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This paper presents a measurement method that utilizes object recognition technology for continuous and quantitative real-time
monitoring of water levels in industrial boilers. Real-time videos of water levels were monitored using a small camera, and the
YOLO algorithm, a single-stage detector, was employed to use the bounding boxes of detected objects within the video as variables,
directly measuring the length ratio for each frame. The method demonstrated a high level of accuracy in water-level measurement,
with an average of 99.02%, and a stable performance, with a fluctuation of 0.13% in continuous measurements. Consequently, the
proposed measurement method proves feasible for quantifying continuous water levels in industrial inspection systems even in
low-resource environments. These results demonstrate a new mechanism for monitoring technology, without requiring text
detection, showing the potential for improving efficiency in complex boiler systems and the feasibility of reliable water-level
measurement and control.

1. Introduction

Recent advancements in computer vision technology are
providing substantial solutions across diverse industrial sec-
tors. These technologies have been successfully applied to
crop identification in agriculture [1, 2, 3], structural defect
detection in construction [4, 5, 6], and remote tracking
detection in drone systems [7], thereby enhancing overall
efficiency. In future industrial systems that emphasize mini-
mal labor and high efficiency, object recognition technology
is increasingly valued. Its significance is particularly evident
in fields that demand continuous and precise monitoring
and control of various factors, such as industrial boilers
[8]. Industrial boilers are commonly used to provide heat
in a range of industries, including petrochemicals, food pro-
cessing, pulp and paper, and power generation. To ensure the
safe and efficient operation of boiler systems, it is essential to
monitor and control various operating conditions precisely.
One critical variable that directly affects the safety and effi-
ciency of a boiler is the water level. According to the first law
of thermodynamics, the supply heat required for steam

generation decreases as the amount of water inside the boiler
decreases, leading to improved boiler efficiency. However, if
the water level in the boiler becomes too low, significant
damage owing to boiler overheating can occur in the furnace
tube [9]. Maintaining the internal water level within a safe
range and quantifying it in real-time are important chal-
lenges for improving the efficiency of boiler systems.

As shown in Figures 1(a) and 1(b), the management of
water levels in industrial boilers typically involves the use of
conductivity level probes (also referred to as level switches).
This method defines only the upper and lower limits through
the level probes, allowing users to visually check if the water
level is within the safety range using a water-level gauge. In
the event that the water level exceeds the safety range, the
conductivity level probes signal the activation or stoppage of
the water pump. However, this current method of water level
management makes it impossible to continuously quantify
changing water levels in real-time.

To solve this problem, it is important to continuously
detect and quantify the water level using real-time video
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information from the level gauge while maintaining the
design elements of the existing boiler system.

In recent times, there have been several attempts to employ
object recognition technology for measuring water levels [10, 11,
12, 13]. The application scenarios of the reported object recog-
nition algorithms primarily involve detecting the position of the
level gauge, the numbers on the scale, and the liquid-level line
within the image. In particular, to read numbers at the water
level involve extensive image-processing operations for number
recognition [10, 11], and rely on the detection of the location
information of the necessary parts within the image using a two-
stage detector-based object recognition technique [12, 13]. This
technique typically involves first generating candidate regions in
which an object might be present, and then detecting the

position and class of the object, which is primarily used for tasks
that demand precise detection. While recognizing the numbers
on the scale is an effective way to read the accurate water-level
state, in the case of industrial boiler-level gauges, models without
numeric scales are predominantly used. This may render these
methods unsuitable for generalization. Moreover, measurement
techniques that require extra image processing through object
recognition, followed by complex computational structures, may
not be cost-effective for real-time feedback control processing of
water pumps in low-spec environments.

In this paper, a system for detecting water levels based on
vision is proposed, as shown in Figure 1(c). This system uses
object recognition technology to directly measure the water
level without requiring text or number detection. The size of
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FIGURE 1: Overview of industrial boiler water-level management system: (a) industrial boiler and water-level gauge, (b) cross-sectional
diagram, and (c) schematic diagram of the proposed water-level management system including object recognition technology.
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extracted objects is used as variables. The system incorporates
the single-stage algorithm YOLOv5 and a microcontroller
unit (MCU), offering the advantage of a rapid response
time [14]. First, data was collected to train the object recogni-
tion model. The detection performance of the trained models
was then evaluated using performance metrics. Subsequently,
by using well-trained models, we measured the water level
and assessed the measurement performance by comparing
it with the ground-truth values. Finally, the feasibility of using
the proposed measurement method in industrial boilers was
validated by evaluating the differences in the continuous
water-level measurement performance based on the object
detection performance at various water levels. This study
aims to overcome the limitations of current systems that
impede the enhancement of energy efficiency by ensuring
consistent maintenance of the drum-level. Additionally, an
effective continuous water-level measurement method was
developed within the safe operational range of boilers, and
the new potential applications of object recognition techni-
ques were validated.

