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Abstract—Water leak testing in automotive wheel manufacturing has traditionally relied on manual visual 

inspection of bubble formation, introducing subjectivity and limiting repeatability in quality assurance 

processes. This study developed and experimentally validated a real-time leak detection system based on 

machine vision, directly integrated with an industrial water leak tester platform. A dataset comprising 686 

annotated images was constructed from recorded operational testing sequences and partitioned into 80% 

training and 20% validation subsets. The network was trained for 150 epochs and deployed within an 

integrated framework incorporating temporal decision logic and automated event logging to ensure 

deterministic classification under continuous video streaming. Experimental validation was conducted across 

five scenarios (A–E), including high-leak, low-leak, no-leak, and in-situ operational testing conditions, 

totaling 100 trials. The aggregated confusion matrix yielded 60 true positives and 40 true negatives with zero 

false positives and false negatives, resulting in accuracy, sensitivity, specificity, precision, and F1-score 

values of 1.0 within the evaluated domain. Receiver operating characteristic and precision–recall analyses 

confirmed strong class separability and stable decision boundaries. Although the results demonstrated high 

discriminative performance under controlled and operational settings, further large-scale validation under 

heterogeneous industrial environments is required to fully assess long-term robustness. The proposed 

framework provided an automated, objective, and real-time inspection solution aligned with Industry 4.0 

principles for intelligent manufacturing systems. 

Keywords—wheel leak detection, water leak testing, bubble detection, machine vision, real-time object 

detection 
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I. INTRODUCTION 
Automotive wheels are manufactured using the high-pressure die casting (HPDC) 

process [1], [2] based on aluminum alloys due to their high strength-to-weight ratio and 

corrosion resistance. However, the flow dynamics of molten metal under elevated 

injection pressure could induce porosity formation as a result of air entrapment within the 

mold cavity [3], [4], [5]. The volumetric porosity fraction was expressed as [6]. 

 

𝜙 =
𝑉𝑣𝑜𝑖𝑑

𝑉𝑡𝑜𝑡𝑎𝑙
                  (1)  

 

where 𝑉𝑣𝑜𝑖𝑑 denoted the pore volume and 𝑉𝑡𝑜𝑡𝑎𝑙 represented the total material volume. 

A porosity fraction 𝜙 > 0 increased the probability of forming a through-thickness 

https://doi.org/10.37396/jsc.v9i1.637


Susetyo Bagas Bhaskoro et al. / Jurnal Sistem Cerdas (2026) Vol 09-No 01  eISSN : 2622-8254 Page : 75 - 97 

DOI: https://doi.org/10.37396/jsc.v9i1.637  

76 

 

leakage path, which in tubeless wheels resulted in internal pressure reduction. According 

to the ideal gas law [7], 

 

𝑃𝑉 = 𝑛𝑅𝑇 (2) 

 

a reduction in the amount of air 𝑛due to leakage caused a corresponding decrease in 

internal pressure 𝑃, thereby directly affecting vehicle operational safety. Industrial leak 

testing was performed using dry and wet methods [2], [8]. In the dry method, leakage was 

identified by monitoring pressure deviation over time. 

 

Δ𝑃 = 𝑃0 − 𝑃(𝑡) (3) 

 

with the component classified as leaking when 
𝑑𝑃

𝑑𝑡
< −𝜀, where 𝜀 represented the 

allowable tolerance threshold. In the wet method (water leak testing) [9], the pressurized 

component was immersed in water, and leakage was identified through bubble formation 

caused by the pressure gradient Δ𝑃 = 𝑃𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 − 𝑃𝑎𝑚𝑏𝑖𝑒𝑛𝑡 [7]. The leakage flow rate 

could be approximated using the following relation: 

 

𝑄 = 𝐶𝑑𝐴√
2Δ𝑃

𝜌
 (4) 

 

where 𝑄 denoted the leakage air flow rate, 𝐶𝑑 represented the discharge coefficient, 

𝐴corresponded to the effective leakage orifice area, and 𝜌indicated the fluid density. The 

wet method was more widely adopted due to its simple system configuration and low 

operational cost [6], [10], [11]; however, visual evaluation of bubble formation remained 

subjective and was highly dependent on lighting conditions and operator perception [12]. 

