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10 Abstract
11 Accurate estimation and forecasting of reference evapotranspiration (ETo) are essential for irrigation
12 demand estimation. The FAO-56 Penman—Monteith formulation remains the physical standard for ETo
13 computation, while recent advances in deep learning (DL) have demonstrated strong predictive skill for
14 ETo forecasting. However, real-time ETo forecasting remains constrained by manual meteorological station
15  identification, heterogeneous data acquisition, and labor-intensive preprocessing workflows. Existing
16  software tools primarily support physics-based ETo estimation without real-time data integration or
17  forecasting capability, whereas DL-based approaches often require manual data preparation, limiting
18  automation and real-time applicability. This study introduces NeuralFAOS56 Python package, a hybrid
19  physics—data DL computational framework that embeds neural network—driven forecasting architectures
20  for on-demand ETo estimation and forecasting across the continental United States (CONUS).
21 NeuralFAOS56 couples physics-based FAO-56 with DL sequence modeling within a unified pipeline that
22 enables automated data acquisition, standardized preprocessing, and scalable deployment. The framework
23 operates in dual modes: (i) physics-based FAO-56 ETo estimation using observed and forecasted
24 meteorological inputs, and (ii) data-driven ETo forecasting using Long Short-Term Memory (LSTM) and
25  Transformer architectures for multi-horizon (up to 7-day lead time) real-time forecast. The framework is
26  evaluated across 845 stations at continental US spanning different climate regions. Results demonstrate
27  strong short-term predictive skill, with performance degradation at longer lead times driven by reduced
28  temporal predictability. Higher forecasting skill is observed in climatologically stable regions, while
29  comparatively lower performance occurs in humid, convectively active regions. Overall, NeuralFAO56
30  provides a scalable, real-time framework that integrates physically based ETo modeling grounded in energy
31 and mass conservation with DL forecasting and automated meteorological data pipelines to support short-
32 to medium-range irrigation planning and management.
33
34  Keywords: Reference evapotranspiration; Irrigation demand estimation; FAO-56 Penman—Monteith; Deep
35 learning; real-time forecasting; NeuralFAO56.
36
37 1 Introduction
38  Efficient irrigation management depends fundamentally on accurate quantification of atmospheric water
39  demand, an imperative that is intensifying under accelerating global population growth and climate
40  variability (De Oliveira E Lucas et al., 2020; Neupane and Sawada, 2023). This demand is commonly
41  represented through evapotranspiration, a hydrologic process involving evaporation from land and plant
42 surfaces and transpiration from plant tissue to the atmosphere (ASCE, 2025). Because evapotranspiration
43 is difficult to measure directly at field scales (Jensen and Allen, 2016), reference evapotranspiration (ETo),
44 defined as evapotranspiration from a standardized reference surface that is not short of water (Allen et al.,
45 1998), is commonly estimated. ETo therefore provides a standardized and climate-consistent measure of
46  atmospheric evaporative demand and underpins most crop water requirement and irrigation scheduling
47  methodologies through crop coefficient-based approaches (Pereira et al., 2020).
48  Among the available formulations for ETo estimation, the FAO-56 Penman—Monteith method and its
49  American Society of Civil Engineers (ASCE) standardized implementation (hereafter FAO-56 ETo) have
50  emerged as the widely accepted reference standard due to their physically grounded structure, robustness
51  across diverse hydroclimatic regimes, and widespread validation in both research and operational contexts
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52 (4/30/2026 12:05:00 PMAllen et al., 1998; ASCE, 2005). Although simplified empirical approaches such
53  as Hargreaves—Samani (Hargreaves and Samani, 1985) and Priestley—Taylor (Priestley and Taylor, 1972)
54  remain useful in data-limited settings, the FAO-56 ETo remains the benchmark method where sufficient
55  meteorological observations are available.
56  Concurrently, data-driven approaches, particularly deep learning (DL) models, have gained prominence for
57  ETo estimation and forecasting. Various DL models, such as Long short-term memory (LSTM; Hochreiter
58  and Schmidhuber, 1997) and Transformer (Vaswani et al., 2017), have demonstrated strong capacity to
59  learn complex temporal structures, lagged dependencies, and multi-scale variability in ETo time series
60 (Babaeian et al., 2022; Karbasi et al., 2022; Valipour et al., 2023; Umutoni and Samadi, 2024; Ali et al.,
61  2025; Neupane and Samadi, 2025; Tayyaba et al., 2025). Comparative assessments indicate that these
62 recurrent and attention-based models frequently outperform both empirical formulations and traditional
63  data-driven models for short-term ETo forecasting tasks (Ahmadi et al., 2023; Qian et al., 2024). For
64  example, Karbasi et al. (2022) demonstrated superior multi-step ETo forecasting using LSTM models under
65  semiarid climatic conditions. Similarly, Tayyaba et al. (2025) evaluated multiple Transformer variants,
66  including the vanilla Transformer, Informer, Autoformer, and FEDformer, and found that even the baseline
67  Transformer architecture achieved competitive performance relative to more complex attention
68  mechanisms.
69  Despite their demonstrated predictive capability, real-time implementation of both FAO-56—based and DL—
70  based approaches remain nontrivial. Users must often identify appropriate meteorological data sources,
71  retrieve heterogeneous datasets from multiple web servers, harmonize variable definitions and units, and
72 perform temporal aggregation prior to model execution. These fragmented workflows introduce technical
73 barriers, limit reproducibility, and constrain scalability across large geographic domains. Moreover, DL
74 models require additional data pre-processing, feature engineering, and post-processing, which are among
75  the most time-consuming components of model development (Bilal et al., 2022). These limitations highlight
76  the need for an integrated framework that enables automated data acquisition, standardized preprocessing,
77  and reproducible pipelines for both physical and data-driven modeling approaches.
78  Several tools have been developed to facilitate FAO-56-based ETo computation, including the FAO-56
79  calculator (Allen et al., 1998), “PyETo” (Richards, 2019), “pyfao56” (Thorp, 2022), and “PyET” (Vermec
80 et al., 2024). However, these tools are primarily designed for retrospective, station-based analysis and
81  typically lack forecasting capabilities, real-time data ingestion, and scalable deployment mechanisms. In
82  parallel, a number of studies have leveraged DL models for ETo estimation and forecasting (Bellido-
83  Jiménez et al., 2022; Sun et al., 2025; Ye et al., 2025). While these implementations demonstrate the
84  effectiveness of data-driven approaches, they are typically provided as stand-alone packages that assume
85  externally acquired datasets. This limits automation and applicability for real-time use. Consequently, a
86  persistent gap remains in current irrigation demand calculation: the absence of automated, integrated,
87  reproducible, and operationally deployable systems that combine physics—based FAO-56 computation with
88  data-driven forecasting approaches within a modular architecture, while leveraging publicly available real-
89 time, forecasted, and historical meteorological data streams.
90  Despite these advances, most existing studies remain limited to site- or region-specific experiments
91  conducted under controlled, offline evaluation settings for ETo estimation and forecasting tasks.
92 Consequently, large scale DL-based ETo forecasting remains comparatively sparse. Nevertheless, a limited
93  number of studies have expanded spatial coverage within the United States using numerical weather
94 prediction inputs or multi-station observational networks (Medina et al., 2018; Ahmadi et al., 2023;
95  Valipour et al., 2023). Ahmadi et al., (2023), for example, conducted monthly multi-step forecasting across
96 107 California stations, while Medina et al. (2018) employed numerical weather prediction models to
97  forecast ETo at 101 U.S. Climate Reference Network stations distributed across nine NOAA climate
98  regions. Valipour et al., (2023) implemented hybrid DL frameworks for multi-horizon (1-10 day) ETo
99  forecasting across 30 stations spanning the continental United States (CONUS). However, scalable station-
100 scale DL frameworks evaluated uniformly across continental spatial extents remain limited.
101 To address these gaps, this study introduces NeuralFAOS56, an open-source Python framework designed for
102 on-demand ETo estimation and forecasting using DL approaches across CONUS. NeuralFAOS56 is built as
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103 amodular framework that integrates physics—based FAO-56 modeling with DL forecasting within a unified
104  computational pipeline. The framework leverages real-time and forecasted meteorological data provided
105 by the National Weather Service (NWS) and historical archives maintained by the National Centers for
106  Environmental Information (NCEI) through their respective Application Programming Interfaces (APIs).
107  First, we developed an end-to-end NeuralFAO56 pipeline that automates real-time and forecast-driven
108  FAO-56 ETo computation using meteorological data services. Second, we implemented a hybrid workflow
109  that flexibly integrates physics—based modeling with DL—based forecasting, enabling adaptive operation
110 under varying data availability scenarios while maintaining physical interpretability. Finally, we evaluated
111 the framework’s capability through a scalable, continental-scale application across stations spanning all
112 nine NOAA climate regions. This evaluation includes both retrospective validation and a real-time forecast-
113 window experiment, comparing FAO-56 ETo derived from observed and forecasted meteorological inputs
114 with data-driven LSTM and Transformer forecasts.

