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Abstract. Nowadays, flooding frequently occurs in many areas. To warn the popu-
lation before this issue arises, cameras are used to monitor water levels on gauges in
flood-prone areas. Recently, many research studies have attempted to accurately deter-
mine the water level line. A well-known technique for detecting the water level line with
high performance is YOLO. However, a key aspect of monitoring water levels is read-
ing the characters (numbers and symbols) above the water level line on the staff gauge.
Reading these characters can utilize the same techniques used to solve the problem of
Handwritten Character Recognition (HCR). To achieve a higher accuracy rate in reading
these characters, this research proposes feature extraction using the Histogram of Oriented
Gradients (HOG) technique, classification with a Support Vector Machine (SVM), and
the application of Particle Swarm Optimization (PSO) to optimize SVM parameters.
Experiments are conducted on a widely distributed dataset consisting of 1,200 images.
The results demonstrate that the proposed method achieves superior accuracy compared
to similar methods, underscoring its effectiveness in reading characters on the staff gauge.
Keywords: Water level measurement, Particle swarm optimization, Support vector ma-
chine, Machine learning, Object detection, Histogram of oriented gradients

1. Introduction. Global warming has led to flooding, which threatens lives and property
[1]. Water level measurement is essential for flood warnings and water resource manage-
ment. To measure water levels, numerous studies have proposed various methods, such as
contact measurement systems like capacitive sensors [2], and non-contact measurement
systems like ultrasonic ranging systems [3]. However, both methods have disadvantages,
including high capital investment and difficulties in practical implementation [1,4]. Due
to these disadvantages, some researchers have proposed using surveillance cameras [5].
The advantages of this technique include low cost, easy installation, real-time capability,
high accuracy, improved reliability, and simplified maintenance [1,4]. Many researchers
employed image processing and machine learning techniques for water level detection.
For instance, [1,6,7] use YOLO to detect the position of the water level line on the staff
gauge. Experimental results show that YOLO is highly effective in detecting water level
positions. Many researchers focus on accurately determining the water level line by cal-
culating water level values based on the image height with a fixed ratio [1,7-9], or by
transforming the original image into a virtual image and calculating water level values
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from the height of the virtual image [4,9,10]. These methods are highly effective, but they
have a weakness: if the original image changes, the results may not be accurate, making
them unsuitable for practical applications or general use [4]. If techniques are to be ap-
plied in practical applications, they should read the numbers above the water level, like
the technique in [6]. Moreover, in practice, water level readings are often estimated to de-
termine whether the water level exceeds a specified threshold. If this occurs, an alert can
be issued. Therefore, precise water level measurement is rarely important. To develop a
water level measurement technique that can be applied in practice, this research proposes
using YOLO to detect the water level line position, and then reading the characters above
the water level line on the staff gauge. The main concept of reading characters utilizes the
same algorithm as HCR. The characters on the staff gauge are italicized and have unclear
patterns, resembling handwriting [11]. This research focuses on improving the algorithm
to enhance the accuracy rate of reading characters on the staff gauge. Recently, many
researchers have been trying to solve HCR, employing various techniques such as PSO
and SVM as follows. Ratanavilisagul [12] proposed a feature extraction method using
HOG [13]. Ghadekar et al. [14] presented SVM classifiers and achieved good accuracy
rates on standard datasets. This research aims to compare the effectiveness of reading
characters on the staff gauge using CNN [16], YOLO [15], SVM [17], Extreme Gradient
Boosting (XGBoost) [18], K-Nearest Neighbor (KNN) [19], Random Forest (RF) [20],
and Logistic Regression (LR) [21], and to determine the most effective method for water
level reading. The experimental results from this research show that SVM achieves the
best performance among these methods, indicating its suitability for reading characters
on the staff gauge. However, SVM has a drawback that is parameter adjustment [22].
To solve this problem, this research proposes using PSO to optimize SVM parameters.
Consequently, this paper proposes an algorithm for reading characters on the staff gauge
using HOG for feature extraction and SVM with parameter optimization through PSO
for classification. Experiments are conducted on a widely distributed dataset consisting
of 1,200 images. The results indicate that the proposed method outperforms other similar
approaches in water level reading. The rest of this document is organized as follows: Sec-
tion 2 reviews related work, Section 3 presents the proposed method, Section 4 discusses
the experimental results, and Section 5 provides conclusions along with future research
directions.

