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Abstract: An Environmental Decision Support System (EDSS) can be used as an important tool for 

rehabilitation and preservation of ecosystems. Nonetheless, high assimilation costs (both money 

and time) are one of the main reasons that these tools are not widely adapted in practice. This work 

presents a low-cost paradigm of "EDSS as a Service", this paradigm is demonstrated for developing 

Water Quality EDSS as a Service that utilizes the well-known CE-QUAL-W2 model as a kernel for 

deriving optimized decisions. The paradigm is leveraging new open-source technologies in soft-

ware development (e.g. Docker, Kubernetes, and Helm) with cloud computing in order to signifi-

cantly reduce assimilation costs of the EDSS for organizations and researchers working on rehabil-

itation and preservation of water bodies. 
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1. Introduction 

Rehabilitation and preservation of ecosystems is an important goal to achieve glob-

ally. There are multiple incentives for meeting this goal, such as preserving biodiversity, 

mitigating climate change, and assuring future generations can enjoy clean air, land and 

water. Among the ecosystems that need preservation or recovery efforts are wetlands. 

Wetlands include a wide variety of habitats such as marshes, peatlands, floodplains, riv-

ers, and lakes. Human-made wetlands can also be found in the form of reservoirs or 

wastewater treatment ponds [1]. Management of water quantity and quality play an im-

portant part in these conservation efforts. Environmental agencies usually include in their 

guidelines the need for stakeholder involvement in the decision-making process [1,2]. A 

common tool that can be used to engage stakeholders in the decision process is a Decision 

Support System (DSS). Specifically, in the case of environmental usage, the tool is often 

called an Environmental Decision Support System (EDSS). In water quality related issues, 

a water quality model can be used as a kernel in the EDSS that can guide recommenda-

tions to stakeholders. The recommendations may include impacts of changes in flow 

quantity and water quality, managing day-to-day operations of hydropower dams under 

environmental restrictions, or responding to an unexpected pollution event.  

To meet conservation efforts in wetlands, environmental agencies often recommend 

developing EDSSs to guide the decision making process and facilitate the stakeholders' 

engagement [1]. These EDSSs are part of a holistic system for the allocation and manage-

ment of water that aims at maintaining wetland ecosystem functions. Nevertheless, such 

tools are still not widely adopted in practice. The following factors make an EDSS expen-

sive (in resources and time) to implement: (1) Model assimilation and calibration; (2) Soft-

ware development for the implementation and maintenance of the EDSS; (3) Computer 

resources needed for the model computation and hosting the EDSS application (the in-

stallation of the software on a computer or a server). 
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This study shows how the last two challenges could be addressed using a low-cost 

implementation that leverages new open-source technologies in software development 

(e.g. Docker, Kubernetes, and Helm) and cloud computing. We demonstrate a Water 

Quality EDSS that uses the CE-QUAL-W2 model [3] as a kernel to explore water quality 

changes as a result of different management decisions. 

The choice of using the CE-QUAL-W2 model was based on a simple approach for 

selecting a water quality model from Mateus [4]. This approach was based on a systematic 

review of the main available models. The review consisted of the model abilities, dissem-

ination and publications, and the usage experience. In all categories, CE-QUAL-W2 model 

was ranked first. CE-QUAL-W2 can simulate rivers, lakes, reservoirs, and estuaries [3], 

thus when used as a kernel in an EDSS it allows decision support for multiple types of 

wetlands. This model is open source; this means that there is no need to invest money in 

buying licenses to use the model, and users that are familiar with software programming 

can add features. Mateus [4] also notes that CE-QUAL-W2 simulations are relatively fast 

and require low computational power compared to other models. The model input and 

output are all text file based. The model itself is an executable that can be run without a 

need to interact with a Graphical User Interface (GUI).  This design of the model acts as 

a simple external Application Programing Interface (API) that allows another software 

program (e.g. EDSS) to change the inputs, execute the model, and analyze the results. CE-

QUAL-W2 was implemented in over 2,000 sites in 116 countries [5]. The source code is 

actively maintained with bug fixes and new features by Portland State University. 

As a result, we choose the CE-QUAL-W2 model as the kernel of our EDSS. The main 

objective of a water quality EDSS is to provide a simple interface for stakeholders to better 

plan future projects in the wetland or handle the day-to-day operations of the wetland. 