2. Materials and Methods

2.1. Experimental Design and Preparation. As shown in
Figure 2, to train and evaluate the water-level detection model,
an experimental setup was assembled using a water-level gauge
(MAXOS®-DIN 7081), a pressure sensor (VPRNP-A6-500
mmH2O), and an MCU (Raspberry Pi 4B). The water supply
and discharge were controlled through two solenoid valves inte-
grated with the water-level gauge. The state of the dashboardwas
recorded through a camera (used for dataset collection: Galaxy
S23, object detection: Logitech®-C270). Pressure signals were
obtained using a pressure sensor to validate the accuracy of
the water-level measurement in the object detection model.
The suitability of the pressure-signal performance evaluation is
illustrated in Figure 2. A ruler was attached to the dashboard,
and the water level was adjusted. The values on the ruler were
compared with the pressure values corresponding to the height

of the water supplied to the water-level gauge. The internal
environment of the water-level gauge was maintained at atmo-
spheric pressure. The linear results demonstrate the suitability of
the pressure signal for evaluating the water-level measurement
performance of the model.

2.2. Hardware Configuration. The YOLOv5 network-based
model was trained and tested in a Colab server environment
(Intel (R) Xeon (R) CPU @ 2.30GHz (Dual-Core), NVIDIA
TESLA T4, 8GB RAM). Additional model detection was
performed on a Raspberry Pi 4B environment (Raspbian-
64-bit OS). The experimental code was written in Python
3.9.2 and PyTorch 2.0.1.

2.3. Model Training. To train the YOLOv5 model, it is neces-
sary to have images with bounding boxes in the Darknet format.
For this purpose, Roboflow, a widely recognized web-based
dataset-processing tool, was employed [15, 16, 17, 18]. The
YOLO series is commonly employed for identifying classes
and presence within images or videos, or for object extraction
for subsequent processes, due to its fast response time and simple
network structure [2, 3, 19]. To acquire variable water-level
images, the water supply and drainage processes were repeated,
and thewater-level gaugewas recorded on a video. Subsequently,
259 images were selected by splitting the frames at 1-s intervals
(Figure 3). For the selected images, annotations and bounding
boxes were manually added using the RoboflowAnnotate anno-
tation tool for two classes: “water” and “dashboard.” The images
were resized to 640×640 pixels. The processed images were then
divided into three sets: training, validation, and test sets, in a ratio
of 7 : 2 : 1. The model was trained using the training and valida-
tion sets, while the test set was used to evaluate the model’s
performance.

2.4. Mechanism of Detection and Measurement. Figure 4(a)
shows the architecture of the YOLOv5 model used in this
study. The model comprises three main components: back-
bone, neck, and head. The backbone is the fundamental
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FIGURE 2: Schematic of the experimental setup for acquiring image data and evaluating water-level measurement performance.
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network of the model, extracting feature maps from the input
images and capturing low-level features. The CSPDarknet53
network structure is used as the backbone for all YOLOv5
series models [20]. The neck combines features from the
backbone to efficiently merge high-and low-level features,
enhancing object detection performance for various scales.
This enables the model to detect objects effectively, regard-
less of their size. Based on the feature maps processed by the
neck, the head predicts the final positions (bounding boxes)
of objects and their corresponding classes. YOLOv5 is a
single-stage detector that efficiently detects objects of various
sizes and shapes in a single step. It has different variants,
such as YOLOv5x, v5l, v5m, v5s, and v5n, which are catego-
rized by adjusting the network depth and width. Improved
detection capabilities can be achieved by employing more
complex networks. However, this comes with an increased
demand for computer performance, resulting in longer train-
ing and detection response times. Therefore, selecting an
appropriate model is crucial [14].

