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SUMMARY

1. Regulation of rivers for human demands has led to extensive forest dieback on many

floodplains. If these important ecosystems are to be maintained under future drier

climates, we need accurate tools for predicting forest dieback. In the absence of spatially

explicit flooding histories for many floodplains, changes in groundwater conditions may

be a good indicator of water availability and, therefore, an important environmental

indicator.

2. Eucalyptus camaldulensis forests of Australia are an acute example of forest dieback, with

70% of the Victorian Murray River floodplain dying back. We quantified the relationship

between forest dieback and ground water across this extensive floodplain (c. 100 000 ha of

forest over 1500 km of river length).

3. A combination of extensive ground surveys, remotely sensed data and modelling

methods was used to predict forest dieback at the time of the survey and in the past. This

approach provides a valuable tool for accurately monitoring forest condition over large

spatial scales. Forest dieback was estimated to have increased from 45 to 70% of the

floodplain between 1990 and 2006.

4. Accurate groundwater data (depth and salinity) over a 20-year period were obtained for

289 bores and summarised using nonlinear regression. Groundwater depth and salinity

were strong predictors of stand condition. This suggests that changes in groundwater

conditions could be used to signal areas vulnerable to forest dieback and prioritise the

limited water available for managed flooding.

5. In the upper Murray, where ground water is predominantly fresh (<15 mS cm)2),

dieback increased with increasing groundwater depth. In contrast, the condition of stands

in the lower Murray improved with increases in groundwater depth due its high salinity

(>30 mS cm)2). These regional differences in response of the same tree species to

groundwater conditions show that our understanding of the drivers of forest dieback is

best achieved at spatial and temporal scales representative of the problem.
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Introduction

Predictions indicate that continued human population

growth and climate change will lead to increasing

demands on limited water supplies (IPCC, 2007).

Riparian systems throughout the world are exploited
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to supply water for agricultural, domestic and

industrial demands. Increasing regulation of rivers

over the past century has led to dieback of many

floodplain forests, particularly in arid regions (e.g.

Busch & Smith, 1995). This dieback is likely to be

exacerbated under future climates because of decreas-

ing precipitation in many regions and increasing

human demands for water. Floodplain ecosystems are

of great ecological and economic importance and

must be properly managed to maintain their high

productivity and biodiversity (Tockner & Stanford,

2002). Declines in these ecosystems affect the quantity

and quality of forest and water resources, the flora

and fauna dependent on these ecosystems, and have

ramifications for adjacent terrestrial and aquatic eco-

systems.

Floodplain forests are intricately coupled both to

surface and ground water, making them sensitive to

alterations in water regimes. In arid regions, flood-

plain forests have higher productivity than the

surrounding vegetation, because of the additional

water from floods and shallow ground water

(Naumburg et al., 2005). This increased productivity

supports a distinct flora and fauna that increases

regional biodiversity (Sabo et al., 2005). Floods are

important for replenishing soil moisture and for

providing suitable conditions for plant recruitment

(Mahoney & Rood, 1998). Many floodplain trees are

phreatophytes, using surface water (precipitation and

floods) when available while relying on shallow

ground water during dry periods (Busch, Ingraham

& Smith, 1992; Mensforth et al., 1994).

River regulation has decreased the frequency and

duration of flooding of many floodplains (e.g.

Maheshwari, Walker & Mcmahon, 1995). Dams raise

river levels and consequently that of the ground water

upstream (Jolly, 1996), whereas groundwater abstrac-

tion, which is common in arid and semi-arid regions,

increases groundwater depth (e.g. Stromberg, Tiller &

Richter, 1996). Ground water is often saline in hot,

arid regions because of irregular rainfall and high

evaporation (Gee & Hillel, 1988). In these areas,

regular flooding is required to leach salt brought to

the surface by evapotranspiration and freshen the

ground water. Therefore, the effects of abstraction and

river regulation on ground water, and consequently

vegetation health, can differ across a floodplain.

Extensive dieback of floodplain forests has occurred

on most continents, particularly in arid catchments

(Busch & Smith, 1995; Cunningham et al., 2009).

Reductions in flooding associated with river regula-

tion and now climate change may have resulted in a

greater dependence of phreatophytic trees on ground

water. An extended reliance of trees on ground water

would lower its depth and caused salinisation of soils

in areas underlain by saline ground water (Jolly,

1996). Forest dieback has occurred where ground

water is either below the effective rooting depth,

above the required depth of aerated surface soil, or

above the salinity tolerance of a species.

If we are to maintain floodplain ecosystems while

providing water for human needs, we must under-

stand relationships between vegetation and water

availability. In the absence of spatially explicit flood-

ing histories for many floodplains, changes in ground-

water depth and salinity may be good indicators of

water availability and, therefore, important environ-

mental indicators. This is because infrequent flooding

will lead to a greater reliance of floodplain trees on

ground water and consequent changes in groundwater

conditions. To manage floodplain forests adequately

using groundwater information, we need to (i) quan-

tify the relationship between forest condition and

groundwater characteristics and (ii) adequately mon-

itor groundwater conditions across floodplains. An

understanding of groundwater thresholds that main-

tain forest condition will inform managers when

flooding is required, and adequate groundwater

monitoring indicates what locations to water.