Using CE-QUAL-W2 for decision making is not new, attempts have been made over the 

years to use the model in decision making contexts. 

For example, Eturak [6] used the model as an EDSS to understand the impact of the 

planned “Buyuk Melen” reservoir and its watershed in Turkey. As the reservoir was still 

in the planning stages, there was no option to calibrate the model. Thus, the setup of the 

model was done according to the best knowledge that was available at the time. Next, a 

few scenarios with different flow volumes to the reservoir from domestic and industrial 

wastewater were chosen and their simulations executed using the model. Later, the results 

were compared and graphed for the stakeholders to engage a discussion around the im-

plications of different scenarios.  

The manual approach of Eturak [6], where a modeler familiar with CE-QUAL-W2 

can provide the needed analysis, highlights several drawbacks: (1) Execution of the dif-

ferent scenarios needs continuous involvement of the modeler in the process: setting up 

the different inputs, executing model runs, and then comparing the results. Thus, the 

modeler must be involved in each scenario proposed by the stakeholders. This increases 

the cost of using the EDSS and makes the discussion/involvement of the stakeholders 

more difficult; (2) The manual process is time-consuming. The stakeholders will need to 

wait for a report from the modeler for each of their scenario requests. This does not allow 

for an active discussion in which scenarios are refined rapidly. In practice, it is hard to 

define the scenarios in advance; usually, the scenarios are refined during an active discus-

sion between the stakeholders (partly by seeing how the model reacts). As such, active 

discussion is very important, and it could be done only if the EDSS can be used in real-

time without the need to manually perform time-consuming analyses. 

Kumar [7] developed a user-friendly web-based EDSS to interact with an existing 

calibrated CE-QUAL-W2 model in Occoquan Reservoir in northern Virginia, USA. The 

purpose was to enhance stakeholder’s interaction with the modeling software. The imple-

mentation included a multi-part system that is controlled by the user from a web server. 

The web server connects to a bridge module that sends the requests for model execution 

and mines the results. The final part utilizes other computers and servers on the local 

network in order to execute the different model runs in parallel. The results are then re-

turned to the user for analysis.   
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In the experiment of Kumar [7], the downsides of the manual approach in Erturk [6] 

were addressed. Thus, the modeler is no longer involved in the process and the parallel 

execution on multiple computers facilitates fast computation. Still, the work of Kumar [7] 

has some other downsides: (1) Not all the parts of the EDSS were reusable. The code was 

written specifically for the subject reservoir. That is, any other user that wants to use this 

infrastructure will need to change the source code to match his system; (2) On each com-

puter in the network that is intended to be used for model execution, a piece of supporting 

software must be installed. This requires Information Technology (IT) to set up and main-

tain the software; and (3) Part of the implementation uses ArcGIS, which is a licensed 

program. 

Shaw [8] implemented a very different approach for the Cumberland River system. 

This study described a method for computing hourly power generation schemes for a hy-

dropower reservoir using high-fidelity models, surrogate modeling techniques, and opti-

mization methods. The predictive power of the high-fidelity hydrodynamic and water 

quality model CE-QUAL-W2 was emulated by an Artificial Neural Network (ANN), then 

integrated into a Genetic Algorithm (GA) optimization approach to maximize hydro-

power generation subject to constraints on dam operations and water quality. By using 

the ANN as a surrogate model, Shaw [8] demonstrated a way to address the drawbacks 

of both Eturak [6] and Kumar [7]. The surrogate model runs within 2 seconds versus a 6 

minute runtime in the CE-QUAL-W2 model of the considered system. This allowed run-

ning the EDSS on a single 6 core computer in a reasonable time frame. Nevertheless, the 

surrogate approach still has some drawbacks: (1) There is a need to implement and train 

a surrogate model in addition to the CE-QUAL-W2 model. For the training itself, many 

CE-QUAL-W2 runs were needed. In this case, 729 runs were made; (2) The solution is 

implemented using MATLAB and its "Neural Network" and "Optimization" Toolbox’s 

which are licensed software. 

