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Abstract 

We present HydroCompute, a high-performance client-side computational library specifically 

designed for web-based hydrological and environmental science applications. Leveraging state-

of-the-art technologies in web-based scientific computing, the library facilitates both sequential 

and parallel simulations, optimizing computational efficiency. Employing multithreading via 

web workers, HydroCompute enables the porting and utilization of various engines, including 

WebGPU, Web Assembly, and native JavaScript code. Furthermore, the library supports local 

data transfers through peer-to-peer communication using WebRTC. The flexible architecture and 

open-source nature of HydroCompute provide effective data management and decision-making 

capabilities, allowing users to seamlessly integrate their own code into the framework. To 

demonstrate the capabilities of the library, we conducted two case studies: a benchmarking study 

assessing the performance of different engines and a real-time data processing and analysis 

application for the state of Iowa. The results exemplify HydroCompute's potential to enhance 

computational efficiency and contribute to the interoperability and advancement of hydrological 

and environmental sciences. 
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1.  Introduction 

Hydrology and environmental sciences deal with complex systems influenced by various factors. 

Mathematical models are crucial for analyzing and predicting these systems (Wagener & Kollat, 

2007; Maloszewski & Zuber, 1993). Researchers use large data sets to develop advanced models 

that capture environmental variables (Demir et al., 2015). However, these models require 

significant computational resources, resulting in extensive processing times and resources. To 

address this, optimized algorithms and data formats are developed to speed up simulations while 

maintaining accuracy (Demir & Szczepanek, 2017). The challenge lies in understanding the 

dependencies between different simulation tasks. By abstracting these dependencies, researchers 

can determine whether tasks can run in parallel or sequentially. This approach improves the 

efficiency of hydrological and environmental simulations and will continue to be important in 

the future. 

The implementation of parallel computing applications in the fields of hydrology and 

environmental sciences has been extensively studied in the literature. Asgari et al., (2022) 

reviewed the increasing applicability of computational challenges in the field of calibration of 

hydrologic models with the purpose of understanding parallelizing techniques and identifying 

knowledge gaps, with their results showing the potential and needs of developing evaluation 

metrics for parallelizing approaches and integration of other techniques as required. In terms of 

peer-to-peer communication, Wu et al., (2013) studied the usage of parallel programming 

technology using MPI (Tennessee, 2021) to fully parallelize hydrological models. Another 

example is the multi-objective optimization of calibrating watershed hydrologic models using 

parallel computing explored by Reed et al., (2010). 

Large-scale parallelization of hydrological models has been studied using standards such as 

OpenMP and Open ACC for graphical processing units (GPU) simulations in HPC systems to 

create sequential and parallel executions that can potentially optimize the runtime, speedup, 

efficiency, and balance of different hydrologic models (Freitas & Mendes, 2018). Moreover, 

uncertainty and parameter stipulation through CPU/GPU hybrid performance clusters has been 

done to create a generalized likelihood uncertainty estimation (GLUE) method with applications 

running on CUDA devices and multi-core computer clusters (Zuo et al., 2021). Applications 

leveraging GPU engines using different approaches in hydrological sciences have also been the 

focus of various studies, specifically with the release of low-level applications for C based code 

for flow routing algorithms (Rueda et al., 2016). 

Web technologies have been an increasing field of interest for porting domain-specific 

applications, especially in the usage of cloud computing and client-side applications (Li et al., 

2022). Cloud computing has been a field of continuous interest, mainly because of the number of 

services that are available for running intensive computations (Li & Demir, 2023). Platforms like 

HydroShare (Horsburgh et al., 2016), Tethys Platform (Swain, 2015), and others have been 

developed for cloud environments to create an easier pipeline for users to interface with ready-

set models. Moreover, NOAA’s next-generation National Water Model integrates web 

application interfaces to create a seamless allocation of decision-making processes with spatio-
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temporal data resolutions, allowing users to interactively change their specific processes through 

both plug-and-play and user-specified implementations (Cunha et al., 2021). 

Client-side web applications have become increasingly popular in environmental science and 

hydrology (Demir & Beck, 2009; Xu et al., 2019), with advancements in both browser and 

computing technologies. Some examples for hydrological sciences include real-time flood 

mapping for running hydrologic models (Hu & Demir, 2021; Li & Demir, 2022), interactive 

hydrological models for educational case studies, highlighting the extensibility and scalability of 

client-side resources (Ewing et al., 2022), and environmental frameworks tailored towards 

connection with environmental data sources (Demir et al., 2009) to execute functions within a 

web browser with limited manipulation required as input from the user (Erazo et al., 2022; Erazo 

et al., 2023). The use of web technologies has also been explored to expand the capabilities of 

running environmental applications from the perspective of standardizing modeling connections 

through OpenMI (OpenGIS, 2014) and Basic Model Interface (BMI) (Goodall, 2016). An 

example of this is the use of the BMI standard for the connection of resources that contain 

similar lexical connections (Ewing et al., 2022). Novel machine learning and artificial 

intelligence libraries allow for the creation of models that run on the client side. Examples of 

these libraries are TensorFlow, CoreML, ONNX, and MediaPipe (Sit & Demir, 2023). The 

continuous adoption of technologies allows for new and specialized implementations to be added 

to client-side environments. For instance, TensorFlow.js, a web-based implementation of 

TensorFlow, employs many of the technologies that will be described in this manuscript (Gerard, 

2021). 

The literature highlights the potential and increasing demand for leveraging the current 

technological power in modern-day computational architecture for web environments to create 

pathways for running faster computations on the client side (Demir & Galelli, 2022). For this 

purpose, we present HydroCompute, a computational library tailored towards hydrological and 

environmental sciences that leverages technologies found in the common web browser. This 

paper encompasses the technological background of next-generation hydrological information 

systems, a detailed description of HydroCompute's architecture, and benchmarked applications 

related to hydrology. A case study is presented to demonstrate the library's engines in action 

while constructing a dashboard for retrieving and analyzing long-term streamflow data across 

various stations in Iowa, illustrating the integration of routines from multiple programming 

interfaces. 

The remainder of this paper is organized as follows: Section 2 delves into the methods and 

system architecture of HydroCompute, detailing the engines, connections, and parallel 

frameworks that make up the core functionalities of the library. Section 3 presents case studies 

that demonstrate the library's performance capabilities, focusing on benchmarking matrix 

multiplication and streamflow analysis in the state of Iowa. Finally, Section 4 discusses the 

feedback obtained from workshops and surveys conducted among potential users to assess the 

library's usability and applicability in real-world scenarios, and Section 5 provides a discussion 

on future work and conclusions. 
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2.  Methods 

2.1.  Scope and Objectives 

HydroCompute aims to address the computational challenges in hydrology and environmental 

sciences by providing a high-performance client-side computational library. The motivation 

behind HydroCompute is to leverage cutting-edge web technologies, such as Web Workers, 

WebGPU, Web Assembly, and WebRTC, to enable both sequential and parallel simulations, 

efficient data management, and decision-making capabilities. By offering an open-source and 

flexible architecture, HydroCompute allows users to seamlessly integrate their own code into the 

framework, enhancing the adaptability and applicability of the library across various 

hydrological and environmental applications. 

HydroCompute targets researchers, practitioners, and educators in the fields of hydrology 

and environmental sciences who require efficient and scalable computational tools for their 

work. The library is designed to be accessible and user-friendly, enabling users with varying 

levels of expertise to benefit from its capabilities. Applications of HydroCompute include, but 

are not limited to, hydrological modeling, flood risk assessment, water resources management, 

environmental monitoring, and educational applications. By providing a comprehensive and 

versatile computational library, HydroCompute aims to contribute to the advancement of 

hydrological and environmental sciences through improved data processing, analysis, and 

decision-making. 