To enhance inspection objectivity and consistency, bubble detection was formulated 

as an object detection problem in the digital image domain. Let the input image be 

represented as a tensor 𝐼 ∈ ℝ𝐻×𝑊×3, then the YOLO model mapped the function 

 

𝑓𝜃: 𝐼 → {(𝑏𝑖, 𝑐𝑖, 𝑠𝑖)}𝑖=1
𝑁  (5) 

 

where 𝑏𝑖 denoted the bounding box coordinates, 𝑐𝑖 represented the object class 

(bubble), and 𝑠𝑖 ∈ [0,1]corresponded to the confidence score [6], [13], [14]. The leakage 

decision was determined based on a temporal indicator function 

 

𝐿 = {
1, if  𝑠𝑖 ≥ 𝜏 for 𝑘 consecutive frames

0, otherwise
 (6) 

 

where 𝜏 represented the confidence threshold and 𝑘 denoted the temporal consistency 

parameter. This formulation transformed manual visual inspection into a deterministic 

classification system based on neural network inference, thereby improving accuracy, 

consistency, and reproducibility in automotive wheel water leak testing quality control. 

Accordingly, this study developed a YOLO-based wheel leak detection system integrated 

into the water leak testing process [14] to identify bubble formation in real time. The 

proposed framework aimed to enhance inspection reliability and reduce dependence on 

manual observation within industrial quality assurance operations. 

 

II. METHOD 
This study employed an experimental engineering approach to design, implement, and 

evaluate an automated wheel leak detection system based on computer vision integrated 

https://doi.org/10.37396/jsc.v9i1.637


Susetyo Bagas Bhaskoro et al. / Jurnal Sistem Cerdas (2026) Vol 09-No 01  eISSN : 2622-8254 Page : 75 - 97 

DOI: https://doi.org/10.37396/jsc.v9i1.637  

77 

 

with a water leak tester machine [2], [10], [15]. Table 1 presented a comparison of 

industrial leak testing methods, from which the wet testing method was selected for the 

present investigation. 

 
Table 1. Comparison between dry and wet air leak testing methods based on detection principle, leakage 

indicators, advantages, limitations, and industrial application preference. 

Aspect Dry Method Wet Method 

Definition Testing of a sealed component using 

pressurized air without liquid medium. 

Testing conducted by immersing the 

pressurized component in water. 

Leakage 

Indicator 

Sudden decrease in internal air pressure. Formation of air bubbles in water. 

Advantages Did not require a liquid medium and was 

suitable for clean environments. 

Enabled straightforward visual 

observation and simple operation. 

Limitations Required highly sensitive pressure sensors and 

provided less intuitive visual feedback. 

Introduced potential splashing and 

required a water containment vessel. 

Industrial 

Preference 

Was applied to products sensitive to moisture 

exposure. 

Was more widely adopted due to ease of 

visual leak identification. 

 

The system was designed through the integration of hardware and software 

components. The hardware configuration consisted of a camera module for image 

acquisition, a processing unit, and an air pressurization system [16]. The wheel specimen 

was secured on a fixed fixture to maintain spatial stability during immersion. The input 

image was represented as a tensor 𝐼 ∈ R𝐻×𝑊×3, which was processed using the YOLOv5 

model through the inference function 

 

𝑓𝜃(𝐼) = {(𝑏𝑖, 𝑐𝑖, 𝑠𝑖)}𝑖=1
𝑁  (7) 

 

where 𝑏𝑖 denoted the bounding box coordinates, 𝑐𝑖 represented the object class, and 

𝑠𝑖 ∈ [0,1]corresponded to the confidence score. The dataset was constructed from 

recorded operational leak testing videos and was extracted into 686 annotated images. 

