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     Abstract— Water level measurements are important 
for effective water resource management, disaster 
monitoring, and prevention, particularly in the context 
of flood monitoring. This study highlights the 
limitations of conventional water level measurement 
methods and the potential of computer vision-based 
methods for accurate and cost-effective water level 
measurement. The objective of this project is to present 
a computer vision-based water level measurement 
technique that is cost-effective, accurate, and easy to 
distribute. The proposed method utilizes a state-of-the-
art object detection algorithm and provides an overview 
of its performance. The result of this method provides 
an error rate of 0.05% to 0.2% within the full scale 
under good lighting conditions which could potentially 
outperform conventional methods. Moreover, the error 
rate was less than 2% under bad lighting conditions. 
Overall, this method shows promising and accurate 
measurements, and has the potential to integrate 
already installed cameras or Internet of Thing 
platforms and distribute the method efficiently.  

    Index Terms—water level measurement, computer 
vision, YOLOv8, object detection 

I. INTRODUCTION 
Water level measurements are important for effective 

water resource management, disaster monitoring, and 
prevention, particularly in the context of flood monitoring. 
In recent years, the increasing frequency of flood events has 
led to significant increases in fatalities and massive 
economic losses. According to the United Nations [1], 
floods result in the highest number of fatalities among all 
natural disasters. Furthermore, climate change [2] has 
resulted in more frequent and severe flood events in urban 
areas, thereby increasing the risk of damage and loss. This 
emphasizes the importance of closely monitoring floods to 
facilitate prompt action and reduce adverse consequences.  
Flood management is critical for maintaining and 
controlling a region’s risks and for protecting lives. It 
comprises of four phases: prevention, preparedness,  
response, and recovery [3]. Flood prediction is a key 
component in flood prevention. One of the indicators for 
predicting a flood event is the rapid movement of water 
level [4]. Therefore, measurement of river water levels can 
provide robust information for flood prediction. 

Employing conventional water level measurement 
methods to achieve optimal monitoring objectives can be 
costly and requires extensive maintenance [5]. Remote 
sensing technologies such as satellite altimetry can measure 

a wide geographic area with reasonable accuracy [6, 7]. 
However, processing these data can be time consuming and 
expensive, hindering real-time water level measurements. 
Ground sensors, including pressure, capacitance, and 
ultrasonic sensors, can provide high accuracy at lower cost 
[8]. In 2017, Duraibabu et al. [9] developed an underwater 
pressure and temperature sensor using fibre optic 
technology. This sensor was subsequently tested in 
seawater and attained a sensitivity of 15 nm/kPa. 
Furthermore, capacitance-based sensors are known for their 
cost efficiency [8], while ultrasonic and Lidar sensors can 
achieve a measurement accuracy of 0.01m within the 0-10m 
range [10-12]. However, these measurement devices must 
be calibrated periodically to meet hydrological standards. 
Moreover, because some of these sensors are situated in 
water, flash floods can easily damage them, resulting in a 
greater need for maintenance [3].  In addition, conventional 
methods typically struggle to comprehend conditions at 
sites where flooding occurs. As a result, additional cameras 
are usually installed at locations to monitor the hydrological 
situation [5]. In recent years, advancements in computer 
processing units have led to significant improvements in the 
speed and affordability of image processing algorithms. 
Consequently, the utilization of computer vision for water 
level measurements has become increasingly practical and 
cost-effective [3].  

The conventional method of applying computer vision to 
water level measurement is to apply edge detection to 
extract the Region of Interest (ROI). In 2018, Lin et al. [13] 
proposed a method that used a single-lens reflex (SLR) 
camera to capture multiple photos within 25 hours in an 
urban area. They applied least-squares matching (LSM) to 
detect camera movement and adopted normalized cross-
correlation (NCC) to perform movement correction. 
Subsequently, a Gaussian filter was used to optimize the 
ambient noise, and a Canny edge detector was employed to 
extract the ROI. After detecting the water line using the 
Hough transform, the method automatically calculated the 
water level based on pixels from the reference points to the 
water line. Kuo and Tai [14] presented a similar approach 
in 2022. They identified the ROI using a histogram of the 
images and marked the reference points on the staff gauge 
for level calculation. In addition, the NCC technique was 
applied during image processing to minimize the image 
shift caused by the camera vibrations. Normally, these 
methods require reasonably good image quality to apply 
these algorithms step by step. To use the night-version 
application, a near-infrared (NIR) imaging video camera 
may be required. The NIR camera improves image contrast 
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and filters reflection noise from the water surface [15]. 
Although the NIR camera showed a significant 
improvement in low-visibility water level measurements, 
its deployment complexity, such as the installation of new 
cameras and the application of multiple algorithms, still 
hinders its distribution. 

