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ABSTRACT 

Wetlands in managed catchments are indispensable environmental assets, but they are often 
under stress due to competition for water allocations with irrigation and town supply. Network 
Linear Programming (NLP) is a powerful tool that is widely used to manage water supply 
networks, and extensions of this methodology to natural systems can have substantial benefits, 
particularly in semi-arid climates. The Macquarie Marshes, a wetland in semi-arid Australia 
is a Ramsar site that hosts a variety of plants, birds, fish, and invertebrates that makes it an 
extremely important environmental asset. The state of the wetland vegetation responds to the 
inundation regime, and predictive models of wetland vegetation response can be obtained 
using spatially distributed hydrodynamic models. However, hydrodynamic models are 
computationally demanding, making them unsuitable for the assessment of a large number of 
scenarios. Here, we present the implementation of a hydrodynamic emulator in WATHNET5 
model, an existing NLP tool with side constraints that has been widely used for optimising 
water distribution systems in Australia. The wetland was divided into patches of homogeneous 
vegetation and incorporated as reservoirs in WATHNET5. Hydrological characteristics of the 
reservoirs, which were obtained based on a 2D hydrodynamic model previously developed for 
the wetland, are incorporated in WATHNET5 to route the flow between reservoirs. Simulations 
over a 27-year period (1991-2018) were carried out and the NLP model results were compared 
with the hydrodynamic model. We found that the model adequately emulate the flows and 
volumes in the Macquarie Marshes with Nash–Sutcliffe efficiency coefficients above 0.7. 
Regarding computational requirements, WATHNET5 is extremely efficient as simulations for 
the 27-year period take less than a minute, whereas a hydrodynamic model takes up to 400 
hours. The NLP model will be used to help identify long-term management decisions that can 
improve system resilience under an uncertain future climate. 

 

 



 

INTRODUCTION 

Wetlands are essential environmental sites for biodiversity conservation, living space and recreation, 
food production, organic carbon storage, water purification and ground water table recharge (Junk et 
al., 2013). Even though their importance is recognized and some of them are protected by national or 
international agreements/laws, they are threatened by anthropogenic pressure and competition for water 
with agriculture and consumption uses. 

The study of wetland water dynamics has been normally performed using hydrodynamic models. For 
example, Wilson et al. (2007) implemented the 2D hydrodynamic model LISFLOOD-FP to the central 
Amazon flooded wetlands inn Brazil, in order to improve estimations of the hydrological fluxes. Karim 
et al. (2012) analyzed the wetland connectivity using a hydrodynamic model (MIKE 21) in the Tully–
Murray catchment, north Queensland, Australia. Popescu et al. (2015) applied a 3D hydrodynamic 
model to support decision making in the Sontea-Fortuna wetland, a deltaic ecosystems between 
Romania and Ukraine. Wester et al. (2018) employed a quasi-2D modelling to capture the interaction 
between river discharge and moon tides in the Lower Parana River Delta, Argentina. However, 
hydrodynamic models are computationally demanding and complex, making them unsuitable for the 
assessment of large number of solutions, with long computational times limiting the number of years 
that can be analyzed for long term effects (e.g. climate change). Additionally, considerable amount of 
input and output data (e.g. bathymetries, digital elevation models, land use maps for roughness 
coefficients, upstream and downstream hydrological information, and gridded information of output 
flows, velocities and water depths) restricts the number of simulations/scenarios that can be run due the 
labour and computational resources needed. 

Therefore, a quick emulator that can represent wetland hydrodynamics and be used to support the day-
to-day management and operation and long-term planning is needed. Network Linear Programming 
(NLP) is a method has been used in water management to optimize the operation of water supply 
networks (Singh et al., 2018). In NLP, water systems are represented in terms of nodes (storage areas) 
and arcs (conduits or streams), subject to constraints in arc capacity to determine the flows and storages 
in the system. Here we used WATHNET (Kuczera, 1992) a NLP with side constraints that relies on 
user-defined algorithms that allows for the emulation of wetland hydrodynamics. The side constraints 
are conditions that should be satisfied in the solution of the system. The objective of this paper is to 
reduce simulation complexity and computational time by emulating water dynamics in the Macquarie 
Marshes using WATHNET with side constraints. We first use our approach to determine two models 
with different amount of nodes and arcs and investigate their capability to emulate hydrodynamics, 
compared against a Quasi-2D Hydrodynamic model. 