115  The remainder of this paper is structured as follows. Section 2 describes the system architecture, including
116  key components, design, and operational workflow of NeuralFAO56. Section 3 presents CONUS
117  application of NeuralFAOS56, beginning with the data and experimental setup, followed by results including
118  regional performance analyses, distributional error characteristics, station-level forecasts, real-time
119  forecasting performance, and computational runtime assessment. Section 4 summarizes key conclusions
120 and outlines future research directions.

121

122

123 2 Software Description

124 NeuralFAOS56 is a modular, object-oriented framework that integrates FAO-56 with DL methods for on-
125  demand ETo estimation and forecasting. The software enables end-to-end workflows encompassing data
126 acquisition, preprocessing, standardization, model execution, and postprocessing. The workflow of
127 NeuralFAOS56 is described as follows:

128

129 2.1  Software Architecture

130 NeuralFAOS56 integrates data acquisition and modeling tools into a unified and modular system, as
131  illustrated in the Unified Modeling Language (UML) component diagram (Fig. 1). The major component
132 of the framework includes:
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134 Figure 1. UML component diagram of NeuralFAO56 framework.

135

136 2.1.1 Data Acquisition and Preprocessing

137  Data acquisition componenet (data_acquire argument in the code) implements the automated retrieval
138 and preprocessing of real-time, forecasted, and historical meteorological data through dedicated modules,
139 including nws_realtime, nws_forecast, and ncei_history. These modules leverage publicly
140  available API services provided by NWS and NCEI The nws_realtime and nws_forecast modules
141  retrieve real-time observations and short-term forecasts from the NWS API using the functions
142 fetch_realtime() and fetch_forecast(), respectively. In contrast, the ncei_history module
143 uses fetch_history() function to provide long-term historical data from the NCEI Daily Summaries
144 archive.

145  The retrieved variables across both data sources include air temperature, relative humidity, dew point
146  temperature, wind speed, and precipitation. NWS provides meteorological data at sub-daily temporal
147  resolution, whereas NCEI archives provide data on a daily scale. Following data acquisition, these variables
148  are preprocessed and transformed into a standardized set of daily inputs for the FAO-56 ETo computation.
149  Stations lacking the minimum set of required variables, particularly daily maximum and minimum air
150  temperature, are excluded from further processing.

151  Following preprocessing, data from these multiple sources are integrated using the
152  merge_weather_data() function within the merge module. The resulting multivariate daily time series
153 serves as inputs for both the FAO-56 and DL models. These processed datasets are subsequently stored
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154  using dedicated I/O routines (save_realtime(), save_forecast(), save_history(),

155  save_merged()).

156

157  2.1.2 Physics-Based Modeling

158  The physics-based modeling (physical_models argument in the code) implements physics-based ETo

159  estimation through the fao56_eto module. The fao56_eto module computes ETo using the FAO-56

160  Penman—Monteith formulation as subsequently standardized by ASCE for short and tall reference crops

161  (Allenetal., 1998; ASCE, 2005). Daily ETo is calculated using the ASCE standardized equation for a short

162 reference crop:

163 ETo — 0.408 4 (Rn—G)+-Lu, (e5—eq) i
A+y(1+Cquz)

164  where R, is net radiation at the crop surface (MJ m? day!), G is soil heat flux density (MJ m? day™), T is

165  mean air temperature (°C), u; is the mean wind speed at 2 m height (m s™'), e, and e, are saturation and

166  actual vapor pressure (kPa), 4 is the slope of the saturation vapor pressure curve (k Pa °C™"), y is the

167  psychrometric constant (k Pa °C™"), and C, and C, are empirical coefficients defined by the reference crop

168  and time step. Detailed formulations of intermediate values follow ASCE (2005).

169  This computation is implemented in the compute_fao56_pm() function using the pyfao56 package

170  (Thorp, 2022), an open-access Python implementation of the ASCE (2005) methodology. Daily ETo

171 computation requires, at a minimum, elevation, latitude, minimum and maximum air temperature, along

172 with incoming solar radiation. While station metadata from NWS and NCEI archives provide elevation and

173 latitude, neither data source provides direct measurements of incoming solar radiation. Consequently, solar

174 radiation is estimated within the _rs_hargreaves() function using the Hargreaves—Samani empirical

175  formulation (Eq. 2), as described in Appendix E of ASCE (2005):

176

177 Rs = krsy/ (Tmax = Tmin) Ra (2

178

179 where R, is the extraterrestrial radiation (MJ m? d™), Ty and T, are daily maximum and minimum air

180  temperature (°C), and kgs is an empirical adjustment coefficient. kgs was fixed at 0.16 to minimize user-

181  specified parameters.

182  To maintain a streamlined user interface and avoid excessive configuration requirements, NeuralFAO56

183  adopts a fixed short reference crop (crop height = 0.12 m). The resulting ETo estimates are stored as

184  structured Comma-Separated Values (CSV) outputs in dedicated directories for subsequent analysis and

185  integration within the framework.

186

187  2.1.3 Deep Learning Models

188  In NeuralFAO56, two established DL architectures (d1_models argument in the code), LSTM (Hochreiter

189  and Schmidhuber, 1997) and Transformer (Vaswani et al., 2017), are implemented within the d1_models

190  component via 1stm_model and transformer_model modules for ETo forecasting. Both modules

191  follow a consistent workflow encompassing data preprocessing, standardization, model training, and multi-

192 horizon forecast generation.