 

2.2.  Technological Background 

This study explored algorithmic optimizations for improving application performance, with a 

focus on parallel and sequential execution of dependent functions. Techniques based on graph 

theory, memory allocation, and tradeoffs between correctness and speedup were employed to 

identify and eliminate bottlenecks (Gerasoulis & Yang, 1992). Graph-based algorithms, 

specifically using a directed acyclic graph, were set to analyze functional dependencies, while 

dynamic memory allocation through data movement instead of cloning in both the CPU and 

GPU optimized resource utilization. The implementation of parallel execution involving 

simultaneous processing of independent tasks and sequential execution, ensuring task order 

dependency (Rönngren & Ayani, 1997), was a primary focus during the development of the 

library. These computational techniques are found in hydrology, with parallel executions 

processing large datasets and complex models, while sequential execution handles 

interconnected modeling phenomena such as assessing flooding risks or hydrological routing 

(Zhou et al., 1998; Vivoni et al., 2011).  

Web Workers: Web workers are a feature in web browsers that enable concurrent and 

background execution of JavaScript code, enhancing the responsiveness and performance of web 

applications (W3C, 2021). They provide a means to offload computationally intensive tasks from 

the main browser thread, preventing user interface blocking and enabling parallel processing. 

Web workers operate as separate threads, running in the background and communicating with 
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the main thread through message-passing directives. This allows for the execution of complex 

calculations, data processing, and other resource-intensive operations without impacting the user 

experience. 

WebGPU: The development of GPUs as a powerful source of computational power has led to 

the creation of applications for general-purpose computing (Trompouki & Kosmidis, 2016; 

Huang et al., 2008). Standardizing the software controlling GPUs was a significant challenge, 

but the Vulkan group addressed this by implementing OpenGL (Segal & Akeley, 1999), which 

enabled vendors to create application programming interfaces (APIs) harnessing GPU power. 

While GPU APIs primarily focus on graphical computing, their underlying architecture also 

supports general-purpose computing. This capability has been utilized in web-based 

environments through libraries like Vulkan's WebGL (Angel & Shreiner, 2014) and the W3C 

WebGPU (W3C, 2023a). In 2022, the WebGPU API was implemented, providing developers 

with an alternative way to access GPUs. It simplifies working with graphics hardware, offers 

flexible APIs for different pipeline types, and automatically transforms the WebGPU shading 

language into a compatible format. The WebGPU standard has been added to the W3C and has 

been released and tested in popular web browsers, such as Google Chrome and Mozilla Firefox 

Nightly. 

WebAssembly: WebAssembly is a technology that allows low-level programming languages 

like C, C++, AssemblyScript, FORTRAN, and Rust to be used in web applications (W3C, 2019). 

It converts code into a binary format that can be used in web apps, providing performance 

improvements for computationally intensive tasks. Running code in a stack-based virtual 

machine supported by major browsers, the technology offers faster and more efficient execution 

compared to traditional web technologies. It ensures security through its own memory 

management and execution context. Furthermore, WebAssembly enables the utilization of legacy 

low-level applications, allowing developers to scale systems by reusing existing code. This 

eliminates the need for complete application rewrites, leading to significant performance 

improvements, particularly in industries with computationally demanding applications. 

WebRTC: WebRTC is a set of standards that allows peer-to-peer communication through a 

semantic API available in major web browsers (W3C, 2023b). It was released in 2011 with 

applications for video conferencing and peer communication leveraging the technology. The API 

contains methods that allow for large amounts of data to be shared among peers without the need 

for external servers to host and manage traffic for the data. An example of how the technology 

has been used in water research and education has been developed by Zhang et al. (2022), with a 

focus on flood modeling and simulation directly for democratized information sharing. 

 

2.3.  System Architecture 

HydroCompute is a web-based client-side JavaScript library for fast computations powered by 

the technologies commonly used for social media platforms, video and imagery manipulation, 

and data streaming that has been standardized to be available in most common web browsers. It 
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is a library that allows users to run tasks sequentially or in parallel depending on: (1) data size 

and type; (2) task; and (3) connection between tasks. 

It has been designed using a modular architecture that registers, switches, and enables 

interfaces for different engines tailored to specific tasks. This is done through the interactions 

between library usage, optimization techniques, and the availability of technologies within the 

working environment. Using optimization techniques for writing algorithmic computations such 

as hoisting, data sharing, loop fusions, and others, the computational times required for running 

specific time-constrained calculations are significantly reduced.  

The HydroCompute library comprises two main approaches: a computational scheme driven 

by engines for JavaScript, Web Assembly, and WebGPU, and a data-sharing scheme driven by a 

WebRTC engine. These are managed through four primary layers: a connection layer for data 

sharing and configuration, an engine layer that switches to the required engine based on user 

inputs and also hosts the WebRTC handler, a threading layer for thread setting based on 

simulation requirements and keeping track of results, and the scripts layer that calls web workers 

to fetch scripts in specific directories based on the handlers for each engine. User control over 

these connections is centralized through the connection layer, as depicted in Figure 1, allowing 

users to make corrections to results or data handling and configuration as required. Figure 2 

shows how to create different types of runs using the library, from initializing an instance to 

running a simulation. The configuration object passed into the library for a run contains the 

required specific and default arguments. 

 

 
Figure 1. Architecture and components of the HydroCompute library. The results, once a 

simulation has finished, are temporarily saved in the threading layer and then transferred to the 

connection layer.. 
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Figure 2. Different modes of initializing a HydroCompute instance, setting simulation data, and 

running the library. 

 

2.3.1.  Connection Layer 

The connection layer keeps track of the number of engines available for use, the number of times 

specific engines have been called, data management, the number of runs that have been created 

using specific engines, running a simulation, and the results from the simulation, as well as 

execution times. It is the main interface all the other engines interact with. The basic running 

requirements are saved and passed to the run function in the main engine. For initialization 

purposes, the JavaScript engine has been set as the default. 

Upon library initialization, the main object interface, designated "engine," is called. The 

active engine used in an instance can be changed as needed by the user, allowing for the use of 

the computation or the data sharing engines. These have been designed to deal mainly with 

multidimensional array structures that are fed into the connection layer. The connection layer 

calls helper functions that clone the data and transform it into typed buffers, which are stored 

globally within the library for further usage. Figure 3 shows the workflow for initializing a 

simulation run, specifically how the data is parsed and saved in the library’s local storage 

context. In developing the connection layer, specific workflow assumptions were considered for 

effective data management: 

(1) Data Sharing: The data must be shared between the contexts of the main thread (user 

interface, input/output commands) and the separate threads that run the heavy computations 

in the background. 

(2) Data Availability: The running context must primarily access the data. To avoid further 

compiler optimization issues with memory management, the data is transferred, not cloned, 

between the threading environment and the main engine. Transferring data makes better 

integration with the environment possible and saves space and computation time. 
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(3) Data Validation: The input data must not be an empty array or contain faulty characters or 

anything other than numbers, whether decimal or whole, that are intended for use in the 

simulation.  

 
Figure 3. On initializing data for a run. 

 

The data is then registered using a naming convention specified by the user or a random 

assignment of letters and numbers. Given that the domain of interest is hydrology and 

environmental sciences, float 32-byte numbers were considered to have the maximum accuracy 

required and are used as typed arrays throughout the whole application lifecycle. The process for 

running a simulation is governed by specific criteria described in Table 1. Once all default 

requirements have been established, the hydrocompute.run() commands trigger an instance 

of the engine class to execute the simulation, following the flowchart shown in Figure 4. More 

discussion on what DAG represents and how it is used will be given in the following sections. 

 

Table 1: Criteria for Running a Simulation 

Criteria Description 

Stepwise 

Execution 

Each step, including its dependencies, functions to be executed, 

and arguments, must be specified in an array. 

Functions & 

Arguments 

Appropriate arguments for each function must be specified. 

Dependencies Functional dependency within each step must be identified. 