As shown in Figure 4(b), the trained model detects two
classes in real-time water-level images: a dashboard (highlighted
with red boxes) and water (highlighted with green boxes). The
trained model ensured the consistent recognition of objects clas-
sified under the same class. The extracted objects needed to be
distinguished to calculate the heights of the left and right water
gauges separately. As shown in Figure 4(c), identification num-
bers were assigned based on the x-coordinates of the top-left
corner of each bounding box. The heights of objects classified
as classes 1 and 2 are represented by h1 and h2, respectively, with
the numbering process assigning the number 1, as shown in
Figure 4(d). Similarly, h’1 and h’2 represent the heights of the
objects assigned the number 2 during the numbering process.
The water levels were calculated as the height ratios of the
bounding boxes, and percentage values were given as output.
The average of the output water-level values can be converted
into a 4–20mA current signal, which is suitable for industrial
control standards and can be used as an input signal for water
pumps.

2.5. Model Performance Evaluation Metric. The proposed
method for measuring water levels relies on the accuracy
of the bounding boxes. Therefore, the optimal water-level
detection model utilized the sum of the loss functions, as
expressed in Equation (1).

loss¼ lbox þ lobject þ lclassification: ð1Þ

YOLOv5′s loss function includes bounding box loss
(lbox), object loss (lobject), and classification loss (lclassification).
These were used to evaluate the extent of disparity between
the model’s predictions and actual data. Additionally, during
the training process, the loss of the training set (training loss)
and the validation set (validation loss) were monitored to
obtain the optimal detection model and prevent underfitting
or overfitting.

In the context of computer vision, precision (pre) is
defined as the ratio of the true predicted bounding box to
all predicted bounding boxes. Similarly, recall (rec) is defined

as the ratio of the true bounding box to all ground truths.
These metrics assist in the evaluation of both the accuracy
and completeness of the object detection model. Precision
and recall were calculated using true positives (TP), false
positives (FP), true negatives (TN), and false negatives
(FN), as expressed in Equations (2) and (3).

pre¼ TP
TPþ FP

: ð2Þ

rec¼ TP
TPþ FN

: ð3Þ

The F1 score (F1) represents the weighted average of
precision and recall. It is calculated as the harmonic mean
of the two values, and is therefore referred to as the harmonic
mean of precision and recall, as expressed in Equation (4).

F1 ¼
2 × pre × rec
preþ rec

: ð4Þ

Intersection over union (IoU) is a metric used in object
detection models to measure the overlap between the pre-
dicted results and actual objects, as expressed in Equation (5).

IoU¼ Intersection area
Union area

: ð5Þ

Themean average precision (mAP) reflects the overall detec-
tion performance of the model and is calculated as the mean
value of each category’s (c) area under the precision–recall curve,
as expressed in Equations (6), and (7).

AP¼
Z

1

0
pre ⋅ recð Þdrec: ð6Þ

mAP¼ 1
C
∑
c

i¼1
APi: ð7Þ

The mAP was then calculated using IoU thresholds rang-
ing from 0.5 (indicating partially accurate predictions) to
0.95 (indicating predictions that almost completely align
with the ground truth). This measurement assessed the accu-
racy of the model in predicting objects at various levels of
overlap with the ground truth.

3. Results

3.1. Training Results of the Object Recognition Model. The
proposed method for measuring water levels involves calcu-
lating the direct ratio of bounding boxes. Therefore, the
accuracy of the object detection model in classifying and
detecting accurate positions through bounding boxes can
directly affect water level detection. Figure 5 shows the train-
ing results for YOLOv5 models with various depths and
widths. Each model was trained under the same conditions
with 1,000 epochs, a batch size of 16, and an image size of 640.
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The comparison of the training and validation loss functions
confirmed that the model did not suffer from overfitting.
Furthermore, the classification accuracy of all three models
tended to converge after approximately 50 epochs, while the
accuracy and precision of the bounding boxes tended to con-
verge after approximately 950 epochs. All models demon-
strated satisfactory F1 scores and mAP, indicating their
ability to accurately detect the objects required for water level
detection in the input images. Additional training results for
models n, s, andm are presented in Table 1. As the complexity
of the model network structure increased, the object detection
performance improved. The water level in industrial boilers
did not change rapidly, resulting in short response times

observed in the n, s, andmmodels measured in various envir-
onments. However, as the network complexity of the model
increased, the training and water level detection response
times also increased significantly. Therefore, a resource-
intensive training environment is necessary.

3.2. Comparison of Water-Level Measurement Performance.
Figure 6 presents the results of the water-level measurements
using models with excellent learning performance to validate
the measurement mechanism shown in Figure 4. To com-
pare themeasurement performances, as shown in Figure 6(a),
videos were captured by repeatedly draining for 10 s and main-
taining the water level for 30 s after filling the water gauge.
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FIGURE 5: Training results for YOLOv5n, s, and m models on a custom dataset with 1,000 iterations.

