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Camera-Based Intelligent Stream Stage Sensing for Decentralized Environmental 

Monitoring 

 

Abstract 

On average, flood damages cost $4.4 billion in the US annually. Accurate, vast, and real-time 

coverage of water level monitoring is crucial for the advancement of environmental research, 

specifically in the areas of climate change, water distribution, and natural disaster preparedness 

and management. According to a 2018 EPA report, there are 2.7 million streams and associated 

watersheds in the US with an inadequate monitoring network of just 8,300 sensors. Hence, the 

current state of water monitoring requires an immediate solution to produce low-cost and 

accurate water level measurement sensors. This research presents a novel methodology for 

intelligent stream stage measurement that utilizes prevalent sensors commonly found in smart 

devices. The methodology creates a distinct opportunity for a low-cost camera-based embedded 

system that will measure water levels and share surveys to support environmental monitoring 

and decision-making. Presented intelligent stage sensing is implemented as an in-situ installation 

of a complete single-board computer (i.e., a stand-alone sensor), which utilizes a registry of 

structures and points of interest (POI) along with the core modules of the application logic: (1) 

deep-learning powered water segmentation module and (2) geometric POI calculation module. 

The implementation relies on a Raspberry Pi with a motorized camera for automated 

measurements and is supported by a PID controller and multiprocessing. For future work, the 

involvement of the camera supports further use cases such as recognizing objects (e.g., debris, 

trees, humans, boats) on the water surface using artificial intelligence and image processing. In 

addition, the method shown can be made into a progressive web application (PWA) that can be 

used on smartphones to allow crowdsourced citizen science applications for environmental 

monitoring. 

 

Keywords: water level measurement, edge computing, elevation estimation, river monitoring, 

citizen science, crowdsourcing 

 

1. Introduction 

Water related natural hazards including flooding and droughts caused over $350 billion damage 

and killed over 3,500 people in US in the last 40 years (Smith, 2019). Water resources support 

hundreds of billions of dollars in commerce, and provide safe drinking water, and support 

recreation, irrigation, power generation, and manufacturing (Seo et al., 2019; Loucks and Beek, 

2017). Reliable and real-time monitoring water resources is critical to minimize the loss of life 

and property from water related hazards, and effective management of water resources (Sit et al., 

2019; Guo, 2010). There are 30 million stream reaches in the US with an insufficient monitoring 

network of just 8,300 sensors (Marcarelli, 2019). Currently, in the United States, federal and 

state agencies are using stage sensors that cost from $3,000 to $15,000 with annual maintenance 

costs ranging from $1,000 to $15,000 (Hennigan, 2011). High cost of deployment and 



maintenance of these sensors cause challenges for data coverage which is crucial to tackle vital 

issues like natural disaster mitigation (Yildirim and Demir, 2021), water resources management 

(Demir et al., 2019), and climate change (Khan et al., 2020). Furthermore, a FEMA-sponsored 

report shows that for every $1 spent on disaster mitigation efforts from federal grants, $6 are 

saved from disaster damages on average (Multihazard Mitigation Council, 2018). Thus, the 

current state of water monitoring requires an immediate solution for low cost and accurate water 

level measurement sensors. 

The United Nations (UN) Sustainable Development Goals (SDG) identify the most important 

challenges currently facing humanity, including the pursuit of clean water, combatting climate 

change impacts, and creating disaster-resilient communities (UN, 2016). Recently, the UN 

Interagency Task Team on Science, Technology, and Innovation for the SDGs (IATT, 2021) 

published a report outlining how the rapid development of technology can aid in achieving the 

SDGs, particularly the utilization of autonomous sensors for environmental monitoring purposes 

(Demir et al., 2015; Boesl et al., 2021). A flexible approach that can be realized in a variety of 

devices to be applicable in a multitude of scenarios for water level measurement is needed, 

including in-situ placement of stand-alone sensors as well as portable devices (Abolghasemi and 

Anisi, 2021). 

This research presents a novel methodology for intelligent stream stage measurement that 

utilizes prevalent sensors commonly found in smart devices. The methodology creates a distinct 

opportunity for a low-cost camera-based embedded system that will measure water levels and 

share surveys to support environmental monitoring and decision-making (Teague et al., 2021). 