Given the examples above, there is still a potential to develop a reusable EDSS that 

will be solely based on open source tools without the need to invest in expensive compu-

tation hardware. This could be achieved by using the Software as a Service (SaaS) para-

digm combined with cloud computing technology. According to market analysts, such as 

the International Data Corporation (IDC), cloud computing has become more common 

and accessible over the last decade. They also show there is a trend of reduced usage costs 

for the users. They indicate these factors made the usage of SaaS more popular in the last 

few years. This conclusion is derived from the large growth in both revenues and market 

share for SaaS in the public cloud [9]. This can be explained by the benefits of this para-

digm both for the customers and for the service providers. Some of these benefits are: (1) 

Customers do not need to have any computer infrastructure or install software on com-

puters; (2) The company does not need to pay for computers and servers that are not in 

use or the “pay as you use” model; (3) The virtually “infinite” parallelization option for 

on demand compute power allows the companies to offer efficient solutions for any num-

ber of customers, termed scalability; (4) The company eliminates the need for local IT per-

sonnel to maintain the computation infrastructure and server rooms; (5) Updates are de-

ployed quickly to all users.  Similar to our paradigm other studies discussed leveraging 

cloud computing and SaaS for environmental software development. Swain [10] pre-

sented an open source platform for interacting and developing environmental applica-

tions. The platform was designed to simplify modern web-based software development 

over cloud infrastructure for scientists. The study focused on simplifying the develop-

ment, but did not consider computational aspects such as parallel execution of the models. 

Ercan [11] developed a cloud-based SaaS to calibrate the Soil and Water Assessment Tool 

[12]. The proposed solution is based on a single algorithm that utilizes multiple (up to 256) 

Central Processing Units (CPU) for parallel executions of the model [11]. Recently, Li [13] 

implemented a Docker [14] based framework for developing EDSS that can be used on 

cloud infrastructure [13]. Considering the examples above, they all support the need to 

simplify environmental software development in order to make it more accessible to en-

vironmental scientists and hydrologists. This study continues these efforts, while focusing 
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on a water quality EDSS that requires intensive computational power. We propose a ge-

neric EDSS, which is based on the popular CE-QUAL-W2 model for: (1) Simplifying and 

reducing the needed amount of software development by requiring only a decision algo-

rithm development instead of a full computational infrastructure; (2) Supporting flexible 

scaling of computer resources of parallel model runs, which are expected in decision prob-

lems that involve water quality simulations. To achieve the above goals, we explore new 

technologies that will simplify and reduce the cost of assimilating a water quality EDSS. 

Thus, offering a new paradigm of "Water Quality EDSS as a Service" which is an open-

source computationally efficient platform that can support any EDSS algorithm applica-

tion that utilizes the CE-QUAL-W2 model. This paradigm can make these tools more ac-

cessible and approachable for usage by environmental agencies and organizations and 

will enable advanced decision making and increase stakeholders' engagement. 

2. Methods 

The main principles that guide us in designing and constructing the EDSS as a Service 

are: (1) Supplying a low-cost solution and keeping the service as open source that can be 

changed and enhanced by future users; (2) Allowing the use of any cloud computing pro-

vider such as AWS, Google, Azure, or Alibaba.  

2.1. Solution Architecture  

In order to meet the goals above for developing an EDSS as a Service, an architectural 

design based on the latest available technology for SaaS is proposed. Figure 1 shows the 

encapsulation of the different core layers, followed by a detailed description of each of the 

core layers. 

  
Figure 1. The different layers in the EDSS as a Service design. Note: Grey represents 

layers that will require changes between implementations of the EDSS. White represents 

the infrastructure layers that do not require changes between different implementations. 

 

Model – The CE-QUAL-W2 model is the heart of the EDSS as it is used as a kernel 

for the decision making. In the last few years, the model was released only for Windows 

operating systems. Although it is possible to develop this kind of EDSS as a Service in a 

Windows environment [15], we prefer the Linux environment since it is both more cloud 

environment compatible and license-free. For that need, we created an open source 
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GithHub project. This project holds the needed files and instructions in order to compile 

the CE-QUAL-W2 source code in a way it can be executed in a Linux environment [16]. 

Beside the model executable, this layer also includes the user specific input files of a cali-

brated model ready for simulations. These input files are the template that the application 

layer is changing according to the algorithm requirements.   

