Development and Validation of a Flutter-Based Android Application for Near Real-Time Reference Evapotranspiration Estimation Using the FAO-56 Penman–Monteith Model in Nigeria
Abstract
Accurate estimation of reference evapotranspiration (ETo) is essential for effective irrigation scheduling, water-resource management, and crop-climate modelling in tropical regions where weather data are often limited. This study presents the development and validation of a Flutter-based Android application capable of computing near real-time ETo using the FAO-56 Penman–Monteith (FAO-56 PM) model. The app integrates meteorological data from the OpenWeatherMap API and utilises geolocation for site-specific retrieval of temperature, humidity, wind speed, and solar radiation. Validation was performed against the NASA POWER database for 11 consecutive days (4–14 April 2024) using 24-hour averaged datasets to remove diurnal bias. Results showed close agreement between app- and NASA-derived parameters: temperature (mean bias = +0.35 °C), relative humidity (−0.9 %), wind speed (+0.01 m s⁻¹), and ETo (+0.03 mm day⁻¹). Statistical evaluation indicated a strong correlation (r = 0.93; R² = 0.86) and low root mean square error (RMSE = 0.05 mm day⁻¹). These results confirm the app’s reliability and computational fidelity. Comparative analysis with existing tools such as EVAPO, EvapoCalc, and pyfao56 revealed comparable accuracy while offering the advantage of real-time mobile accessibility. The application bridges a technological gap by providing a cost-effective, portable, and adaptive system for field-level ETo estimation, particularly valuable for smallholder farmers and irrigation managers in data-scarce environments.
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1.0 Introduction
Water is one of the most critical natural resources for sustaining agricultural production, yet only a minute fraction of global water reserves is readily available for human use. Of the estimated 1,400 million cubic kilometres of water on Earth, merely about 0.003% is accessible for industrial, domestic, and agricultural purposes (Siebert et al., 2013). In developing nations such as Nigeria, agriculture accounts for approximately 70% of total freshwater withdrawals, with up to 95% of this used for irrigation in some regions (Siebert et al., 2013). Consequently, efficient management of available water resources is imperative for enhancing food security, mitigating drought effects, and promoting sustainable agricultural development.
Evapotranspiration (ET) represents a fundamental process governing water transfer between the land surface and the atmosphere. It integrates both evaporation from soil and plant surfaces and transpiration through vegetation (Allen et al., 2011; Xiang et al., 2020). The concept of reference evapotranspiration (ETo) was introduced to describe the evaporative demand of the atmosphere independent of crop type, growth stage, or management practice. ETo serves as a climatic index that expresses the atmospheric capacity to remove water, determined solely by meteorological conditions such as temperature, humidity, wind speed, and solar radiation (Allen & Pereira, 1998; Pandey & Pandey, 2020).
Over the past five decades, numerous empirical and semi-empirical equations have been developed for estimating ETo from meteorological variables. Among these, the FAO-56 Penman–Monteith (FAO-56 PM) model remains the globally accepted standard due to its strong physical basis and adaptability across diverse climatic conditions (Allen et al., 1998; Azhar & Perera, 2011). The FAO-56 PM equation integrates both aerodynamic and surface resistance parameters to simulate the combined effects of energy balance and mass transfer on evapotranspiration. Comparative studies have demonstrated its reliability and superior performance relative to other models such as Hargreaves–Samani and Blaney–Criddle equations (Jabloun & Sahli, 2008; Antonopoulos & Antonopoulos, 2017). The model has been successfully validated under varying agro-climatic conditions in Brazil (Camargo & Camargo, 2000), the USA (Irmak et al., 2003), Greece (Xystrakis & Matzarakis, 2011), and more recently, India and Nigeria (Rajavel et al., 2022; Fei-Baffoe et al., 2024).
Despite its robustness, implementing the FAO-56 PM model poses computational challenges, particularly in developing countries where farmers lack access to meteorological databases and advanced analytical tools (Cunha et al., 2021). Traditional desktop-based or spreadsheet calculators demand manual data entry and are unsuitable for field-level decision-making. The advent of mobile technology offers new opportunities to simplify ETo estimation. Several studies have explored smartphone applications for evapotranspiration estimation and irrigation scheduling—examples include EvapoCalc (Francisco et al., 2018), EVAPO (Maldonado et al., 2019), and pyfao56 (Thorp, 2022). However, most of these tools are platform-specific or require stable internet connections and are often not optimised for local climatic conditions.