Presented intelligent stage sensing is implemented as an in-situ installation of a complete single-

board computer (i.e., a stand-alone sensor), which utilizes a registry of structures and points of 

interest (POI) along with the core modules of the application logic: (1) deep-learning powered 

water segmentation module and (2) geometric POI calculation module. The implementation 

relies on a Raspberry Pi with a motorized camera for automated measurements and is supported 

by a PID controller and multiprocessing. An administrative web panel is developed to manage, 

monitor, and calibrate intelligent stage sensors upon deployment. 

One of the main motivations behind this study is to demonstrate the need for and value of 

intelligent stream monitoring approaches and to establish a plethora of research and application 

areas to propel future work. Furthermore, the presented affordable sensor solution, along with the 

potential for the methodology’s expansion into a smartphone application, can provide benefit, 

especially to underserved nations and communities (Cosgrove and Rijsberman, 2014) and 

facilitate collaboration with data scientists and geoscientists (Ebert-Uphoff et al, 2017). Given 

water data’s utility in various environmental tasks (e.g., flood mitigation; Alabbad et al., 2022), 

intelligent sensing approaches can support the SDG goals as established in the aforementioned 

UN report. 

The remainder of this paper is organized as follows: Section 2 describes the proposed 

methodology along with a thorough description of the system architecture. Section 3 presents the 

preliminary results of the experiment, both as a simulation and in operation. Finally, Section 4 



concludes the article with a concise summary of findings and outlines future work and 

recommendations to tackle the challenges of intelligent stream monitoring. 

 

2. Intelligent Stream Stage Sensing 

2.1. Background 

Within the scope of addressing the scarcity of stream stage measurement points worldwide, five 

geometry-based approaches have been proposed by Sermet et al. (2020) to measure water levels 

utilizing inexpensive sensors. Previously, the 3-Cone Intersection method was implemented and 

tested as a mobile application to promote crowdsourcing. While it proved to be highly flexible 

and is readily applicable worldwide without requiring any site-specific preprocessing, error 

margins introduced by human errors are not trivial in consideration of the measurements’ usage 

in environmental tasks (e.g., flood forecasting, reservoir governance). 

This research investigates the realization of another approach, entailing the convergence of a 

vector with a known structure at the POI, in pursuit of achieving a reliable, accurate, actionable 

data flow (Demir and Sermet, 2021). It is applicable for sites that have a clearly visible structure 

(e.g., building, infrastructure, land) that intersects with the water body, and requires only a single 

survey (i.e., taking a picture of the water intersection). The mechanism behind this approach can 

be summarized as assessing the water level at a POI by establishing a virtual vector with the 

initial point represented by the sensor geolocation and the absolute orientation of the camera at 

the time of the survey. The constructed vector is then intersected with the 3D model of the 

feature on site to yield the altitude of the current water level.  

The presented methodology creates a distinct opportunity for two innovative approaches for 

stage measurement: (1) a smartphone application and (2) a camera-equipped embedded system. 

As a citizen science practice, the public can use the mobile application to perform and share 

surveys to support environmental research and decision-making (Ewing and Demir, 2021). For 

continuous and reliable monitoring of selected sites, stand-alone water level measurement 

sensors that are comprised of low-cost camera-based single-board computers can be utilized as a 

significantly low-cost complement to existing systems. As part of this study, stand-alone sensor 

implementation is explored. 

 

2.2. Sensor Design and Implementation 

The presented approach relies on several independent core components including a registry of 

geographic objects representing the POIs, image processing to determine water-structure 

intersection, and geometric calculations based on an earth model. Though they are implemented 

at the sensor level to support edge computing, their independent and flexible nature allows their 

migration to a centralized web server to enable intelligent stream stage sensing via various 

devices (e.g., smartphones) that are capable of producing the defined signals.  

The method is realized as a single-board computer (e.g., Raspberry Pi) equipped with a 

single camera, a servomotor, an Inertial Measurement Unit (IMU), a GPS receiver, and a battery. 

In order to increase accuracy and allow different use cases, the system supports additional 



optional hardware, including a cell modem, a lidar sensor, a laser sensor, and a solar panel. In 

order to achieve the lowest cost (e.g., component cost, effort required for deployment, personnel 

cost for maintenance) possible with viable accuracy, the implementation in this study does not 

depend on any of the optional hardware, and they were not considered for the simulation. Figure 

1 depicts the system architecture along with components and their interactions. 