Several novel approaches incorporating deep learning 
algorithms have been introduced. For example, in 2022, 
Rizk et al. [16] proposed a drone-based system for flood 
damage assessment that utilized the deep learning object 
detection algorithms Region-Based Convolutional Neural 
Network (R-CNN) and Visual Geometry Group 16 (VGG-
16). This system was capable of estimating floodwater 
levels by identifying objects, such as houses and cars. The 
system involves aerial object detection and water level 
classification. R-CNN was applied for object detection, 
whereas VGG-16 was used for water level estimation. In 
2020, Lin et al. [17] proposed a computer vision-based 
method for water level measurement involving the use of 
the semantic segmentation network DeeplabV3 + to 
identify the water gauge, followed by the application of K-
means clustering to divide the crop water gauge into 
sections. Finally, a VGG-8 convolutional neural network 
was utilized to recognize each region. This method was 
unique in that it allowed for the measurement of water 
levels without the need to consider the installation location 
of the camera. Similarly, in 2021, Jafari et al. [18] proposed 
a real-time water-level monitoring technique utilizing live 
street cameras. This technique employs a novel approach 
called object-based image analysis (OBIA), which uses a 
pre-measured object as a reference. The approach adopted 
a Fully Convolutional Network (FCN) as an image 
segmentation and object-labelling algorithm. This 
technique successfully detected floodwater levels in 
downtown Houston during Hurricane Harvey. These 
methods allow the use of cameras that have already been 
installed. Compared to the conventional computer vision 
method, it significantly decreases the installation cost. 

The objective of this project is to present a computer 
vision-based water-level measurement technique that uses 
deep learning algorithms to reduce the complexity of the 
previous method to achieve cost-effectiveness, acceptable 
accuracy, and easy distribution.  

The remainder of this paper is organized as follows. 
Section II describes the methodology of the water-level 
measurement methods, provides an overview of our 
method, and introduces a state-of-the-art object detection 
algorithm. Section III describes the results of our proposed 
method and discusses further improvements. 

II. METHODOLOGY 

A. Method Overview 
An overview of the proposed method is presented in Fig. 

1. It  starts with image transformation, which aims to 
orthogonally transform the image; some simple steps of 
image processing, such as cropping and resizing, are 
needed, but are not discussed in this paper. Second, a 

custom trained YOLOv8n model is used to detect the water 
gauge. Finally, the water level was calculated based on the 
known variables. 

B. State of the art Object Detection algorithm 
Traditional computer vision methods have demonstrated 

effectiveness; however, they face limitations in detecting 
water levels under adverse circumstances such as at night 
or during heavy rain. In contrast, deep learning is a type of 
supervised learning that requires labelling only once and 
can perform robustly without requiring human intervention. 
Consequently, integrating deep learning algorithms into 
water level measurements has the potential to overcome the 
limitations of the conventional methods. In recent years, 
object detection algorithms have been developed 
dramatically. In this section, we briefly review these 
algorithms. 

Two-stage detectors were designed to enhance accuracy.  
In 2014, Girshick et al [19]. proposed a region 
convolutional neural network (R-CNN) for object 
detection, which is a two-stage method that integrates a 
regional proposal and the classification result of a (CNN) to 
detect predefined objects. To speed up the process, Girshick 
refined this method as Fast R-CNN in 2015 [20]. At the 
same year, Ren et al. [21] proposed a Faster R-CNN to 
improve speed by replacing the RPN in the previous region 
proposal stage. In 2017, He et al. [22] introduced a new 
segmentation algorithm based on Faster CNN, called Mask 
R-CNN, which significantly enhanced the segmentation 
speed. In 2017, Lin and Dollar [23] proposed a feature 
pyramid network that improved detection accuracy. Based 
on these pre-stage versions of two-stage methods, 
evolutionary methods continue to emerge [24].  

