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A B S T R A C T   

Rice is unique, in that yields are maximized when it is grown under ponded (or flooded) conditions. This 
however has implications for water use (an important consideration in water-scarce environments) and green
house gas emissions. This work aimed to provide precise predictions of the date when irrigated rice fields were 
ponded, on a per-field basis. Models were developed using Sentinel-2 data (with the advantage of inclusion of 
water-sensitive shortwave infrared bands) and Planet Fusion data (which provides daily, temporally consistent, 
cross-calibrated, gap-free data). Models were trained with data from both commercial farms and research sites in 
New South Wales, Australia, and over four growing seasons (harvest in 2018–2021). Predictions were tested on 
the 2022 harvest season, which included a variety of sowing and water management strategies. A time-series 
method was developed to provide models with features including satellite observations from before and after 
the date being classified (as ponded or non-ponded). Logistic regression models using time-series features pro
duced mean absolute errors for ponding date prediction of 4.9 days using Sentinel-2 data, and 4.3 days using 
Planet Fusion data. The temporal frequency of the Planet Fusion data compensated for the lack of spectral bands 
relative to Sentinel-2.   

1. Introduction 

Globally, rice is one of the most important staple food crops, and 
around 75 % of production is from irrigated environments (Chauhan 
et al., 2017). Yields are optimized when rice is grown in ponded (floo
ded) conditions (Bouman et al., 2007). However, water scarcity is an 
increasing pressure on rice production, which has motivated research on 
optimizing the trade-off between yield and water use. Non-ponded 
growing systems include aerobic (Nie et al., 2012), and alternate wet
ting and drying (AWD) (Carrijo et al., 2017). Rice water management 
strategies also impact ecology and birdlife (Herring et al., 2021; Ran
ghetti and Boschetti, 2022) and greenhouse gas emissions (Linquist 
et al., 2015). These factors drive demand for systems that can determine 
rice water management across growing regions, and track changes in 
farmer practices over time (Ranghetti and Boschetti, 2022). 

Ponding for at least some of the growing season remains the domi
nant practice due to improved yields and other agronomic factors such 
as weed control (Bouman et al., 2007). Ponding, however, incurs a 
penalty on water use due to non-productive water loss from soil drainage 

and evaporation. Soil drainage may be ameliorated through using only 
fields with non-leaky soils and puddling (Humphreys et al., 2006). 
Evaporation can be reduced by minimizing the duration of ponding, 
particularly during the early growth stages when canopy coverage is not 
complete (and thus evaporative losses are higher). Some hybrid systems 
seek to minimize the ponding period, restricting it to critical growth 
phases Bouman and Tuong (2001). In Australia, the delayed permanent 
water (DPW) system involves drill sowing rice into dry soil, after which a 
number of flush irrigations are applied during early growth stages to 
meet crop water demand. Rice fields are flooded before the microspore 
growth stage, which is particularly important in temperate growing 
regions as the water provides a temprature buffer to reduce yield pen
alties due to cold-induced sterility (Dunn and Gaydon, 2011). Rice water 
management also affects phenology, with growth accelerating after 
ponding. Tools that predict rice growth stage are significantly more 
accurate when the underlying models factor in not only planting date, 
but also ponding date (Darbyshire et al., 2019). 

These factors motivate the development of industry-wide monitoring 
systems that can accurately determine per-field water application dates. 
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Such systems will facilitate assessment of the adoption of water-saving 
practice (such as delayed ponding) and will improve accuracy of 
growth stage prediction tools. Remote sensing provides data at the scale 
and frequency necessary for the development of such systems (Busetto 
et al., 2017; Nelson et al., 2014; Ranghetti and Boschetti, 2022). 

Synthetic aperture radar (SAR) data has shown promise for mapping 
rice area (Torbick et al., 2017) and phenology (Inoue et al., 2014). One 
of the key advantages of SAR data are its low sensitivity to cloud cover, 
making it particularly crucial for use in frequently cloudy regions such 
as the tropics. Some work (Thorp and Drajat, 2021) has fused SAR with 
optical data, which slightly improved classification of phenology over 
using optical data alone, which in turn provided better results than using 
SAR data alone. Guo et al. (2019) similarly combined SAR and optical 
data to map rice in Australia, particularly focusing on ameliorating the 
challenge of reduced water signature when ponding is only applied after 
significant canopy coverage has been achieved. However, Sentinel-1 
revisit over much of the rice growing area of New South Wales, 
Australia, is 12 days, which is not sufficient for accurately determining 
the precise date of ponding. 