 

 
Figure 1: System architecture for implementation on a single-board computer 

 

POI Registry: The presented approach aims to find the water level by virtually constructing a 

3D vector between the camera and the water intersection with a structure. It requires a clearly 

visible structure (e.g., bridge column, building) with a modellable surface and a known 

geolocation that intersects with the water. The 3D model of the structure on the measurement site 

is defined before deployment and saved in a relational database accessible via an API with 

functionality allowing the device to query by location and orientation to retrieve the desired POI 

in close proximity. The 3D model consists of a combination of geometrical objects with 

geolocation representing a simplified version of the intersecting structure, location and shape of 

which can be assessed in a variety of strategies, including retrieving structure plans and data 

from building owners or from the city, manual on-site measurements using precise land 

surveying equipment, and utilizing high-accuracy or upscaled digital elevation models (DEM) 

(Demiray et al., 2021). However, for the sake of rapid prototyping, worldwide applicability, 

convenience, and low cost, Google Earth has been used to extract the geolocations of the objects 

of interest and define the POI. 

 



Water Segmentation: The sensor leverages a custom image segmentation model to 

automatically detect the intersection of the water with the structure using neural networks. The 

sensor performs the recognition at a predefined frequency to monitor the changes in water level. 

If the water level changes, the water intersection identified by the segmentation will drive the 

sensor camera movement making it possible to calculate the new stage. Within the scope of this 

paper, an open-source and well-established obstacle detection model for autonomous boats has 

been adopted to utilize the underlying U-Net-based convolutional neural network to determine 

the waterline (Steccanella et al., 2020). 

 

POI Calculation: For geometrical calculations, all geolocations are converted (by default the 

WGS84 datum/ellipsoid) to Earth-centered, Earth-fixed (ECEF) Cartesian Coordinate System for 

decreased error margin. Thus, latitude, longitude, and altitude are represented as x, y, and z. The 

direction of the camera is expressed in terms of pitch and yaw angles. The vector is limited with 

a length of 120 meters, as the measurement site is expected to be closer than that distance for 

accuracy. Thus, the 3D vector can be defined by its origin and end points (Eq. 1). Once the 3D 

vector is generated, it is then intersected with geometrical objects representing the structure on 

the measurement site. For simplicity, during the case study, planes are used as the default 

geometrical object, which can be defined by three points on its surface. Once the intersection is 

calculated, its ECEF coordinate (x,y,z) is converted back to latitude, longitude, and altitude, of 

which the resulting altitude is the water level. For geometrical operations against the Karney 

ellipsoidal earth model, an open-source geodesy library is utilized (PyGeodesy, 2022). 

 

 𝑑𝑦 = 𝑣𝑒𝑐𝑡𝑜𝑟𝐿𝑒𝑛𝑔𝑡ℎ ∗ cos(𝑦𝑎𝑤) 

𝑑𝑥 = 𝑣𝑒𝑐𝑡𝑜𝑟𝐿𝑒𝑛𝑔𝑡ℎ ∗ sin(𝑦𝑎𝑤) 

𝑑𝑧 = 𝑣𝑒𝑐𝑡𝑜𝑟𝐿𝑒𝑛𝑔𝑡ℎ ∗ sin(−𝑝𝑖𝑡𝑐ℎ) 

𝑒𝑛𝑑𝑃𝑜𝑖𝑛𝑡 = 𝑐𝑎𝑚𝑒𝑟𝑎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 − (𝑑𝑥, 𝑑𝑦, 𝑑𝑧) 

Eq. 1 

 



Automatic Controller: In order to let the findings from the camera feed control the camera 

movements, an implementation of visual servoing is required. Two control techniques for visual 

servoing are considered, namely Image-based (2D) and Pose-based (3D) (Chaumette and 

Hutchinson, 2006). Since pose does not hold significance in monitoring of surface water, Image-

based approach has been adopted. We implemented a proportional–integral–derivative (PID) 

control system (Rosebrock, 2019) to automate the process of keeping track of the water 

intersection at the POI. As widely established in the literature, PID controllers function broadly 

to minimize the error between a setpoint and the process variable as part of a feedback loop 

(Pawar et al., 2018). In the proposed sensor’s context, the desired condition is to center the water 

intersection line per the camera perspective, the process variable is a point selected on the 

extracted perimeter subject to conditions attached, and the error is the pixel-wise distance 

between the variable and the image center. 

