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A B S T R A C T   

In the Eastern Gangetic Plain (EGP) soil hydrology is a major determinant of land use and also governs the 
ecosystem services derived from cropping systems, particularly greenhouse gas (GHG) emissions from rice fields. 
To characterize patterns of soil hydrology in these, daily field monitoring of water levels was conducted during 
the monsoon (kharif) season in a comparatively wet (2021) and dry (2022) year with flooding depth and 
drainage tracked with field water tubes across 47 (2021) and 183 (2022) locations. Fields were clustered into 
hydrologic response types (HRT) which can then be used for land surface modelling, land use recommendations, 
and to target agronomic interventions that contribute to sustainable development outcomes. Clusters based on 
two methods of summarizing a single information source were compared. The information source was a time- 
series of field water-level observations, and the two methods were (1) the original time-series and their first 
differences and (2) a set of derived hydrologic descriptors that are conceptually related to greenhouse gas (GHG) 
emissions. Clustering was (1) by k-means with an optimization of cluster numbers and (2) by hierarchical 
clustering with the same number of clusters as identified by k-means. Hydrologic behaviour shifted dramatically 
between growing seasons, and it was not possible to identify consistent HRT's across years. The clusters had only 
a weak relation with soil properties, almost no relation with farmer perception of relative landscape position, and 
no relation with rice establishment method. Clusters based on time-series were moderately well predicted in the 
dry year 2022 by optimized random forest models, with the most important predictors being the number of 
irrigations, seasonal precipitation, pre-monsoon groundwater levels, seasonal groundwater level change, and pH, 
this latter as a surrogate for landscape position and other soil properties. In the wet year 2021 clusters were 
(poorly) predicted by just seasonal precipitation and pre-monsoon groundwater levels. This shows the complex 
relation of soil hydrology with landscape position and land management, as well as synoptic climate. By contrast, 
clusters based on the descriptors were not well-matched with those from the time-series, and could not be well 
predicted by random forest models. This shows that different clustering criteria may result in different in-
terpretations of the landscape hydrology and thus different heuristics for anticipating the hydrology of a given 
field under different management choices.   

In the Indo-Gangetic plain (IGP) soil hydrology is a major determi-
nant of the spatial distribution of land use systems. These are mainly 
rice-based systems: dominantly rice-wheat with rice-pulse and rice- 
maize annual rotations also practised in the monsoon (kharif) and dry 
winter seasons (rabi), respectively. In the lower Ganges Plain, double 
rice crops are also common (Timsina and Connor, 2001). Rice is espe-
cially adapted to saturated soil conditions and periodic shallow flooding 

that other crops without physiological traits like aerenchyma cannot 
survive (Miro and Ismail, 2013). As such, soil hydrology during the 
monsoon season governs the distribution and production risks faced by 
rice and non-rice crops (Urfels et al., 2021; McDonald et al., 2006). The 
source of soil water (rain, floods, lateral flow, through flow), inter- 
annual variation, seasonal pattern, and within-season time series of 
water levels in and above the soil greatly influence crop management (e. 
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g. timing of crop establishment) as well as yield outcomes (McDonald 
et al., 2022) Soil hydrology is also a major determinant of greenhouse 
gas (GHG) emissions from these systems (Kraus et al., 2015). Many 
global assessments of GHG emissions in rice assume that systems are 
flooded for the duration of the cropping season, and that major re-
ductions in GHG emissions are achievable if water management is 
changed to favor periodic or occasional drainage (Bo et al., 2022). Ac-
curate modelling of soil water dynamics is crucial to simulate GHG- 
drivers parameters such as pH, redox potential (Eh), and substrate 
concentrations (Yin et al., 2020). 

The landscape of the IGP has clear differences in soil hydrology due 
to local landscape position and the relation to fluvial systems (Sinha 

et al., 2005) and groundwater resources (Bonsor et al., 2017). This is 
recognized by the local perception of landscape position as “upland”, 
“medium land”, “lowland”, although these terms have no precise defi-
nition and vary across sub-regions. Soil profile characteristics (e.g., 
hydraulic conductivity, porosity, bulk density, layering) also affect soil 
hydrology, irrespective of landscape position. Some of these effects can 
be seasonal or transient in nature. For example, temporal differences in 
hydraulic conductivity may control early-season patterns of soil mois-
ture variation but have no influence on the field water balance later in 
the season, when landscape and shallow groundwater factors exert more 
influence. Management practices including irrigation, puddling and 
compaction also have impacts on dynamic soil properties that can vary 
within a season, notably water balance and hydraulic conductivity 
varying with degree of saturation (McDonald et al., 2006). The totality 
of the time series of soil hydrology is termed the soil hydrological 
response. This is expressed both within and between seasons. Clusters of 
sites with similar soil hydrology are termed hydrological response types 
(HRT). 

The hydrology of the Bihar portion of the eastern IGP is complex. The 
Ganges River flows across the centre of the State, and has several major 
tributaries coming from the Himalayan foothills to the north and Jhar-
kand State to the south (Jain and Sinha, 2003). These have formed 
terraces and abandoned channels, and are further drained by smaller 
streams and canals. These factors contribute to the observed spatial 
variability of the time-series of soil-water relations. 

The objective of this work is to identify and characterize soil hy-
drological response types (HRT) for the cropland of the IGP in Bihar 
state, where rice is the kharif component. This landscape segmentation is 
intended for use in models where soil hydrology dynamics are impor-
tant, e.g., GHG emission models. Once identified, the HRT could be used 
to select representative sites for modelling, allowing extrapolation of 
results to other sites with the same HRT. The HRT can also be used for 
suitability evaluation for alternative rice-based systems, including new 
technologies (e.g., direct-seeded rice, adjusted planting dates, variety 
maturity class) or management strategies, including opportunities for 
irrigation-led intensification (Balwinder-Singh et al., 2019). 