Rice field monitoring products based on optical satellite data have 
also been developed (Boschetti et al., 2017; Ranghetti et al., 2018). 
MODIS data are daily, but at very limited resolution of 250-m (red and 
near-infrared only) or 500-m. Landsat has 30 m resolution, and an 
archive of more than 30 years, with 16 day revisit (or 8 days with two 
satellites). The recent Sentinel-2 satellites provide 10, 20 or 60 m res
olution (depending on band), and revisit from 3 to 7 days (Li and Roy, 
2017). These all provide the shortwave infrared (SWIR) bands, which 
are sensitive to water (Brinkhoff et al., 2022), important for rice because 
of the ponded environment (Boschetti et al., 2014). 

A recent development is near-daily imagery at 3 m resolution, such 
as from the Planet Dove cubesat constellation. This data source does 
have limitations, particularly the lack of SWIR bands, and challenges 
associated with cross-calibration between the many (> 150) sensors in 
orbit. Planet Fusion (Planet Fusion Team, 2021) constitutes a compre
hensive harmonization and fusion methodology based on the cubesat 
enabled spatio-temporal enhancement method (CESTEM) (Houborg and 
McCabe, 2018a), which effectively resolves cross-calibration and sensor 
interoperability issues by calibrating the cubesat sensors against a deep 
stack of Sentinel-2 and Landsat 8 surface reflectance imagery, whilst 
simultaneously filling gaps due to cloud and missing observations, thus 
providing a daily calibrated dataset. 

Much previous work has been devoted to rice field mapping (Torbick 
et al., 2017; Guo et al., 2019; Niel and McVicar, 2003; Stroppiana et al., 
2019). These exploit the distinctive water features of rice crops to 
distinguish them from other crops. Whilst some of these provide coarse 
estimates of ponding or start-of-season (Xiao et al., 2022), few studies 
have attempted to determine the precise dates that ponded water was 
applied, which requires field-level observations across regions and years 
to train models. Accurate ponding date predictions are needed for 
phenology prediction tools (Darbyshire et al., 2019), water use assess
ments (Qiu et al., 2021) and water management practice monitoring 
through time. 

We aim to develop a methodology to detect the date of ponding of 
rice fields across an entire growing region, where a diverse range of 
water management practices are adopted (aerial and dry broadcast 
sowing with early ponding, drill sowing with flush irrigations and 
various delays before ponding). We compare predictions using Sentinel- 
2 (S2) imagery (with its advantage of measuring reflectance in the SWIR 
wavelengths), to Planet Fusion (PF) imagery (with its advantages of high 
spatio-temporal consistency and daily image frequency). We compare 
simple reflectance threshold based models with machine learning 
models, and assess the error of ponding date prediction for each method. 
The developed methods will provide improved data to the rice industry, 
facilitating improved phenological predictions, and assessing the growth 
in adoption of water-saving practices. 

2. Methods 

2.1. Location and study sites 

This study was based in the irrigated rice growing regions of New 
South Wales, Australia (Fig. 1, showing irrigation areas obtained from 
Australian Bureau of Agriculture and Resource Economics and Sciences, 
2022). The climate is temperate, allowing production of one crop per 
year. Crops are sown in late spring (typically October), flowering occurs 
in mid-summer (January), and harvest is in Autumn (April or May). 
There are a variety of sowing and water management practices adopted 
in the area (Ward et al., 2021), which are illustrated in Fig. 2. Tradi
tional methods include dry broadcast (DB, where fields are ponded soon 
after seed distribution) and aerial sowing (ponding immediately before 
spreading pre-germinated seed into the water). Recently, drill sowing 
has been widely adopted because of its water saving benefits. Seed is 
drilled into dry soil, then a number of intermittent irrigations are 
applied before ponding at around the three-leaf vegetative growth stage 
(Dunn and Gaydon, 2011), typically late November. Delayed permanent 
water (DPW) (Dunn and Gaydon, 2011) further delays ponding until late 
December, just before the panicle initiation growth phase. Water man
agement strategies that eliminate a period of continuous ponding alto
gether, such as alternate wetting and drying (Carrijo et al., 2017), are 
not standard practice in the study area (Dunn et al., 2014). Fields are 
drained around physiological maturity, late-March or early-April, and 
dried for harvest (Ward et al., 2021). 

The study locations included 182 fields, and five harvest years 
2018–2022 (Fig. 3). Note that throughout this paper, “year” refers to the 
year of harvest rather than the planting year (planting in Australia oc
curs the year before harvest, i.e. planting in October, harvest in April). 
We define day of season (DOS) as the days since 1-July of the year prior 
to harvest (corresponding approximately to day of year in the northern 
hemisphere). The fields were distributed across a commercial site used 
for research and seed production, two field research stations and 
numerous commercial farms (Fig. 1). For each field, the ponding date 
was recorded. 

