Supplementary Materials for
"Rice evapotranspiration estimation and irrigation optimization based on coupling UAV multispectral and thermal infrared imagery with the FAO-56 model"
Supplementary Note S1: Ground-truth measurement procedures and greenhouse gas flux calculation
Measurement of Leaf Area Index (LAI) and Plant Height
During each UAV flight campaign, the leaf area index (LAI) and plant height of rice were synchronously measured in the field. Plant height was measured manually with a measuring tape, with three replicate sampling points set in each plot to obtain the average value. The LAI was measured non-destructively using an LP-80 plant canopy analyzer (Decagon Devices, USA) under clear sky conditions, strictly following the manufacturer’s standard operation protocols.
Monitoring of Greenhouse Gas Fluxes
Greenhouse gas fluxes (CO2, CH4, and N2O) were sampled between 8:00 and 11:00 using a portable static chamber method. The gas samples were collected at specific intervals and analyzed using a gas chromatograph. The emission fluxes were calculated based on the rate of change in gas concentration inside the chamber during the closure period. The general calculation formula is as follows:
 UAV-based data acquisition
During the rice growing season, UAV flights were conducted between 11:00 and 14:00 local time to minimize the effects of changes in solar elevation angle and background temperature fluctuations on the acquisition of spectral and thermal infrared information. Two UAV platforms were used for the flights: a DJI Mavic 3 Multispectral (DJI, China) for acquiring RGB and multispectral imagery, and a DJI Matrice 30T (DJI, China) for acquiring thermal infrared imagery. The flight altitude was 30 m, with forward and side overlap rates set at 80% and 85%, respectively. Under these settings, the spatial resolution of the imagery was approximately 1.25 cm. The Mavic 3 Multispectral is equipped with a 5.5 mm focal length lens and includes five bands, namely blue, green, red, red-edge, and near-infrared, and can acquire multispectral images with a resolution of 1280×960 pixels. The Matrice 30T is equipped with a 13 mm thermal infrared lens, with a thermal image resolution of 640×412 pixels, a sampling frequency of 9 Hz, and an operating spectral range of 7.5-13.0 μm. The flight dates and weather conditions for each UAV campaign are shown in Table S1.
Table S1
 Dates and weather conditions of each UAV flight
	Date (DAS)
	SMC
	UAV(fights)
	Weather

	23-May
	√
	√
	Sunny

	4- June
	√
	√
	Sunny

	14-June
	√
	√
	Sunny

	22-June
	√
	√
	Cloudy

	4-July
	√
	√
	Sunny

	11-July
	√
	√
	Cloudy

	23-July
	√
	√
	Sunny

	2-August
	√
	√
	Sunny

	13-August
	√
	√
	Sunny

	23-August
	√
	√
	Sunny


Note:√indicates that the corresponding work was carried out on that day.
 Ground-synchronous observations
On each UAV flight day, ground observations were carried out simultaneously, including field water level, soil volumetric water content, greenhouse gas fluxes, plant height, and leaf area index (LAI). Field water level was continuously monitored using a water level meter (model to be specified). Soil volumetric water content was measured using a Dongfang Zhigan soil moisture sensor, while the traditional oven-drying gravimetric method was used to determine volumetric water content in the 0-20 mm soil layer, with three measurements taken in each plot. In situ monitoring was conducted using a soil moisture sensor (ET-40/60), which measures soil volumetric water content based on the frequency domain reflectometry (FDR) principle at a depth of 20 mm to reflect soil moisture conditions in the root zone. Greenhouse gas fluxes were sampled between 8:00 and 11:00 using a portable gas collection device to obtain information on greenhouse gas emissions from the paddy field; the specific calculation formula was based on a published reference (to be added). Plant height was measured manually with a measuring tape, with three replicate sampling points set in each plot. LAI was measured using an LP-80 plant canopy analyzer at locations corresponding to the UAV observations. Soil moisture and LAI were measured synchronously on each UAV flight day, while greenhouse gas fluxes were measured every 7 days during the rice growing season.
Supplementary Note S2:Image processing and ETc estimation framework
Image preprocessing
The RGB, multispectral, and thermal infrared images acquired by the UAV were first processed in Pix4Dmapper for image mosaicking and geometric correction. During the flight, multispectral images were radiometrically calibrated using black-and-white reference reflectance panels, and the original digital numbers were converted into surface reflectance values. Thermal infrared images were radiometrically calibrated and temperature retrieval was performed in combination with environmental parameters to obtain land surface temperature distribution information.
Extraction of canopy spectral information
Based on the mosaicked multispectral imagery, information from the red, green, blue, red-edge, and near-infrared bands was extracted, and vegetation indices (VIs) were further calculated to characterize rice canopy growth status. In this study, NDVI, SAVI, and EVI were selected as candidate indicators for representing the basal crop coefficient (Kcb), and their calculation formulas are presented in Table S2.
Table S2 
Formulas for calculating vegetation indices
	Sensor
	Features
	Formulation
	Reference

	RGB
	Red-green ratio index
	

	(Verrelst et al., 2008)