Step Linkage A designation must be made to determine if results from a 

previous step should be passed to subsequent steps. 
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Figure 4. Flowchart of running a simulation. 

 

2.3.2.  Engine Management 

The engine class serves as the fundamental driver for executing the available APIs within the 

HydroCompute library. Figure 4 shows how initializing an engine switches between the different 

engine types. The methods in the layer allow for the modification and analysis of arguments and 

data to initialize threads. The class provides specific implementations for running required 

functions sequentially or in parallel, based on the dependencies of arguments, data sizes, and 

user inputs. 

 

 
Figure 5. Flowchart of initializing the library or changing engines. 
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The scheduling of each thread is determined by the number of functions to run, their 

dependencies, and the data size. This is achieved either by partitioning the input data among the 

available engines or by assigning multiple functions to the same data using threshold functions 

implemented in the library that are accessible through the API. These functions include arbitrary 

partition sizes given by the users. When multiple workers are required to process the same data, 

multithreading is achieved by dispatching several workers at the same time using parallel 

execution. 

If dependencies exist, such as when different workers require the same chunk of data to 

complete or when execution contexts require different functions to finish, then a graph algorithm 

is implemented to ensure efficient thread coordination. After each task is completed, the results 

are combined into a single result space, which is interfaced within the framework to return the 

final results. 

 

2.3.3.  Step Execution Management 

The HydroCompute framework efficiently manages step execution by categorizing functions as 

sequential or parallel and implementing appropriate handling mechanisms. A step handling 

function determines the linkage between steps, the number of functions, and their dependencies, 

allowing for data partitioning, cloning, or direct passing based on the linkage. A task runner 

function determines the execution type using a directed acyclic graph implementation with 

promise-based executions for steps with dependencies and sequential executions for steps 

without dependencies. This approach ensures execution based on dependencies and linkage 

requirements. 

Parallel Execution: A promise-based approach has been implemented when the execution 

context requires n-number of threads to fire up at the same time, whether it is with the same data 

or with different data for each thread, as explained in Figure 6. The number of threads set to run 

is limited by the threads available on the machine running the library. Batches of work are 

created to run an n-number of workers per batch and fired up to avoid race conditions on either 

the available data or the number of threads that the given web browser can run.  

  

Figure 6. Parallel execution of a set of functions for a given step. 
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By limiting the number of threads per batch to the total number of available threads, the 

parallel execution function correctly leverages the engine’s capabilities to expand on the required 

work. Once the data has finished running, it is returned as results to the thread engine. 

Concurrent Execution: When there are dependencies between the functions of a single step, 

then the concurrent execution routine sets the required information for each function for each 

thread as an array of tasks that will execute in the given order of the results required down the 

line (Figure 7). This workload is then submitted to run under the set dependency conditions. 

 

  
Figure 7. Concurrent execution of a set of functions for a given step. 

 

 
Figure 8. Promise-based DAG implemented in the library. 

 

Directed Acyclic Graph: A DAG algorithm was implemented to schedule the execution of 

multiple steps or functions in a specific order based on their dependencies (Figures 8 and 9). The 

algorithm is provided with an input object that includes the functions, a dependency array in 

DAG format, additional arguments, and the type of execution (stepwise or functionwise). 

Promises are used to execute the functions, resolving all functions once they have completed 

their respective executions. The values returned from each function are stored in an array and 

passed as arguments to subsequent functions as specified by the dependency list. The precedence 
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of each function is assumed within the algorithm, and parallel execution occurs when a function 

call has no dependencies. 

 

  
Figure 9. Execution for a single step DAG (a) and execution for a multiple steps DAG (b). 

 

2.3.4.  Thread Manager 

The thread manager class creates a scaffold containing specific running implementations for each 

thread requirement (Figure 10). It contains local variables that keep track of execution time, 

results, data, and additional arguments that run within each thread. The class provides methods 

for managing objects that keep track of the state of each worker, the results coming back from 

the worker, and the execution times. 

 

  
Figure 10. Thread initializer and executioner. 
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When an engine initializes the class, the location of where each worker is as well as the name 

of the engine are provided in order to run the execution context. The class provides variables that 

allow interfacing between the local class variables and the engine that instantiated them and are 

cleared once all the executions required are finished, with the results being lifted back into the 

connection layer. The thread manager is in charge of calling the worker scripts for all the 

available engines. These scripts contain specificities for the execution of the functions to be run. 

However, all the workers have commonalities in terms of data management, result management, 

and execution.  

Given the class declaration of ES6 modules, the architecture allows for multiple instances to 

run simultaneously, allowing for separation of interests when possible. This also means that the 

engines can be changed according to their functions using the library. All engines are driven by 

worker scripts that contain ready-set methods for manipulating the input data. The worker 

structure searches for the required function execution name in the collection of scripts available 

per engine. The function scripts are user-tailored and can be saved either in the specified folder 

for scripts for each engine or in the library’s local directory for direct calls. Figure 10 shows the 

specific structure for each of the available engines. The JavaScript and WebGPU scripts have an 

object structure with all the defined function names for interfacing, while the WASM-compiled 

code uses the glue code generated by the specific language compiler—i.e., EMSCRIPTEN for 

C/C++—to interface with the binary code generated. 

 

  
(a) (b) 

 

Figure 11. (a) Structure of the worker scripts for each engine and (b) structure of the 

EMSCRIPTEN compiled code from C/C++ with required directives for in-browser 

manipulation. 

 

JavaScript Worker: The JavaScript worker contains methods that call instructions directly 

written in the language, optimized for typed arrays. Not having to parse, the execution 

performance is considerably faster for small-sized data and relatively complex computations.  

WebGPU Worker: The WebGPU worker leverages the WebGPU API through different 

methods that call GPU adapters and devices available on the machine running the browser. The 

adapter is specific to the web browser engine and has native memory growth and allocation. The 

WebGPU worker is best suited for analyzing large-scale data and becomes inefficient with 
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smaller data since the architecture of GPU adapters allows for native parallelization. Similar to 

the JavaScript worker, the scripts are kept as objects containing the required GSLS shading code 

provided by a specific name definition within the object. Buffers and shaders are created as 

modules that are dispatched to the device to be copied from the CPU to the GPU and back, 

clearing the data as it is moved from one point to another to avoid memory leaks or unnecessary 

storage.  

Web Assembly Worker: The WASM worker contains methods for appropriately executing 

code directly from binary code compiled from different Web Assembly-compliant programming 

languages. With the availability of running code in a secluded context with its own dynamic 

memory privately allocated from the browser, the engine allows the execution of different types 

of Web Assembly-compliant code under the same scope. As an initial step for this project, two 

Web Assembly-compliant languages have been added: C and AssemblyScript. Being legacy 

code with extensive usage in the fields of hydrology, data science, and computing environments, 

C-implemented Web Assembly code allows for easy compiling through EMSCRIPTEN,  

outputting fast and small-sized bundles. AssemblyScript, on the other hand, is a TypeScript(TS)-

like subset for Web Assembly that enables web developers to easily transition to writing code 

from a JS or TS mindset. 

WebRTC Implementation: The WebRTC engine creates a wrapper around the WebRTC 

features for efficient data transfer, such as results from simulations on another machine or 

transfers from a peer’s local machine, given the tasks are run on the same network. It provides 

ready-set methods to save large data sizes directly into the available sources object, leveraging 

the shared structure within the library. During initialization, the engine sets up connection 

parameters, such as the maximum message size (65 kB), required data partitions, and connection 

type. The run method determines the connection type and establishes a data channel, enabling the 

transmission and reception of data. The received data is saved in the connection layer and readily 

accessible for use as input in simulations. 