One-stage detectors focus on the processing speed. One 
good example of a one-stage detector is YOLO. In 2016, 
Redmon presented You Only Look Once (YOLO), a single-
stage detector designed for regression problems [25]. 
Redmon and Farhadi subsequently enhanced YOLO to 
YOLOv2 by employing unsupervised learning in 2017 [26]. 
    In addition, they refined the original method by 
integrating the Residual Network (ResNet) model and the 
latest backbone network to create YOLOv3 [27], which 
exhibited considerable improvements in both speed and 
accuracy. Although Redmon stopped researching computer 
vision after YOLOv3, in recent years,  this method has 
advanced rapidly by other scholars[28]. Fig. 2 shows the 
timeline of YOLO, the latest version upon writing this paper 
is YOLOv8, meanwhile, it has outperformed all other 
previous versions as Fig.4 shows.  

The architecture of YOLOv8 as shown in Fig. 3-4 shows,  
The Backbone of the model comprises a series of 
convolutional layers that extract pertinent features from the 
input image. The SPPF layer and subsequent convolution 

Fig. 1: Overview of the proposed method. 
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layers process features at various scales, whereas the 
Upsample layers augment the resolution of the feature 
maps. The C2f module integrates high-level features with 
contextual information to enhance detection accuracy. 
Ultimately, the Detection module utilizes a set of 
convolutional and linear layers to map high-dimensional 
features to the output bounding boxes and object classes. 
The architecture is aimed at speed and efficiency; however, 

it still achieves a high accuracy. 
In this project, our application using an object detection 

algorithm is simple, which is focused solely on detecting 
the water line. Therefore, we aim to achieve straightforward 
results with minimal complexity. Thus, we selected a 
single-stage detector that could efficiently fulfil our 
requirements, as opposed to a two-stage detector that may 
have been more complicated and offered unnecessary 
features. In addition, Fig. 5 shows that YOLO v8n has 
smaller complexity and minimum latency. This has the 
greatest potential to align with our project objective of easy 
distribution. Therefore, we will implement a version of 
YOLO v8, YOLOv8n, where n represents Nano, which is 
the smallest version of YOLOv8. 
 

C. Photogrammetric Method for Transformation 
The primary objective of this step is to transform three-

dimensional real-world objects into two-dimensional 
images. We require a method that can be applied to any real-
time monitoring camera because the camera's location may 
differ. Several methods have been used in previous 
computer vision-based water level measurement methods. 
Zheng proposed a straightforward approach based on the 
pinhole camera model. Ideally, this method only requires 
measurement of the camera angle and its corresponding 
coordinate system for calibration. Yu and Hann [30] 
utilized four known reference points near to support image 
transformation. This method requires an understanding of 
the distance between the camera and object. However, in 
some cases, it may be difficult to measure the distance 
between the object and the camera and typically requires 
additional distance measurement sensors, such as lidar or 
ultrasonic sensors. Di Zhang [31] utilized a method which 
requires pre-calculation of the T matrix as Fig. 6 shows. 
Under certain conditions, when the camera is fixed, the pre-
calculation of the T matrix requires only the real height and 
width of the water gauge. Under these conditions, the T 
matrix can be used for any further transformation at the 
same location. In this project, we adopted the T-matrix 
method for our proposed method. 

Fig. 2: A timeline of YOLO [28]. 
 

Fig 3. Backbone of YOLOv8 P5[29] 
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Normally, in most application cases, the camera and  
water gauge are fixed; therefore, the T-matrix remains 
unchanged throughout the entire life cycle. Pre-calculation 
was performed only once for each location, and the pre-
calculated T-matrix was used to transform all the following 
images. In real applications, even with camera movement 
over time, using this method, we can calibrate the T matrix 
without physically attending to the site. Therefore, it 
significantly decreases the maintenance costs. The 
calculation process for T matrix is shown in Equation (1). 

                                          (1) 

D. Model Building and Data 
1) Data Collection 

The project was conducted in a workshop owing to  
financial and timing constraints. Fig. 7 shows the data-
collection process.  

It is worth noting that our proposed method includes the 
T-matrix transformation; however, we assumed that if 
training the model from transformation images, the result 
would not be significantly affected. Therefore, we skipped 
this step during the experiment. In addition, this position 
setting allowed us to control lighting more precisely. We 
employed an adjustable smart light bulb to alter the 

Fig. 5: Performance of YOLOv8, it outperforms other previous in all 
models, the model from left to right is nano to extra (n → x). The 
performance tests were conducted on the COCO dataset. The graph on 
the top shows the complexity of the model in terms of accuracy. The 
graph on the bottom shows the speed of the model in terms of accuracy.  
 