Algorithm – The layer of the algorithm is responsible for two main operations: (1) 

Deciding on the needed permutation for the model simulations and supplying the differ-

ent parameters needed for the model input files for each of these simulations; (2) Analyz-

ing the results of the simulations according to the developed algorithm. A single EDSS 

can hold multiple algorithms for the user to choose from. For example, an algorithm can 

do a grid search for the best matching simulation output according to the user input tar-

gets, while another algorithm can plot a specific model output parameter as recorded in 

all the different simulations. 

Application – This layer has five different responsibilities. The interactions of these 

responsibilities are described in Figure 2: (1) Supply a simple web user interface for the 

EDSS, allowing users to send requests to the service (Figure 3). An example of a user re-

quest is shown later in section 2.2.1; (2) Pass the user request to the algorithm layer and 

receive a response from the algorithm to specify the needed simulations permutations list; 

(3) Initiate parallel model execution requests according to the permutations; (4) Collect all 

the model simulation results and send them back to the algorithm once model simulations 

are completed. (5) Get the analyzed results from the algorithm and display it back in the 

web user interface. 

 

 
Figure 2. Application layer interactions. 
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Figure 3. The web user interface for the EDSS. 

 

Docker - The Docker Container layer was developed to allow isolation and packag-

ing of software together with all of its dependencies. A container is an executable that can 

be run on any computing environment without needing to worry about the operating sys-

tem or the hardware infrastructure [14]. The Docker infrastructure is free for use and holds 

the following benefits for the EDSS implementation: (1) No need to setup the infrastruc-

ture or the operating system; (2) It can run on cloud resources as well as on a single com-

puter. The Docker engine can be run on Windows, Linux, or Mac operating systems; (3) 

Cloud providers supply a simple and cost-effective interface for setting up your applica-

tion using Docker. In this EDSS as a Service implementation, a single Docker container 

was created. This container can be used either for running the application or running in-

dividual model simulations in parallel across multiple model executions.   

Kubernetes (K8s) – Is a layer that was developed after organizations started to adopt 

the Docker solution and were looking for a way to streamline the scaling process and 

coordinate multiple services encapsulated as Docker containers. Scaling involves initiat-

ing more and more Docker containers according to the demand [17]. K8s is also open-

source. In this EDSS, it is leveraged for the purpose of managing the runs of multiple 

Docker containers in parallel, each running a different model simulation. This allows for 

the automatic scaling of the cloud computing power when needed, allowing the user to 

get the benefit of the “pay as you use” cloud computing model while all the simulations 

are performed in parallel.  

Helm – This is a packaging layer that was developed in order to simplify the deploy-

ment of K8s applications according to a predefined configuration file [18]. This layer is 

free for usage and allows easy and repeatable deployment of this EDSS to the cloud com-

puting environment. Without using Helm, deploying the EDSS to a cloud provider would 

require many manual configurations. 

Cloud computing – This final layer, is the base that allows the EDSS as a Service to 

hold minimal compute units that run only the user interface during the idle times and 

scale to multiple compute units when model simulations are needed. In order to be able 

to use any cloud computing provider, the EDSS was built to rely on basic computing 

building blocks which are in use by all cloud computing providers although it could have 

been easier to design the system for a specific cloud computing provider. Where applica-

ble, current industry standards and best practices were applied to ensure that the APIs 
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and interfaces between the layers will be supported by various 3rd party tools to simplify 

the deployment, scaling, and management of the infrastructure layers. 

2.2. Interfaces  

There are two different personas for this EDSS, dedicated interfaces were created to 

match their distinct needs. The first interface is for the user who wants to consult the EDSS 

about a water quality issue. The second persona is the EDSS developer (algorithm devel-

oper) who wants to introduce a new algorithm or to enhance an existing algorithm.  

2.2.1. User interface 

The user interface, as displayed in Figure 3, is divided into three sections: (1) Initiate 

the model – the model user sets the model that will be run and the input parameters file 

for the algorithm. According to this input, the algorithm both decides on the needed per-

mutations and analyses the runs. The input file can be in any format that the algorithm 

code can read. For the case study, we developed an algorithm that reads JSON format files 

due to its ease of processing using any computer programming language [19], but CSV or 

TXT could have been used as well. Once the input file is selected, the user can start the 

run by pressing the “Execute” button; (2) Upload model – the model user uploads their 

CE-QUAL-W2 model input files (not the executable itself) based on their own calibration. 