This work is part of the Cereal Systems Initiative for South Asia 
(CSISA) of the International Maize and Wheat Improvement Center 
(CIMMYT) in partnership with the International Food Policy Research 
Institute (IFPRI), the International Rice Research Institute (IRRI) and the 
International Water Management Institute (IWMI) (CIMMYT, 2017). 
Among CSISA's goals are (1) to accelerate widespread adoption of 
resource-conserving practices, technologies and services that increase 
yields with lower water, labour and input costs and (2) to disseminate 
new knowledge on cropping system management practices that can 
withstand the impacts of climate variability and change. To achieve 
these goals, CSISA and the Indian Council of Agricultural Research 
(ICAR) have initiated a partnership to characterize crop production 
systems at the national scale (McDonald et al., 2023). This initiative, 
termed the ‘Landscape Crop Assessment Survey (LCAS)’ endeavours to 
enrich basic data stacks on yield and agronomic production practices 
with environmental data, including weather, soils, and hydrologic 
characterization information. 

Table 1 
Soil properties, 2021 (left), 2022 (right); sand, silt, clay, OC: g/dg; EC: ds/m.   

sand silt clay pH EC OC sand silt clay pH EC OC 

Min. 2 0 0 5.8 0.00 0.19 12 10 5 5.3 0.10 0.16 
st Qu. 12 3 14 8.0 0.28 0.45 32 28 15 6.7 0.15 0.41 
Median 18 6 56 8.2 0.34 0.57 40 32 25 7.4 0.19 0.55 
Mean 21 28 50 8.2 0.45 0.57 41 34 25 7.4 0.21 0.52 
rd Qu. 28 58 78 8.5 0.45 0.64 50 39 32 8.1 0.24 0.62 
Max 66 87 94 8.8 2.45 0.91 72 68 60 9.0 0.83 0.87  

Table 2 
Summary of descriptors, 2021. See text for descriptor codes and names.   

min max range IQR Q0.25 Q0.75 

days.flood.pct 9.09 100.00 90.91 44.55 33.64 78.18 
flood.0.5.cm 0.00 48.18 48.18 16.82 6.36 23.18 
flood.5.10.cm 0.00 33.64 33.64 8.18 1.82 10.00 
flood.10.cm 0.00 100.00 100.00 62.27 1.82 64.09 
flood.events 1.00 9.00 8.00 4.50 2.00 6.50 
flood.events.one.day 0.00 71.43 71.43 25.00 0.00 25.00 
flood.events.one.week 0.00 100.00 100.00 53.57 0.00 53.57 
flood.events.one.month 0.00 66.67 66.67 36.67 0.00 36.67 
flood.events.more. 

month 
0.00 100.00 100.00 50.00 0.00 50.00 

flood.5.0.cm 0.00 37.27 37.27 10.91 2.73 13.64 
flood.10.5.cm 0.00 10.00 10.00 5.00 0.91 5.91 
flood.10.minus.cm 0.00 73.64 73.64 30.00 14.55 44.55 
avg.duration.dry.10. 

minus 
0.00 34.00 34.00 11.88 2.50 14.38 

avg.duration.dry.10.5 0.00 3.50 3.50 0.45 1.00 1.45 
avg.duration.dry.5.0 0.00 16.67 16.67 3.29 2.96 6.25 
days.redox 0.00 6.00 6.00 2.50 0.00 2.50 
days.quick.drain 0.00 2.00 2.00 0.00 0.00 0.00  

Table 3 
Summary of descriptors, 2022. See text for descriptor codes and names.   

min max range IQR Q0.25 Q0.75 

days.flood.pct 0.00 70.83 70.83 31.88 10.00 41.88 
flood.0.5.cm 0.00 43.33 43.33 18.54 5.00 23.54 
flood.5.10.cm 0.00 36.67 36.67 11.04 0.83 11.88 
flood.10.cm 0.00 50.00 50.00 5.83 0.00 5.83 
flood.events 0.00 27.00 27.00 6.00 3.00 9.00 
flood.events.one.day 0.00 100.00 100.00 49.52 8.33 57.86 
flood.events.one.week 0.00 100.00 100.00 60.00 0.00 60.00 
flood.events.one. 

month 
0.00 100.00 100.00 22.92 0.00 22.92 

flood.events.more. 
month 

0.00 100.00 100.00 0.00 0.00 0.00 

flood.5.0.cm 0.83 31.67 30.83 11.67 4.17 15.83 
flood.10.5 cm 0.00 22.50 22.50 8.54 3.96 12.50 
flood.10.minus.cm 17.50 98.33 80.83 35.00 36.67 71.67 
avg.duration.dry.10. 

minus 
0.00 45.50 45.50 6.05 3.95 10.00 

avg.duration.dry.10.5 0.00 8.00 8.00 0.83 1.17 2.00 
avg.duration.dry.5.0 1.00 5.50 4.50 1.05 1.16 2.21 
days.redox 0.00 26.00 26.00 4.00 2.00 6.00 
days.quick.drain 0.00 26.00 26.00 1.00 0.00 1.00  
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1. Soil hydrologic response types 