 

3.  Results 

This section presents a comprehensive evaluation of HydroCompute's performance in various 

scenarios, including benchmarking tests and a real-world case study. The purpose of this analysis 

is to assess the library's capabilities, execution times, and performance optimizations in handling 

large-scale computations related to hydrology and environmental sciences. The findings provide 

insights into the effectiveness of the library's engines and their potential impact on various 

applications within the field. Furthermore, we discuss feedback obtained from workshops and 

surveys conducted among potential users, offering valuable perspectives on the library's usability 

and applicability in real-world scenarios. 

 

3.1.  Case Studies 

Two case studies were developed to evaluate the performance of data-driven heavy computation: 

a classic benchmarking case using naïve matrix multiplication and a time series analysis with 
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real-time data from gauging stations across Iowa. The implementation was executed on a 

machine with an Intel Core i7-4790 CPU @ 3.60 GHz, 32 GB of RAM, and an integrated Intel 

HD Graphics 4600 with 2176 MB of shared memory and a 64-bit architecture. The development 

and testing environments were Chrome Canary v.106.0.5207.0,Microsoft Edge v.110.0.1587.56, 

and Mozilla Firefox v.118.0.1. The Chrome browser was used for WebGPU executions, and the 

other two were used for WASM and JS executions. Limitations found when running different 

types of executions in the Firefox browser, specifically in regards to the WebGPU engine, are 

mentioned in the Discussions section. The case studies can be found in the GitHub repository, 

with descriptions of how to run them in each respective folder as well as the respective routines 

used for each. 

 

3.1.1.  Benchmarking: Results for Sequential and Parallel Simulations 

The evaluation of engine performance was conducted using the matrix multiplication approach, a 

fundamental tool in environmental and hydrological sciences with broad scope and applicability 

across various disciplines, including numerical simulations, image and data manipulation, and 

equation solvers (Volkov & Demmel, 2008). Moreover, the case study allowed for the setting of 

thresholds for the usage of specific engines based on the number of operations required. To test 

the engines, square matrices of varying sizes (ranging from 42 to 56252) were generated and 

filled with random numbers between 0 and 1000. To evaluate worst-case scenarios and 

performance trends in the web browser environment for the implemented engines, we 

implemented a naïve matrix algorithm as scripts for all engines with both O(n3) complexity and 

floating-point operations (FLOPs) count, as detailed in Hunger (2007). This algorithm involves 

three nested loops for matrix calculations, resulting in O(n3) multiplications for square matrices. 

Notably, WASM and JS use CPU resources, while WebGPU employs a GPU multicore 

architecture, leading to different transactional operations. For large square matrices, JS or 

WASM multiplications are roughly n3-n2, while WebGPU divides transactions into predefined 

workgroup sizes, resulting in (2n3)/64 transactions. These estimates do not account for factors 

like memory caching, CPU speed, and hardware/software specifics, which can significantly 

affect the actual transaction counts. 

Three scenarios were analyzed to assess engine performance. The first involved running a 

single thread for increasing matrix sizes,; the second used multiple threads for smaller size 

matrices; and the last explored the difference in workgroups for large matrices using the 

WebGPU engine.  

Scenario 1 shows similar behavior for all engines for matrices smaller than 162, and a clear 

trend toward an increase for the three engines, with WebGPU performing best for larger matrix 

computations as shown in Figure 12. 

Scenario 2 runs an n-number of threads in parallel, each representing the maximum number 

of data allocated within the running environment without forceful stoppage by the browser. Once 

a thread is finished, the result is aggregated into the library’s result space, where the execution 

times for each of the threads are recorded. Figure 13(a) shows matrix sizes from 162 to 1282 as a 
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set of floating-point operations (FLOPs) in thread counts of 2000, 4000, 8000, and 16000. The 

values for FLOPs and the execution time were normalized using the thread counts by dividing 

both axes by the number of threads, and the same procedure is done for larger matrices from 

2402 to 10242 for thread counts of 100, 200, and 400 as shown in Figure 12(b). From this, 

thresholds were found for when to use which engine; specifically, JS and WASM are more 

efficient for matrix sizes below 1242, and WASM for matrix sizes below 3182. Afterwards, the 

WebGPU engine has the best performance. 

Scenario 3 evaluates the limits of the WebGPU engine in terms of maximum FLOPs; testing 

was done with matrices of sizes 1,0242 through 5,6252. The calculation used a single 

instruction—one thread—and a log-linear tendency was observed for very large matrix sizes. 

Different workgroups were used to study the relationship between the WebGPU switching 

mechanisms and the hardware limits. Figure 15 shows how different workgroups compare as 

single workers are submitted for execution for workgroups of 1 through 64 instructions. As 

stated in the WebGPU specification at W3C (2023a), workgroups represent the size of shaders 

that are to be computed in the x,y, and z directions and default to 64 if not given to the function. 

The sizes, then, represent the multiplication of all the instructions required to drive a 

computation, i.e., 8x8x1 = 64 instructions, which can be written in code as @workgroup(8) or 

@workgroup(8,8,1). Given the naïve implementation, workgroup size 1 yields the best results 

in terms of performance. This is in accordance with how the concurrency of the GPU through the 

WebGPU API allocates tasks. The instruction was cheaper to run on a single workgroup than to 

partition the data into multiple chunks. There was a non-linear increasing tendency in the data for 

all the tested sizes. Throughout the given workgroups, there was a significant execution time 

jump at size 4096, which is linked to the data allocation driven by the device’s hardware, 

maximum paging size available per instruction, and number of cores per device. After 4096, a 

switch in data allocation was performed by the device, which then showed the same increasing 

behavior as previously stated. It is important to mention that this mechanism is highly dependent 

on the device’s memory management and a specific vendor’s GPU schemes. 
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Figure 12. Results from using a single thread on multiple matrix sizes ranging from 42 to 602 in 

semi-log scale base 10. 

 

The evaluation of the engines' performance revealed that significant differences exist in terms 

of running time across the different implementations of the operation. While the WASM and JS 

code demonstrated faster performance for smaller-sized matrices, WebGPU proved to be more 

efficient for larger matrices. This disparity can be attributed to the optimization of CPU and GPU 

code for serial execution and parallelism, respectively. However, for smaller matrices, the 

number of parallel threads that can be dispatched is limited, leading to underutilization of GPU 

resources and higher overheads due to synchronization and coordination efforts by the GPU 

device. Furthermore, suboptimal memory access patterns for small-sized operations result in 

higher memory access latencies and lower performance. The implemented WebGPU shading 

code becomes increasingly important when dealing with large data chunks that require managing 

the massive parallelism of the GPU and leveraging its memory bandwidth and caching 

capabilities. 

Having shared GPU memory had a significant impact on the performance of the WebGPU, 

with rendering issues happening whenever there was an interaction between any other program 

and a task running in the background. For example, whenever a click event or switching tabs 

with a video rendering or similar happened, the adapter that the WebGPU API connected to got 

lost with no reconnection. This behavior was seen whenever running either the multithread tasks 

or when running a single thread with large matrices.  
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(a) (b) 

 

Figure 13. (a) FLOPx106 vs. execution time in seconds for 2,000, 4,000, 8,000, and 16,000 

threads for matrices of sizes 162 through 1282 and (b) FLOPx106 vs. execution time in seconds 

for 100, 200, and 400 for matrices of sizes 2402 through 10242. Each execution FLOP value and 

execution was divided by the corresponding thread in semi-log scale base 10. 
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Figure 14. Cutoff for JS and WASM engines in comparison to the WebGPU, at sizes (a) <124 

and (b) <318 respectively. 
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Figure 15. Testing for different workgroup sizes for matrices from 10242 to 56252 using the 

WebGPU engine. The jump at 4096 represents a switch in data allocation done by the GPU 

device. 

 

 
 

Figure 16. Architecture of the web application. HydroLang works as a front-end developing tool 

and data connection, HydroCompute works as a heavy computing client-side library running 

external scripts in the background. 
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Figure 17. Sequence diagram for the case study. 