2. Related Work.

2.1. Particle swarm optimization. PSO was introduced by [23]. The concept of PSO
is inspired by the movement of animal groups, such as flocks of birds, as they coordinate to
locate the optimal food source. PSO is a stochastic algorithm used to solve optimization
problems. PSO has been successfully applied to optimizing parameters in various machine
learning models, including SVM. By finding optimal parameters, PSO can enhance the
performance of the classifiers, leading to better recognition accuracy.

2.2. Support vector machine. SVM is a supervised learning model employed for both
classification and regression tasks. Its primary goal is to identify the hyperplane that
optimally divides the data into distinct classes. This hyperplane maximizes the margin
between the classes. The decision function for SVM can be written as

f(x) =
n∑

i=1

αiyiK(xi, x) + b (1)

where αi is the Lagrange multipliers, yi is the class labels, xi is the support vectors,
K(xi, x) is the kernel function, and b is the bias term. The Radial Basis Function (RBF)
kernel is a commonly used kernel in SVM, defined as

K(xi, x) = exp
(
−γ∥xi − x∥2

)
(2)
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where γ is a parameter that determines the width of the Gaussian function. In this re-
search, the RBF kernel is employed for experiments involving PSO to optimize SVM
parameters. The RBF kernel can handle non-linear relationships by mapping data into
higher dimensions. The parameters of SVM using the RBF kernel include two key param-
eters [22]. The first parameter is “C” which is a hyper parameter in SVM that controls
the error. A low value of C indicates low error, while a high value of C indicates high er-
ror. However, a low error does not necessarily mean that it has a good model. It depends
on the dataset. The parameter γ (Gamma) is used with the Gaussian RBF kernel. If
SVM uses a linear or polynomial kernel, it does not use gamma. γ determines how much
curvature. A high gamma results in more curvature, while a low gamma results in less
curvature. The decision to tune for high or low gamma depends on the dataset.

In this research, we utilize the scikit-learn library [24] to develop the algorithm. An
example source code using the scikit-learn library is provided in Figure 1. According to
[25], the default values for SVM are C = 1.0, kernel = ‘RBF’, and gamma that is defined
as

γ =
1

the number of features× the variance of the input data
(3)

Figure 1. An example source code using the scikit-learn library

2.3. You only look once. YOLO, introduced by [15], is an algorithm that uses neu-
ral networks for real-time object detection. Currently, YOLO is widely used in various
applications for object detection due to its speed and high accuracy in processing. The
process of YOLO can be summarized as follows: The image is divided into equally sized
sub-grids. Each grid is responsible for detecting objects within its boundaries, and each
bounding box contains multiple features. Next, overlapping and incorrect bounding boxes
are eliminated by evaluating the overlap between predicted and actual object locations.

For detecting the water level position, YOLO can accurately and efficiently identify
the water level line. However, when applying YOLO to classifying characters on the staff
gauge, it is often ineffective. This is because most images, when cropped to contain only
the characters, become small in size. One major drawback of YOLO is its inefficiency in
classifying small images [26]. As a result, YOLO is unsuitable for reading characters on
the staff gauge.

2.4. Convolutional neural network. CNN is developed from artificial neural networks.
CNN has proven effective in classifying data in tasks involving images and visual data
[16]. CNN automatically learns spatial hierarchies of features through the application of
convolutional layers, pooling layers, the fully connected layer, dropout layer, and output
layer. The convolutional layer extracts various features of an image using a filter matrix
(kernel). The pooling layer functions similarly to the convolutional layer; it is used to re-
duce the data size while preserving important image features. The fully connected layer is
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used for feature extraction and transforming the data into a one-dimensional vector (flat-
ten). The dropout layer is used to prevent overfitting. The dropout technique randomly
deactivates some processing units during training, reducing the model’s dependence on
specific neurons. The output layer applies activation functions such as softmax in the case
of multi-class classification to generating the desired output. As mentioned, the design
of the CNN architecture is complex. Defining the structure of the CNN is crucial for the
performance of the model. If not designed appropriately, it can result in a poor mod-
el [27]. The complexity of designing the model means that CNN may be unsuitable for
application in classifying characters on the staff gauge.