Models predicting vegetation from ground water

have focussed on floodplains with shallow ground-

water systems (<6 m below the surface, e.g. Lite &

Stromberg, 2005). These models have concentrated on

predicting, based on changes in groundwater depth,

the distribution of individual species (e.g. Stromberg

et al., 1996) or communities (e.g. Rains, Mount &

Larsen, 2004) across floodplains. In the well-studied

Populus–Salix forests of the south-western United

States, it is known that shallow ground water (<2 m

deep) is necessary for its dominance over the intro-

duced species Tamarix ramosissima Ledeb. (Lite &

Stromberg, 2005). Most of these models made predic-

tions for small portions of a floodplain (<1 km2, e.g.

De Becker, Hermy & Butaye, 1999) or were based on a

limited sample size (c. 10 sites, Jolly, Walker &

Thorburn, 1993). The few attempts to go beyond

predicting distribution to estimate the condition of

vegetation from ground water have used coarse
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classifications with different degrees of success (Jolly

et al., 1993; Overton et al., 2006).

The Murray River, in south-eastern Australia, is the

country’s longest river (2520 km), its water being used

for extensive irrigation farming, domestic consump-

tion, power generation and native ecosystems.

Increasing regulation of the Murray River since the

1920s has significantly reduced peak flows and

reduced frequency (35–62% of historical) and dura-

tion (40–84% of historical) of extensive floods that

connect anabranches to the main river (MDBC, 2005a).

Substantial dieback of the dominant tree Eucalyptus

camaldulensis Dehnh. (river red gum) has been

observed in the lower Murray River over the past

20 years (Margules & Partners, 1990, MDBC, 2005b).

A quantitative assessment of the extent of this dieback

using rigorous ground surveys, remote sensing and

modelling found that 70% of E. camaldulensis forest on

the Victorian Murray River floodplain had some

degree of dieback in 2006. There was a downstream

decline in stand condition, which is related to more

extreme declines in flooding, because of water har-

vesting and the drier climate in the lower Murray

region (Cunningham et al., 2009).

Understanding forest dieback on the Murray River

previously has been informed mainly by studies on a

semi-arid anabranch system dominated by Eucalyptus

largiflorens F.Muell. and underlain by highly saline

ground water (e.g. Jolly et al., 1993; Thorburn, Hatton

& Walker, 1993). However, E. camaldulensis dominates

forests on the Murray River growing over shallow to

deep (2–20 m) and from fresh to salty (75 lS cm)1 to

75 dS m)1) ground water. Here, we quantified the

relationship between dieback of these forests and

ground water across the floodplain. Our method for

estimating stand condition of E. camaldulensis forests

over large spatial scales (c. 100 000 ha of forest) at a

fine resolution (30 · 30 m pixel, Cunningham et al.,

2009), and the existence of an extensive monitoring

bore system (over 700 bores within forest with

20 years of data), provided an opportunity to quantify

this relationship. We aimed to determine whether

groundwater conditions could be used to predict the

condition of floodplain forests in the absence of

spatially explicit flooding histories. Our approach

involved (i) predicting present and past conditions of

forest surrounding groundwater bores, (ii) summaris-

ing groundwater history (depth and salinity) from

bores across the floodplain and (iii) modelling the

relationship between changes in stand condition and

ground water.

Methods

Study area

The study area included forests and woodlands of

E. camaldulensis in Victoria, Australia on the flood-

plains of the Murray River from the Hume Dam

(36�06¢S 147�01¢) to the South Australian border

(34�01¢S 141�00¢), the lower Ovens River downstream

of Wangaratta and the lower Goulburn River down-

stream of Shepparton (Fig. 1). This area covers five

Bioregions (Victorian Riverina, Upper Murray Fans,

Lower Murray Fans, Robinvale Plains and Murray

Scroll Belt), which are defined by differences in

climate, geomorphology, lithology and biodiver-

sity (Environment Australia, 2000). All stands of
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E. camaldulensis within 15 km of the Murray River in

Victoria, the lower Ovens River or the lower Goulburn

River were included. The total study area comprised

103 550 ha of E. camaldulensis forest and woodland.

This included open forests (trees 10–30 m tall, 30–45%

projective foliage cover) and woodlands (trees

10–30 m tall, 20–25% projective foliage cover; Specht,

1981) with shrubby, sedgy and grassy understoreys

(Margules & Partners, 1990). The climate across this

floodplain is temperate and covers a wide range of

annual precipitation (270–715 mm per year), annual

evaporation (120–1790 mm per year), mean annual

maximum temperatures (22.1–24.5 �C) and mean

annual minimum temperatures (8.9–15.2 �C; BOM,

2007), with aridity increasing to the downstream

(north-west) end of the floodplain.

Stand condition history

To determine the possible role of ground water in the

dieback of E. camaldulensis forests, we needed esti-

mates of the current and past conditions of the stands.

This allowed us to differentiate between stands that

had declined over the study period and those that

were already in poor condition because of past events.

We had previously built a stand condition model for

E. camaldulensis forests on the Victorian Murray River

floodplain, with high predictive power (R2 = 0.78),

using rigorous ground surveys, remote sensing and

advanced modelling methods (Cunningham et al.,

2009). However, this model could not be used to

hindcast condition in a past year because it used

statistics calculated from nine years of Landsat7 data

over the period 1989–2006, as well as current Landsat7

data.

We used the survey data collected for the previous

stand condition model (Cunningham et al., 2009) to

build a model that was based only on current

Landsat7 data. This data set consisted of stand

condition scores (SCS) from (i) a survey of 140 stands

of E. camaldulensis, which covered the range of condi-

tion found on the floodplain, conducted between June

and October 2006 and (ii) a survey of 42 new stands

covering a range of predicted stand condition con-

ducted in April 2007.