 

3.1.2.  Case Study: Real-Time Data Processing and Analysis for streamflow in Iowa 

To highlight the usage of the library, a case study was developed to present a visual dashboard 

that enables users to retrieve and analyze real-time streamflow data from different sources across 

the state of Iowa. The main purpose is to showcase the development pipeline using the library 

alongside complementary web-based tools. This is represented in the application architecture and 

sequence diagram shown in Figures 16 and 17, respectively, and the user interface of the 

application shown in Figure 18. The application connects through statewide rectangular 

coordinates per county or per rectangular selection on screen to CUAHSI WaterOneFlow 

services (Castranova et.al, 2018) for daily values from USGS (USGS, 2023), MOPEX (Shaake et 

al., 2009), and NOAA GHCN (Peterson et al., 1997) to query and obtain all the available 

streamflow stations with daily readings falling within the set boundary from 1900 through the 

day of analysis. This is done using the web-based hydrological framework HydroLang (Erazo et 

al., 2022), which retrieves and cleans streamflow data, and the HydroCompute library used to 

predict timebound streamflow using autocorrelation functions, the auto-regressive moving 

average (ARMA) process, and simple and exponential moving averages, following a similar 

pathway as Vecchia (1985).  
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The design of the dashboard leverages the tools found within the HydroLang framework, 

including data retrieval, cleaning, maps, and graphs. These are the less computationally 

expensive tasks, while all the heavy lifting for the analytical part is done by HydroCompute 

using a collection of time series analysis functions implemented to work specifically for the case 

study. The functions used for the analysis were written in JavaScript (exponential and simple 

moving averages) and in C code compiled in EMSCRIPTEN (ARMA, moving averages, 

transformations, and autocorrelation functions). These functions were written using (Kottegoda 

& Rosso, 2008) and can be found in the supplementary materials of this manuscript and the 

library’s repository in the scripts folder for the JS and WASM engines. For each required 

simulation, the HydroCompute main engine was switched to fetch the external scripts provided 

for the analysis, initiating with the JS engine for the first two simulations and the WASM engine 

after. The user interface is kept organized for further data manipulation and cleaning while the 

compute framework handles the heavy workload on the backend, meaning that the user is able to 

read the data information and basic statistics while the analysis processes are running out of the 

main thread. 

The performance of the application was evaluated based on factors such as portability, code 

complexity, and execution times for the compute library when processing large amounts of data. 

However, the time required to acquire and clean data was not strictly evaluated due to factors 

such as latency times, server traffic, and internet latency that would not highlight the library's 

usage. Regarding data manipulation tasks, HydroLang was used to clean and format the data as 

accurately as possible, considering outliers, faulty values (NaN or undefined), and other 

conditions that would categorize the data as faulty. The number of executions varied by station, 

as the implemented analysis functions depended on the number of executions per algorithm and 

the number of required transactions. For example, stations in or near rivers or streams that are 

used in cities have more records available since 1900 in comparison to stations near small 

streams or remote areas. Since the main task is to obtain daily values, data sizes per station 

varied from 0 records to over 40,000, and whichever amount was obtained was used to run the 

simulations as required. Specifically, there were 33 algorithmic function calls per station done on 

the HydroCompute library, as described in Table 2. 
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Figure 18. Screenshot of the web dashboard for streamflow time series analysis for real time 

USGS gauge stations in eastern Iowa. 
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Table 2: Simulation methods for the case study. 

Simulation Description 

#1 Compute exponential moving averages (alpha = 0.5) and simple moving 

averages (window size = 5) an arbitrary number of times (23) and observe a 

gradual smoothing of results with each iteration running sequentially, written in 

JavaScript 

#2 Compute simple moving averages (window size = 5) and exponential moving 

averages (alpha = 0.5) in parallel, 1 of each written in JavaScript. 

#3 Compute the autocorrelation function, Box-Cox transformation, linear de-

trended time series and ARMA with auto parameter update in parallel, 1 of each 

written in C and compiled using EMSCRIPTEN. 

#4 Compute de-trended linear time series, and ARMA with auto parameter update 

using the previous results running sequentially, 1 of each written in C and 

compiled using EMSCRIPTEN. 

#5 Compute exponential moving average (alpha = 0.5) and ARMA with auto 

parameter update using the previous results running sequentially, 1 of each 

written in C and compiled using EMSCRIPTEN. 

 

To test the application, stations across different counties in the state were queried through a 

rectangular selection tool implemented in the map interface. Separate from the map interface, a 

drop-down selection button was added containing the names of the counties in the state, so the 

user can explore which stations are available in specific locations. The results of execution time 

show a linear relationship between time, the number of data points available at each station, and 

the number of stations within the selected area. Figure 19 shows running the 33 functions in both 

parallel and sequential modes. Querying a quarter of the state (around 250 stations in the 

northwestern part of the state) and data retrieval and cleaning took approximately 9 minutes, 

including around 3 minutes for the data retrieval and cleaning and 6 minutes for the analysis. 
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Figure 19. Elapsed time for executions at 250 stations in the case study. 

 

The results of each of the simulations vary depending on the number of data points available 

within a specific station, temporal resolution, and errors that might be within the data itself. 

Figure 20 shows the different results obtained for different stations in the same area, highlighting 

how the results from specific stations vary largely depending on data availability and time 

constraints. The stepping-like features in graph (b) represent a repetition in values that cannot be 

guaranteed to be accounted for either in the case study development or the incoming location 

values.  

The execution times for each of the tested browsers showed a difference. Running the 

analysis for the same 10 stations around Iowa City area using Mozilla yielded a total execution 

time of 34221 ms, Chrome took 17176.5 ms, and Edge took 19412 ms. This difference can be 

attributed to the different just-in-time (JIT) engines for JavaScript in Mozilla (Spider Monkey) 

and Chrome/Edge (Chromium V8) (Rossberg et al., 2018). These differences, however, do not 

reflect poor performance in either browser and can be accounted for as negligible for small 

datasets. 

 

3.2.  Workshop Feedback and User Experiences 

To assess the usability of the HydroCompute library and determine its potential benefits for 

research and education, a workshop and a presentation were conducted by the developers at a 

hydrological domain conference and a department meeting at the University of Iowa. These 

sessions aimed to demonstrate the library’s usage and capabilities, including the development of 

various case studies that showcased different features of the library, such as code migration from 

different programming languages, stepwise and functionwise executions, and integration with 

other web tools. 

During and after the presentations, a survey was conducted to gather feedback from the 

participants. The survey included questions regarding the participants’ backgrounds, 

understanding of the tool, and its usability across different domains. It also sought to assess the 

applicability and usability of the library’s various features. The survey employed open-ended 
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questions and a 5-point Likert scale style (1=Completely Disagree, 2=Somewhat Disagree, 

3=Neutral, 4=Somewhat Agree, 5=Completely Agree) to gauge satisfaction and comprehension. 

 

 
(a) 

 
(b) 

Figure 20. Sample results for the queried stations for (a) Hoover Creek at Hoover National 

Historic Site, West Branch, IA and (b) WB Wapsinonoc Creek at College St at West Branch, IA 

highlighting reliability on available data. 
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Figure 21. Usefulness rating of the library given by the participants. Questions (a) “On a scale 1-

5 (1 being not useful at all and 5 being extremely useful), how would you rate the usefulness of 

HydroCompute for your field of work?” (b) “Which types of datasets or resources would you 

like to see processed with HydroCompute (Please select all that apply)”. 

 

 

 

Figure 22. Results of survey utility of functionalities in the HydroCompute library. Question: 

“Please rate the utility of the following functionalities of HydroCompute on a scale of 1-5 (1 

being not useful at all and 5 being extremely useful)” 
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The survey provided valuable insights into the library’s applicability and user experience. 