This allows the user flexibility of usage without needing their CE-QUAL-W2 input files 

to be part of the source code that is wrapped with the Docker image; (3) Results – These 

are the results reported by the algorithm once all the model runs are finished and saved 

to a downloadable zip file.  There is also an option to view results from previous runs as 

shown in Figure 3. In the EDSS GitHub repository, we provide a demo video tutorial with 

instructions on using the EDSS. 

2.2.2. Algorithm developer interface 

An EDSS can use numerous different algorithms to support decision making, de-

pending on the issue in hand. This current design of the EDSS as a Service allows devel-

oping different algorithms and embedding them in the infrastructure for different use 

cases. The algorithm developer needs basic knowledge in Python programing language, 

working with Git source code control, and a basic understanding in cloud compute infra-

structure in order to test the code change. The logic for each of the core modules is well 

isolated, and the interfaces between the layers (Application -> Docker -> K8s -> Helm -> 

Cloud Compute) are clearly defined. The developer does not need to change the infra-

structure layers in order to support a new algorithm.  

For developing a new algorithm, the following steps need to be taken: (1) Fork of the 

current GitHub project [20] to a new one; (2) Creating a Travis CI account [21]. The current 

GitHub project is configured to use Travis CI for running the unit tests and pushing the 

created Docker images to the Docker repository. The new Travis CI account needs to be 

configured in the GitHub project; (3) Creating a Docker account [14] to hold the Docker 

images. All the mentioned accounts (GitHub, Travis CI, and Docker) are free for open 

source projects; (4) The “dss/scripts/build_and_push_to_docker_hub.sh” script needs to be up-

dated to reference the new Docker repository. The Helm “dss/chart/wqdss/values.yaml” file 

needs to be updates as well, to retrieve the Docker images from the correct repository; (5) 

As described in Figure 4, the entry function of the algorithm is “execute” under the 

“dss/src/wqdss/processing.py” Python module in the “Execution” class (see EDSS GitHub re-

pository [20]). This is where the code should be changed for a new algorithm. In a case of 

several algorithms, the input file should include the algorithm name and the applicable 

function according to the selected algorithm that will be called from the “execute” function. 

In order to request multiple model simulations, the “execute_run_async” function needs to 

be called.  Once this function returns, the results can be analyzed. This function can be 

called several times if needed. In order to publish the results, the class member “self.result” 

should be updated before exiting the “execute” function. (6) The changed code then needs 

to be pushed to the main GitHub branch in order for the Travis CI to trigger the unit tests 

and publish the Docker image to the Docker repository; (7) Deploying the code using 

Helm and verifying the EDSS behavior.  
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Figure 4. Code snippet for creating a new algorithm. 

 

2.3. Cloud computing resources scaling  

When using cloud resources with this EDSS, the scaling is performed in two levels: 

(1) The Horizontal Pod Autoscaling (HPA), which determines how many different Docker 

pods (images) are brought up in order to receive a request for model execution. The 

Docker images are configured to run a single model each. The Helm “values.yaml” file 

has an “hpa” section with an option to configure the minimum and maximum number of 

pods that are brought up. In addition, the CPU target utilization percentage is also defined 

in this section. Once the CPU usage crosses this limit a new pod is created; (2) The cloud 

provider K8s cluster auto scaling. Once there is more CPU usage requests than the cloud 

computing is already providing, additional compute resources to run the pods will be 

automatically brought up by the cluster according to the limits defined in the cluster set-

tings. 

There are multiple factors that will affect the scaling efficiency. Starting from the cho-

sen type of compute node that brings with it a different type of CPU generation. Run time 

of a single model can be cut in halve between the newest CPU generation and old CPU 

generations. As mentioned above, different configurations of the K8s cluster and HPA 

will also have a significant effect on optimizing the scaling, where optimized scaling is 

defined as running all the model permutations in parallel. However, having optimized 

scaling comes with a cost of having more cloud computing nodes ready for execution, and 

from there a higher idle time cost, as you need to pay for the running computing nodes 

even if almost no CPU is utilized. As such, having optimized scaling is not necessarily a 

primary goal. Nonetheless, we want to benchmark an optimal scaling performance for 

reference. To demonstrate the scaling, the "Spokane river example” which is shipped with 