TABLE 1: Performance differences of trained models.

Model Layers Parameter Weights (kB) Training time Training loss Validation loss
Response time (ms)

GPU CPU Rasp Pi 4B

YOLOv5n 157 1,761,871 3,823 2 hr 02min 0.03110 0.01808 7.2 156.0 731.1
YOLOv5s 157 7,015,519 14,111 2 hr 48min 0.02592 0.01327 7.9 428.3 1992.8
YOLOv5m 212 20,856,975 41,245 4 hr 13min 0.02189 0.00968 14.3 1065.1 3749.2

Note. The training conditions for each model included 1,000 epochs, a batch size of 16, and an input size of 640. Training time varies depending on the
performance of the server environment.
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The videowas captured from a location 40 cm away,maintaining
a vertical angle to minimize the impact of the camera shooting
angle on the water gauge. The actual values of each water-level
line were extrapolated from the collected data through the pres-
sure sensor, converted into ratios (0–100, unit:%)(149.40–387.33,
unit: mmH2O), as shown in Figure 6(b). The average water-level
values for consistent lines A-J were obtained, excluding

the section where interference occurred due to the pressure
signal from the drainage valve. As shown in Figures 6(c)
and 6(d), the recorded water-level states were continuously
measured for each model, and the mean values of each model in
each section were compared. All the models showed a trend of
matching the actual water level across the entire section, with a
minimum accuracy of 97.25% and a maximum of 99.47%.
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However, accuracy tended to decrease in the edge regions of
the water gauge.Whenmeasuring water levels in the field, it is
crucial to consider the similarity between human vision and
the camera and carefully plan camera placement.

Real-time object detectionmodels exhibit a crucial character-
istic of high variability in bounding boxes. This variability arises
due to the adjustment of bounding box position and size frame-
by-frame, creating the impression of fluctuation, even when the
water level remains constant. Therefore, models with lower vari-
ability are better suited to obtaining stable water-level measure-
ments. To evaluate the stability of water-level measurements for
each model, the standard deviations of continuously collected
measurement data at consistent water levels from A to J were
compared, as shown in Figure 6(e). All three models performed
well, with a bounding box variability of only 0.25%, indicating
minimal impact on the measurements. The YOLOv5n model
had the lowest variability. The YOLOv5n model exhibited the
lowest variability. The average measurement error for the entire
section was approximately 1%, indicating a high accuracy.
Although the models had similar overall measurement perfor-
mance, YOLOv5n exhibited the best performance for lightweight
optimization when considering factors, such as weight, training
time, and response time, as shown in Table 1.

3.3. Correlation between Detection Performance and
Measurement Accuracy. As the number of training iterations
increased, the object detection performance improved. How-
ever, with increasing training time and the accumulation of

unnecessary training iterations, overfitting may occur. Further-
more, while the n, s, and m models showed outstanding object
detection performance, this does not necessarily guarantee excel-
lent water-level measurement performance. To compare the
performance of water-level measurement based on the object
recognition model’s detection performance, iterative training
was conducted using the “n” model, which exhibited the best
water-level measurement performance with epoch sets ranging
from 50 to 1,000. Subsequently, 11 trained models were used to
measure the water level in a stable video recording water level
(49.28%) for 10 s (Figure S1). Figure 7 illustrates the differences
in detection performance based on the number of training itera-
tions. The convergence of the loss function gradually decreased
and the mAP improved as the number of training iterations
increased (Figures 7(a) and 7(b)).However, although the
enhanced detection performance was notable, there was no sig-
nificant difference in accuracy and stability measurements in the
stable water-level segment, as shown in Figure 8.

When establishing water-level conditions for feedback con-
trol in an industrial boiler, it is beneficial to select a range in
which the signal remains stable and linear. To evaluate the effi-
cacy ofmeasurement techniques in fluctuating water-level envir-
onments, a series of experiments were conducted, wherein water
was supplied at a consistent rate from 0% to 86.84%. The mea-
surement performance for each model was evaluated using
recorded water-level video (Figure S2). The results of the 328
sequences recorded over 10 s are shown in Figure 9. The sum
of the readings was averaged to ensure uniform detection

0.03
0.04
0.05
0.06
0.07
0.08
0.09

Tr
ai

ni
ng

 lo
ss

V
al

id
at

io
n 

lo
ss

E50
E100
E200
E300
E400

E600
E700
E800
E900
E1,000

E500

0 200 400 600 800

0.02

0.03

0.04

0.05

0.06

1,000
Epoch

0 200 400 600 800 1,000
Epoch

ðaÞ

0.7

0.8

0.9

1.0

E5
0

E1
00

E2
00

E3
00

E4
00

E5
00

E6
00

E7
00

E8
00

E9
00

E1
,0

00

mAP

ðbÞ
FIGURE 7: Performance metrics of models trained with varying numbers of iterations (E50-1000): (a) comparison of loss functions with respect
to the number of iterations and (b) comparison of mAP with respect to the number of iterations.