2.5. A water level measurement approach based on YOLO. The algorithm intro-
duced by [6] can be summarized as follows. First, numbers (0 to 9) are used to train a
model with CNN, and images of the water level line on the staff gauge are used to train a
model with YOLO. Next, the YOLO model is used to identify the position of the water
level line on the staff gauge, and the first series of characters above the water level line are
classified by the CNN model. The proposed method is validated using images and videos
from a monitoring station on a river in Beijing. The results demonstrate that the proposed
method performs well. This research is called YOLO+CNN. However, this method has
some weaknesses. The CNN structure must be designed appropriately; if the structure
is not properly designed, it does not yield the expected results. Therefore, applying this
technique in general is difficult.

3. Proposal Work. As previously mentioned, YOLO has proven to be effective in de-
tecting water levels on the staff gauge. However, it is rarely efficient in reading the char-
acters on the staff gauge because the characters are small. Meanwhile, the problem with
CNN is that its structure must be designed to suit the images. Figure 2 illustrates that
a standard staff gauge is typically 100 centimeters (cm) tall, with the letter ‘E’ or ‘∃’
aligned with a numerical mark. The dash or space from the character ‘E’ or ‘∃’ is 2 cen-
timeters apart. In most cases, images captured by cameras show characters that appear
slightly tilted, small in size, and inconsistent, as shown in Figure 3. The complexity of

Figure 2. The standard staff gauge

Figure 3. The original image
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the characters on the staff gauge is similar to the complexity of handwritten character
recognition. So, this research proposes applying HCR techniques to reading characters on
the staff gauge. Recently, a technique combining HOG for feature extraction and SVM for
classification has been introduced to effectively solve the HCR problem. So, this research
proposes applying both techniques to reading characters on the staff gauge. Moreover, the
drawback of SVM is the need for careful parameters adjustment. Adjusting parameters
to build an effective model can impact model performance. To enhance the efficiency of
model building with SVM, this research proposes using PSO to optimize SVM parame-
ters. Techniques like PSO can further improve classifier accuracy by finding the optimal
settings for the model, leading to a model with a higher accuracy rate. Additionally, the
researchers experimented with other machine learning techniques such as XGBoost, LR,
RF, KNN, CNN, YOLO, and SVM without PSO to compare with the proposed method
and to demonstrate that PSO can enhance the performance of SVM. The proposed tech-
nique for reading characters on the staff gauge includes preprocessing, feature extraction
using HOG, classification using SVM, and optimization of SVM parameters using PSO.
This technique is called SVM+PSO. The proposed method consists of two phases: the
training phase and the testing phase.

The training phase consists of the following steps.
1) The training of YOLO involves annotating images by marking the water level position

using bounding boxes, as shown in Figure 4 (red rectangle). This annotated data is used
to train the YOLO model to detect the water level position on the staff gauge.

Figure 4. The marking of the water level position

2) For the characters on the staff gauge, the original image is cropped to isolate a
single character within a frame. Subsequently, image segmentation is used to trim the
surrounding white space, ensuring that the characters are centered. The image is then
resized to 20× 20 pixels, as shown in Figure 5. The characters on the staff gauge can be
divided into 14 classes as follows: ‘.’, ‘0’, ‘1’, ‘2’, ‘3’, ‘4’, ‘5’, ‘6’, ‘7’, ‘8’, ‘9’, ‘-’, ‘E’, and
‘∃’. Then, thinning is a technique used to simplify the input data by removing any dots
or the outer layer of a character until it becomes a single pixel in width. Following this,
the HOG technique is employed to extract crucial features, which are then rescaled using
Min-Max Normalization.

Figure 5. The characters used to train the SVM model
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3) The results from step 2 are used to train the model using SVM, while PSO optimizes
the SVM parameters, specifically the regularization parameter C and the kernel parameter
γ.
The test phase consists of the following steps.
Step 1: Use the model from YOLO to detect the water level position. The lower bound-

ary detected by YOLO, as shown in Figure 6, is then expanded upwards until the character
‘E’ or ‘∃’ is found. The area from the lower boundary until it is expanded upwards is the
copper, as shown in Figure 7.

Figure 6. The result from YOLO detecting the water level position

Figure 7. The result from cropping the image

Step 2: K-means clustering is used with the image in Figure 7 to classify the objects
into segments, as shown in Figure 8. Each segment is processed as in step 2 of the training
phase.

Figure 8. The image segmented by K-means clustering

Step 3: Use the SVM model from the training phase to classify all characters from
step 2 and consider only the numbers. For example, a value of 30∃ is considered as 30,
indicating that the water level is between 28 cm and 30 cm.