Fig. 4: Neck and head of YOLOv8[29] 
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brightness of the environment. We collected two datasets: 
model training (50 images for labeling and 10 for 
validation) and measurement testing (20 images). A total of 
80 images were captured under various conditions in these 
datasets, including the blurring and dimming of light.  
Additionally, images were taken from Sony A72 with an FE 
24–70 mm f/4 ZA OSS Lens, and we used an M-mode 
manual control ISO and shutter speed and kept them 
constant when we changed the environmental data.  

One of the most difficult tasks in this project was to 
accurately determine the water line between the gauge and 
the water using this method. To achieve the objective of this 
project, we utilized YOLOv8n to detect the waterline. To 
train the model, we divided it into the labelling and training 
processes.  

 
2) Model Labelling 

Labelling images is undoubtedly the most laborious and 
time-consuming step of this project, demanding meticulous 
attention to detail. However, it is a task that only needs to 
be performed once per location throughout the project 
lifecycle, unless there are significant changes in 
environmental conditions. Our approach to image labelling 
involved leveraging the free version of Roboflow, an 

annotation website. While this choice only provided a 
functional solution, it is worth noting that more advanced 
software options exist that could potentially enhance the 
accuracy and efficiency of the labelling process.  
Unfortunately, because of budget and time constraints 
inherent in the project, accessing these advanced tools is not 
feasible. 

One of the critical challenges in image labelling, as 
depicted in Fig. 8, is the accurate annotation of water 
gauges. The precision of these annotations directly impacts 
the model's ability to accurately draw a bounding box 
around the water level gauge, and subsequently affects the 
precision of the water level calculation. To mitigate these 
challenges and improve the accuracy of the labelling 
process, we employed several strategies. First, increasing 
the number of annotated images can help minimize the 
impact of individual mistakes. In addition, incorporating 
feedback loops into the labelling process can help identify 
and rectify errors more efficiently. We randomly reviewed 
the annotated images to ensure that the labelling process 
was aligned with the project objectives. 
 
3) Model Training 

The model's training was performed within the Windows 
operating system environment, utilizing the PyTorch 
framework [32] and YOLOv8n model architecture, and 
running on an NVIDIA GeForce GTX1650 GPU. The 
training process was fine-tuned by adjusting crucial 
parameters, such as batch size, learning rate, and epochs. 
Batch size refers to the number of samples selected at the 
start of each iteration. A smaller batch size reduces the 
likelihood of convergence, but a larger batch size can result 
in falling into a local optimum, which can slow the training 
process. When the learning rate is set too low, the training 
process becomes extremely slow. Conversely, if the 

Fig. 8: Examples of Image annotation. All target images must be 
undertaken T-matrix transformation before annotation. 

Fig. 6: A overview of T-matrix transformation [33] 

Fig. 7: Data collection design. The camera was positioned in front of a 
ruler (a simulation of the water level gauge). The light bulb and the table 
were in the same vertical plane. 
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learning rate is set too high, it will skip the optimum model. 
Epoch refers to each complete process during the training 
process. The algorithm adjusts other parameters according 
to the accuracy of the previous epoch. To minimize the 
training process, the epoch should be set when the accuracy 
of the model stops increasing. These parameters were 
carefully calibrated and fed into the pre-training model 
along with the dataset to optimize the training process. 

After careful tuning of these parameters during the 
training process, our final configuration comprised 20 
epochs, a batch size of 8, a learning rate of 0.004, and an 
image size of 640 pixels. Each of these settings was 
carefully chosen to make a trade-off between model 
accuracy, training duration, and risk of overfitting. As 
shown in Fig. 9, throughout the training process, as the 
number of epochs increased, the mean average precision 
(mAP) exhibited a corresponding increase Fig. 9(c)., 
whereas simultaneously, the validation and training loss 
trended downward Fig. 9(a) and (b). This observation 
underscores the iterative nature of model training, where 
continued exposure to the dataset enables the model to 
refine its understanding and improve its predictive 
capability. 

The process of selecting an optimal model requires 
comprehensive assessment of performance indicators. The 
highest mean average precision (mAP) was selected as the 
ideal model for deployment in object detection. We choose 
mAP50-95 as the indicator Fig. 9(c). This means that the 
mAP is computed with an intersection over union (IoU) 
threshold ranging from 0.5 to 0.95. In our training process, 
the best mAP (50-95) in the training was approximately 
0.72 in the 18th epoch. This threshold indicates how similar 
features the model recognizes the item. For example, if we 
lower the threshold to 0.5, so as long as the model detect 
0.5 of structural similarity, the model will recognize it as 
the object. 