	Red-edge
	Normalized difference vegetation index
	
 
	(Rouse et al., 1974)

	Red-edge
	Soil adjusted vegetation index
	

	(Huete, 1988)

	Red-edge
	Enhanced vegetation index
	
 
	(Huete et al., 2002; Wang et al., 2003)

	FLIR Vue Pro
	Crop water stress index
	
 
	(Jackson et al., 1981)






Note:、、、 represent the reflectance of the red, green, blue, and near-infrared bands, respectively；dTm、dTLL、dTUL represent the measured canopy–air temperature difference, the lower limit, and the upper limit, respectively.
Extraction of fractional vegetation cover and canopy temperature
Fractional vegetation cover (fc) was extracted from RGB images using the RGRI-OTSU method (Zhang et al., 2019). First, the red-green ratio index (RGRI) was calculated, and then the OTSU threshold segmentation method was used to classify vegetation and non-vegetation pixels in the images, thereby obtaining vegetation cover. Meanwhile, rice canopy temperature information was extracted from the thermal infrared images, and the temperatures retrieved from UAV thermal infrared imagery were calibrated using synchronous measurements of black-and-white reference panels and different ground objects obtained with a handheld infrared thermometer.
 CWSI calculation
The Crop Water Stress Index (CWSI) was used to characterize the deviation of canopy temperature from the condition under adequate water supply and served as the basis for subsequent estimation of the crop water stress coefficient (Ks). The calculation of CWSI involves the actual canopy-air temperature difference (dTm), the lower limit (dTLL), and the upper limit (dTUL). Among these, dTLL was established based on field measurements obtained in 2025, and its relationship with vapor pressure deficit (VPD) is shown in Eq. (1); VPD was calculated from air temperature and relative humidity, as shown in Eq. (2).

	
where (dTLL,t) is the lower limit of the canopy–air temperature difference on day (t),℃; (VPDt) is the vapor pressure deficit on day (t), kpa; and (a0) and (a1) are the regression coefficients fitted from the measured data collected in 2025.
Here, VPD represents vapor pressure deficit. VPD (kpa) is related to air temperature and relative humidity, and can be calculated using Eq. (2).

 	
where (Ta,t) is the air temperature on day (t) (°C), and (RHt) is the relative humidity on day (t) (%).
Calculation of evapotranspiration and crop coefficients
To obtain field-scale information on actual crop water consumption and to develop an ETc estimation model based on UAV multisource imagery, this study sequentially calculated actual evapotranspiration (ETa,t), the basal crop coefficient (Kcb, t), the water stress coefficient (Ks), and the soil evaporation coefficient (Ke), and then estimated daily rice crop evapotranspiration (ETc,t) within the FAO-56 dual crop coefficient framework. In this process, canopy temperature information was mainly used to characterize water stress status, whereas multispectral information was primarily used to characterize canopy structure and its dynamic variation; together, these two types of information provided the input parameters for ETc estimation.
To obtain a reference value of daily actual evapotranspiration at the field scale, daily ETa,t was estimated using the soil water balance equation:

 	
where ETa,t is the actual evapotranspiration on day t, mm; Pt is the precipitation on day t, mm; It is the irrigation amount on day t, mm; St−1 and St are the available soil water storage in the root zone on day t−1 and day t, respectively, mm; Dp,t is the deep percolation on day t, mm; and Dt is the drainage on day t, mm.
Dp,t was calculated using the FAO-56 method.：

 	
where (Dp,t) is the percolation on day (t), mm.
The basal crop coefficient (Kcb) and the crop water stress coefficient (Ks) were calculated using the FAO-56 procedure. Under standard climatic conditions (RHmin= 45%，u2= 2m/s), the values of the basal crop coefficient for rice at three key growth stages were determined according to the FAO-56 recommended values, namely 0.6 for the initial stage, 1.05 for the mid-season stage, and 0.9 for the late-season stage. Considering the influence of dynamic canopy growth on Kcb under actual field conditions, the standardized Kcb was further adjusted using the measured leaf area index (LAI) and plant height (h), thereby obtaining the daily basal crop coefficient. The adjusted Kcb values were calculated using Eqs. (5) and (6).：

 	

 	


Where () is the basal crop coefficient on day (t) corrected by meteorological factors; () is the basal crop coefficient under the standard climatic conditions described above; (ht) is the mean plant height (m); (u2,t) is the daily mean wind speed at 2 m above the crop canopy (m/s); (RHmin,t) is the minimum relative humidity (%); (Kcb, t) is the final basal crop coefficient used for calculation on day (t); (LAIt) is the leaf area index on day (t); (Kcb) is the LAI-corrected basal crop coefficient; (Kc,min) is the minimum coefficient for bare soil (0.15); and (k) is the canopy radiation extinction coefficient, with a value of 0.7.
The crop water stress coefficient (Ks) can be expressed as a simple linear model following the procedure described in FAO-33, and this model is equivalent to the Ks calculation method used in FAO-56.