Stand condition was assessed within a 0.25-ha plot

in each stand using the variables: percentage live

basal area, plant area index (PAI) and crown vigour,

which are known to be reliable indicators of condition

in E. camaldulensis stands (see Cunningham et al., 2007

for further details). A SCS was calculated from the

three condition indicators, with each indicator con-

tributing up to five points to a total score of 15 points.

Values of PAI were standardised by regional maxima

to detrend the natural downstream decline in PAI

owing to the cline in productivity associated with

reduced rainfall and increased evaporation.

Landsat7 data for 2005, which included six spectral

bands (0.45–0.52, 0.52–0.60, 0.63–0.69, 0.76–0.90, 1.55–

1.75 and 2.08–2.35 lm), were obtained as GIS layers,

with a 30 · 30 m pixel resolution. A GIS layer of the

Normalised Difference Vegetation Index (NDVI;

Rouse et al., 1974) was calculated. To accommodate

possible inaccuracies in bore locations and reflect the

forest area associated with a bore, pixel values were

converted to the average of the 3 · 3 array (0.8 ha)

surrounding a pixel.

In the past decade, modelling approaches based on

machine learning have been used successfully to

predict the nonlinearities and interactions of ecolog-

ical data (e.g. Leathwick et al., 2005; Moisen et al.,

2006). Four of these recent modelling advances were

used to assess which most successfully modelled SCS

from Landsat7 data. First, feed-forward, multilayer

perceptron artificial neural networks (ANN) learnt by

a back-propagation algorithm (Rumelhart, Hinton &

Williams, 1986) were used, because these make no

prior assumptions about the form of relationship

between input variables and distributions of data,

making this a powerful technique for finding patterns

in ecological data (Özesmi, Tan & Özesmi, 2006). The

other three modelling approaches use ensemble

regression tree methods: boosted regression trees

(BRT) (Friedman, 2001), random forests (RFs)

(Breiman, 2001) and Bayesian additive regressive

trees (Chipman, George & Mcculloch, 2006). Regres-

sion trees relate values of a response to its predictors

through a series of binary decisions or branches.

Regression trees are very flexible, automatically han-

dling nonlinear effects and interactions among pre-

dictors and usually excising unimportant predictors.

The prediction accuracy of regression trees is sub-

stantially improved by combining multiple, relatively

weakly fitting models. Boosting is a sequential

method of combining decisions rules, and BRT gen-

erally have very good prediction (Leathwick et al.,

2006). Random forests have similar properties to BRTs

except that each regression tree is grown from a
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random subset of predictors. A Bayesian additive

regression tree (BART) is a Bayesian ‘sum-of-trees’

model in which each tree is constrained by a regulari-

sation prior to be a weak learner. Fitting and

inference are accomplished through an iterative

Bayesian backfitting Markov chain Monte Carlo algo-

rithm that generates samples from a posterior distri-

bution, which allows assessment of prediction

uncertainty.

The ensemble regression tree models were fitted

with R packages (R Development Core Team, 2007):

gbm for BRT, randomForests for RF and BayesTree for

BART. We generally used default settings in each

package, but performed sensitivity analyses for the

number of regression trees and some other control

settings for each package. Model fits and relative

predictive performance were not substantially

affected by settings. For BRT, we used ‘out of bag’

(OOB) and cross-validation (CV) methods to find the

optimum number of iterations, with OOB producing

marginally better predictions. Artificial neural net-

works were built using the Neural Networks module

within Statistica (StatSoft Inc., Tulsa, OK, U.S.A.).

We evaluated and compared model fit using con-

ventional and unconventional R2 relating modelled to

observed stand conditions for two sets of models: (i)

the four models of the SCS (ANN, BRT, RF and BART)

for the model-building data and (ii) the same four

models for the validation sites (subsequent survey to

build data). For each of the data sets, we fitted

conventional (‘free’) linear regressions: Pi = a + bOi,

where P and O are the predicted and observed values,

a is the intercept, and b is the slope. Model fit can be

computed using the conventional R2 approach (sums

of squared deviations from fitted values divided by

sums of squared deviations from �P). However, in the

most useful models, a ” 0 and b ” 1 (i.e. there is

perfect agreement between the observed and pre-

dicted values, P and O). Therefore, we also con-

strained regression parameters to these values and

recomputed pseudo-R2 values, which need not lie

between 0 and 1 but will be very poor fits for values

£0. These are pseudo-R2 values because they are

calculated from the differences between observed and

‘ideal’ values, and not from observed and predicted

values used to calculate conventional R2 values.

We fitted free and constrained regressions using

Bayesian models in the WinBUGS software package

(Spielgelhalter, Thomas & Best, 2003). Regression

parameters were assigned uninformative normal

prior-probability distributions for the free regressions

for which we computed conventional R2 values. For

the constrained regressions, we assigned high-

precision (SD = 0.001), prior-probability distributions

with mean a ” 0 and mean b ” 1 and computed the

pseudo-R2 values. Within each set of comparisons, we

simultaneously fitted the four model regressions

(all share the same O-values) and constructed 95%

credible intervals of differences in model fit (either R2

or pseudo-R2 values). These were then used to rank

the relativities among models in relation to their fits.