The data were partitioned into 80% training and 20% validation subsets. The model was 

trained for 150 epochs to minimize the total loss function. 

 

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑏𝑜𝑥 + ℒ𝑜𝑏𝑗 + ℒ𝑐𝑙𝑠 (8) 

 

which comprised the bounding box regression error, objectness loss, and classification 

loss components. Model convergence was determined based on the stability and 

consistency of both training and validation loss values. During the deployment phase, the 

video stream was processed in a frame-by-frame manner. Each frame underwent 

preprocessing, including resizing and intensity normalization, prior to inference. The 

leakage decision was determined using a temporal indicator function. 

 

𝐿 = {
1, if  𝑠𝑖 ≥ 𝜏 for 𝑘 consecutive frames

0, otherwise
 (9) 

 

where 𝜏 represented the confidence threshold and 𝑘 denoted the temporal consistency 

parameter used to suppress spurious detections caused by visual disturbances. 

Performance evaluation was conducted on five test objects, each subjected to 20 trials. 

The predicted outcomes were compared with the ground-truth conditions to construct a 

confusion matrix consisting of True Positive (TP), False Positive (FP), True Negative 

(TN), and False Negative (FN). The evaluation metrics were computed as follows: 
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Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (10) 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (11) 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (12) 

 

This approach ensured a quantitative assessment of model performance while 

simultaneously validating the system under real operational conditions, thereby 

confirming that the framework was not only algorithmically verified but also 

experimentally demonstrated in an industrial implementation context. 

 

A. System Overview 

Figure 1 illustrated the overall architecture of the wheel leak detection system 

developed in this study. The system was designed to identify air bubble formation as an 

indicator of leakage during the water leak testing process. The testing procedure began 

with the application of internal air pressure to the wheel until a stable condition was 

achieved. Subsequently, the wheel was immersed in a water-filled chamber to observe 

potential air release caused by structural gaps or material porosity. 

 

 
 

Figure 1. Experimental setup for tire leak detection consisting of two stages: air inflation using an electric 

pump and bubble detection via water immersion and vision-based image processing. Leakage is identified 

from bubble formation captured by a camera and analyzed digitally. 

 

The process began with pressurizing the wheel until a stable internal condition was 

reached, after which the wheel was immersed in a water chamber. A camera continuously 

recorded video at a resolution of 𝐻 × 𝑊(e.g., 1920×1080 pixels) with an acquisition rate 

𝑓of 20–30 frames per second (FPS). The video stream was decomposed into a sequence 

of frames 𝐼𝑡 ∈ R𝐻×𝑊×3, which were processed sequentially. Each frame underwent 

preprocessing, including resizing to the model input dimension (e.g., 640×640), pixel 

intensity normalization 𝐼′ = 𝐼/255, and color space transformation. When necessary, 

noise reduction was applied using a Gaussian filter to suppress minor surface 

disturbances and visual artifacts. 

 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒
−

𝑥2+𝑦2

2𝜎2  (13) 

 

to minimize disturbances caused by surface ripples or light reflections. Inference was 

performed using the detection function 

 

𝑓𝜃(𝐼𝑡) = {(𝑏𝑖 , 𝑐𝑖, 𝑠𝑖)}𝑖=1
𝑁  (14) 

 

where 𝑏𝑖represented the bounding box coordinates, 𝑐𝑖denoted the object class, and 

𝑠𝑖 ∈ [0,1] corresponded to the confidence score. Valid detections were selected based on 
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the threshold condition 𝑠𝑖 ≥ 𝜏(e.g., 𝜏 = 0.5), and redundant predictions were removed 

using Non-Maximum Suppression (NMS). To improve robustness against random visual 

disturbances, the leakage decision was determined temporally. Let 𝐷𝑡 = 1 if a valid 

detection was observed at frame 𝑡, and 𝐷𝑡 = 0 otherwise; the leakage status was 

formulated as 

 