193

194  Both modules utilize a core function, prepare_data(), in which the datasets are first screened for

195  missing values. The proportion of missing observations is evaluated independently for each input variable

196  as well as for the target ETo series. In hydrologic time-series analyses, missing-data proportions up to 10%

197  are commonly considered acceptable, and interpolation within this range has been shown to yield reliable

198  estimates (Zhang and Post, 2018). Based on this, a threshold of 5% missingness is adopted. Input features

199  exceeding this threshold are excluded prior to model training, and only the remaining features are used as

200  model inputs. Stations for which the target ETo series exceeds this threshold, or for which all candidate

201 input features exceed it, are discarded entirely.
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202  Following feature and station-level filtering, remaining missing values in both the retained input features
203 and the target ETo series are imputed using forward and backward filling to produce temporally continuous
204  sequences required for DL training. The processed input variables and target values are standardized using
205  Min—Max Scaling technique (Han et al., 2022) defined as:

206 Xscaled = —min_ (3)

Xmax~Xmin
207  where x denotes the original variable value, and X, and Xq represent the minimum and maximum values
208  computed from the training subset. Each variable is linearly rescaled to the [0,1] interval. This normalization
209  prevents variables with larger numerical ranges from disproportionately influencing model optimization
210  and facilitates stable convergence during gradient-based learning (Ferreira and da Cunha, 2020; Umar et
211 al., 2025).
212 Finally, for model development, the datasets are partitioned using a year-based split, with 60% of the
213 available record (rounded to the nearest complete year) used for training and the remainder for testing. Both
214 modules employ the train_and_predict() method for model training and inference. Mean Squared
215 Error (MSE) is used as loss function for parameter optimization during training and is defined as:
216 MSE =~ S, (i = §)° ()
217  where y; denotes observed ETo, y; represents predicted ETo, and # is the number of evaluation samples.
218  Moreover, to balance predictive capability with computational efficiency for real-time deployment, a
219  lightweight configuration is adopted as the default across both DL models, with implementation details
220  provided in the following subsections. These default hyperparameters are defined within the Config class
221  and are used unless modified by the user. To limit computational overhead and facilitate near-real-time
222 execution within the NeuralFAOS56 framework, increases in architectural depth and model complexity are
223 intentionally avoided. This design provides sufficient expressive capacity to capture dominant temporal
224 patterns in ETo dynamics while remaining suitable for on-demand forecasting applications. These trained
225  models generate predictions across the specified forecast horizon which are stored as structured output files
226  for subsequent analysis.
227
228  2.13.1 LSTM
229  The package implements an LSTM architecture using a dedicated LSTM class (1stm_model module in the
230  package) that inherits from PyTorch’s torch.nn.Module, with standard __init_ () and forward()
231  methods defining the model structure and forward propagation. LSTM networks are gated recurrent neural
232 networks designed to capture long-range temporal dependencies in sequential data. Owing to their ability
233 to model nonlinear temporal dynamics and mitigate vanishing gradient issues, LSTM architectures have
234 been widely adopted in hydrological and environmental time-series forecasting applications (Zhang et al.,
235 2023; Li et al., 2024; Saberian et al., 2025; Umutoni et al., 2025). Figure 2 illustrates the internal structure
236 of an LSTM unit, including forgetting, input, and output gates that regulate information flow through the
237  cell state. As illustrated, at each time step, the model processes the current input vector together with the
238  hidden state from the previous time step, enabling the network to retain relevant historical information
239  while discarding less informative signals through its gating mechanism (Gers et al., 2000; Ferreira and da
240  Cunha, 2020). The resulting hidden representations are passed through a fully connected layer to produce
241  multi-horizon ETo forecasts. In NeuralFAO56, the implemented default LSTM configuration consists of a
242 single recurrent layer with 64 hidden units, followed by a fully connected output layer to generate ETo
243 forecasts over the specified prediction horizon.
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245 Figure 2. Schematic representation of LSTM unit used in NeuralFAOS56. At each time step #, the LSTM
246 cell updates its internal memory state (¢;) and hidden state (%) based on the previous states (¢, 1) and
247 the current input vector (x;). The forget gate (F;), input gate (/;), and output gate (O;) regulate information
248 flow through sigmoid activations (o), while candidate cell updates are modulated using a hyperbolic
249 tangent activation (tanh). Element-wise operations control memory retention, update, and output
250 generation.
251

252 2.1.3.2 Transformer

253 The Transformer (transformer_model module in the code) contains a PositionalEncoding class
254  and a Transformer class, both derived from torch.nn.Module. The PositionalEncoding class
255  encodes positional information in the input sequence, while the Transformer class implements an
256  encoder-based Transformer architecture for temporal sequence modeling. Transformer models, originally
257  introduced by Vaswani et al., (2017), have gained widespread adoption in time-series forecasting due to
258  their ability to model long-range temporal dependencies using self-attention mechanisms. Unlike recurrent
259  architectures, Transformer encoders process entire sequences in parallel, enabling efficient learning of
260  temporal relationships over long input windows (Katrompas et al., 2022).

261

262  As illustrated in Fig. 3, input meteorological time series are first mapped to a higher-dimensional latent
263 space through a linear embedding layer. Positional encodings are then added to the embedded inputs to
264  preserve temporal ordering, as the Transformer architecture does not inherently encode sequence position
265  (Dufter et al., 2022; Li, 2025). These embedded representations are passed through stacked Transformer
266  encoder blocks consisting of multi-head self-attention and position-wise feed-forward layers. The self-
267  attention mechanism enables each time step to attend selectively to all other time steps within the input
268  window, facilitating the learning of long-range dependencies. Multi-head attention further enables the
269  model to capture multiple dependency patterns simultaneously (Vaswani et al., 2017). Residual connections
270  and layer normalization are applied after each sub-layer to promote stable optimization and mitigate
271 gradient degradation during training (Ba et al.,, 2016; Wang et al., 2019). The resulting encoded
272 representations are then projected through a fully connected output layer to generate multi-horizon ETo
273  forecasts. The Transformer model in NeuralFAO56 package employs a single encoder layer with an
274  embedding dimension of 128, four attention heads, and a position-wise feed-forward network dimension of
275 256.
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277  Figure 3. Encoder-only Transformer architecture used in NeuralFAO56 for multi-horizon ETo forecasting.

278 Input multivariate meteorological time series are first mapped to a fixed-dimensional embedding and
279 augmented with sinusoidal positional encodings. The embedded sequence is processed through a
280 Transformer encoder block consisting of multi-head self-attention and position-wise feed-forward layers
281 with residual connections and layer normalization. The resulting representations are projected through a
282 linear output layer to generate multi-step ETo forecasts.