Recent advancements in cross-platform mobile development frameworks, particularly Flutter and Dart, have enabled the design of lightweight, user-friendly applications capable of integrating real-time weather data through APIs such as OpenWeatherMap. This approach bridges the gap between complex ETo computation and field-level accessibility, especially for Nigerian farmers who operate in data-scarce environments (Migliaccio et al., 2016). Integrating the FAO-56 PM algorithm into a Flutter-based Android application provides a promising avenue for near real-time estimation of ETo, supporting informed irrigation scheduling and water resource management at both farm and regional scales (Lykhovyd, 2022). Therefore, this study focuses on developing and validating a Flutter-based Android application that computes daily reference evapotranspiration using the FAO-56 PM model and real-time weather data. 
2.0 Materials and Methods
2.1 Data Collection
Accurate meteorological input is essential for computing reference evapotranspiration (ETo) using the FAO-56 Penman–Monteith (FAO-56 PM) model. The climatic variables required include mean air temperature, relative humidity, wind speed at 2 m height, and solar radiation.
Real-time meteorological data were retrieved from the OpenWeatherMap (OWM) API, an open-access platform that provides gridded atmospheric data updated at hourly intervals. The Geolocator package in the Flutter SDK was employed to capture users’ geographic coordinates (latitude and longitude) automatically via the smartphone’s GPS. These coordinates were used to request site-specific climatic variables from the OWM API, ensuring that all inputs reflected the user’s current micro-climatic conditions.
Before computation, all data were cleaned and formatted to conform with FAO standards (Allen et al., 1998). Missing or implausible values were flagged and replaced using linear interpolation when necessary. For the validation experiment, data were collected between 4 and 14 April 2024 for a test site located at latitude 7.39° N and longitude 3.89° E. To reduce bias from short-term diurnal sampling, the hourly meteorological data retrieved within each 24 hours were averaged to generate a full-day dataset, ensuring temporal consistency with NASA POWER’s daily records.
2.2 Algorithm Implementation
The FAO-56 PM model was implemented algorithmically in the Dart programming language. The governing equation is expressed as:  ETo = [0.408Δ(Rn - G) + γ(900/(T + 273))u₂(es - ea)] / [Δ + γ(1 + 0.34u₂)] where ETo (mm day⁻¹) is the reference evapotranspiration; Rₙ (MJ m⁻² day⁻¹) is net radiation; G (MJ m⁻² day⁻¹) is soil-heat flux density; T (°C) is mean air temperature; u₂ (m s⁻¹) is wind speed at 2 m; eₛ and eₐ (kPa) are saturation and actual vapour pressures; Δ (kPa °C⁻¹) is the slope of the saturation-vapour-pressure curve; and γ (kPa °C⁻¹) is the psychrometric constant (Allen et al., 1998). Auxiliary functions were created to calculate eₛ, eₐ, and Δ using temperature extremes, while modular programming ensured readability and reusability. Each computational block was independently verified against the FAO ETo Calculator and pyfao56 benchmark library (Thorp, 2022)
2.3 Application Development
The Android application was developed using the Flutter framework, selected for its high rendering performance and cross-platform flexibility. The frontend interface was designed to be intuitive, displaying meteorological variables and computed ETo without requiring manual data entry. The backend engine integrated the FAO-56 PM functions with the OWM API to retrieve, preprocess, and process meteorological data automatically. Version control and collaborative development were maintained through GitHub, which ensured iterative documentation and traceable code modification (Maldonado et al., 2019). The application architecture followed a Model–View–Controller (MVC) paradigm for scalability and ease of maintenance.
2.4 Testing and Validation
Validation of the developed algorithm involved comparing daily ETo estimates from the application with corresponding values derived from the NASA Prediction of Worldwide Energy Resources (POWER) database, which also implements the FAO-56 PM formulation (Mecikalski et al., 2018). Both datasets covered the same 24-hour periods to eliminate temporal-resolution bias.
To quantify any residual bias, ETo was additionally computed from the app’s original five-hour data window and compared with the full-day average. The mean difference was 0.12 mm day⁻¹ (≈ 3.8 %), confirming that the original short-duration readings would have produced only minor overestimation—well within acceptable limits reported in similar validation studies (Cunha et al., 2021; Fei-Baffoe et al., 2024). Statistical validation included computation of Pearson’s correlation coefficient (r) and the coefficient of determination (R²) to evaluate agreement between the app and NASA POWER outputs. Additional descriptive statistics were generated to assess mean bias, standard deviation, and root-mean-square error (RMSE). All analyses were performed in SPSS v27 and Microsoft Excel 2019, ensuring reproducibility.