The BART model was used to predict present (2006)

and past (1990) SCSs across the floodplain because of

its superior performance (see Results). The accuracy

of the BART model was further tested by comparing

its predicted extent of dieback with those of our

previous ANN model (Cunningham et al., 2009). We

were uncertain of the ability of the BART model to

predict stand condition in the past. Temporal com-

parisons of remotely sensed data (e.g. Landsat7

images) are hindered by differences in measurement

conditions (e.g. solar incidence angle, viewing angle

and atmospheric effects, Song & Woodcock, 2003). To

improve estimates of past condition in 1990, Landsat7

images were obtained for 1989 and 1991, the model

was used to predict condition in 1989 and 1991

separately, and the average values of the two years

were used to produce a map from which values for

each bore where obtained. The relationship between

past and present stand condition at the groundwater

bores was used to assess whether estimates of past

condition were reasonable.

Groundwater history

Historical data from 741 groundwater monitoring

bores within the study area were obtained from the

Victorian Department of Sustainability and Environ-

ment, Statewide Groundwater Management System.

Records for bores were of differing quality, but most

were monitored monthly for groundwater depth and

annually for groundwater salinity over a 20-year

period starting in 1987. Duplicate bores from the

same location were removed, with the bore closest to

the probable root depth (15 m) of mature E. camaldul-

ensis being retained. This ensured that salinity con-

centrations were representative of those experienced

by the roots and not of the salinity found at greater or
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lesser depths. The quality of the data was then

checked by removing bores that dried out, records

taken during maintenance work, records taken when

a bore was flooded, improbable records (e.g. >5 m

change in a month), readings near zero and readings

less than a month apart, to make data more consistent

among bores. After quality checking, only bores that

contained at least five records across the period 1990–

2006 were kept. The final data set used in the

modelling contained 289 bores, with depth data for

281 bores and salinity data for 254 bores.

Groundwater data from the bores showed curvilin-

ear increases and decreases or random variation over

a small range in depth and salinity between 1990 and

2006. To summarise these groundwater histories, a

cubic model was fitted to the depth and salinity data

for each bore using Bayesian model averaging in the

WinBUGS software package (Spielgelhalter et al.,

2003). These models were used to estimate the values

of depth and salinity in August 1990, in August 2006

(chosen to coincide with the field survey), maximum

and minimum values over the time period, change

between the maximum and minimum values, and the

rate of this change. For data that could not be fitted,

that is, bores with random changes over a small range,

mean values over the time period were calculated and

used as an estimate of all variables, with a change and

rate of change of zero.

Relationship between stand condition and groundwater

history

Stand condition was modelled from groundwater

history variables using Bayesian hierarchical model-

ling. Many of the groundwater variables were highly

correlated (R > 0.9), so variation among the ground-

water histories could be summarised by either (i)

depth and salinity in August 1990 and August 2006

or (ii) depth and salinity in August 2006, and the

change in depth and salinity since 1990. Conse-

quently, we explored two approaches for predicting

stand condition from groundwater conditions. First,

we used the groundwater conditions at the time

(including both data from 1990 to 2006) to predict

stand condition at a bore (current model). Second,

we used the changes in ground water between 1990

and 2006 to explain stand condition in 2006 as a

change from stand condition in 1990 (change model).

Using these two different approaches allowed us to

see whether including the past condition of the stand

and ground water was necessary to explain current

stand condition (change model) or it could be

explained simply by current groundwater conditions

alone (current model).

We rescaled the SCSs to range from 0 to 1 and

modelled the rescaled scores as a beta distribution.

This substantially improved the model fit relative to

the use of normal errors and ensured that predicted

values, once multiplied by 15, were within the original

condition scale (0–15). The beta distribution is defined

by two positive shape parameters, a and b, and these

were parameterised with a mean response (l) and a

precision parameter (h), so that the variance function

was var(y) = l(1-l) ⁄ (1 + h).

For the current model, the relationship between

stand condition and groundwater conditions was

modelled using data from 1990 to 2006 for each bore,

including terms to account for the known down-

stream decline in condition (Cunningham et al., 2009)

and temporal declines not related to changes in

ground water. The model was as follows:

yij ¼ CONDij=15

yij � b aij; bij

� �
aij ¼ lijh

bij ¼ ð1� lijÞh

log
lij

1� lij

 !
¼ /1 þ /2Ið2006Þ þ f1ðLONGITUDEiÞ

þ f2ðSALINITYij;DEPTHijÞ þ ei

varðyÞ ¼ lð1� lÞ
1þ h

ðCurrent modelÞ

In the current model, COND is the estimated SCS,

/1 is an intercept, /2 is the change in intercept from

1990 to 2006, which accounts for overall changes in

condition unrelated to salinity and depth, and I(2006)

is the intercept in 2006. The function f1() is a piecewise

linear spline with up to three free knots (changes in

slope), allowing the functional relationships between

stand condition and covariates to change longitudi-

nally, and f2() is a response surface, allowing for

interactions between salinity and depth, fitted by

combining additive and interactive piecewise linear

splines (each with up to three free knots) for SALIN-

ITY and DEPTH. A site random effect (�) was

included to account for within-site correlations.
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We also modelled stand condition in 2006 as the

change from stand condition in 1990 as a function of

longitude, groundwater conditions in 2006 and

changes in groundwater conditions since 1990. The

model was as follows:

yi ¼ COND06i=15

yi � b ai; bið Þ
ai ¼ lih

bi ¼ ð1� liÞh

log
li

1� li

� �
¼ /1

þ f1ðLONGITUDE06iÞ
þ f2ðSALINITY06i;DEPTH06iÞ
þ f3ðDSALINITYi;DDEPTHiÞ

þ log
COND90i=15

1� COND90i=15

� �

varðyÞ ¼ lð1� lÞ
1þ h

ðChange modelÞ

In the change model, COND90 and COND06 are

the SCSs for site i in 1990 and 2006, respectively, and

for the variables (var) LONGITUDE, SALINITY and

DEPTH, var06 and Dvar are the 2006 values and

changes from 1990 to 2006, respectively.