283

284  2.1.4 Postprocessing and Model Evaluation

285  The postprocessing component (postprocess module in the code) provides mathematical functions for
286  evaluating model performance and analyzing outputs generated by the DL-based models. These functions
287  support the computation of accuracy metrics and the visualization of forecast results. In addition the
288  evaluation metrics (accuracy_metrics module in the code) assesses the performance of DL-based ETo
289  forecasts using three widely adopted metrics in hydrological and environmental modeling: Nash—Sutcliffe
290  Efficiency (NSE; Nash & Sutcliffe, 1970; Eq. 5), Kling—Gupta Efficiency (KGE; Gupta et al., 2009; Eq.
291  6), and Mean Absolute Error (MAE; Eq. 7). Together, these metrics provide complementary perspectives
292 on model performance by quantifying temporal agreement, statistical consistency, and the magnitude of
293 prediction errors between predicted and observed ETo values. NSE and KGE are computed using custom
294  implementations (compute_nse() and compute_kge()), while MAE is computed using the
295  mean_absolute_error() function from scikit-learn. The computed metrics are stored as structured CSV
296  files in a dedicated directory.
297  NSE assesses the ability of a model to reproduce observed temporal variability by comparing the residual
298  variance of predictions to the variance of the observations. NSE values range from —oo to 1, with values
299  closer to 1 indicating better predictive performance. An NSE value of 0 corresponds to performance
300  equivalent to using the mean of the observed series. NSE is computed as:
301

n 52
302 NSE = 1 — 290 (5)
Vi i-y?
303  where y; denotes observed ETo, y; represents predicted ETo, j; is the mean of observed ETo, and # is the
304  number of evaluation samples.
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305  To address limitations of NSE related to bias and variability sensitivity, KGE is also employed. KGE

306  decomposes model performance into correlation (), relative variability (a), and relative bias (f),

307  combining these components into a single diagnostic measure:

308 KGE=1-(r—12+ (a—1)2+ (B —1)2 6)
309  where a=0,/0, and f=u,/u., with ¢ and u denoting standard deviation and mean of predicted (p) and

310  observed (o) ETo series, respectively.

311

312 Because both NSE and KGE are influenced by squared deviations and may be sensitive to extreme errors,
313  MAE is additionally computed to characterize typical magnitude of prediction errors in physical units.
314  MAE is defined as:

315 MAE =~ 1, |y; — il (7
316

317 2.2 NeuralFAO56 Workflow Design

318  NeuralFAOS56 is designed as a dual-mode operational framework for on-demand ETo estimation and
319  forecasting. The system integrates physics-based FAO-56 modeling with DL forecasting, enabling flexible
320  operation under varying data availability scenarios. Two execution modes are supported: Mode 1 performs
321  physics-based FAO-56 ETo computation using real-time and forecasted meteorological data, whereas Mode
322 2 extends this capability by incorporating DL-based ETo forecasting using historical weather records. The
323 complete operational workflow of the NeuralFAOS56 framework is illustrated in Fig. 4.

324

325  The framework can be executed through a command-line interface (CLI) after installation by specifying
326  geographic coordinates and execution mode as:

327

328 neuralfao56 run --lat 35.0 --lon -101.0 --mode 1

329

330  where Mode 1 corresponds to FAO-56—based ETo computation. Similarly, Mode 2 enables additional DL-
331  based forecasting. An interactive execution mode is also available:

332

333 neuralfao56 run --interactive

334

335  in which the user is prompted to provide geographic coordinates and execution mode.
336

337  Following user input of geographic coordinates and execution mode, the system first identifies the
338  corresponding NOAA climate region using the climate_regions module. This classification constrains
339  subsequent station selection to ensure climatological consistency and reduce cross-regime bias. Candidate
340  observation stations are then retrieved from NWS observation network and filtered to retain only those
341  within the same climate region. Stations are ranked by geodesic distance, and the nearest suitable station is
342 selected.

343 In Mode 1, real-time meteorological observations are retrieved from the selected NWS stations, while short-
344  term forecasted meteorological variables are obtained from gridded NWS forecast products corresponding
345  to the user-specified location. These datasets, available at sub-daily temporal resolution, are aggregated to
346  daily values prior to FAO-56 ETo computation. This mode enables real-time ETo estimation and forecasting
347  with fine spatial resolution across CONUS.

348

349  In Mode 2, the framework enables DL-based ETo forecasting using historical meteorological records.
350  Because NWS and NCEI employ different station identifier conventions, the selected NWS station is
351  matched to a corresponding NCEI station using metadata from the Integrated Surface Database maintained
352 by NCEI (NOAA NCE]I, 2026) within the station_match module. If no suitable match is found, or if the
353  matched station yields an empty historical record, the system iteratively evaluates the next nearest NWS
354  station until a valid historical dataset is identified or no candidates remain, as illustrated in Fig. 4. Historical
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355  meteorological data are retrieved from the NCEI Daily Summaries archive using a nominal start date of
356 2006. If no valid historical dataset can be identified after exhausting all candidate stations, the system
357  automatically reverts to Mode 1.

358

359  Historical NCEI records are merged with available real-time NWS observations to form station-specific
360  multivariate daily time series using the merge module within the data_acquire component. These
361  datasets undergo automated data validation and quality control. Stations are excluded from data-driven
362  processing if the required variables for FAO-56 ETo computation or the target ETo series exceeds 5%
363  missingness threshold, or if no valid predictor variables remain after feature screening. In such case, the
364  station-matching procedure advances to the next candidate. For retained stations, remaining gaps in both
365  input variables and the target series are filled using forward and backward filling. The processed datasets
366  are subsequently normalized using Min—Max scaling.

367

368 The visualization module in the NeuralFAO56 package provides functions for plotting simulation
369  results and forecasts generated by both FAO-56 and DL-based models. Two primary functions are
370  implemented within this module: plot_per_horizon and plot_horizon_summary. The
371 plot_per_horizon function generates time-series plots for the testing period, comparing DL-based
372 model outputs with FAO-56 ETo estimates. These plots also incorporate evaluation metrics computed by
373  the accuracy_metrics module to provide additional context on model performance. To enhance
374  interpretability, visualization is typically limited to the most recent years of the testing period (up to five
375  years). The plot_horizon_summary function generates forecast-window visualizations, comparing
376  multi-horizon DL-based forecasts with FAO-56 ETo derived from forecasted meteorological inputs. These
377  plots facilitate the assessment of model performance across different forecast lead times.

378

379
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382 Figure 4. Operational workflow of the NeuralFAO56 framework. User-specified geographic coordinates
383 are first mapped to NOAA climate regions, after which nearby NWS observation stations are identified

384 and filtered. In Mode 1, real-time observations and short-term forecasted weather data are retrieved from
385 NWS for FAO-56 ETo computation. In Mode 2, the selected NWS station is matched to a corresponding

386 station in the NCEI archive; where sufficient historical records are available, historical data are retrieved
387 to support DL-based ETo forecasting.
388

389 2.3 Study Area and Data

390  NeuralFAO56 was applied across all stations for which consistent NWS—NCEI station matches were
391  identified, yielding a total of 845 surface observation stations distributed across CONUS. These stations
392 span all nine NOAA climate regions (see Fig. 5), enabling regional stratification of results under diverse
393  hydroclimatic conditions. Real-time observations and forecasted meteorological data were retrieved from
394  the NWS API, while historical meteorological records were obtained from the NCEI API within the
395  framework. Instead of demonstrating the framework at a single station, the implementation was conducted
396  across a network of stations spanning CONUS to assess its performance and scalability for DL-based ETo
397  forecasting at continental scale.