 

𝐿 = {
1, if ∑ 𝐷𝑡

𝑘
𝑡=1 ≥ 𝑘

0, otherwise
 (15) 

 

where 𝑘denoted the minimum number of consecutive frames containing valid 

detections. This strategy reduced false detections caused by random bubbles or transient 

visual fluctuations [16], [17]. The system was designed to achieve a per-frame inference 

time 𝑡𝑖𝑛𝑓in the millisecond range, satisfying real-time constraints when 𝑡𝑖𝑛𝑓 ≤
1

𝑓
. Under a 

standard GPU configuration, the processing speed exceeded 20 FPS, aligning with 

industrial testing cycle requirements. Figure 2 illustrated the system block diagram, 

depicting the functional relationships among the power supply, control unit 

(microcontroller), actuators, sensors, and image processing module. The power supply 

provided an input voltage 𝑉𝑖𝑛, which was regulated to 𝑉𝑜𝑢𝑡according to the requirements 

of each module through a voltage regulation circuit. 

 

𝑉𝑜𝑢𝑡 = 𝑓(𝑉𝑖𝑛, 𝑅, 𝐶) (16) 

 

where the parameters 𝑅and 𝐶represented the passive components within the regulation 

circuit. The microcontroller functioned as the central control unit, receiving input signals 

from sensors in either analog or digital form. 

 

𝑆𝑖𝑛(𝑡) ∈ {0,1} atau 𝑆𝑖𝑛(𝑡) ∈ R (17) 

 

which were subsequently processed into output control signals to actuate components 

such as the air pump or pressure valve. 

 

𝑆𝑜𝑢𝑡(𝑡) = 𝑔(𝑆𝑖𝑛(𝑡)) (18) 

 

This configuration ensured synchronization between the mechanical pressurization 

subsystem, the image acquisition module, and the computer vision-based processing unit. 

With this architecture, both power distribution and signal flow were structured 

deterministically, thereby supporting operational stability and seamless integration of the 

vision-based leak detection system as a unified framework. 
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Figure 2. Hardware architecture of the tire leak detection system, illustrating the electrical power distribution 

and data communication pathways. The system consists of a laptop connected via USB interfaces to a camera 

and auxiliary devices, a 24 V DC power supply (PSU), an electric air pump, and a lighting/camera unit. The 

PSU converts AC input (L, N) into regulated 24 V DC outputs (P24V, N24V) to power the air pump, while 

USB connections provide data transmission and control signals for image acquisition and processing. 
The wheel test fixture was designed to ensure positional stability during the water leak 

testing process. The mounting structure was engineered with a mechanical configuration 

capable of counteracting buoyant forces and fluid reaction forces during immersion, 

thereby minimizing translational displacement Δ𝑥and angular rotation Δ𝜃(Δ𝑥 ≈ 0, Δ𝜃 ≈
0). This stability was critical for maintaining a consistent camera field of view (FOV) and 

preventing spatial variations that could degrade detection accuracy. From a mechanical 

standpoint, the fixture ensured force equilibrium under static conditions. 

 

∑𝐹 = 0 and ∑𝑀 = 0 (19) 

 

by accounting for the wheel’s gravitational force, the buoyant force exerted by the 

fluid, and the corresponding reaction forces from the supporting structure. Under this 

configuration, the wheel position relative to the camera coordinate system remained 

constant, thereby eliminating image variations caused by geometric displacement. This 

positional consistency supported stable image acquisition and enhanced the reliability of 

bubble detection based on computer vision. The design of the test fixture for bubble 

identification was illustrated in Figure 3. 