The main course of action taken by the controller will be tilting the camera over the x-axis 

(i.e., up and down) to track the changes in water level, though the controller supports panning 

over the y-axis (i.e., left and right) for use during initialization and in rare cases where water 

visibility shifts as the stage fluctuates. The employed water segmentation method readily 

identifies the water-representing pixel groups defined by their perimeter. To contextualize the 

output for use in the controller, a point must be selected dynamically as the target for guiding the 

servo sensors. Considering the high variance introduced by the sampling process (e.g., unsteady 

water surface, image noise, component error margins), considerations need to be made in point 

selection as to eliminating infinite loops. Hence, the PID controller must enforce satisfaction 

criteria. Taking continuous monitoring into account, the process variable is determined as the 

point on the perimeter that (1) is closest to the image center and (2) does not have another 

perimeter point below in its orthographic projection. Because the ground truth changes with each 

observation (i.e., water is in motion), we need a fail-safe mechanism to prevent another type of 

possible infinite loop that is caused by the intrinsic feature of the monitored resource, and not the 

controller. As a solution, the system keeps records of all the error terms, e(t), as well as the 

resulting camera orientation, in order to construct a trendline and assess the noise based on a 

threshold. Hence, the system estimates the true stage by minimizing negative effects that may be 

caused by waves and debris. Given that the sensor operation is automated and does not involve 

user interaction, the entire workflow is executed as concurrent processes using Python’s 

Multiprocessing package, which manipulates the same variables shared over the server process 

maintained by the Manager component (Marowka, 2018). 

 



Administrative Web Panel: A web server is created to serve as an administrative panel for the 

setup and maintenance of the sensor. Flask web framework is utilized to expose the core 

functionalities offered by the unit to initialize, fine-tune, and monitor the measurements as well 

as to handle site-specific anomalies. An intuitive user interface is designed with features 

including observing the real-time feed from the camera, manually aligning the camera, setting 

orientational offsets (e.g., pitch and yaw), and manually setting the deployed sensor geolocation 

(Figure 2). It should be noted that these features are optional, and the sensor is capable of fully-

automated operation. For security as well as privacy reasons (e.g., water data quality for research 

and decision-making, camera access), the control panel can only be accessed from devices 

connected to the same network. However, depending on the requirements, the server can be 

exposed to the internet (e.g., ngrok), opening up use cases to remotely manage a network of 

sensors from a centralized application on the field. 

 

 
Figure 2: Admin panel for the sensor 

 

2.3. System Initialization and Continuous Monitoring 

The stage sensor is first mounted at a location with clear sight to a POI that possesses the 

characteristic of a water resource (e.g., river) intersecting with an immovable object such as a 

bridge, a building, or terrain, while the latter should be evaluated case-by-case depending on the 

error margin it may introduce due to the factors such as erosion. Upon booting, the sensor 

measures and records its geolocation and rotates the camera to the water intersection 

automatically. This rotation is measured and saved in the form of servomotor steps as well as the 

IMU measurements to accurately calculate the 3D orientation of the camera. Hence, the sensor is 

autonomously aimed at a potential POI candidate visible to the camera during the installation, 

upon which the user can customize the parameters manually via the admin panel. The 3D model 

of the POI structure or terrain is retrieved once during initialization via a REST API from a 



centralized repository, with the selection criterion as the POI being contained within the 

spherical wedge defined by a portion of a sphere that has the sensor geolocation as its center with 

a diameter of 120 meters (i.e., practical limit of camera range with respect to the measurement 

accuracy). Of all the POIs returned from the repository for this query, the one with the closest 

proximity to the sensor is selected. 

By this point, the system has been using absolute orientation, which is prone to errors and 

noise due to environmental factors. That is why, once the POI is defined, the system goes 

through a calibration round in order to mitigate the noise by switching to relative orientation. A 

singular point on the POI is selected to mathematically calculate the pitch and yaw angles 

required to aim the camera (Eq. 2). Once the absolute orientation is identified (in radians) to 

constitute the reference point, the sensor then performs another stage of automated recognition to 

rotate the camera to the water intersection, however, recording relative movements. Finally, a 3D 

vector is created using the camera orientation, upon which there is supposed to be a point 

intersecting with the reference object. The altitude of this intersection represents the water level, 

which the system records along with a compressed picture of the site at the moment of 

measurement. 