Out of the participants (n=8), approximately 38% had backgrounds in hydrology and 

hydroinformatics. They highlighted the library’s suitability for web application development, 

particularly with datasets related to precipitation, soil moisture, land cover, remote sensing, 

rivers, and streamflow. Participants expressed interest in utilizing the library for tasks like flood 

forecasting, drought monitoring, surface water modeling, hydrological data management, and 

real-time monitoring systems. Regarding usability, 50% and 75% of participants expressed 

neutrality or agreement with the library’s usability (Figure 21). Participants expressed a desire 

for higher levels of abstraction to simplify library implementation and emphasized the 

importance of including the library in public repositories for easy accessibility. 

Functionalities like parallel and sequential execution, integration of new technologies, and 

integration with libraries such as HydroLang were given high valuation, as shown in Figure 22. 

Overall, the positive insights gleaned from the survey will be used to improve future iterations of 

the library and workshops, enabling the creation of enhanced features that cater to a wider 

audience. 

 

4.  Discussions 

The HydroCompute library presents a promising solution to address computational challenges in 

hydrology and environmental sciences by leveraging cutting-edge web technologies and offering 

a flexible, user-friendly, and high-performance computational platform. Despite its advantages, 

there are potential challenges and limitations that need to be addressed to ensure the successful 

implementation and adoption of the library. Some of these challenges are discussed below. 

Different execution times were observed from the test case evaluations for each of the 

implemented engines. These differences can be attributed to optimization techniques used by the 

compiler when interpreting the executions required for each run. The optimization done by the 

compiler is largely dependent on the provided code and the different techniques utilized. 

Performance issues were observed when running WebGPU’s with the different benchmarking 

tests, specifically within the web worker environment. The WebGPU’s performance is heavily 

constrained by the device type running the application available to the user. When running 

different simulations, the integrated GPU adapter lost connection with the WebGPU API when 

trying to perform separate graphical operations on the machine. The combinations of CPU and 

GPU tasks running on a worker also heavily influenced the execution time. 

During the development of the project, computer bitwise organization, or endianness, was 

not thoroughly considered due to uncertainty in the interactions between the different types of 

data saved within the framework and the compilation types for each engine. This topic will be 

addressed in future releases of the project. 

There are two topics that limited the full in-browser portability of the library during the 

development process: the underlying engine that transpiles the JavaScript code (for example, 

Chromium V8 in Google Chrome and Edge or SpiderMokey in Mozilla) and the full 

compatibility of the technologies used (in particular, Web Assembly and WebGPU). Both 

engines have implemented the ES6 module standard that has been adopted for code portability, 
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but the WebGPU implementation has not been fully implemented. Nevertheless, the library has 

been developed with the anticipation that all these standards will be universally adopted in the 

near future across all web browsers, thereby ensuring full compatibility. 

It is important to assess the validity and applicability of the underlying algorithms that will 

be executed using the library. During the implementation of ARMA processes for the case study, 

low reliability was observed in the forecasting results due to incorrect implementation, which 

was later corrected. Given the open nature of development, it is crucial to clearly define the 

problem statement to effectively leverage the capabilities of the library. Although the case study 

provides some examples, the ability to port code from different programming languages to web 

browsers requires a clear understanding of the intended purpose of the code once it is added for 

usage in the library. Any issues with the simulation run, such as undefined instruction 

definitions, uncaught or unhandled memory leaks, or other implementation details, can arise 

from unclear instruction definitions or improper use of the engines. 

Finally, while the HydroCompute library has demonstrated its capabilities in handling large-

scale computations, there may be limitations when dealing with extremely large datasets on the 

client side in terms of tens of gigabytes (Gbs). The performance and efficiency of the library can 

be affected by factors such as available memory, processing power, and network bandwidth on 

the user’s device. In some cases, the library may not be suitable for applications that require 

processing massive datasets or running complex simulations that exceed the available resources 

on the user’s device. These can be managed through either processing a large number of the 

tasks on the server side and doing part of the computations on the client side and implementation 

of in-browser database mechanisms.  

Future work will focus on the development of examples of specialized scripts that contain 

heavily used and computationally expensive routines, which will enhance the library’s 

functionality and promote better integration with hydrological sciences. The functions utilized 

throughout the manuscript for both case studies can be found in the supplementary materials and 

on the library’s GitHub repository. Aside from the exploration of new algorithms, there will be a 

focus on expanding the library’s compatibility with different programming languages and 

platforms. Currently, the library has handlers for porting code from JavaScript, WebGPU, C, and 

AssemblyScript-compiled code and the repository contains the framework to follow so users can 

port their code into the library. However, there are several programming languages that are 

continuously improving the compilation mechanisms to run in the Web Assembly environment. 

In addition, in-browser transpilation using bundlers such as WebPack and Babel will be 

utilized to package the library and host it in package managers, so the library can be used in 

development environments such as Node.js or port directly into the browser using a content 

delivery network. Furthermore, efforts will be made to optimize the framework’s performance, 

particularly in terms of reducing execution times and minimizing resource utilization. This will 

involve exploring new optimization techniques as well as leveraging advancements in hardware 

technology to further enhance the library’s capabilities. 
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Another promising future work is to utilize WebRTC for distributed computing, which can 

allow the HydroCompute library to segment and distribute processing tasks among a network of 

devices, such as personal computers, smartphones, or tablets. This approach would allow users to 

share their computational resources to collaboratively process large datasets or run complex 

simulations that would otherwise be unfeasible on a single device. Implementing adaptive 

algorithms that dynamically allocate resources based on the size of the dataset and the 

capabilities of the participating devices could further optimize the overall performance and 

efficiency of the distributed computing network. 

 

5.  Conclusions 

The HydroCompute library offers a powerful and versatile solution for addressing computational 

challenges in hydrology and environmental sciences. By leveraging cutting-edge web 

technologies, such as Web Workers, WebGPU, Web Assembly, and WebRTC, the library 

enables users to perform efficient and scalable computations within client-side web applications. 

The modular architecture, integration with existing frameworks, and compatibility with different 

programming languages through the WebAssembly standard enhance the library’s adaptability 

and applicability across a wide range of hydrological and environmental applications. The case 

studies demonstrate the library’s performance capabilities and highlight its potential to contribute 

to the advancement of hydrological and environmental sciences through improved data 

processing, analysis, and decision-making. By providing an open-source, user-friendly, and high-

performance computational library, HydroCompute aims to foster a community of users and 

developers that will contribute to its growth and improvement, ultimately benefiting researchers, 

practitioners, and educators in the fields. The library is able to read and manage code written in 

different programming languages by providing directives on structure and compilation that allow 

for fast deployment of web applications. 

 

Abbreviations 

API Application Programming Interface 

ARMA Autoregressive Moving Average 

BMI Basic Modelling Interface 

CSS Cascading Style Sheets 

C/C++ C-based Programming Language 

CPU Central Processing Unit 

CUDA Compute Unified Device Architecture 

CUAHSI Consortium of Universities for the Advancement of Hydrologic Science 

DAG Directed Acyclic Graph 

DOM Document Object Model 

ES6 ECMAScript 6 

XML Extensible Markup Language 

FLOP Floating Point Operations 



 

Page 30 of 34 
 

GLUE Generalized Likelihood Uncertainty Estimations 

GPU Graphics Processing Unit 

HPC High-Performance Computing 

HTML Hypertext Markup Language 

JSON JavaScript Object Notation 

MPI Message Passing Interface 

MOPEX Model Parameter Estimation Experiment 

NOAA National Oceanic and Atmospheric Administration 

NOAA GHCN NOAA Global Historical Climatology Network 

NaN Not a number 

OpenACC Open Accelerators 

OpenMP Open Multi-Processing 

EMSCRIPTEN Open source compiler for C/C++ 

TypeScript Programming Langauge, subset of JavaScript 

FORTRAN Programming Language 

Rust Programming Language 

AssemblyScript Programming Language 

JavaScript (JS) Programming Language 

WebAssembly (WASM) Programming Standard 

Tensorflow.js TensorFlow for JavaScript 

USGS United States Geological Survey 

UI User Interface 

WebGL Web Graphics Library 

WebRTC Web Real Time Communication 

W3C World Wide Web Consortium 
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During the preparation of this work the author(s) used ChatGPT 3.5 in order to improve grammar 
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References 

Angel, E., & Shreiner, D. (2014). Interactive Computer Graphics with WebGL. Addison-Wesley 

Professional.  