The current model was used to explore relation-

ships between ground water and stand condition

because of its superior ability to predict stand condi-

tion (see Results). Given that we expected the func-

tional relationships between stand condition and

covariates to differ among regions, we fitted separate

models for the four Bioregions (Murray Scroll Belt,

Robinvale Plains, Lower Murray Fans and Upper

Murray Fans). The fitted relationships between stand

condition and groundwater variables were visualised

with contour maps of stand condition predicted by

the model (simultaneously with model fitting) across

the full range of DEPTH and SALINTY values

observed in each Bioregion, holding LONGITUDE

constant at the Bioregion mean and using the 2006

intercept.

Results

Stand condition history

Stand condition was predicted from Landsat7 data

with different degrees of success using the four

different approaches (Table 1). Regression parameters

for predicted and observed stand condition for the

model-building data set suggest that the data were

best fitted by BART and worst by RFs (Table 1, Fig. 2).

However, all models deviated substantially from a

perfect agreement between observed and predicted

values (a = 0 and b = 1), with slopes well below unity

and intercepts above the origin. When regression

parameters were constrained (pseudo-R2), the BART

model remained the best fit while the performance of

RFs and BRT declined substantially. The BART model

was also the best (R2 = 0.58) for predicting stand

condition in the new sites from the validation survey

(Fig. 2). This model predicted stand condition from

Landsat7 reflectance data with the following order of

importance of bands: near infrared >> infrared >

NDVI >> far infrared > green > blue > red.

The BART model predicted extensive dieback of

river red gum across the Victorian Murray River
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floodplain, with 70% of the forest area containing

some degree of dieback in 2006 (Table 2). This is a

very similar figure to that predicted by the artificial

neural network, which used current and historical

Landsat data, climate, soils and tree density data

(Cunningham et al., 2009), but with slightly different

proportions of area in the four dieback classes. Both

models predicted a downstream decline in stand

condition (i.e. condition decreases from east to west)

of river red gum forests across the floodplain. Predic-

tions of stand condition in 1990 from historical

Landsat data using the BART model suggested that

the proportion of floodplain forest containing dieback

increased from 45 to 70% between 1990 and 2006. The

decrease in the area of good condition stands was

associated with an increase in the area of declining

condition stands. In 2006, good condition stands were

predominantly restricted to permanent (or manage-

ment flooded) wetlands and anabranch creeks and the

Murray River channel. For example, good condition

stands on Gunbower Island in the Middle Murray

retracted to the internal wetland systems, which

received managed floods, and the Murray Channel

(Fig. 3).

The BART model predicted that the majority (64%)

of stands adjacent to the groundwater bores had

declined in stand condition between 1990 and 2006.

In contrast, only 18% of stands had an increase of

more than one point in their SCS, and 18% of stands

had a change of less than one point. Downstream

stands (Murray Scroll Belt and Robinvale Plains) had

decreases in stand condition of around two points

whereas the condition of upstream stands was rela-

tively unchanged (Lower Murray Fans and Upper

Murray Fans, Table 3).

Relationships between stand condition and groundwater

condition

Groundwater history of the Victorian Murray River

floodplain varied spatially and temporally (Table 3).

In 2006, there was a trend for ground water to be

shallower and more saline downstream. From 1990 to

2006, the majority (83%) of monitoring bores increased

in depth by >50 cm, and few bores (8%) had

decreased in depth. In contrast, the salinity of most

bores (76%) changed by <1 mS cm)1 over this period.

Table 1 Results of linear regression anal-

yses of ‘predicted’ stand condition against

‘observed’ condition for the four models

of the original survey and validation data

sets

Model Slope Intercept R2 Pseudo-R2*

Original survey (model building, N = 140 sites)

ANN 0.75 ± 0.03 2.99 ± 0.46 0.673 ± 0.005 0.557 ± 0.003

BART 0.67 ± 0.03 3.41 ± 0.32 0.760 ± 0.003 0.581 ± 0.003

BRT 0.54 ± 0.03 4.81 ± 0.35 0.680 ± 0.005 0.178 ± 0.007

RF 0.56 ± 0.05 4.49 ± 0.49 0.527 ± 0.007 0.221 ± 0.003

Relativity BART > BRT >>

ANN > RF

BART > ANN >

RF > BRT

Validation survey (N = 42 new sites)

ANN 0.50 ± 0.07 4.94 ± 0.64 0.540 ± 0.024 )0.137 ± 0.002

BART 0.47 ± 0.06 5.24 ± 0.56 0.577 ± 0.022 )0.305 ± 0.002

BRT 0.38 ± 0.05 6.20 ± 0.47 0.551 ± 0.024 )1.382 ± 0.006

RF 0.49 ± 0.07 5.01 ± 0.61 0.559 ± 0.023 )0.183 ± 0.002

Relativity BART > RF >>

BRT >> ANN

ANN > RF >

BART > BRT

Modelling methods included artificial neural networks (ANN), Bayesian additive

regression trees (BART), boosted regression trees (BRT) and random forests (RF). Values

are means ± standard deviations. See Methods for explanation of pseudo-R2. *Intercept

constrained to 0 and slope constrained to 1.