 

 
 

Figure 3. Assembly stages of the tire immersion test fixture. From left to right: (a) initial setup of the PVC 

support frame inside the water container, (b) placement of the tire and wheel assembly onto the support 

structure, and (c) final secured configuration prior to leak testing. The fixture ensures stable positioning and 

consistent immersion conditions during bubble-based leak detection experiments. 
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The detection results were visualized through a graphical user interface that displayed 

the bounding boxes, confidence scores, and final classification status. The data logging 

module recorded timestamps and test outcomes for documentation and quality traceability 

purposes. With this configuration, the system operated as an integrated automated 

inspection mechanism that satisfied deterministic, reproducible, and industry-oriented 

criteria. The object detection results generated by the YOLO algorithm were presented in 

Figure 4 and displayed through the system interface. Each image frame 𝐼𝑡was processed 

using the inference function. 

 

𝑓𝜃(𝐼𝑡) = {(𝑏𝑖 , 𝑐𝑖, 𝑠𝑖)}𝑖=1
𝑁  (20) 

 

which produced the bounding box coordinates 𝑏𝑖, the object class 𝑐𝑖, and the 

confidence score 𝑠𝑖. Valid detections were selected based on the threshold condition 𝑠𝑖 ≥
𝜏and were subsequently rendered in real time on the interface as bounding boxes 

accompanied by corresponding confidence values. The system interface provided a real-

time monitoring feature that continuously displayed detection results at an update rate 

synchronized with the inference speed. In addition to visualization, the framework 

incorporated a data logging module that recorded timestamp–status pairs in the form. 

 

ℛ = {(𝑡𝑗, 𝐿𝑗)}𝑗=1
𝑀  (21) 

 

where 𝑡𝑗 represented the event timestamp and 𝐿𝑗 ∈ {0,1} denoted the leakage status. 

This mechanism enabled structured historical tracking of inspection results and supported 

quality analysis as well as auditability of the testing process. 

 

 
 

Figure 4. Graphical user interface of the real-time wheel leak detection system. The interface displays 

detection logs with timestamped bubble counts and a live monitoring panel showing bounding box 

predictions and confidence scores. The system enables start/stop control and real-time visualization of 

detected leakage indicators during the water immersion test. 
 

System evaluation was conducted in two stages, namely model assessment and 

verification of real-time monitoring performance. The model evaluation focused on the 

capability of the YOLO algorithm to detect bubbles as leakage indicators. Validation was 

performed during the initial testing interval when the fluid condition remained stable 

(flow velocity 𝑣 ≈ 0) in order to minimize visual disturbances caused by ripples or non-

leak-related bubbles. Formally, for each frame 𝐼𝑡, the detection outcome was expressed as 
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𝐷𝑡 = {
1, if  𝑠𝑖 ≥ 𝜏
0, otherwise

 (22) 

 

where 𝑠𝑖 represented the confidence score and 𝜏denoted the detection threshold. 

Model performance was evaluated using confusion matrix parameters (TP, FP, TN, FN) 

along with derived metrics such as accuracy, precision, and recall to assess detection 

consistency and reliability. The second stage involved testing the software interface, 

particularly the data logging module. The system recorded timestamp–detection status 

pairs in the form. 

 

ℛ = {(𝑡𝑗, 𝐿𝑗)} (23) 

 

where 𝑡𝑗denoted the event timestamp and 𝐿𝑗 ∈ {0,1} represented the leakage status. 

System effectiveness was determined by its ability to automatically record the time of 

bubble occurrence in synchronization with the inference output, thereby enabling 

deterministic, structured, and auditable test documentation [18]. 

 
 

Figure 5. Qualitative detection results of bubble-based leak identification under various testing conditions. 

The images show bounding box predictions and confidence scores generated by the trained YOLOv5 model, 

highlighting detected bubble regions at different scales, lighting conditions, and water surface reflections 

during the immersion test. 
 