2019 and 2020 were drought years (Australian Government Bureau 
of Meteorology, 2019), resulting in much less rice grown overall 
(Australian Bureau of Statistics, 2020), and so less field observations 
were available in those years (Fig. 3). The study period thus includes dry 
and wet seasons, reflective of the variability in water availability typical 
of the system. 

We used 2018–2021 data for training, then tested models on the 
2022 data. Unfortunately, there were no DB/aerial sown crops within 
the smaller Planet Fusion tiles used in 2018–2021 (Fig. 1), explaining 
the lack of early ponding data points for those years (Fig. 3), different to 
the 2022 test dataset where a variety of sowing methods are used within 
the larger tiles. This presents a difficulty because, as shown in Fig. 2, drill 
sown crops have significant biomass by the time ponding is applied, in 
contrast to DB/aerial where the water signature is dominant at ponding. 
Therefore, it would be unreasonable to expect models trained on only 
drill-sown crops to be able to predict ponding dates of fields using other 
sowing methods. To solve this issue, we synthesized training data to 
mimic DB/aerial sowing, by including samples of an on-farm dam in the 
2018–2021 dataset. The dam was within the study area (34∘36′32"S 
146∘21′34"E), and had low NDVI and SWIR throughout the study period, 
similar to recently ponded aerial/DB crops. We labelled the dam samples 
as constantly ponded. The dam data points were duplicated to equalize 
the number of (synthetic) DB/aerial versus drill sown sites in the 
training data set. We note this method has limitations, as water applied 
to rice fields will have a range of spectral signatures depending on dis
solved and particulate matter, water depth and substrate type (Fisher 
et al., 2016). 
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2.2. Remote sensing data 

The remote sensing imagery was processed in the Google Earth En
gine (GEE) platform (Gorelick et al., 2017). The study used two image 
sources, Sentinel-2 (S2) and Planet Fusion (PF), with characteristics 
shown in Table 1. 

Four vegetation indices (VIs) were computed from the reflectances: .  

• Normalized Difference Vegetation Index, NDVI = ND(NIR,R)  
• Green Normalized Difference Index, GNDVI = ND(NIR,G)  
• Green Red Vegetation Index, GRVI = ND(G,R) 

Fig. 1. Map of study fields and irrigation areas. The location of the Planet Fusion (PF) tiles are indicated (2 small tiles for 2018–2021 seasons in solid lines, 4 large 
tiles for 2022 in dashed lines). The background displays the average number of days between cloud-masked Sentinel-2 (S2) observations in 2022 (between 12 
October and 15 January, or day of season (DOS) between 103 and 198, the range of ponding dates in the dataset). 

Fig. 2. Schematic of surface cover for individual paddocks, illustrating the 
main rice sowing methods used in the study area. The sowing date in both cases 
is 25-Oct. The ponded class is shown at the top of the diagrams, where 0 in
dicates dates before continuous ponding, and 1 after ponding. The date where 
the ponded class flips from 0 to 1 is the ponding date (25-Oct for dry broadcast 
or aerial sowing and 15-Dec for drill sowing). 

Fig. 3. Number of fields studied (n) per harvest year, totaling 182. The y-axis 
indicates the ponding day of season (DOS). 
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• Land Surface Water Index, LSWI = ND(NIR,SWIR1) (also known as 
NDWI)ND is the normalized difference operator: 

ND(b1, b2) =
b1 − b2
b1 + b2

(1)  

These include all ND combinations of the G, R, and NIR bands. LSWI is 
frequently used in rice remote sensing because of its sensitivity to both 
open water and vegetation water content, but could only be derived 
from the S2 data because it requires a SWIR band Gao (1996)). 

Models were developed using five combinations of reflectance bands 
and VIs, to assess which gave the best performance: .  

• 4R = [B,G,R,NIR]  
• 6R = [B,G,R,NIR,SWIR1,SWIR2] *  
• 10R = [B,G,R,RE1,RE2,RE3,NIR,NIR2,SWIR1,SWIR2] *  
• 3VI = [GRVI,GNDVI,NDVI]  
• 4VI = [GRVI,GNDVI,NDVI,LSWI] * 

Those marked * were specific to Sentinel-2 data due to reliance on SWIR 
and RE bands. 

2.2.1. Sentinel-2 
Sentinel-2 (S2) data are available in GEE, including both the top-of- 

atmosphere (L1C) and surface reflectance (L2A) collections. However 
the L2A collection in GEE does not extend back to 2017 (the year of 
planting for the 2018 harvest), so we used the L1C collection. Other 
work has used L1C data for the same reason, obtaining good results (Ni 
et al., 2021; Wolters et al., 2021). 