 

 𝑐𝑎𝑚𝑒𝑟𝑎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 =  (𝑥1, 𝑦1, 𝑧1) 

𝑝𝑜𝑖𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 = (𝑥2, 𝑦2, 𝑧2) 

𝑑𝑋𝑌𝑍 = 𝑐𝑎𝑚𝑒𝑟𝑎𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 − 𝑝𝑜𝑖𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 

𝑦𝑎𝑤 = 𝑎𝑡𝑎𝑛2(𝑑𝑋𝑌𝑍. 𝑥, 𝑑𝑋𝑌𝑍. 𝑦) 

𝑝𝑖𝑡𝑐ℎ =  −𝑎𝑡𝑎𝑛2(𝑑𝑋𝑌𝑍. 𝑧, √𝑑𝑋𝑌𝑍. 𝑦2 + 𝑑𝑋𝑌𝑍. 𝑥2) 

Eq. 2 

 

Once the initialization process is complete, the system performs continuous monitoring at 

predefined time intervals and relays the survey results to a centralized system for storage and 

visualization (Figure 3). During continuous monitoring, the system prioritizes tracking in a 

vertical fashion to measure the fluctuations in the water level. Hence, the yaw angle is fixated 

while the pitch angle stays as a variable, resulting in the creation of a 2D vector to assess the 

stage. 



 
Figure 3: Flowchart describing the continuous monitoring process upon deployment (i.e., happy 

path) 

 

3. Results and Discussions 

The presented intelligent stage sensing methodology has been validated with a simulation that 

was conducted for a virtual sensor located at the IIHR–Hydroscience and Engineering building, 

with the measurement site (POI) as the Iowa Power Plant, which intersects with the Iowa River 

(Figure 4). The measurement site has been defined by a 3D plane for simplicity, described by 

three points on its surface. After the simulation data was supplied to the software, the water stage 

was calculated as 188.72 meters, in comparison to the ground truth of 189 meters, meaning that 

our approach was successfully able to estimate the water level with an error of 0.28 meters for a 

point of interest that is approximately 90 meters away. Upon the methodology’s validation, an 

implementation was realized as a stand-alone sensor for in-situ installation in the locale as the 

simulation. The stage sensor is placed in a room that has a direct view of the water resource and 

has a Wi-Fi internet connection and electricity to power the sensor (Figure 4a). The sensor was 

calibrated through the control panel and provided real-time measurements based on the video 

feed, proving its functionality in the operational setting, though the measurements exhibited a 

fluctuating accuracy due to the aggressive waves caused by the dam right near the POI (Figure 

4b). 

 



 
(a) 

 
(c) 

 
(b) 

Figure 4: System validation and case study. (a) Survey setup, (b) Close-up picture of the POI 

(not from the sensor camera), (c) Simulation parameters and result 

 

This study details the methodology and its implementation, along with a simulated case 

study to showcase functional accuracy. However, a systematic experiment needs to be designed 

and executed at viable locales to study its feasibility in a real-life setting. The experiment can be 

conducted at places with existing USGS sensors to serve as reference points, focusing on the 

analysis of (1) the role that different weather conditions play (e.g. fog, precipitation, night time, 

temperature, humidity) in image processing and sensor reliability, (2) identification of the ideal 

interval for measurements and discretization, (3) assessing and comparing the accuracy of 

singular point measurements with running average trendlines, and (4) calibration of critical 

parameters including camera specifications, signal filters, and power usage. 

 

4. Conclusions and Recommendations 

This study presents a novel methodology for water level measurement that utilizes prevalent 

sensors commonly found in smart devices and showcases its utility by realizing a low-cost 

camera-based embedded system for on-site surveys. It utilizes static (e.g., a known structure that 

intersects with the water body) and dynamic parameters for the deployment site to power the 

presented geometry-based liquid level estimation algorithm. Its main purpose is to serve as a 

complementary solution to filling the substantial data gap caused by unmonitored sites and to 



support environmental research and decision-making by providing reliable and consistent stage 

measurements. An experiment has been conducted to validate the proposed implemented 

system’s functional operation and stability, along with a simulation that validated the degree of 

error margin in optimal conditions. Thus, while the methodology is validated, future case studies 

are needed to assess measurement accuracy in varying environmental conditions and sensory 

combinations. 