B. Research Gap Analysis 

Research on leakage detection and manufacturing defect identification has advanced 

significantly through the adoption of computer vision and machine vision techniques, 

particularly in inspection systems based on convolutional neural networks (CNNs) and 

real-time object detection frameworks. Nevertheless, specific implementation within the 

water leak testing process for automotive wheel components has remained limited, 

especially in terms of direct integration with industrial inspection systems and real-time 

decision-making mechanisms. A summary of prior studies relevant to the development of 

the proposed system was presented in Table 2. 
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Table 2. Research gap analysis in leak and manufacturing defect detection using computer vision and deep 

learning. Although CNN-based and real-time object detection methods are widely applied in automated 

inspection, their implementation in water-based leak testing of automotive wheel components and integration 

with real-time industrial systems remains limited. 

No. Study Method Evaluation 

Metrics 

Contribution Research Gap 

1 HPDC Mg-

alloy [5] 

Porosity 

process analysis 

Porosity 

distribution 

Explained leakage 

causes from a 

manufacturing process 

perspective 

Did not address 

image-based leak 

detection 

2 HPDC 

aluminum [1] 

HPDC process 

review 

Casting 

quality 

analysis 

Identified product 

quality challenges 

Did not develop an 

automated inspection 

system 

3 Gas industry 

leak detection 

[11] 

IR camera + 

Faster R-CNN 

Precision, 

Recall 

Real-time leak detection 

using thermal vision 

Different domain 

(gas/infrared, not 

water bubbles) 

4 Hermetic 

compressor 

[19] 

CNN-based 

detection 

Accuracy Applied AI for leakage 

detection in sealed 

components 

Not specific to wet 

leak testing method 

5 Metal part 

porosity [8] 

ML + image 

augmentation 

IoU, Accuracy Porosity segmentation 

using machine learning 

Focused on cross-

sectional images, not 

real-time leak 

inspection 

6 COCO 

benchmark 

[20] 

YOLOv9 mAP Improved object 

detection performance 

Not applied to leak 

inspection domain 

7 Bubble 

monitoring 

system [9] 

Explainable 

ML 

Detection rate Bubble monitoring in 

energy systems 

Not intended for 

manufacturing 

quality control 

classification 

8 This study YOLOv5 + 

real-time 

monitoring 

Accuracy, 

Precision, 

Recall (100%) 

Direct implementation 

on industrial water leak 

tester with automated 

data logging 

Evaluation limited to 

a single testing 

environment 

 

This study addressed the limitations of prior work, which predominantly focused on 

material porosity analysis or leak detection within different visual domains, by 

developing a YOLO-based wheel leak detection system operating in real time during the 

wet leak testing process. The primary contribution lay in the integration of a machine 

learning–based object detection model with a bubble dataset derived from actual 

industrial testing, combined with direct deployment on a water leak tester machine 

equipped with a temporal decision mechanism and automated data logging. This 

approach transformed manual visual inspection into a deterministic and measurable 

classification framework, thereby enhancing accuracy, consistency, and reliability in 

automotive manufacturing quality control environments. 

 

C. Dataset 

The wheel leak detection system was developed using a hardware–software 

configuration tailored to support real-time image processing in an industrial testing 

environment. The image acquisition module employed a Full HD digital camera 

(1920×1080 pixels) positioned in a fixed orientation facing the wheel immersion area 

within the testing chamber. The camera operated at an acquisition rate of 20–30 frames 

per second to ensure continuous visual monitoring throughout the testing process. The 

lighting system was designed to remain stable and controlled to minimize excessive 

surface reflections and maintain adequate contrast between air bubbles and the 

background medium. 
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Figure 6 illustrated the dataset construction workflow for training the bubble detection 

model. The dataset was obtained from recorded water leak testing videos and was 

extracted into 686 individual image frames. Formally, the dataset was defined as 

 

𝒟 = {(𝐼𝑖, 𝑦𝑖)}𝑖=1
686 (24) 

 

where 𝐼𝑖 denoted the image sample and 𝑦𝑖 represented the corresponding bubble 

bounding box annotation. The dataset was subsequently partitioned into training and 

validation subsets with an 80:20 ratio, resulting in. 

