1–P9), with a consistent color 

scheme used to denote each configuration across all figures, and 

Pareto-optimal solutions (P3, P4, P5) highlighted for clarity. 

Continuous inference stability and thermal 

performance: Figure 7 compares the stability 

characteristics of continuous inference for the baseline 

model (P1), the intermediate path (P3), and the optimized 

path (P4) on the Raspberry Pi 5 platform. For visual clarity, 

the temperature curves in subfigure (a) were smoothed 

using a moving average, latency curves in subfigure (b) 

were down-sampled at ten-step intervals, and subfigure (c) 

displays peak memory usage. The corresponding 

quantitative data are summarized in Table 7. 
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Fig. 7. Comparison of continuous inference stability for P1, P3, and P4 on the Raspberry Pi 5: (a) CPU temperature variation (smoothed 

using a moving average); (b) inference latency variation (down-sampled at ten-step intervals); (c) peak memory usage. 
 

Overall, P4 consistently maintained the lowest CPU 
temperature (47.0°C) during inference and exhibited both 
low and stable latency (0.35 ms) with memory consumption 
comparable to P1 (509.3 MB). By contrast, P1 reached a 
higher temperature (49.6°C) and showed larger latency 
fluctuations (0.51 ms), whereas P3 fell between the two, 
recording 47.8°C, 0.33 ms, and 508.9 MB. These results 
imply that incremental optimization enhanced stability but 
did not match the robustness achieved by P4. 

Differences in temperature, latency, and memory 
usage were statistically verified (see Section 4.6). In 
addition, recent studies have validated the use of CPU 
temperature as a practical proxy for power consumption 

in edge energy-efficiency assessments (Benoit-Cattin et 
al., 2020; Jin et al., 2022). This is because, under 
sustained inference workloads on embedded CPUs 
without on-board power sensors, increased 
computational activity leads to proportional rises in 
dynamic power dissipation and thermal accumulation. 
As a result, temperature variation serves as a reliable 
indirect indicator of relative energy efficiency across 
model configurations. 

Taken together, P4 demonstrated superior thermal 
stability and consistent inference behavior, suggesting its 
suitability for long-duration benchmarking and deployment 
in thermally constrained edge environments. 
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Table 7. Mean (± standard deviation, SD) of CPU temperature, 

inference latency, and peak memory during continuous  

inference on the Raspberry Pi 5. 

Model 
Temperature (°C) 

mean ± SD 

Latency (ms) 

mean ± SD 

Peak memory 

(MB) mean ± SD 

P1 49.6 ± 1.5 0.51 ± 0.04 509.4 ± 0.4 

P3 47.8 ± 1.0 0.33 ± 0.04 508.9 ± 0.3 

P4 47.0 ± 1.0 0.35 ± 0.02 509.3 ± 0.3 

Note: Each value represents the mean ± SD across 100 continuous 

inference runs. CPU temperature was monitored at 1 Hz using the built-

in system utilities of Raspberry Pi OS, while inference latency and 
memory usage were recorded via psutil 

 
Table 8. Statistical significance analysis of model 

performance across optimization paths. 

Model MAE 
Latency (ms)  

mean ± SD 

Peak memory  

(MB) mean ± SD 

P1 0.016 0.366 ± 0.004 509.382 ± 0.342 

P2 0.022 0.214 ± 0.004 509.821 ± 0.314 

P3 0.015 0.222 ± 0.003 508.965 ± 0.303 

P4 0.012 0.211 ± 0.003 509.314 ± 0.322 

P5 0.014 0.227 ± 0.004 508.642 ± 0.336 

P6 0.014 0.230 ± 0.004 508.676 ± 0.329 

P7 0.017 0.212 ± 0.007 508.564 ± 0.506 

P8 0.014 0.223 ± 0.004 509.157 ± 0.434 

P9 0.012 0.226 ± 0.003 509.082 ± 0.669 
Note: MAE = Mean absolute error; latency and memory usage are 
reported as mean ± standard deviation over 99 inference samples. Global 

significance tests: Latency (Kruskal–Wallis, p<0.001); Memory 

(ANOVA, p<0.001); MAE (Kruskal–Wallis, p<0.001) 
 

 
 

Fig. 8. Residual distributions of P1 (baseline GRU), P2 

(lightweight Tiny-GRU), and P4 (attention-enhanced Tiny-GRU) 

under extreme weather conditions (T ≥35 °C, soil moisture ≤35%). 