Two levels of cloud amelioration were used. Firstly, tiles were 
filtered by the “cloudy pixel percentage” (CPP) metadata field. Secondly, 
at the pixel level, clouds are masked using the s2cloudless layer with a 
threshold of 40 % (Skakun et al., 2022), which is available in GEE. Cloud 
and shadow masking remains a challenging task, particularly for 
Sentinel-2, where the lack of thermal band can cause confusion over 
bright targets (Skakun et al., 2022), and shadows can be mistaken for 
water. We defined an “unmasked” parameter: .  

• 0 when the cloud masking is ignored,  
• 1 when > 99 % of pixels within each field for each image was 

unmasked,  
• 2 when > 99 % of pixels within a radius of 500 m were unmasked,  
• 3 when > 99 % of pixels within a radius of 2000 m were unmasked. 

Settings 2 and 3 help reduce the impact of cloud shadows and cloud that 
wasn’t successfully masked. There is a trade-off between image quality 
(better for more stringent filtering) and the number of images available 
for training and predicting (higher for less filtering). We tested predic
tion accuracy versus CPP, and with unmasked settings of [0,1,2,3]. After 
these two levels of cloud filtering, the number of days between images 

over each field varies, depending on seasonal cloud conditions and S2 
tile overlaps (Fig. 1). For example, with CPP < 90, and unmasked= 2, 
the median days between images per field ranged between 3.7 and 11.7 
days (median 8.8 days). 

2.2.2. Planet Fusion 
Planet Fusion (PF) data over 2 small tiles for 2018–2021 sites, and 4 

larger tiles for 2022 sites (Fig. 1) were provided by Planet Labs. PF 
constitutes a comprehensive radiometric and geometric harmonization 
and fusion methodology based on the CESTEM algorithm (Houborg and 
McCabe, 2018a,b). PF performs multi-sensor inter-calibration and data 
fusion leveraging rigorously calibrated and freely available datasets 
from Sentinel-2, Landsat 8, Moderate Resolution Imaging Spectroradi
ometer (MODIS), and Visible Infrared Imaging Radiometer Suite (VIIRS) 
in concert with the higher spatial and temporal resolution CubeSat im
ages from the PlanetScope Constellations. PF uses the Framework for 
Operational Radiometric Correction for Environmental Monitoring 
(Frantz, 2019) to generate a 30 m harmonized Sentinel-2 and Landsat 8 
BRDF adjusted surface reflectance (SR) product to be used as the cali
bration target during the CESTEM-based radiometric harmonization 
step. Additional PF features include 1) sub-pixel geometric alignment of 
source imagery, 2) rigorous, temporally driven, cloud and cloud shadow 
detection, 3) fusion of Sentinel-2 and Landsat 8 data to help fill gaps in 
PlanetScope coverage, and 4) advanced gap-filling (Planet Fusion Team, 
2021). PF delivers daily, gap-filled, 4-band (0.45–0.51, 0.53–0.59, 
0.64–0.67, 0.85–0.88 μm) sensor agnostic SR data characterized by 
enhanced radiometric stability and consistency across space and time 
domains. 

The data included daily imagery from 1 September 2017 to 31 May 
2022. Data were ingested and processed in GEE. Because of the afore
mentioned Planet Fusion characteristics, no pre-processing apart from 
computation of vegetation indices (GNDVI, NDVI and GRVI) was 
necessary. 

2.3. Data engineering and classification 

The spatial mean per field × image-date, of all reflectance bands and 
vegetation indices was computed for the S2 and PF image collections. 
This resulted in a time-series table with all combinations of image date 
and field as rows, and reflectance and VI statistics as columns. 

The aim is to predict the date of ponding, for which there are 
numerous possibilities of organizing data to train and assess models. We 
chose a method that classifies each image date of each field as either pre- 
ponding (Ponded=0) or post-ponding (Ponded = 1). This is then a bi
nary classification problem, with a long dataset (rows = number of fields 
× images per field). A small period of the data for one field from the 
2019 harvest year is shown in Table 2a. 

If only one date of image data is available for classifying each row, 
ponding could be confused with the presence of intermittent water, such 
as from pre-ponding irrigation or rainfall, as found by Xiao et al. (2022). 
Therefore, we adopted a time-series approach that transforms the table, 
so that each row allows the model to see a specified number of previous 
(pre) and future (post) images (Table 2b). The total number of features 
available to a classifier is (pre+post+1) × nf, where nf is the number of 
base features before transformation (e.g. nf=4 when [B,G,R,NIR] are 
used). A range of pre and post values were trialed for the S2 and PF 
models. The model was applied to predicting the ponded class across the 
time series for all fields in the test data tables. Finally, the predicted 
ponding date for each field was extracted. Since PF provided daily data, 
the ponding date was the first date where the ponded class flips from 0 to 
1. For S2, there are time gaps between images, leading to uncertainty in 
the precise date when the change occurred. We took the ponding date to 
be the mid-point between the first date where the ponded class became 
1, and the date of the previous image (which had ponded class 0). 