Asgari, M., Yang, W., Lindsay, J., Tolson, B., & Dehnavi, M. M. (2022). A review of parallel 

computing applications in calibrating watershed hydrologic models. Environmental 

Modelling & Software, 151, 105370. https://doi.org/10.1016/j.envsoft.2022.105370 

Castronova, A. M., L. Brazil, M. Leon, J. S. Horsburgh, D. Tarboton (2019). CUAHSI Tools and 

Services for Managing Research Data, HydroShare, 

https://doi.org/10.4211/hs.fb519c27b3284fa68ac60a85899df33b 

https://doi.org/10.1016/j.envsoft.2022.105370
https://doi.org/10.4211/hs.fb519c27b3284fa68ac60a85899df33b


 

Page 31 of 34 
 

Cunha, L., Jennings, K., Wood, A., Mizukami, N., Ogden, F., Feng, X., Liu, Y., Peckham, S., 

Garrett, J., Frame, J., Cui, S., Johnson, D., Mattern, D., Johnson, J., Frazier, N., Bartel, R., 

Avant, B., McDaniel, R., & Williamson, M. (2021). Next Generation National Water Model: 

Strategy and Preliminary Performance of Initial Model Formulations. AGU Fall Meeting 

Abstracts 2021. https://ui.adsabs.harvard.edu/abs/2021AGUFM.H54G..04C 

Demir, I., Conover, H., Krajewski, W.F., Seo, B.C., Goska, R., He, Y., McEniry, M.F., Graves, 

S.J. and Petersen, W., (2015). Data-enabled field experiment planning, management, and 

research using cyberinfrastructure. Journal of Hydrometeorology, 16(3), pp.1155-1170. 

https://doi.org/10.1175/jhm-d-14-0163.1 

Demir, I., & Szczepanek, R. (2017). Optimization of river network representation data models 

for web‐based systems. Earth and Space Science, 4(6), 336-347. 

https://doi.org/10.1002/2016ea000224 

Demir, I., & Galelli, S. (2022, April). Next Generation Hydroinformatics Applications in Water 

Resources Research and Education. In ICWRER 2022 9th International Conference on Water 

Resources and Environment Research. 

Demir, I., & Beck, M. B. (2009, April). GWIS: a prototype information system for Georgia 

watersheds. In Georgia Water Resources Conference: Regional Water Management 

Opportunities, UGA, Athens, GA, US. 

Demir, I., Jiang, F., Walker, R. V., Parker, A. K., & Beck, M. B. (2009, October). Information 

systems and social legitimacy scientific visualization of water quality. In 2009 IEEE 

International Conference on Systems, Man and Cybernetics (pp. 1067-1072). IEEE. 

Erazo Ramirez, C., Sermet, Y., & Demir, I. (2023). HydroLang markup language: Community-

driven web components for hydrological analyses. Journal of Hydroinformatics, 25(4), 1171-

1187. https://doi.org/10.2166/hydro.2023.149 

Erazo Ramirez, C., Sermet, Y., Molkenthin, F., & Demir, I. (2022). HydroLang: An open-source 

web-based programming framework for hydrological sciences. Environmental Modelling & 

Software, 157, 105525. https://doi.org/10.1016/j.envsoft.2022.105525 

Ewing, G., Erazo Ramirez, C., Vaidya, A., & Demir, I. (2022). Client-side Web-based Model 

Coupling using Basic Model Interface for Hydrology and Water Resources. EarthArxiv. 

https://doi.org/10.31223/X5XP93 

Ewing, G., Mantilla, R., Krajewski, W., & Demir, I. (2022). Interactive hydrological modelling 

and simulation on client-side web systems: an educational case study. Journal of 

Hydroinformatics, 24(6), 1194-1206. https://doi.org/10.2166/hydro.2022.061 

Freitas, H., & Mendes, C. (2018). Parallelization of a Large-Scale Watersheds Hydrological 

Model using CPU and GPU. https://doi.org/10.5753/eradsp.2018.13604 

Gerard, C. (2021). TensorFlow.js. In C. Gerard (Ed.), Practical Machine Learning in JavaScript: 

TensorFlow.js for Web Developers (pp. 25-43). Apress. https://doi.org/10.1007/978-1-4842-

6418-8_2 

  

https://ui.adsabs.harvard.edu/abs/2021AGUFM.H54G..04C
https://doi.org/10.1175/jhm-d-14-0163.1
https://doi.org/10.1002/2016ea000224
https://doi.org/10.2166/hydro.2023.149
https://doi.org/10.1016/j.envsoft.2022.105525
https://doi.org/10.31223/X5XP93
https://doi.org/10.2166/hydro.2022.061
https://doi.org/10.5753/eradsp.2018.13604
https://doi.org/10.1007/978-1-4842-6418-8_2
https://doi.org/10.1007/978-1-4842-6418-8_2


 

Page 32 of 34 
 

Gerasoulis, A., & Yang, T. (1992). A comparison of clustering heuristics for scheduling directed 

acyclic graphs on multiprocessors. Journal of Parallel and Distributed Computing, 16(4), 

276-291. https://doi.org/10.1016/0743-7315(92)90012-c 

Goodall, J. L. P., Scott D. (2016). Interoperability between the Basic Modeling Interface (BMI) 

and the Open Modeling Interface (OpenMI): A Step Toward Building the Earth System Bridge 

for Modeling Framework Interoperability International Congress on Environmental Modelling 

and Software, Toulouse. https://scholarsarchive.byu.edu/iemssconference/2016/Stream-A/28/ 

Horsburgh, J. S., Morsy, M. M., Castronova, A. M., Goodall, J. L., Gan, T., Yi, H., Stealey, M. 

J., & Tarboton, D. G. (2016). HydroShare: Sharing Diverse Environmental Data Types and 

Models as Social Objects with Application to the Hydrology Domain 

[https://doi.org/10.1111/1752-1688.12363]. JAWRA Journal of the American Water 

Resources Association, 52(4), 873-889. https://doi.org/10.1111/1752-1688.12363 

Hu, A., & Demir, I. (2021). Real-Time Flood Mapping on Client-Side Web Systems Using 

HAND Model. Hydrology, 8 (2). https://doi.org/10.3390/hydrology8020065 

Huang, Q., Huang, Z., Werstein, P., & Purvis, M. (2008). GPU as a General Purpose Computing 

Resource. International Conference on Parallel and Distributed Computing, Applications and 

Technologies 

Hunger, R. (2007). Floating Point Operations in Matrix-Vector Calculus: Technical Report. 

Technische Universität München. https://mediatum.ub.tum.de/doc/625604/625604 

Kottegoda, N. T., & Rosso, R. (2008). Applied statistics for civil and environmental engineers. 

Wiley-Blackwell. 

Li, Z., & Demir, I. (2022). A comprehensive web-based system for flood inundation map 

generation and comparative analysis based on height above nearest drainage. Science of The 

Total Environment, 828, 154420. https://doi.org/10.1016/j.scitotenv.2022.154420 

Li, Z., Mount, J., & Demir, I. (2022). Accounting for uncertainty in real-time flood inundation 

mapping using HAND model: Iowa case study. Natural Hazards, 112(1), 977-1004. 

https://doi.org/10.1007/s11069-022-05215-z 

Li, Z., & Demir, I. (2023). U-net-based semantic classification for flood extent extraction using 

SAR imagery and GEE platform: A case study for 2019 central US flooding. Science of The 

Total Environment, 869, 161757. https://doi.org/10.1016/j.scitotenv.2023.161757 

Maloszewski, P., & Zuber, A. (1993). Principles and practice of calibration and validation of 

mathematical models for the interpretation of environmental tracer data in aquifers. 