METHODOLOGY 

Study Site 

The Macquarie Marshes (referred as the Marshes thereafter) are a Ramsar-listed wetland located in the 
Murray-Darling Basin (MDB), the largest river basin in Australia (see Figure 1). This area has a semi-
arid climate with mean annual rainfall and evapotranspiration of 440 mm and 1.800 mm respectively 
(BoM, 2010). The Marshes comprise semi-permanent to ephemeral wetlands and extensive floodplains 
that support a wide variety flora (river red gum, black box, coolibah, water couch, common reed, and 
mixed marsh) and fauna (birds, fish, reptiles, aquatic macroinvertebrates, bats, kangaroos, wallabies, 
and marsupials) (Kingsford et al., 1998; Roberts et al., 2011; OEH, 2012; Rayner et al., 2015). The 
Marshes are regulated by the discharges at Burrendong Dam along with flows from unregulated 
tributaries that nourish the Macquarie River in its transit from the dam to the Marshes. The selected 
modelling area corresponds to the Ramsar site known as the northern Macquarie Marshes and comprises 
an area of 124 km2. 



 

Figure 1. Macquarie Marshes location and selected modelling area. 

 

Network Linear Programming (NLP) with side constraints 

Network models are a common way to represent systems and their relations in terms of nodes and arcs. 
In the case of wetlands, the nodes represent storages, while the arcs are the conduits or streams that 
transport the flow between the nodes. NLP constitute efficient algorithms to solve network models and 
can be used to minimize the cost of transporting the flow through the system, subject to restriction in 
the capacity of the arcs. The formulation of the problem can be described as: 
   

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑐 𝑥  

 
Subject to: 
                                                          ∑ 𝑥 ∑ 𝑥 𝑉     Nodal mass balance 
 

                                           0 𝑥 𝑢          Capacity constraints 
 

                                       𝑥 𝑔 𝑉               Side constraints 
 

  𝑖 1,2, . . . , 𝑛; 𝑗 1,2, . . . , 𝑛; 𝑘 1,2, . . . , 𝑛   
 

Eq.1  

Where, 𝑐  are the cost of sending flow form one node to another, 𝑥  denotes the flow to node 𝑖 from 
node 𝑗, 𝑥  is the flow to node 𝑘 from node 𝑖, 𝑉  is the net flow at the node 𝑖, 𝑢  is the maximum flow 
capacity of the arc and 𝑔  is the fraction of the net flow that goes to the node 𝑘 from node 𝑖. The cost 
(𝑐 ) are assumed to be equal in the entire network so no preference paths are created and there are equal 
incentives to flow along any arc of the network. The flows and volumes (𝑥 and 𝑉 ) are obtained by 
solving the problem that satisfy the mass balance and capacity and side constraints of the network. 𝑔  
is obtained from volume vs flow relationships (explained in the next section) and the implementation 



of these side constraints allows the emulation of the dynamics that are present in dry wetland systems. 
Notice that NLP performs a flow-balance equation for each node in the network that warrants mass 
conservation (first term of the summation represents the input flows, while the second is the output 
flows). These network models can be written in a matrix form and solve using efficient algorithms for 
their solution (e.g. simplex method, primal-dual among others) to determine a near-optimal solution. 

In this study, we use WATHNET (Kuczera, 1992), a NLP with side constraints that has the advantage 
of relaying on user-defined algorithms/scripts to define the dynamics of the system. In our case, scripts 
are used to dynamically set side constraints, which allows to split the flows that exit the nodes depending 
on the storages of the system. Using side constraints in WATHNET has been previously tested (Borwell 
et al., 2015).  

In order to determine how the amount of nodes and arcs can affect the representation of the 
hydrodynamics of the system, we divided the modelling area into 49 and 17 patches (nodes). The 
patches are selected based on homogeneous vegetation (river red gum or non-woody vegetation) 
derived from spatial distribution of vegetation gathered by Wilson (1992); Bowen et al. (2017) and 
using a criteria similarly to (Sandi et al., 2020). ArcMap 10.3.1 was used to generate spatial 
georeferenced data of the patches that were compared with flow gridded results of the Quasi-2D 
Hydrodynamic model (explained in a later subsection) to determine the connections (arcs) between the 
patches. We found 125 arcs and 53 arcs for the 49 and 17 patches model, respectively (see Figure 2). 

 

Figure 2. Representation of the Macquarie Marshes in NLP. Left: 17 patches. Right: 49 patches. 
Light green symbolize patches of non-woody vegetation, while dark green represent river red 

gum patches. 