 

E. Water Level Calculation 
Ultimately, the water level can be determined by 

calculating the pixel distance between the top edge of the 
previously defined pixel location and the detected waterline 
location, as shown in Fig. 10.  

The water level calculation as Equation (2) shows. First, 
we need a good quality image that can be perfectly detected 
in both the water gauge and water line using the model. This 
is the purpose of obtaining the reference line pixel location 

𝑦𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒   and the slop 𝛽 of Equation 2. Because all other 
values are known, we only need to detect the pixel y 
location of the water line 𝑦𝑤𝑎𝑡𝑒𝑟 𝑙𝑖𝑛𝑒 to calculate the water 
level. 

 
                     (2) 
 

Our method relies heavily on the YOLOv8n algorithm; 
therefore, its accuracy in detecting objects under various 
conditions is important. To assess its effectiveness, we 
conducted tests on images captured under extreme 
conditions, such as blurriness and a low-light environment. 

 

III. RESULT AND DISCUSSIONS 

A. Result 
Examples of detection results as Fig. 11-15 shows. During 
the measurement test process, we set four levels and  
captured images under three different conditions. The 
results are shown in Table 1-3 shown. It is worth noting that 
to simplify the experiment, we took reference readings 
directly from the ruler using eye observation. And we made 
sure the waterline is exactly lie on the scale mark.  
   The results show that when the lighting and visibility of 
the water level gauge are good, the model can accurately 
detect the water level with an error of less than 0.5% of the 
full-scale (400 mm). The error increased when the 
brightness was reduced, and the images were blurred. The 
results also showed that the lighting condition had the 
greatest influence on the measurement accuracy. However, 
because waterline detection still works under extreme 
conditions, even though it is not perfect, we can say that the 
algorithm is feasible in most cases. In real-life applications, 
an adaptive threshold can be introduced to address changes 
in the lighting and location. For example, we set the 
threshold to lower at night while setting it higher during the  
daytime. However, as our project is still in the experimental 

 
          (a)                              (b)                          (c) 

Fig.9: Key indicators of the training results , (a) training loss vs epochs. 
(b) validation loss vs epochs, (c) mAP vs epochs . 

Fig. 10: A sketch of water level gauge. The goal of this project was to 
accurately detect waterlines. The pixel location of the reference line and 
the gauge height were fixed in each site.   
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TABLE 1: 60% BRIGHTNESS 

Actual Level (mm) Measurement Error (%) 

146 146.22 0.05% 
130 130.19 0.05% 
90 90.89 0.22% 
50 50.2 0.05% 

 
TABLE 2: 15% BRIGHTNESS 

Actual Level (mm) Measurement Error (%) 
146 151.1 1.28% 
130 133.9 0.97% 
90 97 1.75% 
50 57 1.75% 

 
TABLE 3: 60 % BRIGHTNESS WITH BLURRING IMAGES 

Actual Level (mm) Measurement Error (%) 

146 148.72 0.68% 

130 135.69 1.42% 

90 92.8 0.70% 

50 51.7 0.42% 

Fig. 11: Brightness: 15%. Although the brightness is low, with a good 
quality photo, the model can accurately locate the water gauge with a high 
threshold. However, the waterline drifted slightly. 

Fig. 12: Brightness: 60%. With the good quality of the photo and good 
lighting conditions, the model accurately drew a line between the water 
and the rule. 
 

Fig. 13: Brightness: 60%. The photo was purposely out of focus; this aim 
was to simulate some climate events such as rain and fog. Although the 
model could easily detect the ruler, the waterline was not at the correct 
location. 
 

Fig. 15: Brightness: 5%, This is an extreme example; with very bad 
lighting and poor photo quality, we adjust the threshold to a very low value 
to detect the gauge. Such a low threshold is not advisable because 
unwanted objects can be detected in real-world applications. 
 

Fig. 14: Brightness: 100%. We simulated an occlusion condition by using 
an object to block the ruler. Although the water gauge was not fully 
detected, the water line was perfectly identified, which did not affect the 
results. 
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phase, to establish a comparison with others, we assumed 
that our target river has a water gauge of 10 m full scale, so 
our uncertainty could be in the range of 0.005m to 0.175m. 
In this situation, when lighting conditions are acceptable, it 
can outperform other traditional water level methods [8, 9, 
12]. Additionally, compared to the training process, the 
speed of each measurement was very fast, every single 
measurement only cost 0.5 seconds, this is very useful when 
deploying in real time applications. Moreover, the 
measurement result tended to be higher than the actual 
result, which might be the result of the design nature of our 
method. However, in real applications, as the environment 
becomes more complex, other possibilities may be 
encountered. 