398
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400  Figure 5. Spatial distribution of 845 matched NWS-NCETI stations across CONUS used for DL-based ETo
401 forecasting. Polygons indicate NOAA climate regions.
402
403
404 2.4 Results and Discussion
405 2.4.1 NeuralFAO56 Implementation
406  We implemented NeuralFAOS56 in Mode 2 across all 845 matched NWS-NCEI stations. Under this
407  configuration, both physics-based FAO-56 ETo computation and DL-based ETo forecasting were executed
408  at each station. The FAO-56 ETo was computed using observed meteorological variables, providing a
409  Dbaseline representation of ETo dynamics. In parallel, DL-based ETo forecasts were generated using two
410  architectures, LSTM and Transformer, trained on station-specific historical datasets following the data
411  preprocessing pipeline and default model configurations defined within the framework.
412
413 DL forecasting is performed using default parameters defined in the Config class. To support real-time
414  deployment, model configurations are intentionally constrained to limit computational overhead. Training
415  is conducted with a fixed random seed to ensure reproducibility, using a batch size of 64, a learning rate of
416  0.001, and a maximum of 100 epochs with early stopping applied using a patience of 10 epochs. Preliminary
417  sensitivity experiments were conducted with multiple look-back windows (e.g., 3, 7, 10, and 14 days).
418  Performance improvements dropped beyond 7 days, while computational costs increased. Therefore, a 7-
419  day window was adopted as a parsimonious configuration for look-back window and used as model
420  hyperparameter. These parameters can be modified by the user through the Config class.
421
422  The DL-based forecasts are then merged with FAO56 estimates and used for computing performance
423 evaluation and visualization through the accuracy_metrics and visualizations modules within the
424  postprocess component respectively. All outputs generated by the framework are organized within a
425  structured directory (runs/), where a subdirectory named {lat}_{lon} is created during execution.
426  Through this adaptive, data-aware workflow, the proposed NeuralFAO56 is able to balance spatial
427  proximity, climatological consistency, and data availability. Physics-based ETo estimation is available
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428  across a broad spatial domain using real-time and forecasted data, while DL-based forecasting is selectively
429  enabled where historical records permit.

430

431  Model evaluation was conducted at regional scale by aggregating station-level metrics within NOAA
432  climate regions. This enabled the characterization of spatial patterns in forecasting performance and the
433 assessment of regional variability in model behavior across heterogeneous climatic regimes. Moreover,
434  station-level forecasts were analyzed for four representative stations (KBGM, Binghamton, NY; KLLJ,
435 Challis, ID; KSLN, Salina, KS; and KRQE, Window Rock, AZ), selected across distinct NOAA climate
436  regions. Station identifiers correspond to International Civil Aviation Organization (ICAO) codes. To assess
437  forecast performance under real-time conditions, FAO-56 ETo estimates derived from short-term forecasted
438  meteorological inputs were additionally generated for each station. DL-based ETo forecasts were produced
439  over the same forecast horizon. Validation was performed once corresponding observed meteorological data
440  became available, enabling both forecast-driven FAO-56 ETo and DL-based ETo forecasts to be evaluated
441  against observed FAO-56 ETo. This comparison was conducted exclusively over the seven-day forecasting
442  period beyond the final date of testing dataset (8 — 14 November 2025), ensuring consistency across all
443  forecasting approaches. Finally, we assessed the computational performance of NeuralFAO56 to evaluate
444 the feasibility of real-time deployment. This analysis compared the training overhead associated with DL-
445  based forecasting against the runtime cost of physics-based FAO-56 computation.

446

447 2.4.2 Daily ETo Simulations

448  Tables 1 and 2 summarize station-level simulation performance of NeuralFAO56 averaged over each
449  NOAA climate region for two DL architectures, LSTM and Transformer, at short-range (1-day-ahead) and
450  medium-range (7-day-ahead) forecast horizons. These results are further illustrated spatially in Fig. 6,
451  which shows the corresponding spatial distribution of NSE, KGE, and MAE across stations for both models
452  and forecast horizons. Overall, predictive performance degrades with increasing lead time, while no
453  significant differences are observed between the two DL architectures.

454

455  The superior performance at the 1-day forecast horizon compared to the 7-day horizon is primarily
456  attributed to the decay of temporal autocorrelation and the inherent difficulty of multi-step sequence
457  prediction. At short lead times, ETo exhibits strong persistence, allowing both DL models to leverage recent
458 observations for accurate predictions. In contrast, at longer lead times, dependence on recent states
459  weakens, requiring the models to infer future conditions without direct input information, leading to
460  reduced predictive skill.

461

462  Atthe 1-day forecast horizon (Table 1; Fig. 6a), both models achieved strong predictive performance across
463  most regions. The northwest and southwest regions exhibit the highest performance with NSE and KGE
464  values of at least 0.84 and 0.87 respectively. This behavior reflects strong seasonal forcing and relatively
465  stable atmospheric conditions, where evapotranspiration is primarily governed by smooth variations in
466  radiation and temperature values. Similarly, the northeast and east north central regions demonstrate robust
467  performance, with mean NSE values approaching 0.80 and MAE values ranging from 0.58 to 0.62 mm day"
468 !, indicating reliable short-range forecasting under humid continental climate. In contrast, lower predictive
469  skill is observed in the south and southeast regions, where higher humidity variability, convective weather
470  systems, and stronger synoptic-scale disturbances introduce increased short-term atmospheric variability.
471  This resulted in reduced NSE values (~0.72) in these regions.

472

473

474

475
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476 Table 1. Station-level simulation performance of NeuralFAOS56 at 1-day lead time, summarized as mean
477 values within each NOAA climate region. The best-performing model for each region is highlighted in
478 bold.
Region NSE KGE MAE (mm day™)
LSTM  Transformer LSTM  Transformer LSTM  Transformer
Central 0.76 0.76 0.81 0.82 0.64 0.64
East North 0.79 0.80 0.84 0.84 0.62 0.62
Central
Northeast 0.78 0.78 0.83 0.84 0.58 0.58
Northwest 0.87 0.87 0.90 0.90 0.52 0.52
South 0.72 0.72 0.78 0.78 0.79 0.79
Southeast 0.71 0.72 0.77 0.77 0.56 0.56
Southwest 0.84 0.85 0.87 0.88 0.74 0.73
West 0.80 0.80 0.85 0.85 0.61 0.60
West North 0.78 0.78 0.83 0.83 0.84 0.84
Central

479

480  On the other hand, a decline in predictive skill is observed across all regions at the 7-day forecast horizon
481 (see Table 2 and Fig. 6b), reflecting increased uncertainty at longer lead times. The northwest region
482  continues to demonstrate the strongest performance with consistently high NSE (0.81) and KGE (>0.85)
483  values across both architectures. This indicates the persistence of predictable atmospheric patterns in this
484  region. Similarly, the northeast and east north central regions also maintain relatively stable performance
485  with NSE values of 0.74 and moderate increases in MAE. On the contrary, greater degradation is observed
486  in the south, west, and west north central regions, where NSE decreases by approximately 0.10 and MAE
487  increases by up to 0.19 mm day! relative to the 1-day-ahead forecasts. This degradation reflects reduced
488  temporal persistence and increased variability in evapotranspiration dynamics, which limit the ability of