8 International Journal of Energy Research

 ijer, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/2024/6107765 by H

anyang U
niversity L

ibrary - Seoul C
am

pus (PA
IK

N
A

M
), W

iley O
nline L

ibrary on [23/09/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



0

1

2

3

4

5

Er
ro

r (
%

)

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

49.28

10 sec
E5

0

E1
00

E2
00

E3
00

E4
00

E5
00

E6
00

E7
00

E8
00

E9
00

E1
,0

00

Error
Standard deviation

Measurement value
Real value

FIGURE 8: Comparison of the continuous measurement performance of models under steady water levels.

0 2 4 6 8 10 12

E50

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)

Non-lin
ear

 m
eas

urem
ents

Linear
 m

eas
urem

ents

0 2 4 6 8 10 12

E100

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E200

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E300

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)

0 2 4 6 8 10 12

E400

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E500

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E600

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E700

0

20

40

60

80

100
W

at
er

 le
ve

l (
%

)

Time (s)

0 2 4 6 8 10 12

E800

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E900

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E1,000

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)
0 2 4 6 8 10 12

E1,000

0

20

40

60

80

100

W
at

er
 le

ve
l (

%
)

Time (s)

Linear
 m

eas
urem

ents

Detection error

Detection initiated

Measurement valueLeft gauge
Right gauge

FIGURE 9: Comparison of continuous performance for different models under varying water-level conditions. The video length is 10 s, and the
measurement values represent the average of the left and right gauge readings.

International Journal of Energy Research 9

 ijer, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/2024/6107765 by H

anyang U
niversity L

ibrary - Seoul C
am

pus (PA
IK

N
A

M
), W

iley O
nline L

ibrary on [23/09/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



performance between the left and right gauges. The readings at
E50, E100, and E200 show a nonlinear trend due to the differ-
ence in readings between the left and right gauges. This is a result
of inaccurate bounding box generation due to insufficient model
training iterations, where the model fails to accurately recognize
learned class. Excluding the nonlinear output range caused by
the time difference in the onset of detection between the left and
right gauges when the “water” class starts to appear, the mea-
surements at E300–E1000 showed a linear trend and their shapes
were similar. Therefore, the loss function of E300 can be defined
as a threshold that indicates linear measurement performance.
As shown in Figure 7(a), models trained for over 300 iterations
converge in terms of loss function values, and the linear range
almost matches. These results show that the proposed measure-
ment method is suitable for monitoring continuously changing
water levels and maintaining constant water levels in industrial
boilers.

Achieving stable measurement performance depends on
achieving detection performance above a certain threshold
through training, and setting an appropriate number of train-
ing iterations is crucial depending on the required accuracy.
For example, water-level measurements aimed at ensuring
safe operation may require lower accuracy and therefore
fewer training iterations suitable for boiler operation. How-
ever, if the objective is to maintain a constant water level
through feedback control, relatively more training iterations
are required to reduce the variability and error. While it is
possible to reduce the loss function by improving the quality
of training data with more images and precise annotation, it is
important to note that this may increase the costs associated
with model development.

3.4. Advantages of Measurement Methods outside the Boiler
System. The most prevalent capacitance measurement techni-
ques [21] used in industrial settings are detailed in Table 2. These
detectionmethods can be broadly categorized into contact-based
and noncontact approaches. In the operation of industrial boi-
lers, the drum pressure exceeds 80 bar [8], and the upper part of
the boiler is filled with high-temperature steam. Consequently,
sensors installed inside the drum to detect the liquid level non-
contact are prone to signal interference, such as scattering and
refraction [27]. Additionally, contact sensors struggle to contin-
uously detect fluctuations in the drum’s liquid level due to the
boiling induced by the thermal energy from the furnace. The
proposed method offers high measurement accuracy and stable
performance (as illustrated in Figure 6), with the advantage of
continuous quantification in both fluctuating and constant
water-level conditions (as demonstrated in Figures 7 and 8).
This distinguishes it from traditional sensors, as outlined in
Table 2, in that the YOLO model-based measurement method
can continuously quantify water levels from outside the boiler
systemwithout being affected by the harsh internal environment
of the boiler.