 	

	
where (θr,t) is the average volumetric soil water content in the root zone on day (t) ((m3m−3); (θth) is the threshold soil water content for stress (m3m−3); (θwp) is the soil water content at the permanent wilting point; (θfc) is the soil water content at field capacity; and (p) is the average fraction of total available soil water that can be depleted from the root zone before water stress occurs.
UAV-based ETc estimation method based on the FAO-56 dual crop coefficient approach
According to the FAO-56 dual crop coefficient approach, ETc is defined as follows:

 	
where ETc,t is the crop evapotranspiration on day t, mm; ET0,t is the reference evapotranspiration on day t, mm; Ks,t is the soil water stress coefficient, representing the effect of soil water stress on crop transpiration; Kcb,t is the basal crop coefficient representing the transpiration ratio under non-stressed conditions; and Ke,t is the soil evaporation coefficient.
Ks was evaluated in combination with three different Kcb methods, and CWSI was used to quantify Ks.

 	
where CWSIt is the crop water stress index on day t.
In this study, NDVI, SAVI, and EVI were used to estimate Kcb, and the linear function of the Kcb_VI method can be expressed as follows:

 	

where () is the basal crop coefficient estimated from the vegetation index on day (t); (VIt) is the vegetation index on day (t); and (aVI) and (bVI) are the regression coefficients.
Assuming that the soil water evaporation rate remains constant, the value of Ke is related to fc. Therefore, Ke can be derived as follows:

	
where ( C ) is an empirical coefficient related to the frequency of irrigation and rainfall, and (fc,t) is the fractional vegetation cover on day (t).
To analyze the potential effect of a specific Kcb method on the accuracy of Ks estimation, each CWSI was combined with each vegetation index (NDVI, SAVI, and EVI) used to estimate Kcb. ETc values obtained from all combinations of the Ks method and the three Kcb methods were compared with the ETc values calculated from the observed soil water balance equation. Model performance was quantified using the coefficient of determination (R2), root mean square error (RMSE), mean bias error (MBE), and relative root mean square error (RRMSE). A total of 200 samples were obtained in 2025. At the current stage of the manuscript, the samples were divided into a training set and a validation set at a ratio of 70% to 30%, with 140 samples used for model construction and the remaining 60 samples used for independent validation. For the estimation models of Ks, Kcb, and ETc, 70% of the total 2025 samples were used as the training set and the remaining samples were used as the validation set to evaluate the generalization performance of the models on samples not involved in model development.
Table S3. 
Effects of different treatments on rice yield, irrigation water use efficiency, partial factor productivity of nitrogen, and greenhouse gas emissions.
	Treament
	Yield(kg/ha)
	Irrigation(mm)
	IWUE（kg/m3）
	PFPN（kg/kg）
	GWP（kg/ha)
	TCQ

	W1N0
	7392.66d
	661.43g
	1.09e
	-
	9198.70j
	0.46

	W1N1
	8554.78cd
	687.43f
	1.33d
	79.90c
	11578.45g
	0.60

	W1N2
	8781.23cd
	692.43f
	1.32d
	56.42f
	12331.75f
	0.53

	W1N3
	8836.60cd
	714.43e
	1.34cd
	44.23g
	13469.54e
	0.44

	W2N0
	7412.70d
	692.87f
	1.08e
	-
	10260.52i
	0.41

	W2N1
	9746.06bc
	709.87e
	1.40b
	88.45b
	12260.89f
	0.65

	W2N2
	9823.62bc
	722.87de
	1.41b
	63.02e
	14215.23bc
	0.52

	W2N3
	9719.38bc
	722.87de
	1.41b
	48.98g
	14023.15cd
	0.48

	W3N0
	7754.95d
	731.42d
	1.02f
	-
	10845.05h
	0.35

	W3N1
	10586.12ab
	755.97c
	1.39bc
	95.90a
	13919.06d
	0.59

	W3N2
	11883.51a
	781.34b
	1.57a
	76.36c
	14460.23b
	0.57

	W3N3
	11436.82a
	779.98b
	1.59a
	77.41c
	14299.00bc
	0.57

	W4N0
	7723.85d
	793.32b
	0.94g
	-
	10996.74h
	0.29

	W4N1
	10581.01ab
	809.17a
	1.33d
	96.46a
	13985.12cd
	0.54

	W4N2
	10964.67ab
	817.96a
	1.37bc
	70.83d
	14458.17b
	0.49

	W4N3
	10879.55ab
	821.47a
	1.40b
	56.17f
	15247.68a
	0.43


Note: Values are the means of three replicates for each treatment. Different lowercase letters indicate significant differences among treatments according to Tukey’s HSD multiple comparison test (P < 0.05). W1, W2, W3, and W4 represent controlled irrigation treatments with lower limits of volumetric soil water content of 60%, 70%, 80%, and 90%, respectively. N0, N1, N2, and N3 represent nitrogen application rates of 0, 110, 155, and 200 kg/ha, respectively. Partial factor productivity of nitrogen is undefined under the N0 treatment; therefore, this index does not include the N0 treatment.
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