489 DL models to accurately predict longer forecast horizons.

490
491 Table 2. Station-level simulation performance of NeuralFAOS56 at 7-day lead time, summarized as mean
492 values within each NOAA climate region. The best-performing model for each region is highlighted in
493 bold.
Region NSE KGE MAE
LSTM Transformer LSTM Transformer LSTM Transformer
Central 0.70 0.70 0.77 0.77 0.74 0.74
East North 0.74 0.74 0.80 0.80 0.71 0.71
Central
Northeast 0.74 0.74 0.80 0.80 0.63 0.64

14



https://doi.org/10.5194/egusphere-2026-2300
Preprint. Discussion started: 3 July 2026
(© Author(s) 2026. CC BY 4.0 License.

494
495
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497
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504
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Northwest

South

Southeast

Southwest

West

West North
Central

0.81

0.62

0.66

0.77

0.71

0.68

0.81

0.62

0.65

0.76

0.70

0.68

0.86

0.70

0.73

0.81

0.76

0.75

0.85

0.71

0.73

0.81

0.76

0.75

0.65

0.94

0.63

0.93

0.76

1.03

0.65

0.95

0.63

0.93

0.77

1.03

Across both lead times, predictive skill is generally higher in northern regions relative to southern humid
zones. This spatial pattern aligns with prior studies indicating reduced performance of data-driven models
in warm and humid climates, where atmospheric variability and moisture dynamics introduce increased

modeling complexity (Fan et al., 2018; Zhou et al., 2020).

The performance of LSTM and Transformer models remains nearly identical across both horizons,
indicating that ETo forecasting is primarily constrained by data characteristics and inherent predictability
rather than model architecture. Both models effectively capture the dominant seasonal and short-term
dependencies in the data. This convergence in performance is further influenced by the use of lightweight
model configurations designed for real-time applicability. In addition, the absence of station-specific
hyperparameter tuning limits model-specific optimization, which may otherwise improve performance but

would increase computational overhead and reduce operational efficiency.
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510 Figure 6. Spatial distribution of NeuralFAOS56 forecasting performance across the nine NOAA climate
511 regions over CONUS for (a) 1-day-ahead and (b) 7-day-ahead forecast horizons. Maps show station-level
512 NSE, KGE, and MAE for LSTM (left column) and Transformer (right column) models.
513

514  2.4.3 Cumulative Distribution Functions (CDFs)

515 Figures 7 and 8 present the CDFs of station-level NSE and MAE for both DL architectures across all nine
516  NOAA climate regions. These CDFs complement the regional mean statistics by providing a population-
517  level perspective on forecast skill, allowing direct assessment of performance dominance, tail behavior, and
518  robustness across heterogeneous hydroclimatic conditions. Across both metrics and forecast horizons, no
519  systematic differences between model architectures are observed, with CDFs for LSTM and
520  Transformer largely overlapping across most regions. This indicates that predictive performance is
521  primarily constrained by data characteristics rather than model structure.

522

523 Across all regions, the NSE CDFs demonstrate a clear separation between short-range (1-day) and medium-
524  range (7-day) forecasts (Fig. 7). At the 1-day horizon, both LSTM and Transformer models exhibit steep
525  CDEF slopes concentrated in the high-skill regime, indicating that a large fraction of stations achieve strong
526  predictive performance. In the east north central, northeast, northwest, southwest, and west regions, most
527  stations exceed NSE values of 0.80, reflecting highly consistent short-term forecasting capability across
528  diverse climatic regimes. At the 7-day horizon, the NSE distributions shift leftward and become more
529  gradual, consistent with increasing forecast uncertainty at longer lead times. Despite this shift, median NSE
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530  values remain above ~0.70 in most regions, except for the south and west north central regions, where skill
531  degradation is more pronounced.
532
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533
534 Figure 7. Regional CDFs of station-level NSE for NeuralFAOS56 forecasts across nine NOAA climate

535 regions. Results are shown for LSTM and Transformer models at 1-day and 7-day forecast horizons.
536

537  Complementary patterns are observed in the MAE CDFs (Fig. 8). For 1-day forecasts, both models produce
538  steep CDFs concentrated at low error values, indicating that most stations achieve small absolute prediction
539  errors. This behavior is particularly pronounced in the northwest and northeast regions, where a substantial
540  proportion of stations maintain MAE values below approximately 0.60 mm day™'. These results reflect the
541  relatively consistent and predictable evapotranspiration dynamics in these regions. At the 7-day horizon,
542  the MAE distributions shift rightward and develop heavier upper tails across all regions which suggest
543  increasing uncertainty and cumulative propagation of meteorological forecast errors. This effect is strongest
544  in the south and southwest regions, where convective activity, high evaporative demand, and greater
545  atmospheric variability amplify sensitivity to forecast inaccuracies. In contrast, the northeast and southeast
546  regions exhibit comparatively smaller rightward shifts, likely due to more moderate temperature variability
547  and stronger climatological constraints on evapotranspiration processes.
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548
549 Figure 8. Regional CDFs of station-level MAE for NeuralFAOS56 forecasts across nine NOAA climate

550  regions. Distributions are shown for LSTM and Transformer models at 1-day and 7-day forecast horizons.
551
552  2.4.4 ETo Forecasts Across Gauging Stations

553  To complement the aggregate and distributional performance analysis, station-level forecasts were
554  examined to evaluate the fidelity of NeuralFAO56 in reproducing daily ETo dynamics under contrasting
555  hydroclimatic regimes. Representative stations were selected from four NOAA climate regions—northeast
556  (KBGM), northwest (KLLJ), south (KSLN), and southwest (KRQE)-to capture a wide range of
557  atmospheric variability, evaporative demand regimes, and seasonal forcing characteristics. For each station,
558  Dboth short-range (1-day-ahead) and medium-range (7-day-ahead) forecasts produced by the LSTM and
559  Transformer models were compared against FAO-56 ETo (Fig. 9). Across all stations, the 1-day-ahead
560  simulations demonstrate strong agreement with observed FAO-56 ETo, with both LSTM and Transformer
561  accurately reproducing the dominant seasonal cycle, intra-seasonal variability, and short-term fluctuations.
562

563  In the northeast station (KBGM), characterized by moderate evaporative demand and relatively smooth
564  seasonal transitions, both models closely track FAO-56 ETo with minimal phase lag and generally low peak
565  bias. Peak summer demand and winter minima are captured with high fidelity, indicating robust short-term
566  predictive capability under humid continental climate conditions. Both models exhibit almost similar
567  performances, with NSE ~ 0.79 and MAE = 0.57 mm day".
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568  The northwest station (KLLJ) exhibits highly regular seasonal patterns and comparatively stable
569  atmospheric forcing. Under these conditions, both models demonstrate particularly strong agreement with
570  FAO-56 ETo, with nearly overlapping trajectories throughout the evaluation period. The smooth seasonal
571  structure is well preserved, and daily variability is accurately represented, consistent with high NSE values
572 (> 0.92) and low MAE values (0.48 mm day"). This performance reflects the enhanced predictability
573  associated with persistent atmospheric patterns in this region.