The findings of this study reveal numerous opportunities for future work, both from an 

application and research standpoint, some of which are identified below: 

a) The accuracy and cost needed for real-world application of stage measurements vary among 

different organizations (e.g., federal and state organizations, insurance companies, research 

groups, and property owners). For instance, federal organizations with decision-making 

motivation prioritize accuracy to the maximum extent possible, whereas increased coverage 

is just as valuable in the case of determining flood insurance costs for real estate. Similarly, 

different use cases may favor a higher initial deployment cost to decrease the long-term cost 

of maintenance, while others require minimizing upfront costs. In future work, such use cases 

should be carefully studied to design optimal stage sensor variations based on optional 

hardware and pre-deployment activities. 

b) Another area of future work is utilizing neural networks to support or replace the PID 

controller. Currently, the stage sensor functions on a feedback loop to continuously adjust the 

camera orientation based on the waterline identification until a satisfaction threshold is 

reached. As an enhancement, each sensor can be equipped with a predictive model that is 

continuously trained upon the pixel-wise difference in waterline and resulting servo updates 

(in addition to other pertaining parameters) to calculate the required degree of change. Each 

sensor would have its own model calibrated to its site (e.g., POI distance, environmental 

parameters). Once satisfactory precision is achieved, the model can replace the PID 

controller and allow the camera to aim at the new water intersection in a single step (i.e., a 

single servo update). While the training can be computationally expensive and power-hungry 

initially, it may in fact increase the power efficiency of the sensor in the long term by 

minimizing the overhead of servo operation caused by the PID controller.  

c) The proposed stage sensor relies on the workflow of physically aiming the camera to the 

water intersection, thereby including a dynamic component that may complicate long-term 

maintenance and may suffer from the imprecision of the aiming process for further distances, 

which would be even more imperfect in the case of the implementation of the methodology 

as a smartphone application. This issue brings out the need to derive an equation to calculate 

the changes in water level with pixel differences without requiring the rotation of the camera, 

given that the POI is still visible. The equation would require the incorporation of additional 

parameters such as the camera specifications and highly precise structure and terrain models, 

which may be particularly difficult in cases of irregular surfaces. 

d) Depending on the installation location, it is very likely that the sensor camera will be subject 

to obstructions and noise. In the case of the presented experiment, the windows are often 



covered with dust, spider webs, bugs, rain drops, and mud splashes. Deep learning-powered 

noise elimination approaches can be integrated into the image processing module. For 

instance, Liu et al. (2020) presented a method based on deep convolutional neural networks 

to automatically recover images through obstructions such as reflections, raindrops, and 

fences. The repository is open-source and directly applicable to the problem at hand. 

e) The proposed methodology can be implemented as a Progressive Web Application (PWA) to 

pave the way to effective and convenient crowdsourced stage measurements running entirely 

using smartphones. One of the main advantages of the PWA approach is that the application 

can function on different types of devices (e.g., iOS, Android) utilizing the smartphone 

sensors and camera without requiring native development. Furthermore, the PWA approach 

enables the system’s utilization all around the world without individual sensor 

manufacturing, deployment, permit, and maintenance costs. A centralized POI repository can 

be developed and continuously expanded with support from local communities and 

administrative units. To encourage the public and ensure a continuous flow of stage 

measurements from the community, gamification methods can be employed (e.g., collecting 

points, feedback mechanisms, and recognition). 

f) As a way to increase the effectiveness and interoperability of water level data collected via a 

wide range of devices and locations, water data sharing platforms and workflows can be 

researched, particularly based on blockchain technology. Water monitoring collaboration 

among institutions based on widespread IoT devices and immutable and verifiable records 

can enable holistic analysis for flood forecasting, circumventing the well-established 

challenges of water management (Lin et al., 2017). 

g) On-site availability of internet-enabled and camera-equipped device with high computational 

power opens a plethora of opportunities for future enhancements and alternative applications. 

In addition to the water level measurement, the presence of the camera enables further 

monitoring scenarios such as recognizing objects (e.g., debris, tree, human, boat) on the 

water surface using deep learning, and supplying annotated data for use in hydrological 

processes including surface water modeling, streamflow estimation, and flood prediction (Sit 

et al., 2020). 
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