Several efforts have been made to group soils by their hydrologic 
behaviour. An early example is the “hydrology of soil types” (HOST) 
system developed for the United Kingdom (Boorman et al., 1995; Lilly 
et al., 1998). HOST groups soils by the dominant pathways and rate of 
water movement through soil, and was designed primary for watershed 
hydrology modelling. Another common classification is the USDA's hy-
drologic soil groups (HSG) (USDA Natural Resources Conservation 
Service, 2020), which have been mapped at Global scale (Ross et al., 
2018) and in smaller regions (Faouzi et al., 2023) in support primarily of 
rainfall-runoff relations for RUSLE-based soil erosion modelling using 
the curve number (CN) method (Garen and Moore, 2005) or as an 
enhancement to DNDC using the related MUSLE soil erosion model 
(Deng et al., 2011). Classifications for specific model types include those 
of Quisenberry et al. (1993), who grouped South Carolina (USA) soils 
based on their behaviour for water and chemical transport. The close 
relation between soil hydrology and landscape position within a 
watershed was proven by, among others, Park and van de Giesen (2004). 
Landscape segmentation of wetlands is well-developed as a hydro-
geomorphic (HGM) classification (Semeniuk and Semeniuk, 2018) 
based on geomorphic setting, dominant water source and transport, and 

hydrodynamics of moving water. 
However, in the IGP, neither watershed nor soil erosion modelling 

are of primary importance, and most of the agricultural area is not 
developed from reclaimed wetlands, rather from alluvial plains and 
terraces. Here the interest is in the time sequence over the year of 
presence of water in and over the soil profile, potentially influenced by 
the dynamic interactions between landscape position, soil properties, 
groundwater, irrigation, and soil management. Hence a new approach is 
needed. 

2. Study area 

The Indian state of Bihar is at the eastern end of the IGP, bisected by 
the Ganges from west to east, and with several major tributaries: the 
Sone, Ghaghara, Gandak and Koshi. The State is of low relief except for 
some hilly areas bordering Nepal to the northwest and Jharkhand to the 
south. Agriculture is the dominant land use, with rice-wheat systems in 
the wet (kharif) and dry (rabi) seasons as the dominant land use. Maize 
and pulses systems are found in some areas in the winter cropping cycle. 
A wide variety of secondary crops are grown, especially in areas with 
good access to major markets such as the capital city Patna. This State is 
a priority area for the activities of CSISA. In this study only the areas 

Fig. 1. Cluster centroids 2021, first differences (left half) and water levels (right half).  
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Fig. 2. Cluster centroids 2022, first differences (left half) and water levels (right half).  
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planted to kharif rice are characterized. 

3. Data sources 

The identification of HRT is based on clustering observations from 
direct field measurements. Observations from two contrasting kharif 
seasons (July – October) were used to determine if HRT are consistent 
over years, or must be recalculated for each year. Year 2021 had more 
precipitation than long-term (1901–2017) area-weighted statistics (904 
mm, standard deviation 156 mm) for the four kharif months 
(June–September) in Bihar (Government of India, 2022). In this year the 
kharif rainfall over six stations near the field locations had a mean of 
474 mm and a standard deviation of 130 mm for the three months 
recorded (July–September), however June 2021 had so much rainfall 
that gauges were not monitored and rice could not be established. By 
contrast for 2022 the 23 rainfall gauges averaged only 354 mm for the 
season. This was less than any previous amount in the 1901–2017 
period.. 

Field observations were made as part of the Landscape Crop 
Assessment Surveys (LCAS). This survey included farmer-reported in-
formation on hydrology-related management practices at each site: rice 
establishment method (2022 only), number of irrigations, timing of ir-
rigations (early vegetative, mid vegetative, flowering and grain filling), 
reason for irrigating (visible crop stress, soil cracking, disappearance of 
flood water, crop growth stage), tubewell depth, pump type and power. 

In 2021 the management practices were consistent among sites, likely 
due to the very wet conditions than limited options and made irrigation 
irrelevant. 

At 47 (2021) and 160 (2022) LCAS points, a set of so-called pani-pipes 
(“pani” is the Hindi word for “water”) were installed in farmer's fields 
during the kharif season in 2021 and 2022. These are 30 cm long by 10 
cm diameter plastic tubes inserted to a depth of 15 cm in the soil, so that 
15 cm are above the soil surface, with 5 cm diameter holes, spaced 2 cm 
apart (edge to edge) both horizontally and vertically, in the section 
below the soil surface. 

At each pani-pipe location the farmer was asked for the perceived 
landscape position, one of “upland”, “medium land”, “lowland”. These 
terms refer not to the actual local elevation, but rather the farmers' 
perception of relative differences in hydrology in a local context that 
also pertains to the types of crops that can be cultivated during the wet 
kharif season. “Lowland” is often flooded with poor drainage; “upland” 
allows a full range of crops, with irrigation if necessary and also good 
drainage; “medium land” is intermediate. These terms are not used 
consistently across the study area, but are commonly-used local terms. 

In 2022 many sites were paired or closely-spaced, for comparison of 
direct-seeded rice (DSR) and transplanted rice (TPR). In the smaller 
study of 2021 all sites were TPR. Pipes were installed at representative 
locations in the field at the technician's discretion. The water levels in 
the pipes were measured each morning during the cropping season. The 
measured levels thus ranged between − 15 to +15 cm from the soil 

Fig. 3. Hierarchical clustering of time series, 2021.  
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surface. In 2022 water levels above the pipe top were also measured. The 
pani-pipes show the water level, but not the soil moisture status in the 
0 to − 15 cm range. In addition, rain gauges (2021: 6, 2022: 23) were 
installed near sets of pani-pipes and read daily. 

The 2021 dataset consists of 47 pani-pipes, all in West Champaran 
district in northwestern Bihar (Fig. 9). These were read from 21-July 

through 07-November-2021. The 2022 dataset consists of 160 pani- 
pipes from 15 districts of Bihar and three districts of the adjacent 
eastern Uttar Pradesh State (Fig. 10). These were read from 06-July until 
rice harvest in mid-October-2022. 

Groundwater levels pre- and post-monsoon (2021: mid-January and 
late November; 2022 late May and early November) were obtained from 

Fig. 4. Hierarchical clustering of time series, 2022.  

Fig. 5. Spearman's rank correlation of descriptors, 2021 (left), 2022 (right).  
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the National Water Informatics Centre (NWIC) for 596 (2021) and 781 
(2022) monitoring wells distributed over Bihar and eastern UP. Each 
pani-pipe location was matched with its closest well using the st_dis-
tance function of the sf R package. This distance ranged from 2400 to 
24,000 m, median 11,450 m (2021, 10 wells) and 650 to 16,300 m, 
median 4900 m (2022, 34 wells). Using the same method, each pani- 
pipe was matched with its closest rain gauge, for which the in-season 
total rainfall was computed. This distance ranged from 46 to 45,600 
m, median 4040 m (2021, 6 gauges) and 0 to 35,600 m, median 810 m 
(2022, 23 gauges). 