574

575  In contrast, the south station (KSLN) presents a more challenging forecasting environment due to higher
576  atmospheric variability, frequent convective activity, and elevated evaporative demand. While both models
577  capture the overall seasonal structure, increased short-term variability and occasional underestimation of
578  peak ETo values are evident. This behavior is reflected in reduced short-range performance skills (NSE ~
579  0.72) and higher absolute errors (MAE ~ 1.00 mm day™'). Despite these challenges, no systematic drift is
580  observed, indicating stable temporal behavior even under dynamically complex atmospheric conditions.
581

582  The southwest station (KRQE), representing arid and semi-arid climatic conditions with radiation-driven
583  evaporative demand, further highlights the models’ ability to generalize across distinct regimes. Both
584  architectures successfully track large seasonal amplitudes and elevated summer ETo values while
585  preserving the timing of peak demand periods. Performance metrics exceed NSE = 0.91 for both models,
586  with MAE values near 0.50 mm day', demonstrating strong predictive skill under high-demand conditions.
587  On the 7-day horizon, both models exhibit increased smoothing and reduced sensitivity to short-term
588  fluctuations relative to the 1-day forecasts for all stations. While fine-scale variability is attenuated, the
589  dominant seasonal cycle and longer-term trends remain well preserved. This controlled degradation is
590  consistent with horizon-dependent performance patterns observed in the aggregate and distributional
591  analyses.
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To evaluate NeuralFAO56 under true real-time forecasting conditions, model forecasts were assessed
during the post-testing deployment window spanning 8-14 November 2025, corresponding to the 7-day

Figure 9. Time-series comparison of daily ETo forecasts using NeuralFAO56 for representative stations
across four NOAA climate regions. Panels show observed FAO-56 ETo and corresponding predictions

from LSTM and Transformer models for 1-day-ahead and 7-day-ahead forecast horizons. Stations include

KBGM (northeast), KLLJ (northwest), KSLN (south), and KRQE (southwest), representing diverse
hydroclimatic regimes. Subplots provide magnified views of selected time windows to illustrate the
ability of the DL models to capture short-term ETo variability and peak dynamics.

Real-time ETo Forecasting
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603  meteorological forecast horizon provided by NWS. Both approaches, FAO-56 ETo computed from
604  forecasted meteorological data and DL-based forecasts, were subsequently evaluated against FAO-56 ETo
605  computed from observed meteorological data once they were available, providing a consistent reference for
606  real-time accuracy assessment.

607

608  Figure 10a presents the distribution of forecast errors (MAE) across 845 CONUS stations for lead times
609  from 1 to 7 days. Figure 10b complements this analysis by illustrating horizon-wise ETo forecasts at four
610  representative stations (KBGM, KLLJ, KSLN, and KRQE), consistent with those analyzed in Section 2.4.4.
611 Overall, DL models provide smoother and more stable forecasts while preserving dominant temporal
612  patterns, whereas physics-based forecasts remain more responsive to short-term variability but are
613  increasingly affected by uncertainty in meteorological inputs at longer lead times.

614

615  The box-whisker plot (Fig. 10 a) shows that the forecast-driven FAO-56 approach exhibits a monotonic
616  increase in MAE from day 1 to day 7. This trend reflects the accumulation of uncertainty in forecasted
617  atmospheric variables, such as temperature, radiation, humidity, and wind speed, that directly propagate
618 into physically based ETo calculations. In contrast, DL-based forecasts exhibit different error pattern, with
619  anincrease from day 1 to day 2, relatively stable errors through days 3—4, reduced errors at days 5-6, and
620  increased dispersion again at day 7.

621

622 Across all horizons, LSTM and Transformer models show nearly overlapping MAE distributions, indicating
623  comparable forecasting performance between these two architectures. Notably, at the intermediate lead
624  times (5-6 days), both models achieve MAE values comparable to or lower than those of the forecast-driven
625  FAO-56 estimates. This behavior indicates that both models maintain stable predictive skill by leveraging
626  learned temporal structure in ETo dynamics allowing them to remain robust as temporal predictability
627  decreases with increasing forecast horizon. The station-level analysis (Fig. 10b) further illustrates these
628  patterns. Across all stations, both models consistently reproduce the overall trend of ETo forecasts across
629  horizons, capturing gradual changes in evaporative demand. In contrast, observed FAO-56 ETo exhibits
630  higher day-to-day variability, while forecast-driven FAO-56 partially captures these fluctuations but shows
631  increasing deviation at longer lead times.

632

633  For KBGM (northeast), KLLJ (northwest), and KRQE (southwest), both DL models closely track observed
634  ETo dynamics across most horizons, consistent with their strong performance reported in Section 3.3.3.
635  Importantly, the forecast driven FAO-56 shows greater deviation in KBGM and KRQE compared to
636  observed FAO-56 ETo. This is more pronounced for KRQE, where the ETo values computed using forecast
637  driven FAO-56 exhibit higher error magnitude (ranging from 0.3 to 1.5 mm day™') as lead time increases.
638  The DL-based forecasts, on the other hand, maintain lower error magnitudes (typically < 0.4 mm day™),
639  indicating more stable performance across horizons. These results suggest that stations exhibiting higher
640  predictive skills during historical evaluation also tend to retain strong forecasting performance under real-
641  time conditions.

642

643  In contrast, for KSLN from south region, which exhibits higher atmospheric variability, the forecast driven
644  FAO-56 approach more closely follows short-term fluctuations in observed FAO-56 ETo. both models,
645  however, primarily capture the broader trend and show larger deviations at shorter lead times (2—-3 days),
646  before improving at longer horizons. This behavior highlights a trade-off between capturing high-frequency
647  variability and maintaining stable multi-step forecasts.
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649 Figure 10. (a) Distribution of MAE for real-time ETo forecasts across 845 CONUS stations at 1-7 day
650 lead times. Box-whisker plots summarize station-level MAE for LSTM and Transformer-based forecasts,
651 along with FAO-56 ETo computed using NWS forecasted meteorological inputs, all evaluated against
652  FAO-56 ETo derived from observed weather. White horizontal lines indicate medians; open circles denote
653 mean MAE values; (b) Horizon-wise ETo forecasts for the same four representative stations analyzed in
654 Fig. 9.
655
656 2.4.6 Computational Performance and Runtime Analysis
657  The computational feasibility of NeuralFAO56 for real-time deployment was assessed by evaluating the
658  training overhead associated with DL-based forecasting (Mode 2) as well as the run time cost of FAO-56
659  ETo execution pipeline (Mode 1). Both models were executed on a high-performance computing cluster
660  using an NVIDIA V100 GPU with 16 GB memory, while Mode 1 runtime was measured on CPU-based
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661  execution. Table 3 summarizes the average training cost per station for the LSTM and Transformer models.
662  The LSTM architecture converged in approximately 43 epochs on average, corresponding to a mean
663  training time of 128.49 s per station. In contrast, the Transformer model required fewer convergence epochs
664  (mean of 24.77), resulting in a substantially lower total training time of 78.73 seconds per station. This
665  indicates that the reduced total training time of the Transformer model primarily results from faster
666  convergence behavior. Despite this difference in overall training duration, both architectures exhibited
667  comparable per-epoch computation costs, with average values of 3.02 s for LSTM and 3.23 s for
668  Transformer.