Table 2 Percentage area in different stand condition classes

across the Victorian Murray River floodplain

Condition BART 1990 BART 2006 ANN 2006

Good 55.3% (34–79%) 29.6% (13–47%) 30.1 (0–60%)

Declining 34.7% (16–52%) 58.6% (34–83%) 53.5 (31–74%)

Poor 8.3% (5–12%) 11.2% (8–15) 10.6 (7–18%)

Degraded 1.6% (0–2%) 0.7% (0–1%) 4.1 (2–6%)

Severe 0.0% (0–0%) 0.0% (0–0%) 1.7 (0–2%)

Areas were predicted using a Bayesian additive regression tree

(BART) and artificial neural network (ANN) based on stand

condition data collected in 2006. Values are means with 25 and

75% credible intervals given in brackets.
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The ability to predict stand condition from ground-

water conditions depended on the groundwater vari-

ables included in a model (Table 4). Including

groundwater conditions (depth and salinity) from

both 1990 and 2006 (current model) gave more

accurate predictions (R2 = 0.88) of stand condition in

2006 than predicting the change to stand condition in

1990 from functions of groundwater conditions in

2006 and changes in groundwater conditions since

1990 (change model, Table 4). Agreement between

observed and predicted values of stand condition

deviated substantially from a perfect fit (a = 0 and

Table 4 Results of linear regression analyses of ‘predicted’

condition against ‘observed’ condition for stands at groundwa-

ter bores (N = 289) using the stand condition–groundwater

models, which were based on 1990 and 2006 groundwater con-

ditions (1 = current model) or 2006 conditions and the change

since 1990 (2 = change model)

Model Slope Intercept R2 Pseudo-R2*

1 0.72 ± 0.02 2.43 ± 1.47 0.881 ± 0.001 0.757 ± 0.002

2 0.79 ± 0.03 1.87 ± 0.23 0.777 ± 0.002 0.722 ± 0.002

Values are means ± standard deviations. See Methods for

explanation of pseudo-R2. *Intercept constrained to 0, and slope

constrained to 1.

Table 3 Changes in stand condition and groundwater conditions of bores from the Bioregions along the Victorian Murray River

Floodplain. Values are means ± standard errors

Bioregion N

Change in

stand condition

1990–2006

Ground water in 1990 Ground water in 2006

Depth (m) Salinity (mS cm)2) Depth (m) Salinity (mS cm)2)

Murray Scroll Belt 89 )2.0 ± 0.3 4.3 ± 0.2 26.3 ± 2.5 4.9 ± 0.2 32.0 ± 2.7

Robinvale Plains 60 )2.4 ± 0.3 4.6 ± 0.3 24.0 ± 2.7 5.8 ± 0.3 24.6 ± 2.8

Lower Murray Fans 34 0.0 ± 0.3 4.7 ± 0.5 16.3 ± 2.2 6.6 ± 0.5 18.7 ± 2.4

Upper Murray Fans 105 )0.6 ± 0.1 9.0 ± 0.4 2.5 ± 0.5 11.0 ± 0.5 2.8 ± 0.5

(b) Stand condition 2006(a) Stand condition 1990

Degraded (SCS = 3.1–6.0)Poor (SCS = 6.1–9.0)

Good (SCS = 12.1–15.0) Declining (SCS = 9.1–12.0)

Wetlands receiving 
managed floods 

Fig. 3 Stand condition at Gunbower Island in the Middle Murray predicted by the Bayesian additive regression tree model for (a)1990

and (b) 2006. Wetlands that have received managed floods since 2003 are indicated.
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b = 1) for both models, with slopes below unity and

intercepts above the origin. The current model

remained a better fit than the change model when

regression parameters were constrained (pseudo-R2).

The current model predicted that stand condition

decreased in all Bioregions as groundwater salinity

increased (Fig. 4). At moderate salinity levels (0–

15 mS cm)1), stands in the Upper Murray Fans had

larger declines in condition with increasing salinity

than the other Bioregions. At higher salinities (15–

50 mS cm)1), stands in the Murray Scroll Belt had

smaller decreases in condition with increasing salinity

than those in other Bioregions with high salinities

(Robinvale Plains and Lower Murray Fans).

The relationship between stand condition and

groundwater depth varied along the Murray River

floodplain (Fig. 4). In the Upper Murray Fans, stands

were generally in declining condition (SCS = 9.5–

11.0), with the highest declines occurring when

ground water is deep and moderately salty

(depth = 20 m, salinity = 15 mS cm)1). Stands in the

Lower Murray Fans were also in declining condition,

but the decline was weakly associated with ground-

water depth. Stands in the Lower Murray (Robinvale

Plains and Murray Scroll Belt) were predominantly in

poor condition (SCS = 6.0–8.0). In the Robinvale

Plains, declines in condition were also associated

weakly with groundwater depth at salinities similar to

those in the Lower Murray Fans (<30 mS cm)1).

However, when groundwater salinity exceeded that

of seawater (30 mS cm)1), stand condition declined

with increasing depth and salinity. The response of
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Fig. 4 Relationships between groundwater condition (depth and salinity) and forest dieback predicted by the ‘current’ model for
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Predictions are only presented for values within the range of the groundwater bore data.
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stands in the Murray Scroll Belt differed from other

Bioregions in showing improvements in condition

when ground water became deeper, as well as when

ground water was fresh and shallow (depth <2 m,

salinity <15 mS cm)1).

An overall decrease in stand condition of two points

was predicted by the change model with decreasing

longitude. This reflected the substantial change in

condition of stands surrounding groundwater bores

in the Lower Murray (Robinvale Plains, Murray Scroll

Belt) between 1990 and 2006, while stands in the

Upper Murray (Upper and Lower Murray Fans)

changed little (Table 3). The majority of this decline

in stand condition in the Lower Murray could be

explained by changes in groundwater conditions,

with only half a point of the overall change being

unexplained (Table 5).