The terrain elevation of each pani-pipe was extracted from the 
Amazon Web Services Terrain Tile service (Amazon Web Services, 2023) 
using the elevatr R package, at zoom level 11 (approximately 120 m 
horizontal resolution). Elevation differences were not large in this plain 
area, but did range from 63 to 120 m.a.s.l. (2021) and 38–117 m.a.s.l. 
(2022). Differences within the 120 m tile in these rice-growing areas are 
minor in comparison, around 3 m maximum. 

At the pani-pipe location soil samples were also collected and ana-
lysed in the soil chemistry laboratory of the Dr. Rajendra Prasad Central 
Agricultural University, Pusa, Bihar, and the Bihar Agricultural Uni-
versity, Sabour, Bihar, for the 2021 and 2022 datasets, respectively. 
Table 1 summarizes the basic soil properties. There was a fairly wide 
total and inter-quartile range for most properties. 

4. Methods 

All computation was with packages of the R environment for statis-
tical computing (R Core Team, 2023). An R Markdown (Allaire et al., 
2023) document was developed to ensure reproducible results. 

4.1. Characterizing time series of pani-pipe measurements 

The time series of water levels in the pani-pipes were considered two 
ways: (1) as a combined time series of water levels and their first dif-
ferences; (2) as a set of descriptors of hydrologic conditions. These are 
both used to characterize the time series and as inputs to clustering 
algorithms. 

The water levels show the sequence of unsaturated, saturated and 
flooded conditions at different heights and depths. This is especially 
important for inferring redox conditions for GHG models. The first dif-
ferences of the time series are the one-day lag changes in the water level 
in the pani-pipes. They show the speed at which water level changes. 
This is related to the “flashiness” of the hydrology. 

The 17 descriptors are meant to represent and summarize the hy-
drologic behaviour of field water level to be easily associated with 
management and models outcomes, for example when estimating GHG 
emissions using process-based models. The descriptors are of three 
general types, according to the aspect of the hydrology that they 

Fig. 6. k-means clusters based on descriptors in principal component space (PC1, PC2), 2021 (left), 2022 (right).  

Fig. 7. Feature importance of descriptors for k-means clustering, 2021 (left), 2022 (right). Boxplots show the distribution among trees in the random forest.  
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characterize.  

1. Flood periods: (1) percent of days flooded, i.e., water is above the soil 
surface (days.flood.pct, %); (2) percent of days of soil flooded at 
depths of 0–5 cm (flood.0.5.cm, %); (3) at depths of 5 to 10 cm (floo 
d.5.10.cm, %); (4) at deeper than 10 cm (flood.10.cm, %); (5) 
Percent of days of flood events with duration less than two days 
(flood.events.one.day, %); (6) same, within a week (flood.events. 
one.week, %); (7) same, within one month (flood.events.one.month, 
%); (8) same, more than one month (flood.events.more.month, %).  

2. Drainage periods (water level ≤ 0): (9) percent days of with the 
water level between − 5–0 cm (flood.5.0.cm, %); (10) same, − 10–-5 
cm (flood.10.5.cm, %); (11) same, deeper than − 10 cm (flood.10. 
minus.cm, %); (12) average duration of soil drainage at − 5–0 cm 
(avg.duration.dry.5.0, days); (13) same, − 10–-5 cm (avg.duration. 
dry.10.5, days); (14) same, deeper than − 10 cm (avg.duration. 
dry.10.minus, days).  

3. Transition between potentially saturated/unsaturated conditions: 
(15) number of flood events (flood.events, count); (16) number of 
days when water level drops from 5 cm to − 5 cm (days.redox, count); 
(17) number of days when the water level drops more than 15 cm 

(days.quick.drain, count). Although the pipes only show the water 
level, and the saturation status and redox potential is not an 
instantateous response to water level, this approximation is the 
closes we can come with our information to estimating saturated/ 
unsaturated conditions. 

Several of these descriptors have special significance for GHG 
modelling and land management. For example, descriptor (16) repre-
sents the transition from potentially reducing to potentially oxidizing 
conditions near the soil surface, while descriptor (17) represents quick 
drainage. However, all are useful for clustering into groups from which 
representative sites can be selected for GHG models. 

Tables 2 (2021) and 3 (2022) show the summary statistics for the 
descriptors. 

4.2. Clustering 

Both the time series (concatenated first differences and absolute 
water levels) and their descriptors were used to cluster the pani-pipes 
into functional groups. Before attempting any clustering, we checked 
the clustering tendency with the Hopkins statistic calculated with the 

Fig. 8. Hierarchical clustering of descriptors, 2021 (top), 2022 (bottom).  
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hopkins R package, and only proceeded if this indicated that clustering is 
sensible. We clustered using two approaches. The first was k-means 
clustering, implemented by comparing the kmeans function of the stats 
package with the default Hartigan-Wong algorithm and 24 random 
starting positions. An optimum number of clusters was determined by 
comparing the Beale, silhouette, elbow and gap statistic indices 
computed by the NbClust function of the NbClust R package (Charrad 
et al., 2014). The relative importance of the descriptors for k-means 
clustering was evaluated with the FeatureImpCluster R package, which 
implements permutation feature importance as described by Molnar 
(2022). 

The second approach was hierarchical clustering implemented by 
the hclust function of the stats R package to produce a dendrogram, with 
the “Ward.D2” linkage method, which produces compact, spherical 
clusters. For this, we used the number of clusters determined by 
comparing the indices for k-means clusters. The dendrograms reveal the 
distance between clusters, but also show potential clusters at coarser and 
finer levels of detail. 