Once these data engineering steps were performed, the data was 
filtered to contain only DOS from 80 to 220 (a buffer of 22 days before 

Table 1 
Sentinel-2 and Planet Fusion image characteristics. Revisit is the median across 
all study fields (after applying cloud masking for S2, see Section 2.2.1).   

S2 PF 
Band Name Center wavelength [μm] (Resolution [m]) 

B 490 (10) 480 (3) 
G 560 (10) 560 (3) 
R 665 (10) 655 (3) 
RE1 705 (20)  
RE2 740 (20)  
RE3 780 (20)  
NIR 835 (10) 865 (3) 
NIR2 865 (20)  
SWIR1 1610 (20)  
SWIR2 2200 (20)  
Revisit 8.8 days 1 day  
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and after the range of ponding dates in the dataset). 

2.4. Model training and assessment 

To ensure robust validation of models at predicting new years with 
no field observations, training and test data was separated by year. Test 
data was from the 2022 harvest year (planted in 2021), and training data 
from the previous four harvest years 2018–2021 (planted in 
2017–2020). 

We first assessed a simple threshold-based model using S2 data. The 
SWIR reflectances drop immediately after ponding and stays low after 
vegetation emerges, which has also been exploited in characterization of 
wetland inundation (Brinkhoff et al., 2022). The SWIR threshold was 
selected by varying it from 0.05 to 0.25 in steps of 0.005, finding the 
most recent date when the reflectance dropped below the threshold, 
then setting the ponding date prediction as the mid-point between that 
date and the previous image date. For each threshold, the prediction 
RMSE of ponding date over all data was calculated, with the optimal 
threshold selected by that which gave low RMSE. This procedure was 
performed separately on each of the training years 2018–2021, allowing 
assessment of the consistency of the threshold over years. The chosen 
threshold was then used to test predictions on 2022 data. 

Then, machine learning (ML) models were trained using the logistic 
classifier in scikit-learn (Pedregosa et al., 2011). The ridge, support 
vector machine (SVM) and random forest (RF) classifiers were also 
assessed, but no advantage was found over the logistic classifier, and the 
latter trained significantly faster. The tuning hyperparameters of the 
classifiers were optimized using leave-one-year-out cross-validation 
(LOYO-CV Brinkhoff et al., 2019), to help ensure model predictions can 
be generalized to new years. In the case of the logistic classifier, the 

tuning hyperparameter was C, and the optimal value was selected using 
GridSearchCV in scikit-learn from a range of 0.001–10000. 

Optimal data engineering settings (cloud filtering, pre and post im
ages, feature set) were chosen by assessing the cross-validation balanced 
accuracy on the training data. The chosen settings were then applied to 
train a model on all training data (harvest years 2018–2021). The model 
was then tested on the data from the 2022 harvest year. 

Test accuracy was assessed by comparing actual and predicted date 
of ponding. We computed the error as the difference between actual and 
predicted DOS of ponding. These errors were summarized using the root 
mean squared error (RMSE) and mean absolute error (MAE). RMSE 
accentuates large errors so is more sensitive to outliers, while MAE 
represents the average prediction performance. We also calculated Lin’s 
Correlation Concordance (LCCC), which has a similar interpretation to 
the coefficient of determination (R2), but is more useful for model pre
diction assessment, as it indicates how close to the 1:1 line the predicted 
vs actual values are, rather than simply how correlated they are (Lin, 
1989). 

3. Results 

3.1. Time series characteristics 

Examining the time-series evolution of reflectances and VIs provides 
intuition of how ponding can be detected (Fig 4). A dry broadcast or 
aerial-sown field has no vegetation when ponding starts, so NDVI be
comes low or even negative (see negative NDVI at DOS = 118 in Fig. 4a, 
because NIR < R post ponding in Fig. 4b). In contrast, in drill sown fields 
(Fig. 4c), the rice plants have emerged by the time ponding occurs, so the 
remote sensor sees a mix of vegetation and water, thus NDVI is higher. 

Table 2 
(a) Example slice of one field’s S2 data table, showing only the SWIR2 column. (b) Transformed data table ready for machine learning to predict the ponding class, 
using the SWIR2 predictor, with pre= 2 and post= 1 (for example, in (b), “− 1′′ indicates data from the previous image and “+1′′ indicates data from the subsequent 
image).  
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However, in both cases, the SWIR reflectances drop significantly 
following ponding, and remain low through vegetation growth. In 
contrast, NIR drops after ponding, but very quickly increases as the 
plants grow. The SWIR reflectances are thus a strong indicator of the 

presence of water (Brinkhoff et al., 2022). 

Fig. 4. Time series and reflectance plot of S2 (top-of-atmosphere L1C) and PF (surface reflectance) data for an (a–b) aerial sown, and (c–d) drill sown crop. The 
vertical blue line indicates the date of ponding. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.) 