 

∣ 𝒟𝑡𝑟𝑎𝑖𝑛 ∣= 0.8𝑁, ∣ 𝒟𝑣𝑎𝑙 ∣= 0.2𝑁 (25) 

 

with a total dataset size of 𝑁 = 686. The annotation process was performed using the 

online platform makesense.ai, where each image was labeled with bounding box 

coordinates (𝑥𝑚
, 𝑦𝑚

, 𝑤𝑚
, ℎ𝑚) representing the spatial location and dimensions of the 

bubble. These annotations served as the ground truth for optimizing the model parameters 

during the training phase. 

 

 
Figure 6. Workflow of dataset preparation and deep learning model development for wheel leak detection. 

The process includes video dataset acquisition, frame extraction (686 images), dataset splitting into training 

(80%, 568 images) and validation (20%, 147 images) sets, annotation and labeling, model training using the 

YOLOv5 framework in Google Colaboratory, and detection performance evaluation. 
 

After the annotation process was completed, the data pairs (𝐼𝑖
, 𝑦𝑖) were used to train 

the YOLO model online within the Google Colab computational environment. The 

training procedure was conducted for 150 epochs to optimize the model parameters 𝜃 by 

minimizing the total loss function. 

 

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑏𝑜𝑥 + ℒ𝑜𝑏𝑗 + ℒ𝑐𝑙𝑠 (26) 

 

which respectively represented the bounding box regression error, objectness loss, and 

object classification loss components. Optimization was performed using gradient-based 

learning until convergence of the training loss and stabilization of performance on the 

validation dataset were achieved. The optimal model was selected based on the lowest 

validation value of 𝐿𝑡𝑜𝑡𝑎𝑙 or related evaluation metrics. Figure 7 presented examples of 

the ground truth annotations used as reference during the training process. 
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Figure 7. Sample detection results from the trained YOLOv5 model showing bounding box predictions for 

multiple object classes, including bubble formation and valve region (hole/valve area).  
 

Figure 8 presented the training performance curves illustrating the dynamics of loss 

and accuracy values across epochs. In general, the training process aimed to minimize the 

total loss function 𝐿𝑡𝑜𝑡𝑎𝑙 through optimization of the parameters 𝜃, resulting in. 

 

𝜃∗ = arg min 
𝜃

ℒ𝑡𝑜𝑡𝑎𝑙(𝜃) (27) 

 

The decreasing and converging behavior of both training loss and validation loss 

indicated stability in the learning process and demonstrated the model’s generalization 

capability. The training accuracy was computed as 

 

Accuracy =
𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡

𝑁𝑡𝑜𝑡𝑎𝑙
 (28) 

 

where 𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡  denoted the number of correctly predicted samples and 

𝑁𝑡𝑜𝑡𝑎𝑙represented the total number of evaluation samples. The observed curve pattern, 

characterized by a consistent decrease in loss and a corresponding increase in accuracy, 

indicated that the model effectively learned bubble feature representations without 

exhibiting significant overfitting behavior. 

 

 
Figure 8. Training and validation performance curves of the YOLOv5 model over epochs. The plots illustrate 

the evolution of bounding box loss (box_loss), classification loss (cls_loss), distribution focal loss (dfl_loss), 

precision, recall, and mean Average Precision (mAP@0.5 and mAP@0.5–0.95) for both training and 

validation datasets, demonstrating model convergence and detection performance stability. 
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During the inference stage, each image frame was resized to 640×640 pixels according 

to the model input configuration. The confidence threshold was set to 0.5 to ensure that 

only high-probability detections were considered as leakage indications. Non-Maximum 

Suppression (NMS) was applied to eliminate redundant detections in overlapping regions 

[4], [13]. The final leakage decision was determined based on the temporal consistency of 

bubble detections across a predefined number of consecutive frames within the 

observation interval, thereby reducing the likelihood of errors caused by random bubbles 

or transient visual disturbances. 