Cluster assignments were compared with cross-classification tables, 
and the agreement between methods or years was quantified as the 
average of the weighted (by total in a cluster) matches to the dominant 
cluster of the other classification (Eq. 1): 

1
2

{
∑

i

(
maxxij

/
xi+
)
*(xi+/x++)+

(
∑

j
maxyji

/

yj+

)

*
(

yj+

/
y++

)
}

(1)  

where xij, yji is an individual matrix entry in row i and column j of the 
matrix, xi+ , yj+ are row and column sums, respectively, and x++ = y++ is 
the total number of observations. This clustering quality index is 1.0 for 

perfect agreement (whether the cluster numbers are the same), and from 
≈ 0.35 ± 0.05 for a random assignment to clusters, indicating no 
correspondence. 

Representative pani-pipes were identified for each cluster, for both 
methods and both data sources, by finding the closest observation, in 
Euclidean feature space, to the k-means cluster centroids. 

4.3. Comparison with landscape descriptors and soil properties 

The clusters were used as one margins (row or column) of cross- 
classification tables, with the other margin being landscape de-
scriptors (farmer's perception of landscape position) or the rice man-
agement system (DSR and TPR). This was quantified by the clustering 
quality index developed for comparing clusters (§4.2). The cluster as-
signments were also used as factors in one-way analysis of variance 
(ANOVA) and means separation of soil properties. This reveals to what 
degree soil properties are related to the empirically-derived clusters 
based on hydrologic behaviour. 

A more general question is which factors (e.g., soil, groundwater 
resources, terrain elevation, irrigation management) can best explain 
the differences in hydrologic behaviour between clusters. 

For this, random forest models were built to predict the empirically- 
derived cluster number from these factors. Management choices (only 
for 2022) included as predictors in the models were planting method 
(direct-seeded or transplanted), number of irrigations, timing of irriga-
tions (early vegetative, mid vegetative, flowering and grain filling), 
reason for irrigating (visible crop stress, soil cracking, disappearance of 
flood water, crop growth stage), depth of tube well (shallow or deep), 
pump type and power. Note that these factors are not necessarily direct 

Fig. 9. Location of pani-pipes labelled by cluster number (k-means, time series), 2021. Representative locations shown with yellow push-pin.  
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causes of a site's being in a given cluster – the random forest model is 
predictive, not explanatory. But their importance in the fitted model 
may be useful for interpretation. Other predictors were pre- and post- 
monsoon water levels and their difference (seasonal change) in the 
nearest groundwater well, terrain elevation, and annual rainfall at the 
nearest rain gauge. Certainly, other factors could be important pre-
dictors, notably subsoil properties that affect water movement. Unfor-
tunately these were not included in the experimental design. 

Random forest classification models were built with the ranger R 
package (Wright and Ziegler, 2017) and optimized by recursive feature 
elimination with the caret package (Kuhn, 2008). Random forest prob-
ability models were also built, to evaluate the uncertainty of class 
assignment. The sets of class probabilities for each observation were 
quantified by the Confusion Index and Shannon entropy. The Confusion 
Index (Burrough et al., 1997) (Eq. 2) is defined as: 

CI = 1 −
{

μmax − μ(max− 1)

}
(2)  

where μmax is the probability of the most probable class, and μmax− 1 is the 
probability of the second most probable class. It shows how well the 
classification is separated from its alternative. Shannon entropy (Eq. 3) 
shows the information uncertainty. For a variable z with n classes, each 
of which has estimated proportion π̂(zi): 

Hz = −
∑n

i=1
π̂(zi)⋅logn π̂(zi) (3) 

The reason to use base-n logarithms is so that 0 represents no un-
certainty, and 1 maximum (Kempen et al., 2009). 

Paired (within 200 m) DSR and TPR plots were identified and their 
time-series of water levels compared visually. 

5. Results 

5.1. Clusters and their hydrologic regimes 

5.1.1. Water levels 
Using the water levels and their first differences, in both 2021 and 

2022 the optimum number of clusters using k-means was two; however, 
it is clear that there are more response units on the agricultural land-
scape. From the plots of number of clusters vs. indices we found that four 
(2021) and five (2022) clusters were quite close to the optimum, and so 
continued the analysis with these groupings. The various optimization 
criteria did not give consistent recommendations for optimization, 
showing that clustering was not clear-cut. The model efficiency coeffi-
cient (MEC) of k-means clustering on time-series were 0.72 (2021, four 
clusters) and 0.41 (2022, five clusters). This shows that 2022 (dry 
conditions) was a less consistent year with more poorly-defined clusters, 
and that in 2021 (wet conditions) fewer clusters were indicated. 

Figs. 1 and 2 show the first differences of the time-series of water 
levels for 2021 and 2022 at the cluster centroids, followed by the ab-
solute levels. There are clear differences between the cluster centroids in 
both years. 

In 2021 (wet year) Cluster 2 had standing water at least 15 cm deep 
for the entire monitoring period. Cluster 1 was completely flooded, or 
nearly so, through the early part of the growing season, then had a 20- 
day dry-down phase, followed by one more flooding and final dry-down 
towards harvest. Cluster 3 was similar to Cluster 1 but with shallower 
flooding and earlier first dry-down. The water levels in Cluster 4 had 
many rapid changes from a few cm above to a few cm below the soil 
surface in the early part of the growing season, and then were quite dry 
except for a single event matching the late-season spikes of Clusters 1 
and 3. 

In 2022 (dry year) the most interesting cluster is 2, with rapid 

Fig. 10. Location of pani-pipes labelled by cluster number (k-means, time series), 2022. Representative locations shown with yellow push-pin.  
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transitions between quite wet and quite dry conditions. This cluster is 
quite “flashy”, with sharp short-term changes in water levels. Cluster 1 
was mostly dry, with only small fluctuations between − 15 and − 10 cm. 
Cluster 3, 4 and 5 had similar temporal patterns: dry early, then water 
reaching or somewhat exceeding the soil surface, followed by a late- 
season dry-down. These three differ in the timing and magnitude of 
the wetter periods. All clusters had an initial dry period. 