Fig. 5. (a) Optimal threshold for SWIR2 band per year. (b) Predicted vs actual ponding dates in 2022 using a threshold of SWIR2 = 0.11.  
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3.2. Threshold-based model 

The threshold-based model searches for the latest date when the 
SWIR bands fall below a threshold, which is then used to determine the 
predicted ponding date. Best results were obtained with cloud filtering 
parameters CPP = 10 % and unmasked= 2. SWIR1 results were less 
consistent between years and had higher RMSEs compared with SWIR2. 
The SWIR2 optimal threshold was near 0.11 in all years (Fig. 5a). 

Applying this model to 2022 test data resulted in an MAE of 6.3 days 
for ponding date prediction (Fig. 5b). 80 % of the predictions had errors 
less than 8 days. The biggest error (point with predicted ponding 
DOS=197 in Fig. 5b) was due to an anomalous spike in the SWIR2 
reflectance over that field from an image acquired on DOS = 195 
(2022–01–12), which was caused by cloud that was undetected by the 
cloud mask. 

3.3. ML models 

3.3.1. Sentinel-2 
For the S2 ML models, an exhaustive search of five parameters was 

performed (900 combinations): (i) pre = [0,2,4], (ii) post = [0,2,4], (iii) 
cloud CPP= [10,30,50,70,90], (iv) unmasked= [0,1,2,3] and (v) 5 
combinations of reflectances or VIs. We compared cross-validated (CV) 
leave-one-year-out balanced accuracy of classifying the ponding class 
among the combinations (training data only). We first examined the 
interaction between the cloud parameters CPP and unmasked (Fig. 6a). 
The best combination was CPP= 90 % (very little tile-based filtering), 
and unmasked= 2 (only retaining data with more than 99 % unmasked 

pixels within a radius of 500 m of the respective field image). 
Then we held the cloud settings fixed at the above values, and 

examined the CV accuracy against pre and post images, and the feature 
sets (Fig. 6b–c). The SWIR bands are very important, as the worst results 
were obtained with feature sets that don’t contain information from 
those bands (3VI and 4R). The highest accuracies were obtained using 
all reflectances (10R), which were slightly better than accuracies ob
tained using the vegetation indices including LSWI (4VI) and limited 
reflectance bands (6R). Results generally improved with the number of 
post images, and were less sensitive to the number of pre images. Our 
final parameter choice was CPP= 90, unmasked= 2, features= 10R, 
pre= 4 and post= 4, which gave a CV balanced accuracy score of 0.981. 
The total number of features for this model is (4 +4 +1) × 10 = 90, and 
there were 2066 rows for model training (not including duplicated dam 
samples). 

These parameter settings were then used to train a model on all the 
2018–2021 data, and ponding date predictions were tested by applying 
the model to the 2022 test data. The MAE was 4.9 days, with 80 % of the 
prediction errors less than 6.9 days (Fig. 7). Inspection of the time-series 
S2 data from the fields with the largest errors showed these had large 
gaps in the observations near the ponding date, due to cloud. 

We tested predictions using S2 L2A surface reflectance data (instead 
of L1C top of atmosphere data). As noted in the Methods, there is less 
data available for this image collection. The prediction MAE degraded to 
5.6 days (vs 4.9 days). 

We had additional ponding data for fields that were outside the PF 
tiles (Fig. 1). These included DB/aerial sown fields in the training years 
(so the duplicated dam samples were not needed). This provided an 

Fig. 6. S2 classifier optimum parameter search, showing the leave-one-year-out cross-validation balanced accuracy on the training data.  
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additional 9 training fields (2018–2021). The MAE reduced to 3.8 days 
(vs 4.9 days) with this additional data. 

3.3.2. Planet Fusion 
A similar parameter search was performed for models based on the 

PF data. The range in the 3 parameters were: (i) pre = [0,2,4,8,16], (ii) 
post = [0,2,4,8,16], and (iii) 4 reflectances vs 3 VIs. Based on cross- 
validated balanced accuracy on the training data, the best results were 
obtained with the 3VI feature set, which was significantly better than 
using the four reflectances (Fig. 8). The number of pre images had little 
impact, so we chose a value of 0. The results were best with 4 post im
ages, with balanced accuracy of 0.972. The total number of features for 
this combination is (4 +1) × 3 = 15, and there were 17,220 rows for 
model training (not including duplicated dam samples). 

The chosen parameters were used to train the final model, which was 
then tested using the 2022 data. For ponding date prediction, the overall 
MAE was 4.3 days (Fig. 9), and 80 % of the prediction errors (n = 59) 
were five days or less. The five worst predictions (errors from 8 to 25 
days) were all DB/aerial-sown fields. 