Advances in Water Resources, 16 (3), 173-190. https://doi.org/10.1016/0309-

1708(93)90036-f 

OpenGIS. (2014). Open Modelling Interface (OpenMI) Interface Standard. In. OGC Standards. 

Peterson, Thomas C. and Russell S. Vose (1997). “An overview of the Global Historical 

Climatology Network temperature data base”. Bulletin of the American Meteorological 

Society 78 (12): 2837–2849. 

Reed, M. M., Carol, S. W., Steve, S., Jan, V., Harry, V., & Clemens Simmer, D. W. E. (2010). 

Proof of concept of regional scale hydrologic simulations at hydrologic resolution utilizing 

https://doi.org/10.1016/0743-7315(92)90012-c
https://scholarsarchive.byu.edu/iemssconference/2016/Stream-A/28/
https://doi.org/10.1111/1752-1688.12363
https://doi.org/10.3390/hydrology8020065
https://mediatum.ub.tum.de/doc/625604/625604
https://doi.org/10.1016/j.scitotenv.2022.154420
https://doi.org/10.1007/s11069-022-05215-z
https://doi.org/10.1016/j.scitotenv.2023.161757
https://doi.org/10.1016/0309-1708(93)90036-f
https://doi.org/10.1016/0309-1708(93)90036-f


 

Page 33 of 34 
 

massively parallel computer resources. Water Resources Research, 46. 

https://doi.org/10.1029/2009WR008730 

Rönngren, R., & Ayani, R. (1997). A comparative study of parallel and sequential priority queue 

algorithms. ACM Transactions on Modeling and Computer Simulation, 7(2), 157-209. 

https://doi.org/10.1145/249204.249205 

Rossberg, A., Titzer, B. L., Haas, A., Schuff, D. L., Gohman, D., Wagner, L., Zakai, A., Bastien, 

J. F., & Holman, M. (2018). Bringing the web up to speed with WebAssembly. 

Communications of the ACM, 61(12), 107-115. https://doi.org/10.1145/3282510 

Rueda, A. J., Noguera, J. M., & Luque, A. (2016). A comparison of native GPU computing 

versus OpenACC for implementing flow-routing algorithms in hydrological applications. 

Computers & Geosciences, 87, 91-100. https://doi.org/10.1016/j.cageo.2015.12.004 

Segal, M., & Akeley, K. (1999). The OpenGL graphics system: A specification (version 1.1) 

Shaake, J., Cong, S., & Duan, Q. (2009). U.S. MOPEX DATA SET. NOAA National Weather 

Service. https://hydrology.nws.noaa.gov/pub/gcip/mopex/US_Data/Documentation 

Sit, M., & Demir, I. (2023). Democratizing Deep Learning Applications in Earth and Climate 

Sciences on the Web: EarthAIHub. Applied sciences, 13(5), 3185. 

https://doi.org/10.3390/app13053185 

Swain, N. R. (2015). Tethys Platform: A Development and Hosting Platform for Water 

Resources Web Apps (Publication Number 28105506) [Ph.D., Brigham Young University]. 

United States -- Utah.  

Tennessee, U. o. (2021). Message-Passing Interface Standard MPI. In. MPI Forum. 

Trompouki, M. M., & Kosmidis, L. (2016). Towards general purpose computations on low-end 

mobile GPUs. 2016 Design, Automation & Test in Europe Conference & Exhibition.  

U.S. Geological Survey, 2023, National Water Information System data, accessed 2023 via HIS 

Central (http://hiscentral.cuahsi.org). 

Vecchia, A. V. (1985). Periodic autoregressive-moving average (Parma) modeling with 

applications to water resources. Journal of the American Water Resources Association, 21(5), 

721-730. https://doi.org/10.1111/j.1752-1688.1985.tb00167.x 

Vivoni, E. R., Mascaro, G., Mniszewski, S., Fasel, P., Springer, E. P., Ivanov, V. Y., & Bras, R. 

L. (2011). Real-world hydrologic assessment of a fully-distributed hydrological model in a 

parallel computing environment. Journal of Hydrology, 409(1-2), 483-496. 

https://doi.org/10.1016/j.jhydrol.2011.08.053 

Volkov, V., & Demmel, J. (2008). Benchmarking GPUs to tune dense linear algebra. 2008 SC - 

International Conference for High Performance Computing, Networking, Storage and 

Analysis. https://doi.org/10.1109/sc.2008.5214359 

Wagener, T., & Kollat, J. (2007). Numerical and visual evaluation of hydrological and 

environmental models using the Monte Carlo analysis toolbox. Environmental Modelling & 

Software, 22(7), 1021-1033. https://doi.org/10.1016/j.envsoft.2006.06.017 

W3C. (2019). WebAssembly Standard. https://www.w3.org/TR/wasm-core-1/ 

W3C. (2021). Web Workers Standard. https://www.w3.org/TR/2021/NOTE-workers-20210128/ 

https://doi.org/10.1029/2009WR008730
https://doi.org/10.1145/249204.249205
https://doi.org/10.1145/3282510
https://doi.org/10.1016/j.cageo.2015.12.004
https://hydrology.nws.noaa.gov/pub/gcip/mopex/US_Data/Documentation
https://doi.org/10.3390/app13053185
https://doi.org/10.1111/j.1752-1688.1985.tb00167.x
https://doi.org/10.1016/j.jhydrol.2011.08.053
https://doi.org/10.1109/sc.2008.5214359
https://doi.org/10.1016/j.envsoft.2006.06.017


 

Page 34 of 34 
 

W3C. (2023a). WebGPU – Working Draft Standard. https://www.w3.org/TR/webgpu/ 

W3C. (2023b). WebRTC: Real-Time Communication in Browsers. 

https://www.w3.org/TR/webrtc/ 

Wu, Y., Li, T., Sun, L., & Chen, J. (2013). Parallelization of a hydrological model using the 

message passing interface. Environmental Modelling and Software, 43, 124-132. 

https://doi.org/10.1016/j.envsoft.2013.02.002 

Xu, H., Demir, I., Koylu, C., & Muste, M. (2019). A web-based geovisual analytics platform for 

identifying potential contributors to culvert sedimentation. Science of the Total Environment, 

692, 806-817. https://doi.org/10.1016/j.scitotenv.2019.07.157 

Zhang, B., Chen, M., Ma, Z., Zhang, Z., Yue, S., Xiao, D., Zhu, Z., Wen, Y., & Lü, G. (2022). 

An online participatory system for SWMM-based flood modeling and simulation. 

Environmental Science and Pollution Research, 29(5), 7322-7343. 

https://doi.org/10.1007/s11356-021-16107-3 

Zhou, B. B., Qu, X., & Brent, R. P. (1998). Effective scheduling in a mixed parallel and 

sequential computing environment. Proceedings of the Sixth Euromicro Workshop on 

Parallel and Distributed Processing - PDP '98  

Zuo, D., Kan, G., Sun, H., Zhang, H., & Liang, K. (2021). Improving computational efficiency 

of GLUE method for hydrological model uncertainty and parameter estimation using CPU-

GPU hybrid high performance computer cluster. Nat. Hazards Earth Syst. Sci. Discuss., 

2021, 1-33. https://doi.org/10.5194/nhess-2021-344 

 

https://doi.org/10.1016/j.envsoft.2013.02.002
https://doi.org/10.1016/j.scitotenv.2019.07.157
https://doi.org/10.1007/s11356-021-16107-3
https://doi.org/10.5194/nhess-2021-344