Another visualization is given by the hierarchical clustering of the 
time-series shown in Figs. 3 (2021) and 4 (2022). This shows the hy-
drological response of all of the sites and the variability within each 
cluster. Reading the vertical axis (all sites) at any given day on the 
horizontal axis reveals events that affect different numbers of sites. 
Examining the lengths of dendrogram stems shows how different are the 
clusters, and the members within each cluster. For example, in 2021 
Cluster 2 (as identified by k-means) is uniform: always completely 
flooded. However, Cluster 1 has some variability in the timing and 
magnitude of the dry-down, although the overall pattern is consistent. 
There is not much difference between members, as evidenced by the 
short stems. In 2022 the differentiation between the clusters is not so 
apparent, and there is more fine-scale variability within them. However, 
Cluster 2 is clearly differentiated by its short-term fluctuations (“flashy” 
behaviour). 

5.1.2. Descriptors 
Many of the 17 hydrologic descriptors were correlated (Fig. 5), but 

the pattern of correlation differed among years. While descriptors of 

flood duration were positively correlated with the total days flooded in 
2021, this correlation was only observed for flood duration of one day in 
2022. The lack of consistent correlation patterns between descriptors is 
associated with the occurrence of a given descriptor. For instance, flood 
durations of one month or longer were less frequent in 2022 than floods 
lasting between one day and one week. Hence, the positive correlation of 
floods is linked to the most common flood duration. The direction and 
strength of correlations are both associated with how well the descriptor 
can describe the hydrologic behaviour characterizing the season. 

For the k-means clustering using hydrologic descriptors as input, the 
several optimization measures were not consistent. A reasonable 
compromise was five clusters for 2021 (as opposed to four from the 
clustering based on time-series), as well as 2022 (in agreement with the 
time-series). The MEC for these was 0.82 (2021) and 0.67 (2022), again 
showing that clusters were better-defined in the wet year, 2021. 

Fig. 6 shows the positions of each observation in the space spanned 
by the first two standardized principal components (PC) of the de-
scriptors, along with the convex hulls of the cluster groups. In 2021 the 
first two PCs account for 60.5% of the total information in the de-
scriptors and the clusters are mostly well-separated in this space; in 2022 
this is only 52.3%. and there is more overlap of the convex hulls. This 
again shows that the cluster structure is stronger in the wetter year. 

The relative feature importance for k-means clustering is shown in 
Fig. 7. For both years, the number of flood events of more than one 
month and week were the most important descriptors, but in reverse 
order: the longer period for 2021 (wet year) and the shorter for 2020 

Fig. 11. Paired DSR (green) / TPR (red) time-series of water levels at pani-pipes.  
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(dry year). After these two there is a clear difference between the years: 
in the wet year the number of days flooded to at least 10 cm and the 
proportion of flooded days but in the dry year one-day flood events. 

Descriptors that summarize flooding depth and timing proved to be 
the most relevant for k-means clustering. The key change is that non- 

averaged descriptors not only exhibit higher representation during the 
season, but are also more sensitive across clusters. On the contrary, 
average duration of drained periods and transitions between saturated 
and unsaturated conditions are mostly irrelevant for clustering in both 
years. In both years many descriptors are irrelevant, and several are 

Fig. 12. Variable importance of 2022 random forest model to predict cluster membership, hierarchical clustering on time-series.  

Fig. 13. Levels in 2022 random forest trees at which predictors are used, hierarchical clustering on time-series.  
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irrelevant in both years: days of transition to reducing conditions, days 
of quick drainage, and average duration of dry periods. Some of this is 
due to the strong correlation between descriptors, so if one is permuted, 
another one can replace it in the clustering. In addition, some 

descriptions are indeed well-correlated with water dynamics but do not 
vary across clusters in a given year, so are not important in clustering. 
Examples are descriptors of long-term flood duration in sites with 
overall dry conditions, or the number of drainage days at deeper soil 
layers in predominantly saturated conditions. 

Another visualization is given by the of hierarchical clustering of the 
descriptors are shown in Fig. 8. As with the hierarchical clustering from 
time-series, 2021 shows a much stronger differentiation between clus-
ters than 2022, and much more consistency within clusters, as shown by 
the shorter stems. 

5.1.3. Spatial distribution of clusters 
Figs. 9 (2021) and 10 (2022) show the locations over the landscape 

of each observation well and its cluster group from k-means clustering 
on time series. There is some spatial differentiation between clusters, 
especially for 2022, but also nearby locations in different clusters. 

5.1.4. Matching field-based clusters 
A key question is how well do the clusters in each of the two years 

match (1) between methods with the same source information (time- 
series vs. descriptors), (2) between different source information, for the 
two methods. This reveals whether there are consistent HRT between 
and within years. 

Table 4 shows the cross-classification between clustering on time- 
series by k-means and hierarchical clustering for both years. The 
agreement between methods in 2021 (wet year) is very good, in 2022 
somewhat less so but still good. 

Table 5 shows the cross-classification between clustering on de-
scriptors by k-means and hierarchical clustering for both years. The 
agreement between methods is again better in 2021 than 2022, but the 
agreements are less than when clustering by time-series. 

Table 6 (2021) shows the cross-classification of the k-means clus-
tering using time-series and descriptors, and Table 7 shows the same for 
hierarchical clustering. The k-means clusters based on the two infor-
mation sources is again better in 2021 than 2022, but in neither case is 
the match particularly good. A similar result is found for hierarchical 
clustering. This shows that the information contained in the two sources 
are different, and the choice between them depends on how the analyst 
conceptualizes the soil hydrology: directly from a time-series or as de-
scriptors that can be interpreted in terms of hydrologic behaviour 
related to a specific land management objective. 