Discussion

Dieback of E. camaldulensis stands along the Murray

River floodplain was extensive and expanding rapidly

(Table 2). Our previous work quantified the spatial

extent of dieback in E. camaldulensis stands along the

Murray River floodplain (Cunningham et al., 2009),

but we had no information on the temporal decline.

Both the present BART model and our previous

artificial neural network (Cunningham et al., 2009)

estimated that 70% of the area containing E. camal-

dulensis stands was in some state of dieback (an

average tree has lost more than 20% of its potential

crown) in 2006. The extent of dieback had increased

greatly between 1990 and 2006, from 45 to 70% of the

area covered by E. camaldulensis stands on the flood-

plain. Productivity of E. camaldulensis forests is known

to depend on additional water from surface flooding

and ground water (Bacon et al., 1993; Mensforth et al.,

1994). Therefore, this decline in stand condition

probably resulted from decreased water availability

across the floodplain because of continued extraction

of water for human uses (56% reduction in historical

discharge of the river, Thomson, 1992) and the

associated reduction in flooding frequency (35–62%

of historical, MDBC, 2005a), during a period with two

droughts (1991–1995, 2001–2007) and record low

inflows (Cai & Cowan, 2008).

Over the period 1990–2006, the extent of dieback of

E. camaldulensis stands differed across the floodplain

and within a Bioregion (Table 3; Fig. 3). Stands in the

Lower Murray were estimated to have had substantial

decreases in condition over this period while those in

the Upper Murray had changed little (Table 3). The

large declines in stand condition in the Lower Murray

were related to the larger declines in flooding

frequency (from 76 to 35 year per century) compared

with the Upper Murray (from 92 to 57 year per

century; MDBC, 2005a). Stands in the upper flood-

plain (Lower and Upper Murray Fans) showed little

change in stand condition (Table 3; Fig. 4), suggesting

that the higher annual rainfall (360–710 mm per year)

in this area over the period compensated partially for

the lowered flooding frequency. Within a Bioregion of

the floodplain, good condition stands were predicted

to be restricted in 2006 to areas near permanent

waterbodies or receiving regular managed flooding

(Fig. 3). This suggests that managed flooding is an

effective method of mitigating dieback and that stands

on floodplains not receiving managed floods will

continue to decline in the future.

Condition of E. camaldulensis stands along the

Murray River floodplain was predicted successfully

from the six reflectance bands of Landsat data from

the current year only using a BART model. Reflec-

tances in the near infrared and infrared, which are

sensitive to vegetation structure and vegetation mois-

ture, respectively, explained most variance in stand

condition. Although dieback in other forest types has

been modelled successfully using remotely sensed

data (R2 > 0.75), such models have been based on

limited surveys (N < 20 sites, e.g. Hall et al., 2003) and

their predictive power beyond the original sites was

not validated. Here, we successfully built a model of

forest dieback using Landsat data only (R2 > 0.76)

with demonstrated predictive power (R2 = 0.58)

Table 5 Intercepts for the current model for the Bioregions

along the Victorian Murray River Floodplain. Model intercepts

in 1990 (/1) represent stand condition in 1990 under the mean

groundwater conditions across a Bioregion. The changes in

intercepts between 1990 and 2006 (/2) represent the overall

change in stand condition that is unrelated to groundwater

conditions

Bioregion

Intercept

1990 (/1)

Change in

intercept (/2)

Murray Scroll Belt 1.22 ± 1.25 )0.54 ± 0.08

Robinvale Plains 0.72 ± 0.87 )0.63 ± 0.09

Lower Murray Fans 0.20 ± 1.55 0.03 ± 0.10

Upper Murray Fans 1.19 ± 0.67 )0.17 ± 0.04
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shown by a validation survey conducted in new sites.

We have previously modelled stand condition over

this floodplain using a suite of current and historical

environmental variables, which included remotely

sensed and spatially modelled data, using an artificial

neural network (R2 > 0.78; Cunningham et al., 2009).

The simpler BART model has the advantage of being

able to predict past stand condition using historical

Landsat images and could potentially be used to

predict stand condition in the future as data become

available. Although the model was validated by a

survey of new sites 6 months after the original survey,

the robustness of the model to predict stand condition

from other years (past or future) of Landsat data can

only be validated by a survey in the year to be

predicted. It is likely that this approach would be

transferable to any wooded vegetation, thus provid-

ing a valuable tool for regularly monitoring stand

condition over large spatial scales.

High-resolution maps of forest condition allowed

us to investigate potential predictors of forest dieback.

The stand condition–ground water model presented

here predicted how ground water affects the condi-

tion of forests, unlike most models that simply predict

the distribution of species or community types from

groundwater conditions (e.g. Lite & Stromberg, 2005).

Strong relationships between ground water and die-

back have not been found in other forest types

(e.g. Horton, Kolb & Hart, 2001). Previously, forest

dieback has only been successfully predicted from

ground water when qualitative classifications (dead,

poor and good) had been used (e.g. Overton et al.,

2006). Our modelling showed that stand condition

was predicted more accurately using current ground-

water conditions only (current model) than by includ-

ing past groundwater and stand conditions (change

model; Table 4). Our model also achieved this on the

scale of a whole floodplain, incorporating a wide

range of groundwater depth and salinity, instead of

the smaller areas used in other studies (e.g. De Becker

et al., 1999). This approach revealed that the response

of a tree species to groundwater conditions can vary

across a floodplain (Fig. 4).