4. Experiments and Results. The datasets used in this research are obtained from
public websites, and the image augmentation process is applied. The dataset can be
downloaded from [28]. It is divided into two groups: the training set contains 1,000 images,
while the testing set contains 200 images. In the testing set, only images with clearly visible
characters on the staff gauge are selected, and these images do not overlap with those
in the training dataset. These datasets are used to train and test the YOLOv8n model
to detect the water level. For training the model using XGBoost, LR, RF, KNN, CNN,
YOLO, SVM without PSO, and SVM with PSO, the characters on the staff gauge are
cropped from images in the training set. Each character is trained with 100 characters
per class. The performance metrics used in the experiments are described as follows. The
Recognition Rate is calculated as the percentage of correctly identified predictions divided
by the total number of data points. The Recognition Rate from the test phase serves
as an indicator of the algorithm’s classification performance, with higher Recognition
Rate values corresponding to better classification performance. The parameters used in
all experiments are as follows. For the PSO parameters, the PySwarms Library [29] is
utilized. All PSO parameters use the default settings from this library, except for the
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Table 1. Comparative the Recognition Rate of LR, RF, XGBoost, KNN,
YOLO, SVM, YOLO+CNN, and SVM+PSO

Technique LR RF XGBoost KNN YOLO
YOLO+
CNN

SVM
SVM+
PSO

Recognition
Rate

48.50 75.50 74.00 76.50 50.00 69.50 78.50 98.50

swarm size, which is set to 20, and the maximum number of iterations, which is also set
to 40. These values are selected to balance the trade-off between computational cost and
optimization effectiveness. A smaller swarm size and less iteration reduce computation
time while still allowing PSO to effectively search the parameter space. The CNN or
YOLO+CNN parameters and structure are configured based on the recommendations
outlined in the original paper [8], while HOG, RF, XGBoost, LR, and SVM parameters
are configured based on standard values from the scikit-learn library. For the SVM+PSO
parameters, the bounds for C and γ are set to [1, 100] and [0, 10], respectively. These
bounds are chosen to provide a reasonable range for the SVM parameters, ensuring that
the search space is neither too broad nor too narrow, which helps in efficiently finding
the optimal parameters. This research is conducted on a personal computer with an Intel
i7-14700F CPU running at 2.1 GHz, 16 GB of RAM, and Python 3 as the programming
language.

The experimental results in Table 1 show that SVM surpasses LR, RF, KNN, YOLO,
and XGBoost in terms of classification performance. The experiment used the same wa-
ter level line detection and image cropping techniques, but different models for classifying
the characters, as shown in the algorithms in Table 1. The results indicate that YOLO
performs quite poorly in classification, likely because the cropped images are small, re-
ducing its effectiveness. Meanwhile, CNN’s internal structure may be unsuitable for this
case, leading to poor performance. In the case where images are obtained from public
websites, they come from multiple water level monitoring stations and various camera
positions. Therefore, designing a CNN model suitable for solving this problem is difficult.
Moreover, SVM with PSO, which uses the same feature extraction method, outperforms
SVM without PSO, as demonstrated by its superior Recognition Rate. This suggests that
optimizing parameters with PSO can improve character recognition performance on the
staff gauge.

5. Conclusion. This research proposes a method for reading characters on the water lev-
el gauge using HOG for feature extraction, SVM for classification, and PSO for optimiz-
ing SVM parameters. The performance of the proposed method is evaluated on datasets
obtained from multiple water level monitoring stations and various camera positions. Ex-
perimental results revealed that the proposed algorithm outperforms other algorithms,
such as LR, RF, KNN, CNN, YOLO, XGBoost, and SVM. Furthermore, PSO enhances
the performance of SVM. Therefore, the combination of HOG, SVM, and PSO provides
the best classification performance for practical use. The disadvantage of the proposed
method is that it lacks an image enhancement step before the process of detecting the
water level position and the copper image. If the input image does not clearly display
numbers or the water level, the proposed method will be unable to read the water level.
For example, at night, the image may be too dark to detect numbers or the water level.
Hence, the proposed method requires further development in the future. In practice, im-
ages captured by cameras are affected by various factors, such as water stains, lighting
conditions, weather, daytime and nighttime variations, and other environmental influ-
ences. These factors can lead to errors in character recognition. Therefore, it is necessary
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to develop preprocessing techniques to enhance image quality before applying the pro-
posed method.
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