 

Wetland’s Hydrodynamics 

As mentioned in the previous subsection, WATHNET capability to use side constraints is tested in this 
study in order to emulate the hydrodynamics of dry wetlands. The side constraints consist on 
determining the fraction of flow that exit the node each time step. This is obtained using volume vs flow 
relationships results of a previously implemented quasi-2D hydrodynamic model. Each time step, 
WATHNET determines the fraction of the flow that goes to the adjacent connected patches (𝑔  term 
shown in equation 1), based on the initial patch volume and the corresponding flow obtained from the 
volume vs flow relationships. 𝑔  is computed as the ratio of the flow obtained from the volume vs flow 
relationship and the initial patch volume. 

The volume vs flow relationships were obtained from daily cellular water volumes and flow results 
from the quasi-2D hydrodynamic model. The volumes were calculated by adding the volumes of the 



cells that fall inside each patch. Similarly, flows from each patch to its neighbors were obtained 
aggregating the flow in the boundary cells between patches. This procedure was performed daily for 27 
years of available results using scripts created in python, in order to create the volume vs flow 
relationships for each of the models of 49 and 17 patches. Notice that a volume vs flow relationship 
was generated for each of the arcs that are shown in Figure 2. 

Quasi-2D Hydrodynamic model 

In this study, we used a quasi-2D hydrodynamic model previously implemented for the Marshes by 
(Sandi et al., 2019). The quasi-2D hydrodynamic model solves the shallow flow differential equations 
for the conservation of mass and momentum using a finite differences method. This model was 
originally developed by Riccardi (2000) and was previously successfully tested simulating floodplain 
inundation (Garcia et al., 2015; Stenta et al., 2017). The hydrodynamic model for the Marshes uses a 
cellular domain with a resolution of 90 × 90 m (40.096 cells) and was calibrated using water depths and 
inundation footprints derived from satellite data (Sandi et al., 2019). The results of water depths, 
volumes and flows in each of the cells were available in a daily time step for 27 years. 

Model inputs 

Daily time series from Pillicawarrina gauging station obtained from the WaterNSW continuous water 
monitoring network (https://realtimedata.waternsw.com.au/). Inputs cover the period 
from 1991 to 2018, which includes the millennium drought (from 2000 until 2010) and large flooding 
events in 1991, 2000 and 2010. 

 

RESULTS  

Simulation Times 

Simulations in WATHNET5 are extremely efficient computationally when compared with the quasi-
2D hydrodynamic model (see Table 1). Sandi et al. (2019), conducted simulations for the Marshes over 
a period of 27 years (1991 to 2018). Each year of simulation takes 12 to 18 hours to run in a standard 
desktop computer (CPU 3.4 GHz, RAM: 16.0 Gb). For the same 27 years period, and using the NLP of 
49 patches, the time is reduced to 60 seconds, while for the NLP of 17 patches the time is only 30 
seconds.  

 
Table 1. Comparison of simulation times for the period 1991-2018 between hydrodynamic and 
NLP model 

Model Simulation time (seconds) 

Hydrodynamic 1.56x106 (Sandi, S. G. et al., 2019) 

NLP – 49 Patches 60  

NLP – 17 Patches 30 

 

Flows 

The comparison of the main outflows for the NLP models and the hydrodynamic models depicted in 
Figure 3, show a great potential of the NLP to emulate flows in the Marshes. For the main outflows in 
the Marshes (northwest, northeast and west), there is an overall fit above 0.73 Nash-Sutcliffe efficiency 
(NSE) for the NLP model of 49 patches and 0.86 NSE for the NLP model of 17 patches. It can be seen 
that the NLP models adequately emulate the floods in 1999, 2000-2001, 2010-2011, 2012-2013 and 
2016, and the droughts between 2001-2010 and 2013-2015. Hence, the NLP is not only faster, but it 
has a great potential for simulating the flow dynamics of dryland wetlands under flood and drought 
conditions. Additionally, it can be noticed, that the model with 17 patches performed better than the 
one with 49 patches. It can be explained by the fact that the 17 patches model emulate better low and 
medium flows resulting in a higher NSE when compared with the 49 patches model, which performs 
better for high flows. This result indicate that more complexity in the model, represented by more arcs 
and nodes, does not necessarily improve the accuracy of the results. 