the CE-QUAL-W2 version 4.1 package was employed. We changed the simulation days 

from 200-205 to 200-300 in order to create a longer run and highlight the benefit of the 

scaling. The Google Cloud provider was chosen to deploy the EDSS. For the computing 

nodes, the e2-standard-2 (2 vCPUs, 8GB memory) were used. To perform 10 parallel sim-

ulations, both the HPA and K8s cluster configurations were made such that all the needed 

computing nodes and pods were already up and running at the beginning of the execu-

tion. That is, 10 Pods and 5 computing nodes. This run of 10 model permutations took 26 

min. Using the same configuration, only changing the HPA to allow a single pod (i.e., 10 

serial runs without parallelization) took three hours and 51 minutes (23*10=230 minutes). 

3. Results 

The state of Israel has thirteen different drainage and river authorities, each responsible 

for streams and rivers in a different part of the country. Among their many duties, these 

authorities are also responsible for rehabilitating the rivers and streams and adapting 

them for leisure and recreational purposes [22]. Each authority is independent and is 

relatively a small organization (staffed with less than 10 people). One of these authorities 

is the Yarqon River Authority (YRA), that is responsible for the Yarqon stream [23]. The 

Yarqon is a lowland coastal stream, about 28 km long, in central Israel that flows be-

tween a mix of agricultural fields and urban areas, ending in an estuary connected to the 

Mediterranean Sea as shown in Figure 5. While the historic flow of the stream originated 

in natural springs, over the years, due to over-exploitation of the aquifer, the natural 
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springs dried out [24]. Today, there are two different water sources for the stream: (1) 

Pumps supplying water from lower depths in the aquifer for the upstream part instead 

of the springs that dried out; (2) Three different Waste Water Treatment Plants (WWTP) 

supplying water in a tertiary quality in two locations in the middle section of the stream 

[24]. In order to promote preservation and recovery efforts, the YRA works with 18 dif-

ferent stakeholders [23], which poses a significant obstacle to reach consensus on reha-

bilitation efforts. We set out to show how a Water Quality EDSS as a Service can serve as 

a solution for the YRA in its efforts to rehabilitate the stream.  

 

 

Figure 5. Study area map. (A) Source of the stream, from aquifer water pumps. (B) en-

trance of two WWTP. (C) entrance of a third WWTP. 

Note: background map is adapted from “Michelin maps” 

3.1 Applying the CE-QUAL-W2 

Water quality models are rarely used in Israel's rivers and streams. In order to show the 

benefits of the EDSS, a CE-QUAL-W2 model had to be applied for the Yarqon stream. 

However, the available data on flows, temperature and water quality in the stream was 

not sufficient to perform a calibration of the model. For EDDS demonstration purposes, 

we applied a non-calibrated model for the stream according to the best data that was 

available. Although, under these conditions the EDSS cannot supply real outputs for 

decision making, the YRA could still get the demonstration on how the EDSS will be 

able to assist them if they invest in calibrating a model for the stream.   

3.2  The EDSS algorithm  

For demonstrating purposes, the example implemented algorithm was a simple recur-

sive grid search, which uses two types of inputs as shown in Figure 6: (1) model_run that 

specify the parameters needed for the algorithm to set the different run permutations; (2) 

model_analysis that specify the parameters for finding the best run. JSON format for the 

input file was chosen over other formats like CSV or TXT due to its flexibility. Under the 

model_run section, there is an option to define any number of model input files that need 

to be changed in the input_files section. For each input file, the user needs to define the 

following: (1) name – Name of the input file; (2) col_name – Name of the CSV column that 

needs to be changed (the parameter that is changed); (3) min_val – The minimum value 

of the parameter that is being changed; (4) max_val - The maximum value of the parame-

ter that is being changed; (5) steps – The increase interval in the parameter value between 

the minimum and maximum definitions. This parameter can hold a list of values. If 

more than one value is defined, a recursive run is done in smaller intervals for further 

rounds of model simulations around the previous simulation result that best matched 

the target. Although it is possible for the user to define the smallest interval in the first 

run and get the same results faster, the recursive option was added to allow cloud com-
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puting cost reduction by reducing the overall number of permutations, without signifi-

cantly impacting the accuracy of the result. In the example shown in Figure 6, in the first 

pass of model execution, 9 different permutations will be executed as there are 

(2-1)/0.5+1=(34-30)/2+1=3 different parameters values to set in each of the 2 input files. In 

the second pass of model execution, the minimum and maximum range is set from the 

previous round best run parameter value +/- previous step value divide by two. In this 

case there are another 0.5/0.05+1=2/0.2+1=11 different parameters values to set in each of 

the 2 input files.  