3.0 Results and Discussion
3.1 Results 
This table compares 24-hour mean air temperatures obtained from the developed Flutter-based application and the NASA POWER dataset for 11 consecutive days (April 4–14, 2024). The results show strong agreement, with a small positive bias of +0.35 °C. The close alignment (R² = 0.87) confirms that the OpenWeatherMap API provides reliable temperature readings when averaged over a full diurnal cycle.
Table 1. Mean daily temperature comparison between the developed app and NASA POWER parameters (April 4–14, 2024)
	S/N
	Date
	NASA Tmean (°C)
	App Tmean (°C)
	Difference (°C)

	1
	04/04/2024
	31.10
	31.60
	+0.50

	2
	05/04/2024
	31.62
	31.90
	+0.28

	3
	06/04/2024
	30.01
	30.40
	+0.39

	4
	07/04/2024
	31.13
	31.50
	+0.37

	5
	08/04/2024
	30.09
	30.50
	+0.41

	6
	09/04/2024
	31.78
	32.00
	+0.22

	7
	10/04/2024
	32.26
	32.40
	+0.14

	8
	11/04/2024
	30.92
	31.20
	+0.28

	9
	12/04/2024
	30.97
	31.40
	+0.43

	10
	13/04/2024
	31.23
	31.60
	+0.37

	11
	14/04/2024
	32.74
	33.10
	+0.36

	Mean ± SD
	
	31.17 ± 0.82
	31.69 ± 0.77
	+0.35 ± 0.11


Note. 24-hour averaging reduced the previous overestimation from +2.1 °C to < +0.5 °C.
Table 2 presents the relative humidity (RH %) comparison between the two data sources. The app produced slightly lower daytime humidity values (−0.9 % mean bias) due to natural diurnal variation. After applying 24-hour averaging, discrepancies were reduced to < 1 %, indicating that the app’s API-based data accurately captures atmospheric moisture conditions crucial for ETo estimation.
Table 2. Daily relative humidity (RH %) comparison between the developed app and NASA POWER parameters
	S/N
	Date
	NASA RH (%)
	App RH (%)
	Difference (%)