3.4. Analysis of industry-wide water application dates 

We obtained a shapefile of the approximately 60,000 ha of rice fields 

planted in 2021, (harvested in 2022). The data included the sowing 
method (drill or aerial/DB) recorded by each farmer. The S2 time series 
was extracted for each field, and the optimal S2 ML model was used to 
predict the ponding date for each field. The results show the large 
variation in ponding dates across the industry (Fig. 10a). The DB/aerial 
fields generally have early ponding dates, whereas the drill fields have 
later ponding dates as expected. The distribution of ponding dates across 
the growing region shows the spread of grower water management 
practice (Fig 10b). Southern fields (close to half of the 2022 fields at 
latitude < − 35o) had earlier ponding dates (mean DOS=138) compared 
to northern fields (mean DOS=143). This corresponds to more fields 
being aerial/DB sown in the south than the north. 

4. Discussion 

We developed methods to predict rice ponding date, which are ac
curate for the variety of sowing methods and water management stra
tegies adopted in Australia. Two image sources were assessed. Usable 
Sentinel-2 data had variable revisit due to cloud and tile overlap, with 
some fields having large time gaps leading to uncertainty in precise 
ponding date predictions. However, S2 had the advantage of measuring 
reflectance in the water-sensitive SWIR range. On the other hand, the 
Planet Fusion data had the advantage of daily revisit, providing much 

Fig. 7. Predicted vs actual ponding dates for the S2 ML model applied to the 
2022 test data. 

Fig. 8. Optimum PF classifier settings search, showing the leave-one-year-out cross-validation balanced accuracy on the training data.  

Fig. 9. Predicted vs actual ponding dates for PF ML model applied to the 2022 
test data. 

J. Brinkhoff et al.                                                                                                                                                                                                                               



Agricultural Water Management 273 (2022) 107907

9

more training data points and no temporal gaps. A summary of results 
for the held-out test year of 2022 (Table 3) indicate average ponding 
prediction date errors less than 5 days are possible. 

SWIR reflectance is a robust indicator of the presence of water, even 
when partially obscured by rice plants. Many previous rice studies have 
used SWIR-based indices such as LSWI to detect rice fields (Boschetti 
et al., 2014). For detecting water, indices involving SWIR reflectances 
are relatively insensitive to vegetation cover (Ji et al., 2009). However, 
as noted in studies of the inundation of wetlands with emergent vege
tation (Wolski et al., 2017; Brinkhoff et al., 2022), using SWIR re
flectances without resorting to derived indices can provide more 
accurate inundation predictions. Our simple threshold model indicates a 
S2-L1C SWIR2 threshold of 0.11 was optimal over years to identify rice 
field ponding. This method provided an easily interpretable model that 
could be implemented simply in geographic information systems. 
However, the ponding date predictions using this method were not as 
accurate as those produced by more complex ML methods, which could 
utilize a wider range of temporal and spectral features derived from the 
imagery. 

A source of error for S2 models is cloud. In contrast to other works 
that apply fixed tile filtering thresholds and cloud masking (Ni et al., 
2021), we included cloud filter parameters as part of the model opti
mization. We applied a pixel-based cloud mask, and tested accuracy 
when data was discarded that was partially masked over each field, 
and/or within the neighborhood (500 m and 2000 m radius) of each 
field. We also filtered the data by the S2 tile “cloudy pixel percentage” 
(CPP) metadata. There were variable gaps between consecutive images 
over the fields, with some fields having images at least every 4 days over 
a season, and others with gaps as large as 12 days. As ponding is a 

sudden event, temporal gaps reduce precision. Additionally, there was a 
tradeoff in the optimal setting for the cloud filtering. More stringent 
filtering retains only high quality images, but also provided less data for 
training models. On the other hand, more relaxed cloud filtering pro
vided more data, but reduced overall image quality, including due to 
cloud shadows and clouds not detected by the masking algorithm. We 
found that using the pixel-based cloud masking, removing any data with 
masked pixels within 500 m of the respective field produced the most 
accurate predictive models. 

We found that S2 L1C top of atmosphere data provided higher ac
curacy predictions than L2A surface reflectance data, which has been 
observed in other studies (Wolters et al., 2021). This may be at least 
partly be due to the incomplete L2A collection in GEE, making less data 
available for model training (Ni et al., 2021). We also found that using 
the raw reflectances, and particularly the SWIR bands, provided better 
accuracy than using derived vegetation indices. 