 

Figure 3. Comparison of the main output flows for the NLP model of 17 patches (NLP17), NLP 
model of 49 patches (NLP49) and the hydrodynamic model (HD). 

 

Volumes 

We now consider the volumes that are stored in the Marshes and compare them with the hydrodynamic 
model. Figure 4 shows that both NLP models can emulate the volumes stored in the Marshes with 
accuracies above 0.78. For the 17 patches model, the NSE is on average 0.9 ranging from 0.9 to 0.99. 
meanwhile, the average NSE for the 49 patches model is 0.82 and it varies from 0.61 to 0.97. It can be 
noticed that the accuracy slightly decreases from south to north, but even in the worse cases, the 
accuracy is satisfactory. Moreover, it can be observed there is a good match in the medium and low 
flows but an underestimation in the peak flows. The underestimation of the peaks is not serious, because 
it shows a systematic error that can be easily amended with multiplicative factors applied for high flows.  



 

 

Figure 4. Flows along the modelling area for the NLP of 49 and 17 patches compared with the 
hydrodynamic model. 

 

DISCUSSION 

Our result showed that NLP emulates the hydrodynamics up to 26.000 and 52.000 times faster than the 
hydrodynamic model for the 49 and 17 NLP models, respectively, which is an exceptional reduction in 
computational cost. Even though models have been improving their algorithms and processors have 
been developing rapidly, computational time to run these models is still a substantial constraint. Yang 
et al. (2012) simulated the hydrodynamics in the Skagit River estuary and its upstream river floodplain, 
in the USA, using a three-dimensional estuarine and coastal ocean model (45.000 triangular cells). One 
month simulation took around 12 hours in parallel mode with 72 processors. Schumann et al. (2013) 2‐
D hydrodynamic model Lower Zambezi River, Mozambique, 1 km2 grid resolution, 15 minutes on a 2 
× 2.93 GHz PC with 8 GB of RAM for seven months. Wilson et al. (2007) used a 2D hydrodynamic 
model of the central Amazon floodplain in Brazil, a time step of 20 seconds for the full 32 month 
simulation period, grid of 900 × 460 cells, spending 14 days on a 3.0 GHz PC. Neal et al. (2018) tested 
an optimized version of LISFLOOD-FP (2D model) against the original model for 12 different cases. 



The biggest case was an area of a 16.300-km2 north west of Oklahoma City in the USA. This model 
had 23.040 cells, a minimum time step of 1 second and was run for 4 days on a 16 × 2.6 GHz PC with 
4GB/core of RAM. The original version took 476 hours while the optimized took 76 hours. It can be 
noticed, that even though there have been extraordinary reductions in simulations times on 
hydrodynamic models, the times are considerably high and a use of a simpler but fast emulator is 
justified. 

We found a good performance on both NLP models when comparing the flows and volumes against 
the hydrodynamic model but with less computational effort. The potential and applicability of the 
methodology presented in this study is noticeable considering that NLP adequately emulates a quasi-
2D hydrodynamic model, which was validated and calibrated with gaging data and satellite-derived 
inundation maps from Landsat images (Sandi et al., 2019). High accuracy in the NLP and fast running 
times could be advantageous to perform thousands of repetitions which are required for system 
optimization purposes and determination of environmental flows. For example, Yang (2011) 
implemented a multi-objective optimization model to meet the environmental flow in the Yellow River 
Delta, China. Using a hydrodynamic model, which run simulations in terms of hours or days, make an 
optimization approach impractical. Additionally, NLP is simpler to operate; only require an input 
hydrograph to perform a simulation and does not need considerable amount time to process the model 
outputs. Its simplicity makes it an ideal tool for the use in the day-to-day operation of wetlands in a 
managed catchment, because NLP could analyze the response of vegetation under different 
environmental water releases due the correlation of vegetation condition with water regime (Roberts et 
al., 2011). Finally, NLP can be used to analyze climate change scenarios or long term projections; 
studies that consider climate change conditions also require computationally fast models to run long 
term projections (50 years or more) and consider multiple possible scenarios (e.g. variability in 
frequency and magnitudes of flows), which again are computationally demanding for traditional 
models. 

CONCLUSION 

The network linear programming proved to be a versatile tool to simulate hydro dynamics of dryland 
wetlands and it might be a convenient approach in cases where speed or computational efficiency are 
limiting factors. Future investigations of wetland ecosystems that consider multi-objective optimization 
and climate change scenarios may benefit from this methodology. 
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