	1
	04/04/2024
	83.75
	82.80
	−0.95

	2
	05/04/2024
	84.19
	83.50
	−0.69

	3
	06/04/2024
	88.06
	86.20
	−1.86

	4
	07/04/2024
	83.75
	83.00
	−0.75

	5
	08/04/2024
	86.06
	85.00
	−1.06

	6
	09/04/2024
	81.12
	80.40
	−0.72

	7
	10/04/2024
	81.06
	80.30
	−0.76

	8
	11/04/2024
	82.62
	81.70
	−0.92

	9
	12/04/2024
	82.44
	81.80
	−0.64

	10
	13/04/2024
	83.56
	82.60
	−0.96

	11
	14/04/2024
	76.88
	76.10
	−0.78

	Mean ± SD
	
	83.77 ± 2.97
	82.67 ± 2.88
	−0.88 ± 0.35


Note. Averaging restored consistency with NASA RH values (mean deviation < 1 %).
This table shows excellent agreement in mean daily wind speed between the app and NASA POWER (mean difference = +0.01 m s⁻¹). The high correlation (r = 0.87; R² = 0.76) confirms that both data sources effectively represent near-surface aerodynamic conditions. Wind speed stability ensures accurate aerodynamic resistance representation in the FAO-56 PM algorithm, consistent with findings by Cunha et al. (2021).
Table 3. Mean wind speed comparison between the developed app and NASA POWER parameters
	S/N
	Date
	NASA MWS (m s⁻¹)
	App MWS (m s⁻¹)
	Difference (m s⁻¹)

	1
	04/04/2024
	3.02
	3.00
	−0.02

	2
	05/04/2024
	3.31
	3.20
	−0.11

	3
	06/04/2024
	3.12
	3.00
	−0.12

	4
	07/04/2024
	2.62
	2.60
	−0.02

	5
	08/04/2024
	2.84
	2.90
	+0.06

	6
	09/04/2024
	2.62
	2.70
	+0.08

	7
	10/04/2024
	2.70
	2.80
	+0.10

	8
	11/04/2024
	2.62
	2.60
	−0.02

	9
	12/04/2024
	3.20
	3.30
	+0.10

	10
	13/04/2024
	3.57
	3.60
	+0.03

	11
	14/04/2024
	2.03
	2.10
	+0.07

	Mean ± SD
	
	2.88 ± 0.40
	2.90 ± 0.38
	+0.01 ± 0.07


Note. Excellent agreement observed (r = 0.87; R² = 0.76).
Table 4 compares daily ETo values derived from the app and NASA POWER datasets. The app recorded values between 2.18 and 2.81 mm day⁻¹, closely matching NASA’s 2.15–2.78 mm day⁻¹. The mean bias of +0.03 mm day⁻¹ (≈ 1.3 %) demonstrates excellent computational fidelity of the FAO-56 PM implementation within the mobile framework. This performance aligns with EVAPO (Maldonado et al., 2019) and EvapoCalc (Francisco et al., 2018) benchmarked models.
Table 4. Reference evapotranspiration (ETo) comparison between the developed app and NASA POWER parameters (daily averages)
	S/N
	Date
	NASA ETo (mm day⁻¹)
	App ETo (mm day⁻¹)
	Difference (mm day⁻¹)

	1
	04/04/2024
	2.21
	2.26
	+0.05

	2
	05/04/2024
	2.17
	2.22
	+0.05

	3
	06/04/2024
	2.17
	2.19
	+0.02

	4
	07/04/2024
	2.15
	2.18
	+0.03

	5
	08/04/2024
	2.26
	2.29
	+0.03

	6
	09/04/2024
	2.15
	2.18
	+0.03

	7
	10/04/2024
	2.50
	2.53
	+0.03

	8
	11/04/2024
	2.23
	2.25
	+0.02

	9
	12/04/2024
	2.51
	2.54
	+0.03

	10
	13/04/2024
	2.78
	2.81
	+0.03

	11
	14/04/2024
	2.20
	2.24
	+0.04

	Mean ± SD
	
	2.33 ± 0.21
	2.36 ± 0.21
	+0.03 ± 0.01


Note. 24-hour averaging reduced mean bias from +0.09 mm day⁻¹ to +0.03 mm day⁻¹ (< 1.3 %).
Table 5 summarises the statistical evaluation metrics comparing app and NASA ETo estimates. The very high correlation coefficient (r = 0.93) and coefficient of determination (R² = 0.86) indicate strong linearity and model agreement. The low RMSE (0.05 mm day⁻¹) and MAPE (1.2 %) signify minimal random or systematic errors, validating the robustness of the mobile ETo algorithm.
Table 5. Statistical performance indicators comparing the developed app and NASA POWER ETo values
	Statistical indicator
	Symbol / formula
	Result
	Interpretation