The results of our experiment demonstrate that the 
proposed method can potentially replace conventional 
water level measurement methods and reduce the 
complexity of traditional computer vision-based water level 
measurements. It can provide instantaneous and wide-
ranging water level measurements for flood prediction. 
 

B. Discussion 
This study exploited the benefits of deep learning for 

water level detection. After employing photogrammetric 
transformation, the water level was determined based on the 
pixel information detected by the training model. The case 
study illustrates that this method can effectively monitor the 
water level and track changes throughout the day and partly 
at night when light conditions are above a certain level.  

The proposed method had several advantages. First, 
unlike other camera-based water level measurement 
techniques that require numerous image processing steps,  
such as binary processing, edge detection to detect 
waterlines, order-statistic filtering for adaptive 
thresholding, and NCC and median filtering to remove 
random noise [13-15]. It only requires the YOLOv8n object 
detection algorithm to train a reliable model in the first 
stage. This model can be used repeatedly in subsequent 
applications, thereby saving considerable time and 
costs. Secondly, the proposed measurement method has 
several benefits over ultrasonic and capacitor sensors,  
which require higher equipment costs and are more 
sensitive to environmental background data changes such 
as temperature and humidity. In addition, major on-site 
maintenance of this method only includes cleaning the 
surroundings of the water gauge and camera lens. Other 
calibration processes can easily be conducted indoors. 
Therefore, the maintenance process is simple and less 
laborious. Third, because the detection process of the 
proposed method is simple and fast, it does not require 
significant computing power. Therefore, the detection 
process can run in microcontrollers with small CPU, such 
as the Raspberry PI, which can potentially replace some 
Internet of Things (IoT) applications that require installing 
a large number of sensors for different measurements using 
a potentially wide range of computer vision applications 
[5]. Fourth, because the method is algorithm-based, with the 

advancement of deep learning algorithms, a substantially 
improved version of the algorithm can be easily applied to 
the future development of this method. Consequently, this 
method demonstrates an excellent potential for future use in 
measuring water levels. 

However, this method also has several disadvantages. 
One significant disadvantage of this method is that it relies 
strongly on the deep learning algorithm; if detection fails, it 
will not be able to identify the water level or miscalculate 
the level. To improve this, we can first increase the number 
of labelled images and ensure that they cover all 
environmental conditions. In addition, exploring alternative 
labelling techniques such as active learning or semi-
supervised learning [33] could offer opportunities for 
optimizing the efficiency of the labelling 
process.  Furthermore, we present additional algorithms for 
this method. For instance, in our formula for calculating the 
water level gauge, we assumed that it is linear; however, the 
transformation may not be fully accurate in some cases,  
such as the movement of the water level gauge. A study 
using algorithms like K-mean clustering, fuzzy recognition 
and Artificial Neural Network to improve detection 
accuracy in force measurement [34]; therefore, we can 
explore a similar method to improve the accuracy of our 
measurement. 
 

IV. CONCLUSION 

A. Summary 
Our study demonstrated the application of the deep 

learning algorithm YOLO for computer vision-based water 
level measurements. The objective is to present a cost-
efficient, accurate, and easy distribution method that can 
make use of an already installed site monitoring camera to 
detect the water level in most conditions. In the model 
training process, we labelled approximately 50 images to 
train the model, and selected the best model according to 
the mAP. During the measurement process, only two major 
steps were conducted: T Matrix transformation, water 
gauge detection, and water level calculation. The results of 
this method show promising and accurate measurements of 
water levels in challenging environments. This method can 
potentially provide real time water level monitoring in 
hydrological sites, such as rivers, lakes, and reservoirs. As 
it is computed vision-based, we can integrate this method 
with already installed real-time monitoring platforms, 
which do not require additional installation costs. 
 

B. Limitation 
However, this approach has several limitations. 

Labelling and calibration must be performed for each new 
location, which may require a large amount of time and data 
in a complex environment. The performance of the object 
detection algorithm relies on image quality and lighting 
conditions. Approaches to improve night-version image 
capture are required. Further research can be conducted on 
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night version improvements, such as the application of 
infrared cameras, implementation of error correction 
algorithms. Moreover, in our study, we explored changes in 
lighting and camera blurring. Environmental conditions can 
be more complex, and future studies can explore more 
environmental variables, such as reflection on water and 
wildlife activities. 
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