5.1.5. Comparison with soil properties 
For both clustering methods (k-means and hierarchical clustering) 

and both data sources (time-series and descriptors), there was quite a 
poor separation of soil properties by cluster, as measured by the adjusted 
R2 of a one-way ANOVA, despite the fairly wide range of the soil 
properties at the observation sites. For 2021, only soil organic matter 
concentration (SOC, R2 0.13–0.16), electrical conductivity (EC, R2 

0.10–0.18) and pH in water (pH, R2 0.04–0.11) were even weakly 
separated by cluster; for 2022 again pH (R2 0.24–0.35) and EC (R2 

0.11–0.14) but not SOC, as well as silt concentration (R2 0.11–0.29), 
sand (R2 0.05–0.09), and clay (R2 0.05–0.15). Differences in soil texture 
were not associated with hydrologic behaviour in 2021 (the wet year) 
but were in 2022 (the dry year), showing that soil texture does have 
some influence on soil hydrology under drier conditions, as the finer 
textures are associated with greater water-holding capacity, but this is 
not important when water is abundant. This shows that the hydrologic 
behaviour in this landscape is only weakly related to soil properties. 

5.1.6. Comparison with landscape descriptors 
For both clustering methods (k-means and hierarchical clustering) 

and both data sources (time-series and descriptors), there was quite a 
poor relation with farmer perceptions of landscape position. This was 
assessed by the cross-classification clustering quality index (§4.2). For 

Table 4 
K-means (rows) vs. hierachical (columns) clustering on time series, 2021 (left), 
2022 (right). Quality of match 0.936 (2021), 0.888 (2022).   

1 2 3 4 5 1 2 3 4 5 

1 0 12 0 0  10 0 36 0 0 
2 0 0 0 6  0 0 0 0 7 
3 1 1 11 0  32 1 0 0 0 
4 15 0 1 0  0 1 0 28 0 
5      2 39 0 3 1  

Table 5 
K-means (rows) vs. hierachical (columns) clustering on descriptors, 2021 (left), 
2022 (right). Quality of match 0.745 (2021), 0.631 (2022).   

1 2 3 4 5 1 2 3 4 5 

1 4 0 6 0 0 8 3 0 26 37 
2 0 0 0 0 7 0 7 0 0 0 
3 0 0 7 0 0 0 3 0 19 0 
4 0 9 0 3 0 0 0 3 11 0 
5 0 0 6 5 0 16 27 0 0 0  

Table 6 
K-means clustering on time series (rows) vs. descriptors (columns), 2021 (left), 
2022 (right). Quality of match 0.809 (2021), 0.644 (2022).   

1 2 3 4 5 1 2 3 4 5 

1 0 1 0 11 0 28 0 9 9 0 
2 0 6 0 0 0 0 0 0 0 7 
3 0 0 1 1 11 25 0 1 1 6 
4 10 0 6 0 0 13 0 12 4 0 
5      8 7 0 0 30  

Table 7 
Hierarchical clustering on time series (rows) vs. descriptors (columns), 2021 
(left), 2022 (right). Quality of match 0.702 (2021), 0.613 (2022).   

1 2 3 4 5 1 2 3 4 5 

1 4 0 12 0 0 11 0 0 14 19 
2 0 8 0 4 1 8 33 0 0 0 
3 0 1 7 4 0 0 0 3 18 15 
4 0 0 0 0 6 1 3 0 24 3 
5      4 4 0 0 0  

Table 8 
Farmer perceptions vs. k-means clusters from descriptors, 2021 (left), 2022 
(right). Quality of match 0.468 (2021), 0.621 (2022).   

1 2 3 4 5 1 2 3 4 5 

Lowland 0 7 1 11 1 11 0 4 1 1 
Medium 9 0 6 1 10 16 0 4 2 3 
Upland 1 0 0 0 0 9 0 0 3 4  

Table 9 
2022: Rice planting method vs. k-means clusters from descriptors, quality of 
match 0.462.   

1 2 3 4 5 

DSR 31 3 7 3 28 
TPR 43 4 15 11 15  
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2021, the index ranged from 0.49 to 0.60 (based on all 43 observations), 
for 2022 from 0.46 to 0.62 (based on 58 of the 160 observations). The 
closest matches for the two years are shown in Table 8. No clear relation 
can be seen either within a cluster or a farmer-perceived class, except in 
the wet year (2021) when one cluster represented the permanently- 
flooded sites, is all farmer-perceived “lowland”; however this includes 
only 11 of the 20 perceived “lowlands”. 

In 2022 the rice planting method was recorded for each site. There 
was almost a random relation between the clusters and the planting 
method; the cross-classification quality index ranged from 0.34 to 0.46 
for the different clustering methods. Table 9 shows the closest match, for 
k-means clustering from descriptors. There is some differentiation: 
clusters 1, 3 and 4 have more TPR, whereas cluster 5 has more DSR. 

5.1.7. Paired DSR/TPR plots 
Forty DSR plots had a TPR plot within 200 m. These were considered 

as paired plots. The number of irrigation events differed somewhat 
among pairs, from − 6 to +6 (with one outlier due to river irrigation) but 
with 70% of the pairs within 2 irrigations. Despite the close spacing, 
substantial differences in soil properties were found between the pairs: 
the interquartile ranges were − 7.5–10% (sand), − 10–5% (silt), 
− 2.5–3.1% (clay), − 0.4–1.3 pH, 0.04–0.49% (OC). Fig. 11 shows the 
paired time-series of water level for six of the pairs. In several of these (e. 
g., locations 124/125) management (perhaps soil puddling in TPR) 
control much of the hydrology, whereas in others (e.g., locations 150/ 
157) the two series are similar, implying that hydrology is controlled by 
rainfall and/or irrigation. 