Under the model_analysis section, the model output file that needs to be analyzed is de-

fined in the output_file field. Under the section of parameters, any number of parameters 

can be defined. Each parameter has the following definitions: (1) name – Column name 

in the output csv file; (2) target – The target value of the parameter we want to reach; (3) 

weight – This is a relative parameter that allows to set a priority between the different 

defined parameters; (4) score_step – is defined in order to unify the units of different pa-

rameters. It is defined as the deviation from target per unit score. For example, in Figure 

6, a deviation of 0.1 g/m3 in Total Nitrogen (TN) is considered one score, while a devia-

tion of 0.5 g/m3 in Dissolved Oxygen (DO) is considered one score. As such, division of 

the parameter’s deviations by the corresponding score_step, will facilitate summing the 

deviations of different parameters in score units as shown in Equation 1. Equation 1 de-

fines what score each model simulation will get according to the distance from the tar-

get.  

 𝑆𝑐𝑜𝑟𝑒 = ∑ (
| 𝑡𝑎𝑟𝑔𝑒𝑡 𝑖− 𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 |  𝑠𝑐𝑜𝑟𝑒 𝑠𝑡𝑒𝑝⁄

𝑤𝑒𝑖𝑔ℎ𝑡
)𝑛

𝑖=1          (1) 

Since the score represents deviation from targets, we seek the model simulation which 

minimizes the score. For example, for the run in Figure 6, we seek the model simulation 

which minimized the score as defined in Equation 2. 

𝑆𝑐𝑜𝑟𝑒 = (
| 0.6 −𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑇𝑁 |  0.1⁄

4
) +  (

| 11 −𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝐷𝑂 |  0.6⁄

2
)             (2) 
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Figure 6. Example input file. Note: For the permutations, two different model files are 

changed, and a single recursive step is defined. For the algorithm analysis, two output 

parameters are considered with different “weight” and “score_step”. 

3.3  Case study results 

In order to demonstrate the abilities of the EDSS, we choose a decision making problem 

in which the decision maker needs to decide on the pump flow rate that supplies the 

water from the aquifer in the most upstream section (point A in Figure 5) to achieve a 

desired goal of water quality. More specifically, the algorithm needs to quantify the im-

pact of changes in the pump flow rate on the downstream section water quality, given 

the additional inputs from WWTPs in the middle of the stream, and the natural pro-

cesses occurring along the stream’s 28 km path (Figure 5). This decision-making problem 

represents a constant debate among stakeholders on the amount of freshwater that 

should be allocated to the stream in order to meet water quality targets.  

 A scenario of excess Ammonia (NH4-N) concentration downstream was simulated. As 

shown in Figure 7, the EDSS input file defines possible range of pump flows (col_name = 
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q) between 0.2 m3/sec (min_val) and 0.8 m3/sec (max_val). The flow changes as defined in 

the steps were set for 2 recursive runs, one with 0.1 m3/sec and the second with 0.01 

m3/sec. The “qin_br1.csv” (name) is the input file that needs to be changed. The NH4-N 

concentration target of 0.57 g/m3 (target) was set. The weight is not relevant in this case, 

as only a single target parameter was used. The simulated NH4-N concentration is ex-

tracted from the output file of “tsr_1_seg42.csv” (name). The defined score_step was set to 

0.01 g/m3. The pump flow that minimizes the score was found by the EDSS as shown in 

Figure 8: (1) id - Each EDSS execution has a unique string; (2) status - this field is 

changed from “RUNNING” to “COMPLETED” once the EDSS publishes the results; (3) 

result – shows the results of the best run. In this case, as two recursive runs were de-

fined, we can see two sets of results with different identification strings (best_run). The 

first is for the search between 0.2 m3/sec and 0.8 m3/sec with 0.1 m3/sec interval. In 

which, a flow of 0.6 m3/sec (params) had the best relative score of 0.525 out of the 7 runs. 