669
670 Table 3. Average training computational cost per station for NeuralFAO56 DL models.
Model Convergence Epochs Training Time per Station (s) Training Time per Epoch (s)
LSTM 43.31 128.49 3.02
Transformer 24.77 78.73 3.23
671

672  The relatively small per-epoch training time for both models reflects the lightweight architectural design
673  adopted in NeuralFAOS56, including the use of a single LSTM layer and a single Transformer encoder block
674  with constrained embedding and feedforward dimensions. This design choice was motivated by the
675  operational objective of enabling on-demand ETo forecasting while minimizing computational overhead.
676  The observed training times demonstrate that station-specific model training can be completed within a few
677  minutes, making large-scale deployment across hundreds of stations computationally feasible in batch-
678  processing environments.

679

680  In addition to model training cost, the execution time of the physics-based FAO-56 pipeline (Mode 1) was
681 evaluated. Across all stations, Mode 1 execution required an average of approximately 2.96 second per
682  station, including automated station selection, data retrieval, preprocessing, and FAO-56 ETo computation.
683  This low execution latency highlights the efficiency of the API-integrated workflow and supports near-real-
684  time application of NeuralFAOS56 for on-demand ETo estimation and short-term forecasting.

685

686 3  Conclusion

687  This study introduced NeuralFAOS56, an integrated hybrid physics—based data-driven computational
688  framework designed to automate real-time ETo estimation and forecasting across CONUS within a
689  workflow to support irrigation demand estimation. By coupling FAO-56 Penman—Monteith computation
690  with DL-based forecasting, the framework provides an end-to-end pipeline that enables automated data
691  acquisition and standardized preprocessing for on-demand ETo prediction. This addresses a critical gap
692  between methodological advances in evapotranspiration modeling and their practical deployment within
693  irrigation decision support systems. The system was developed to operate in dual modes: (i) physics-based
694  ETo estimation and forecast execution driven by real-time and forecasted meteorological forcings obtained
695  through the NWS API, and (ii) data-driven ETo forecasting using sequential learning architectures trained
696  on historical atmospheric observations retrieved from NCEI archives.

697

698  We demonstrated the applicability of NeuralFAOS56 by evaluating the framework at continental scale across
699 845 NWS-NCEI matched stations. This large sample evaluation demonstrated that NeuralFAO56 achieves
700  strong and spatially consistent predictive skill across heterogeneous hydroclimatic regimes. These
701  assessments further reveal systematic spatial variability aligned with differences in regional atmospheric
702  dynamics. Regions characterized by stable synoptic forcing and pronounced seasonal structure, such as the
703  northwest and southwest, exhibited the highest forecasting skill. On the other hand, humid and convectively
704  active regions, particularly the south and southeast, showed comparatively degraded performance,
705  reflecting increased meteorological variability and nonlinear atmospheric interactions. Moreover, LSTM
706  and Transformer models exhibited nearly identical performance across all NOAA regions and forecast
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707  horizons. This indicates that ETo predictability is primarily constrained by data characteristics and temporal
708  structure rather than model architecture, with the use of lightweight configurations potentially limiting
709  further model differentiation.

710

711 Gauging station level experiments provided additional insight into model realism beyond statistical metrics.
712 Across 845 stations selected to represent four distinct NOAA climate regions, both LSTM and Transformer
713 architectures reproduced physically consistent ETo dynamics, including seasonal amplitudes, peak
714 evaporative demand periods, and intra-seasonal variability. Even under extended forecast horizons, model
715  trajectories retained phase coherence and avoided systematic drift, indicating stable temporal generalization
716  and physically plausible forecast evolution.

717  Real-time ETo forecast further extended the analysis beyond retrospective testing, providing additional
718  insight into real-world deployment performance. During the 7-day forecast horizon, physics-based forecasts
719  exhibited systematic error growth with lead time, reflecting the accumulation of uncertainty in
720  meteorological forcing variables. In contrast, DL-based forecasts displayed comparatively stable error
721  distributions, with improved performance at intermediate lead times (5-6 days) compared to forecast-driven
722  FAO-56 estimates. Station-level analysis for four representative stations indicated that LSTM and
723  Transformer models consistently reproduced the overall trend of ETo forecasts, capturing gradual changes
724 in evaporative demand. In comparison, forecast-driven FAO-56 estimates captured the short-term
725  variability but exhibited increasing deviation at longer lead times. Importantly, in both models, stations
726  exhibiting higher predictive skill during historical evaluation generally retained strong performance under
727  real-time conditions, indicating stable generalization across deployment scenarios. The complementary
728  strengths observed between physics-based and data-driven forecasts highlight the operational value of
729  hybrid system design, wherein physically interpretable modeling and data-driven temporal learning jointly
730  enhance evapotranspiration prediction under real-world forecasting constraints.

731

732 Computational runtime analysis further confirmed the operational feasibility of the framework. Physics-
733 based FAO-56 execution demonstrated low per-station runtime, supporting near-real-time on-demand
734 deployment. DL training costs, when executed on GPU infrastructure, remained computationally
735  manageable, with convergence achieved within moderate epoch counts and stable per-epoch runtime,
736  demonstrating that large-scale continental deployment is computationally tractable.

737

738  From an operational perspective, the forecasting skill demonstrated by NeuralFAO56 supports short- to
739  medium-range irrigation planning, including irrigation timing optimization, deficit irrigation scheduling,
740  and real-time water allocation decision making. The ability to deliver consistent predictive performance
741  across geographically distributed stations and heterogeneous climatic regimes underscores the scalability
742 of the framework. This spatial generalizability, combined with automated data ingestion and near-real-time
743  execution capability, reinforces its reliability, scalability, and operational readiness of environmental
744  prediction systems.

745

746

747  Code and Data Availability

748  The source code for NeuralFAO56 (v 1.0) is archived on Zenodo:

749  https://doi.org/10.5281/zen0do.19696546 (Neupane and Samadi, 2026). The input datasets, model

750  outputs, and scripts used to reproduce all figures and results presented in this study are archived on

751  Zenodo: https://doi.org/10.5281/zenodo.19858713 (Neupane and Samadi, 2026). Meteorological data
752 used in this study were obtained from publicly accessible sources provided by the National Oceanic and
753  Atmospheric Administration (NOAA). Real-time and forecast meteorological data were retrieved from
754  the National Weather Service (NWS) API (https://api.weather.gov), while historical observations were
755  obtained from the National Centers for Environmental Information (NCEI) archives
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756  (https://www.ncei.noaa.gov/access/services/data/vl). All data are openly available and can be accessed
757  programmatically via the respective APIs.
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