The Planet Fusion dataset provides daily analysis-ready data, cali
brated to Sentinel-2 surface reflectances. While it does not include SWIR 
bands, we found that ponding date prediction was more accurate using 
PF compared with S2 (MAE 4.3 vs 4.9 days). Our results show that for 
applications requiring detection of the precise timing of agronomic pa
rameters, daily calibrated datasets such as PF are invaluable, with the 
high temporal frequency overcoming some of the limitations due to 
having less reflectance bands. This high frequency aspect has been 
similarly exploited in sowing date detection (Sadeh et al., 2019) and 
phenology prediction (Myers et al., 2019; Nieto et al., 2022). 

As our method uses optical data, it is applicable to regions with 
limited cloud, which may not be the case in tropical regions. However, 
the data engineering and machine learning techniques proposed here 
could be applied SAR data to achieve similar outcomes. SAR data has 
been used in other studies to overcome the challenges related to cloud 
(Torbick et al., 2017; Stroppiana et al., 2019). Guo et al. (2019) fused 
Sentinel-1 SAR with Sentinel-2 multispectral data to map rice fields in 
one growing region in Australia, finding that this fusion increased 
classification accuracy significantly, particularly considering the range 
of delays between sowing and ponding. However, in our study area, the 
revisit of Sentinel-1 is 12 days, which is not sufficient for our particular 
application: predicting the actual date of ponding. 

One limitation of our training data was that no dry-broadcast or 
aerial sown fields were available in the PF tiles. These have very 
different spectral signatures at ponding than drill sown fields. As un
balanced training data can lead to mis-classification of minority groups 
(Waldner et al., 2019), we synthesized training data approximating 
characteristics of the DB/aerial sowing methods at ponding by sampling 
reflectances of a permanent water body. We had additional DB/aerial 
data for training years outside the PF tiles. When we trained an S2 model 
using these, the MAE improved by 1.1 days, to 3.8 days. Therefore, with 
addition of increased training data from other sowing methods, we 
expect greater accuracies could be obtained with the PF models as well. 
Adopting additional data balancing methods, such as those described by 
Waldner et al. (2019) may further improve accuracy. 

We used regularized logistic regression to classify each image date 
into pre-ponding or ponded. In the case of S2, using all 10 reflectance 
bands gave the best results. Generally, better results were obtained when 
more features were provided to the classifier. The SWIR features were 
particularly important, with the red-edge bands also providing some 
benefit. Reflectances were as good or better than vegetation indices for 
the S2 classifiers. For PF, less features are available, and the combination 
of three vegetation indices produced better results than four re
flectances. We adopted a data transformation technique, allowing the 
classifier to use information from images before and after the date being 
classified. Access to data after the classification date was particularly 
valuable, probably avoiding the possibility of intermittent irrigations or 
rainfall being classified as ponding (as subsequent images would indi
cate that the surface dries again, which is not the case for ponding). 

Providing industry-wide estimation of per-field ponding dates will 

Fig. 10. Predicted ponding dates using the S2 ML model for approximately 
60,000 ha of rice fields from the 2022 harvest season. 

Table 3 
Summary of ponding date prediction errors for the 2022 test data (n = 59 fields).   

S2 Threshold S2 ML PF ML 

MAE (days)  6.3  4.9  4.3 
RMSE (days)  9.5  6.6  5.8 
LCCC  0.90  0.94  0.96  
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have many benefits for productivity and sustainability. Growers rely on 
accurate phenology dates, to guide decisions such as timing of fertilizer 
and water application (Dunn and Gaydon, 2011). This work will benefit 
models that predict growth stages of rice, such as panicle initiation, 
which are more accurate when the date of ponding is included as an 
input (Darbyshire et al., 2019). Industry-wide estimation of ponding 
dates will facilitate assessment of the adoption of water saving tech
niques, such as delayed permanent water (Dunn et al., 2014), and 
assessment of greenhouse gas emissions and impact on wildlife (Ran
ghetti and Boschetti, 2022). Combining ponding date predictions with 
yield data will enable provision of recommendations to growers to 
optimize the tradeoff between rice water use and productivity, decisions 
which are becoming increasingly important with increased demand for 
food production coupled with growing water insecurity. 

5. Conclusion 

Information on rice water application is important both for growers 
(to predict phenological stage, to manage inputs and assess impact of 
water saving irrigation techniques on productivity), and for industry and 
government (to track water use and greenhouse gas emissions). This 
work has demonstrated development of machine learning models, 
which use a time-series of optical imagery as predictors, to estimate the 
date of continuous ponding of rice fields across the main rice growing 
region of Australia. Including features from images acquired after the 
date being classified as ponded or non-ponded was particularly impor
tant. We compared models built using two imagery datasets. Models 
based on Sentinel-2 data were optimized when shortwave infrared bands 
were included. Planet Fusion does not include shortwave infrared bands, 
however, the daily frequency of this imagery resulted in more accurate 
ponding date predictions than the Sentinel-2 models. In both cases, the 
mean absolute error of ponding date predictions were less than 5 days. 
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