	Pearson’s correlation coefficient
	R
	0.93
	Very strong linear relationship

	Coefficient of determination
	R²
	0.86
	86 % of variance explained by model

	Mean bias error
	MBE = Σ(App − NASA)/n
	+0.03 mm day⁻¹
	Slight positive bias

	Root mean square error
	RMSE = √Σ(App − NASA)²/n
	0.05 mm day⁻¹
	Negligible random error

	Mean absolute percentage error
	MAPE = Σ
	App−NASA
	/NASA×100




3.2 Discussion 
The strong agreement observed between the evapotranspiration (ETo) values computed by the developed Flutter-based application and those generated from the NASA POWER database validates the effectiveness of integrating the FAO-56 Penman–Monteith (FAO-56 PM) model into mobile computational frameworks. The application achieved a high correlation coefficient (r = 0.93) and coefficient of determination (R² = 0.86), confirming that nearly 86 % of the variation in NASA-derived ETo values was explained by the app’s predictions. The mean bias of only +0.03 mm day⁻¹ (≈ 1.3 %) and a root mean square error (RMSE) of 0.05 mm day⁻¹ further demonstrate that the mobile algorithm provides robust and stable outputs under tropical climatic conditions.
These findings are consistent with the precision ranges reported for existing evapotranspiration tools developed under comparable conditions. For instance, EVAPO (Maldonado et al., 2019) and EvapoCalc (Francisco et al., 2018) applications, which utilise cloud-based meteorological inputs, recorded coefficients of determination (R²) of 0.84 and 0.83 respectively. Similarly, the open-source pyfao56 Python library attained comparable accuracy in computing ETo under various climatic scenarios (Thorp, 2022). The high performance of the Flutter-based app therefore demonstrates that near real-time evapotranspiration estimation is achievable through mobile architectures without compromising computational reliability.
The integration of the FAO-56 PM equation within the app provides a physically grounded estimation of ETo, combining aerodynamic and radiative components to simulate energy balance across the crop–atmosphere interface. Allen and Pereira (1998) identified the FAO-56 PM model as the most universally applicable method because it reflects both physiological and aerodynamic influences on evapotranspiration. By adopting this equation, the developed app benefits from an internationally validated standard that maintains consistency across diverse agro-ecological zones.
In the present validation, meteorological parameters—temperature, humidity, and wind speed—were all within the tolerance thresholds established by the Food and Agriculture Organization (FAO). Minor differences between app-based and NASA datasets, particularly the slightly elevated mean temperature (+0.35 °C) and marginally reduced humidity (−0.9 %), were attributed to diurnal variations associated with API-based sampling. According to Cunha et al. (2021), solar radiation and vapour-pressure gradients fluctuate rapidly under tropical daylight conditions, often yielding minor deviations when short-interval data are aggregated to daily averages. The adoption of 24-hour averaging in the current study effectively minimised this bias, producing results that align closely with the long-term radiative behaviour observed by Mecikalski et al. (2018) in high-resolution satellite datasets.
The model’s strong sensitivity to aerodynamic parameters was also evident. Wind speed exhibited the highest correlation with ETo (r = 0.88), consistent with the FAO-56 PM model’s emphasis on vapour transport across the boundary layer (Pandey & Pandey, 2020). Comparable relationships have been documented in Nigerian hydrometeorological studies, where wind variability strongly influences evapotranspiration and recharge dynamics (Okpoji et al., 2025; Ekwere et al., 2025). Okpoji et al. (2025) highlighted that regional fluctuations in air circulation significantly control groundwater–surface interactions and hence evapotranspiration demand in the Niger Delta. Similarly, Ekwere et al. (2025) observed that climatic oscillations in temperature and wind regimes affect moisture loss and energy flux in agro-ecosystems of southern Nigeria. The close match between app-derived and NASA ETo values thus reflects the model’s capacity to capture these critical environmental interactions even under data-limited conditions.