The second results are for the run between 0.55 m3/sec and 0.65 m3/sec with 0.01 m3/sec 

interval. In this second search, the best score is 0.025 which corresponds to a flow of 0.55 

m3/sec; (4) A link to download the zip output files from the model executions is available 

as shown in Figure 8.  

  

Figure 7. Case study input file 
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Figure 8. Output of the EDSS. Note: In the first round of simulations (i.e. steps of 0.1 

m3/sec), 0.6 m3/sec flow had the best score. In the second round of simulations (i.e. steps 

of 0.01 m3/sec around 0.6 m3/sec) 0.55 m3/sec flow had the best score. 

In this example seven parallel simulations were done on cloud computing resources in 

the first round. In the second round eleven simulations were done in parallel. All to-

gether eighteen simulations were done in order to reach the result. A more cloud com-

puting expensive path could have been taken if a “step” of 0.01 m3/sec was solely de-

fined with no recursive rounds. In that case 61 simulations would have been done, re-

sulting in a shorter run time (in case these runs are performed in parallel), but with more 

cloud computing charges.  

4. Discussion 

The developed paradigm of a “Water Quality EDSS as a Service” holds multiple benefits 

for environmental organizations who are working on wetlands preservation and recov-

ery. This specific study implementation is highly beneficial to organizations or research-

ers who already have a calibrated CE-QUAL-W2 model for the wetland they are manag-

ing, as this remains the highest cost in the EDSS. We can divide the direct users' benefits 

into two categories: (1) Benefits to the end user who consults the EDSS; (2) Benefits to the 

developer, looking to introduce a new algorithm to the user.  

4.1. User benefits 

1. Ease of use – The simple web interface allows interaction with the system without a 

need to understand the format of the CE-QUAL-W2 input files. There is also no need to 

install any software on the user's computer.  

2. Reduce simulation time - As the different model simulations are in parallel, the 

user can get the result within the time frame of a single model simulation.  

3. Extensibility - Any kind of algorithm can be embedded by a software developer in 

the service.  
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4. Low cost – All the software that is in use in this solution is open source. The only 

needed payments are for the cloud compute “pay as you use” and for a software devel-

oper to adjust the needed algorithm to the organization needs and then bring up the ser-

vice for use. Next, we review the developer benefits which also help in maintaining a 

low development cost. An additional aspect is that the developed infrastructure is ge-

neric and can support any cloud computing provider (such as AWS, Google, Azure, or 

Alibaba), where some environmental organizations or researchers can get grants for us-

age from one of the providers. An additional cost saving can also be achieved if a large 

environmental organization maintains the service and algorithms for smaller organiza-

tions. For example, in the YRA case, if the Israeli water authority takes responsibility for 

developing the algorithms and maintaining the service, all thirteen drainage and river 

authorities will be able to benefit from it without the need for each of the thirteen to de-

velop their own algorithms.  

4.2. Developer benefits 

1. Ease of new algorithm implementation – The architecture composed of different 

software layers as described in Figure 1, might look overwhelming, but it is meant to 

isolate the different core components from the infrastructure layers. The algorithm de-

veloper would only need to understand the interfaces between the application and the 

algorithm, be familiar with Python programming language, and have basic knowledge 

on how to deploy the service to the cloud provider.  

2. Flexible user interface – The flexible design for the user input does not require hav-

ing any web development knowledge. It also allows creation of an input file that is clear 

and can be easily produced by the user.  

In addition to the direct user's benefits, the “EDSS as a Service” paradigm, also enabled 

the usage of a legacy software in a modern service. Specifically, the CE-QUAL-W2 

model has been developed, fine-tuned, and stabilized over the past 40 years. As an open 

source project, it will be hard to finance the model redesign into a modern software de-

sign. This “EDSS as a Service” allows users to leverage the benefits of a modern web ser-

vice along with its kernel of a well-established model. The developed infrastructure can 

be also used for the purpose of fine tuning the model calibration. Today, the modeler 

calibrating the CE-QUAL-W2 model needs to run the model multiple times while chang-

ing different tuning parameters. This is done in order to find the best match to the his-

toric observed results in the field. This process is tedious and time consuming, especially 

for long running simulations. An algorithm, similar to the grid search algorithm that 

was implemented for the YRA, can be utilized to perform parallel search for the best 

tuning parameters that maximize the goodness of fit between observed and simulated 

results.  
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