5.2. Predicting soil hydrology with soil, agronomic management, and 
landscape characteristics 

The optimized random forest models for 2021 included only two 
predictors: precipitation and pre-monsoon groundwater level. No soil 
properties were selected. This is likely because the sites were flooded for 
most of the period and so the water supply (precipation and ground-
water) was sufficient to explain the response. For clusters based on de-
scriptors, both k-means and hierarchical clustering gave OOB 
classification errors from 60% (k-means) to 68% (hierarchical), i.e., 
almost no skill. The models for the clusters based on the time-series of 
water levels and their first differences were better, 36% (hierarchical) to 
40% (k-means) OOB error, still very poor predictive power. Total pre-
cipitation was the most important predictor, closely followed by pre- 
monsoon groundwater level. 

The optimized random forest models for 2022 included (1) landscape 
features: total rainfall, pre-monsoon groundwater level, within-season 
difference in groundwater level, tubewell depth, and terrain elevation; 
(2) soil properties: pH, EC, clay and silt concentration; (3) management: 
number of irrigations and whether irrigation was (partly) decided based 
on crop stress, visible soil dryness, or crop growth stage. These models 
had quite uneven success, depending on the clustering method used to 
establish the clusters. For clusters based on descriptors, both k-means 
and hierarchical clustering gave OOB classification errors in around 
36% of cases. The models for the clusters based on the time-series of 
water levels and their first differences were much better, around 23% 
OOB classification error for k-means but only 15% for hierarchical 
clustering. Variable importance for the latter model is shown in Fig. 12 
and the level at which predictors are used in the various trees of the 
random forest in Fig. 13 The number of irrigations and the total rainfall 
have a large influence in this very dry year. Groundwater level and the 
seasonal difference are also important. The high importance of pH is 
likely because it can substitute for silt concentration. 

The probability random classification forests for 2021 and 2022 
revealed quite high uncertainty in assignment to hierarchical clusters 
based on time series. For 2021, maximum probabilities ranged from 0.35 
to 0.85, median 0.56. The Confusion Index ranged from 0.21 (moderate 
difference in probability between the two most probable classes) to 0.95 

(the highest-probability class almost certain), median 0.73. Normalized 
Shannon entropy ranged from 0.36 (moderate uncertainty) to 0.82(high 
uncertainty), median 0.62. For 2022, maximum probabilities ranged 
from 0.39 to 0.98, median 0.86. The Confusion Index ranged from 0.03 
(almost no difference in probability between the two most probable 
classes) to 0.96 (the highest-probability class almost certain), median 
0.23 Normalized Shannon entropy ranged from 0.08 (almost no uncer-
tainty) to 0.85 (high uncertainty), median 0.35. 

Thus, for both years there was a wide range in classification un-
certainties: some observations were well-predicted, others quite poorly. 
This shows that clusters do not cleanly divide the observations into HRT, 
consistent with other evidence to this effect. 

6. Conclusion 

Hydrologic response at the pani-pipes could be fairly successfully 
clustered, both by examining the time-series (water levels) and their first 
differences (changes in water levels) and a set of descriptors of hydro-
logic response. K-means clustering was able to establish sets of similar 
behaviour. Hierarchical clustering also did this, but in addition showed 
the distance in feature space between and within clusters. Clustering was 
more successful in a wet year (2021) than in a dry year (2022). However, 
the two years could not be directly compared, because the observation 
sites were not the same. 

The spatial-temporal distribution of water levels in the field responds 
to various drivers. While the distribution of flooding in 2021 can be 
attributed to natural factors like rainfall and horizontal flows, in 2022 
the observed water levels resulted from a combination of both natural 
and anthropogenic drivers. During 2022 the frequency of floods might 
correspond to several irrigation criteria, which may not necessarily align 
with large-scale patterns. This suggests that defining HRT must be per- 
year. However, the inconsistent results with the various clustering 
methods, even within a year, suggests that there may be no consistent 
way to define HRT in this landscape. 

We had hoped to establish a grouping that could be extrapolated 
across years and across the eastern IGP. The inconsistency between the 
years, and the disappointing results of the attempt to identify predictive 
landscape factors, show that this is, so far, not feasible. It may be that 
subsoil properties, not accounted for in the predictive factors set, would 
result in a more successful model. 

Clustering was only moderately consistent among methods and in-
formation sources. Part of the problem is when the water level is below 
ground, but we have no estimate of the water content in the “dry” sec-
tion above the water table. Depending on the porosity and structure, and 
the time since drainage, the water content can be anywhere from almost 
saturated to the permanent wilting point. Thus, the indicators for the 
drained conditions at the various levels in the profile only roughly track 
the measured water levels. 

Clustering showed very weak relations with farmer perceptions of 
landscape position and a weak relation with rice planting method. 

Clusters for 2022 based on time-series could be fairly well predicted 
by optimized random forest models. The most important predictors were 
the number of irrigations, seasonal precipitation, pre-monsoon 
groundwater levels, seasonal groundwater level change, and pH, this 
latter as a surrogate for landscape position and other soil properties. This 
shows the complex relation of soil hydrology with landscape position 
and land management. 

The use of a set of descriptors to summarize the time series was here 
specific to presumed relation with GHG emissions. Another set of de-
scriptors could be developed to reflect other land use issues affected by 
soil hydrology, e.g., wet-up at the beginning of the kharif season to allow 
rice planting, or water levels related to weed management. 

This study was opportunistic, using sets of field observations that had 
not been designed to characterize hydrology. Sites were selected for 
agronomic and landscape ecology interest, not as transects to charac-
terize hydrology. Further, only two years were characterized and the 
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observation areas differed among years, so that the difference between 
years may be partially confounded with the difference in location. Still, 
these preliminary results suggest that a study fit for purpose would be 
interesting. A proper characterization of soil hydrology to land man-
agement in the IGP is a worthy challenge, to which this study is a first 
step. 
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