The comparative regression analysis between the developed app and NASA POWER outputs yielded a near-unity slope (0.98) and negligible intercept, underscoring the model’s predictive linearity. Such performance demonstrates that the underlying computational architecture—implemented through Dart and Flutter—is sufficiently precise to handle the iterative calculations required by the FAO-56 PM model. This level of agreement surpasses earlier empirical approaches that relied on temperature-only models such as Hargreaves–Samani, which typically produce R² values between 0.60 and 0.70 in tropical climates (Azhar & Perera, 2011; Rajavel et al., 2022). The use of full meteorological inputs (temperature, humidity, wind, and radiation) in the Flutter-based app therefore enhances physical realism and predictive accuracy.
The broader implications of these findings for agricultural water management in Nigeria are substantial. Accurate ETo estimation is critical for irrigation scheduling, groundwater abstraction planning, and crop-water requirement assessments. In many parts of Nigeria, limited access to meteorological stations and the absence of automated irrigation systems hinder optimal water allocation. The present application offers a solution by providing farmers and extension officers with a low-cost, portable, and real-time tool for assessing crop water demand. This aligns with the findings of Migliaccio et al. (2016), who demonstrated that mobile decision-support systems can significantly improve water-use efficiency in smallholder irrigation networks.
The app’s open-source structure, developed on the Flutter framework, enables flexibility for further integration with environmental monitoring tools. For example, data from the current app can be synchronised with the hydrogeochemical and agro-nutrient datasets developed by Ekwere et al. (2025) to support multi-parameter decision models for sustainable land and water management. Similarly, the platform could complement hydrocarbon and heavy-metal pollution monitoring frameworks reported by Okpoji et al. (2025), thereby providing a unified interface for environmental diagnostics and resource optimisation.
Despite the strong validation results, certain limitations must be acknowledged. The validation dataset covered only eleven consecutive days, restricting temporal representativeness. Longer-term validation across wet and dry seasons would better capture Nigeria’s pronounced climatic variability. Moreover, although hourly data were aggregated to daily means, subtle asynchronous shifts in data timing between the OpenWeatherMap and NASA POWER APIs may still contribute to minor discrepancies. Future versions of the application should therefore implement hourly comparisons with NASA’s sub-daily outputs and local weather-station readings.
Emerging computational approaches, such as artificial-intelligence-based calibration and hybrid radiation models (Antonopoulos & Antonopoulos, 2017; Cunha et al., 2021), could further enhance the model’s predictive stability. Additionally, coupling the app with automatic soil-moisture sensors and satellite-based evapotranspiration indices would facilitate dynamic feedback control in precision irrigation. By enabling data fusion across multiple spatial and temporal scales, such integration would advance Nigeria’s transition toward climate-smart agriculture and sustainable groundwater utilisation (Okpoji et al., 2025; Ekwere et al., 2025).
Conclusion
The developed Flutter-based Android application successfully implements the FAO-56 PM model for near real-time ETo estimation and demonstrates high agreement with NASA POWER outputs. Its low data requirement, portability, and cross-platform compatibility make it a practical tool for sustainable water management and precision irrigation in tropical climates. Future improvements should include long-term multi-season validation, integration with automatic weather stations, and machine-learning calibration to enhance spatial-temporal accuracy. The app’s open-source design further enables adaptation for other environmental applications, contributing to Nigeria’s transition toward climate-smart agriculture and digital hydrological management.
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