4. Discussion

The YOLO-based object recognition technique used in this
study is categorized as a single-stage detector, which is a type
of object detection model that performs direct object

localization and classification of input data simultaneously.
It has been predominantly applied to tasks that prioritize
real-time response times over accuracy, such as object identi-
fication [2, 3, 28] and the real-time tracking of fast-moving
objects [29, 30].

However, this paper proposes a novel approach that uti-
lizing bounding boxes generated during object detection with
the YOLO algorithm tomeasure real-time water levels rapidly
and accurately on a frame-by-frame basis. It was demon-
strated that, when the detection targets and camera capturing
the real-time video were fixed in position, the real-time
changes in the objects could be measured quantitatively to a
high degree. Furthermore, experiments showed that the vari-
ability in bounding boxes, potentially hindering water-level
measurement stability, could be improved through iterative
training and might not significantly affect measurement per-
formance. This demonstrates the feasibility of overcoming the
challenges of continuous variation measurements that require
both rapid response times and high accuracy using the YOLO
algorithm, which is a single-stage detector. As demonstrated
in efforts to quantify water levels using cameras to maintain
the infrastructure of industrial boilers, high-accessibility and
low-development costs are essential for applying object rec-
ognition technology in the field. The costs paid for achieving
better performance mainly include computational resources,
such as CPU, GPU, or cloud computing instances, and the
time spent on model training. Additional time may be neces-
sary to acquire images for model training and to perform
annotation tasks. Techniques such as hyperparameter tuning
of the YOLO algorithm architecture or augmentation proces-
sing with more data may be necessary to achieve more precise
detection performance. However, this study has shown that
sufficient water-level measurement performance can be
achieved with minimal processing, ensuring high accessibility
for development. Limitations may arise in generalizing to all
types of water gauges due to the technology’s mechanism,
which intuitively learns the form of the water gauge. Never-
theless, the high accessibility of development, facilitated by
water gauge photos and open-source development tools,
proves cost-effective and showcases the potential for custom-
ized development for different boilers.

The proposed system is composed of a small camera and
an MCU, making it economically feasible and easily applica-
ble to existing industrial boiler facilities without the need for
modification or repair. This system allows obtaining water-
level information not only as visual data but also in quanti-
fied form, with the advantage of the ease of utilizing various
water-level measurement models by simply replacing the
trained model file on the MCU. This flexibility enables the
most suitable model to be used for measurements under
different conditions.

Note that, similar to visual monitoring, errors can occur
depending on the camera position when checking water
levels. This can be addressed by flexibly adjusting the camera
placement according to the requirements when applying the
water-level measurement process in the field. The proposed
method can be applied to other tasks that aim to quantify
real-time changes in objects at fixed positions.
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This study demonstrated the accuracy and measurement
stability of the model by separating the water-level control
part of the boiler at the laboratory scale. Future research will
involve validating the utility of the developed model through
field tests in actual industrial boilers. To improve learning
performance and algorithm generalization, it may be neces-
sary to expand the diversity of commercialized water gauges
in image data. Furthermore, to minimize the impact of exter-
nal factors in industrial systems, such as stains and lighting,
expanding the training image set should be considered. The
ultimate objective is to use water-level conditions as param-
eters for multidimensional deep learning analysis to improve
boiler energy efficiency.

5. Conclusion

This study presents a method for quantitatively measuring
the water-level state of a boiler drum in an existing industrial
water-level control system. The method is based on the
YOLO algorithm and utilizes the YOLOv5n model, which
is suitable for low-spec environments. The model achieved
an accuracy of 99.02% in water-level measurement. Despite
the commonly known high variability of bounding boxes, the
standard deviation of the measurement values remained at
0.13%, demonstrating excellent stability in continuous mea-
surements. Additionally, the proposed water-level measure-
ment algorithm exhibited robust real-time performance with
fast response times averaging 7.2ms on GPU, 156.0ms on
CPU, and 731.1ms on Raspberry Pi. The proposed measure-
ment system demonstrated an excellent performance without
the need for text detection, proving its potential for efficiently
improving complex boiler systems through object recognition
technology and reliable water-level measurement and control.
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