Stand condition declined with increasing ground-

water salinity across the floodplain (Fig. 4). Ground-

water depth moderated the response of stands to

salinity and the relationship differed among Bio-

regions. In the Upper Murray, where the ground

water is predominantly fresh (<15 mS cm)2), dieback

also increased with increasing groundwater depth,

particularly once it was below 10 m (Fig. 4d). This is

similar to dieback on floodplains of the south-western

United States, where ground water is naturally near

the surface (e.g. Rains et al., 2004; Lite & Stromberg,

2005), although dieback occurs at much greater

groundwater depths. Dieback in these situations is

likely to be a result of the ground water retreating to

below the effective root zone or at a rate faster than

the roots can grow, with roots of E. camaldulensis only

recorded down to 9 m in this region (Davies, 1953). In

contrast, there was little depth effect on dieback in

stands of the Lower Murray Fans and Robinvale

Plains, except for at high salinities (>30 mS cm)1)

where depth exacerbated the salinity effect (Fig. 4b,c).

This suggests that the ground water (<12 m) was not

below the root zone in these Bioregions and that trees

are sensitive to groundwater salinities above seawater

(>30 mS cm)1) in these regions. In contrast, the

condition of stands in the Murray Scroll Belt was

improved as the depth of the ground water exceeded

6 m (Fig. 4a). This reflects the highly saline

(>30 mS cm)2) nature of ground water in this region,

so stand condition is likely to improve when ground

water is below the root zone. These regional responses

of a species to groundwater conditions suggest that

models based on river sections cannot easily be

applied to the whole floodplain.

A distinct groundwater threshold above which

forest dieback occurred was not found on this

floodplain. Although thresholds have been claimed,

forest dieback on other floodplains has shown poor

relationships (R2 > 0.5) with groundwater depth

(Horton et al., 2001) and salinity (Taylor et al.,

1996). Even under favourable groundwater condi-

tions (fresh and shallow), stands of E. camaldulensis

showed a decline in stand condition (SCS = 7.5–11.0,

Fig. 4). This observed dieback under favourable

groundwater conditions suggests that E. camaldulen-

sis floodplain forests cannot be sustained by ground

water alone and require adequate rainfall and flood-

ing.

The condition of floodplain forests is likely to be

driven by the interaction of ground water with

flooding, rainfall and soil type. For example, highly

saline groundwater conditions would be compensated

by adequate flooding and ⁄or rainfall, which would

freshen surface soil and reduced reliance on ground

water. However, limited leaching of salt from the soil
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profile and little recharge of ground water have been

observed following an extensive flood in the Lower

Murray (Jolly, Walker & Narayan, 1994). Even with a

lack of interaction between surface flows and ground

water through the soil, the preferential use of surface

water by floodplain trees (Mensforth et al., 1994) may

allow flooding and rainfall signals to be picked up

from groundwater history. Groundwater conditions

can be mediated by soil texture, with clays holding

more water and having a larger capillary fringe

(Fetter, 2001) whereas sands have a higher infiltration

rate allowing higher leaching of salts (Akeroyd et al.,

1998). Our understanding of forest dieback on flood-

plains would be improved greatly by accurate map-

ping of flood history and soil type. In the absence of

this detailed information, our model suggests that

groundwater condition can explain adequately

(R2 = 0.88) patterns of forest dieback on floodplains.

Groundwater conditions below E. camaldulensis

stands have an important role in the dieback of these

floodplain forests. The model shows that dieback was

higher in the Lower Murray when ground water was

shallow but saline, whereas dieback increased in the

Upper Murray as the fresh ground water dropped

(Fig. 4). This suggests that changes in groundwater

conditions could be used as an early warning system

for dieback. Accurate mapping of salinity (e.g. air-

borne electromagnetic surveys) and a more extensive

system of boreholes would reveal the vulnerability of

areas to dieback. This information could then be used

to prioritise those areas that should receive the limited

water available for managed floods.

In the absence of adequate flooding, shallow, saline

ground water could be lowered temporarily through

pumping. However, in the long term, these areas

require extensive perennial planting of the recharge

zone and regular lowering of water levels in dams.

In contrast, deep ground water can only be raised by

the addition of water. Ultimately, regular flooding of

the floodplain is required to freshen salty ground

water, raise deep ground water closer to the root zone

and, therefore, mitigate the dieback of floodplain

forests. By 2030 in south-eastern Australia, climate

change is predicted to reduce water availability

further by rising temperatures (1–1.5 �C and conse-

quently increasing evaporation) and decreasing an-

nual rainfall (2–5%) (CSIRO & Australian Bureau of

Meteorology, 2007). This suggests that flooding fre-

quencies will be further reduced, and the substantial

declines currently observed in the Lower Murray may

progress upstream.

This study shows that an accurate understanding of

the drivers of forest dieback is best achieved at spatial

and temporal scales representative of the problem.

The current extent of forest dieback on the floodplain

was mapped at high resolution (30-m pixel) across a

large spatial domain (100 000 ha). This was achieved

by combining an extensive ground survey of stand

condition with Landsat imagery, using several mod-

elling approaches whose predictive power was

assessed by a subsequent validation survey. The use

of historical data (Landsat images for stand condition

and monitoring bores for groundwater conditions)

was invaluable in quantifying the influence of

groundwater conditions in this forest dieback. The

response of river red gum to groundwater conditions

was shown to differ regionally across the extensive

Murray River floodplain. This improved understand-

ing of the interaction between stand condition and

ground water will help guide efficient use of the

limited water available to mitigate dieback under a

drying future.
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