 

 
 

Fig. 9. Convergence curves of P1 (baseline) and P4 (optimized): 

(a) training-loss variation; (b) validation-loss progression. 

Strategy impact analysis: attention mechanism example: 

Residual distribution analysis was conducted under 

extreme meteorological conditions (air temperature ≥ 35°C 

and soil moisture ≤ 35%) to evaluate model robustness and 

bias behavior. All experiments were conducted in a 

controlled laboratory environment (ambient temperature 

25 ± 1°C) with passive cooling and no external airflow, 

ensuring that temperature variations across models 

reflected computational load rather than ambient 

fluctuations. As shown in Figure 8, the attention-enhanced 

Tiny-GRU (P4) exhibited the lowest median residual (2.04) 

and fewer outliers compared with the baseline GRU (P1, 

median = 2.28) and the lightweight Tiny-GRU (P2, median 

= 2.47). The mean residuals further indicate that P4 

(−0.0015) and P1 (−0.0029) remained effectively unbiased, 

whereas P2 showed a tendency toward overestimation 

(0.0181). Although the interquartile range of P4 (1.05) was 

slightly larger than those of P1 (0.81) and P2 (0.87), its 

residuals were more symmetrically centered around zero, 

suggesting improved robustness rather than instability. 

Overall, these quantitative results demonstrate that 

temporal attention enhances model robustness and bias 

control under extreme climatic variability. Additional 

residual analyses for all configurations and platforms are 

provided in the Supplementary Materials. 
 

Model convergence and statistical significance: Model 
convergence and statistical validation are essential for 
confirming the effectiveness of the proposed optimization 
strategies. This section examines training stability and 
generalization behavior, followed by hypothesis testing 
across the nine GRU configurations. 

As illustrated in Fig. 9, both the baseline model (P1) 
and the optimized path (P4) displayed a steep decline in 
training loss during the first three epochs, after which the 
curves converged smoothly without pronounced 
oscillations. The validation loss reached a lower minimum 
for P4 (0.000412) than for P1 (0.000517), suggesting 
stronger generalization ability. Differences in convergence 
stability were minimal—peak-to-peak fluctuations were 
3.0 × 10⁻⁴ for P1 and 3.4 × 10⁻⁴ for P4—indicating that 
optimization did not compromise training consistency. 

To further substantiate performance differences 
among the models, statistical tests were conducted on three 
core indicators: MAE, inference latency, and peak memory 
usage (see Table 8). Since MAE and latency failed to meet 
the assumption of normality, they were evaluated using the 
Kruskal–Wallis test, whereas memory usage, which 
satisfied homoscedasticity, was analyzed via one-way 
ANOVA. All three metrics revealed statistically significant 
differences (p<0.001). 

Statistical significance was evaluated across nine model 
configurations (P1–P9). Kruskal–Wallis tests were used for 
MAE and latency, while one-way ANOVA was used for 
memory usage. Only global significance was assessed 
(p<0.001) without post-hoc multiple comparison correction. 

Beyond statistical significance, the observed 

differences also have practical implications. A reduction in 

RMSE of 0.003–0.005 mm·h⁻¹ corresponds to an irrigation 

scheduling error of approximately 0.4–0.6 mm per hour, 

which can accumulate to 10–12 mm per day for water-

sensitive crops. Similarly, lowering inference latency from 

0.366 ms to 0.211 ms enhances real-time control 

responsiveness and overall water-use efficiency. 
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In terms of performance, P4 and P9 achieved the 

lowest MAE (0.012), while P2 performed the worst (0.022), 

indicating that excessive compression may hinder 

predictive accuracy. For efficiency, P4 again yielded the 

shortest latency (0.211 ± 0.003 ms). Although P7 recorded 

the lowest mean memory consumption (508.564 MB), its 

variability (±0.506 MB) was relatively high, suggesting 

reduced stability. P5, by contrast, showed a more consistent 

balance (508.642 ± 0.336 MB), making it the most 

memory-efficient configuration. 

Taken together, the optimized paths demonstrated 

measurable and statistically validated improvements across 

key performance dimensions. Each optimization 

component—Tiny-GRU design, temporal attention, and 

pruning—contributed distinct advantages, offering 

practical flexibility for deployment in resource-limited 

environments. Among them, P4 achieved the most 

balanced combination of convergence stability and 

predictive accuracy, underscoring its robustness and 

practical relevance. 
 

Conclusion and Future Work 
 

This study developed a Tiny-GRU framework 

specifically designed for edge computing, combining 

temporal attention, pruning, and quantization within a 

cross-platform benchmarking system that integrates multi-

metric evaluation and decision-support visualization tools. 

Cross-platform experiments conducted on the Raspberry Pi 

5 and Intel i5 platforms showed that no single configuration 

achieved optimal performance across all criteria; rather, 

each pathway demonstrated distinct strengths. For example, 

P3 achieved an RMSE of 0.0208 with a 67% reduction in 

model size, P4 delivered the fastest inference speed (0.211 

ms per sample) while lowering mean CPU temperature by 

2.6°C, and P5 achieved the lowest memory footprint 

(508.86 MB) with a 66.6% file-size reduction. Statistical 

analyses (p<0.001) confirmed that these differences were 

highly significant, supporting the robustness of the 

proposed framework. 

The framework effectively visualized trade-offs among 

accuracy, latency, model size, memory usage, and thermal 

stability through Pareto-front and heatmap-based analyses, 

offering agricultural IoT practitioners a transparent and 

practical reference for model selection. The results verified 

the feasibility, stability, and adaptability of optimized GRU 

models on embedded platforms, while also demonstrating 

that CPU temperature serves as a reliable and cost-effective 

proxy for energy consumption in devices without direct 

power sensors. From a practical irrigation-management 

perspective, the sub-millisecond inference latency achieved 

by the optimized Tiny-GRU configurations enables real-

time ET₀ estimation on distributed edge devices, allowing 

large numbers of IoT nodes to perform local prediction and 

irrigation control simultaneously without centralized 

computation. This capability reduces communication 

overhead, improves system responsiveness, and supports 

timely irrigation scheduling in large-scale smart paddy 

irrigation networks. Beyond controlled experiments, the 

benchmarking methodology proved reproducible for ET₀ 

prediction in smart paddy irrigation, contributing to broader 

efforts toward sustainable and precision agriculture. 

Nevertheless, a few limitations remain. Power 
consumption was inferred indirectly from temperature 
observations rather than measured directly using hardware-
based sensors. The predictive horizon was restricted to 
single-step forecasting, and the study did not test cross-
regional generalization under varying climatic and crop 
conditions. In addition, the experimental dataset was 
obtained from a single meteorological station, no 
independent field-scale or lysimeter-based measurements 
were collected for external validation, and full-scale field 
deployment in operational irrigation systems was beyond 
the scope of the present study. 

Future research will focus on multi-step and multi-task 
forecasting, cross-regional transferability, and the 
integration of these models into edge–cloud digital twin 
systems. Specifically, future work will extend the proposed 
framework toward (i) multi-step ET₀ forecasting to support 
longer-term irrigation planning, (ii) federated learning 
strategies that enable collaborative model training across 
distributed farms while preserving data privacy, and (iii) 
adaptive quantization and runtime-aware compression 
schemes that dynamically adjust model precision according 
to device load and environmental conditions. In addition, 
integrating the Tiny-GRU framework into edge–cloud 
digital twin systems and conducting field-level deployment 
studies will be essential steps toward large-scale, real-world 
smart irrigation applications. These extensions will help 
move from isolated point-level optimization toward system-
level agricultural intelligence, providing the technological 
foundation for next-generation smart irrigation management. 
Moreover, the Tiny-GRU framework can be readily adapted 
to other environmental prediction tasks such as soil-moisture 
estimation, evapotranspiration mapping, or on-farm energy-
demand forecasting, demonstrating its scalability beyond 
paddy-irrigation systems. 
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