 

III. RESULT AND DISCUSSION 
A. Test Object A 

Model performance was experimentally evaluated using four test objects, each 

subjected to 20 repetitions to ensure result reliability. Test Object A represented a high-

leak condition characterized by significant bubble intensity due to a large internal 

pressure gradient. The experiment was conducted under stable fluid conditions (flow 

velocity 𝑣 ≈ 0) and controlled environmental settings to minimize confounding variables 

such as turbulence and light reflections. For Test Object A, all 20 trials were classified as 

“leak,” formally expressed as 𝑌̂𝑖 = 1for all 𝑖 ∈ {1, … ,20}, with the ground truth 𝑌𝑖 = 1. 

Based on the confusion matrix, the results were obtained as 

 

𝑇𝑃 = 20, 𝐹𝑁 = 0, 𝐹𝑃 = 0, 𝑇𝑁 = 0 (29) 

 

Since all samples belonged to the positive class (leak condition), the evaluation 

focused on sensitivity (true positive rate), computed as 

 

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
=

20

20
= 1.0 (30) 

 

This indicated maximum detection capability under high-intensity leakage conditions. 

The absence of false negatives demonstrated that the model did not miss any leakage 

events under substantial pressure gradients. Furthermore, the detection error variance was 

expressed as 

 

𝜎𝑒
2 =

1

𝑁
∑ (

𝑁

𝑖=1
𝑌𝑖 − 𝑌̂𝑖)2 = 0 (31) 

 

which confirmed prediction consistency across all repetitions. However, because the 

class distribution in this scenario was homogeneous (entirely positive), metrics such as 

specificity and precision could not be comprehensively evaluated. Therefore, Test Object 

A primarily served as validation of model sensitivity under clear leakage conditions and 

as a performance baseline in scenarios with a high signal-to-noise ratio. 

 

B. Test Object B and Comparison with Test Object A 

Test Object B represented a low-leak condition characterized by minimal bubble 

intensity, resulting in a lower signal-to-noise ratio (SNR) compared to Test Object A. 

This scenario was designed to evaluate the sensitivity limit of the system toward small-

scale and low-contrast visual patterns. The experiment was conducted under 

environmental conditions identical to the previous scenario to maintain experimental 

consistency and isolate the effect of leakage magnitude on model performance. Across 20 

repetitions, all samples with actual leak conditions (𝑌𝑖 = 1) were correctly classified by 

the system (𝑌̂𝑖 = 1). The resulting confusion matrix was 
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𝑇𝑃 = 20, 𝐹𝑁 = 0, 𝐹𝑃 = 0, 𝑇𝑁 = 0 (32) 

 

Model sensitivity was computed as 

 

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
=

20

20
= 1.0  (33) 

 

These results demonstrated that the model maintained maximum detection capability 

despite reduced bubble intensity. Statistically, the absence of false negatives indicated 

that the probability of detection failure under controlled low-leak conditions was 

 

𝑃(𝐹𝑁) =
𝐹𝑁

𝑇𝑃+𝐹𝑁
= 0 (34) 

 

A comparison with Test Object A revealed no observable performance degradation 

under lower visual amplitude conditions, indicating that the learned convolutional 

features possessed sufficient spatial resolution for small-object detection. However, as in 

the previous scenario, the homogeneous class distribution (entirely positive samples) 

limited comprehensive evaluation of specificity and precision. Consequently, Test Object 

B primarily served to validate model robustness against micro-leak conditions under 

stable environmental settings. 

 

 
 

Figure 9. Performance evaluation of the proposed detection model using Receiver Operating Characteristic 

(ROC) analysis and 95% confidence interval estimation (Clopper–Pearson method). The ROC curve 

illustrates the trade-off between true positive rate (TPR) and false positive rate (FPR), while the confidence 

interval plot represents the statistical reliability of the model’s sensitivity. 
 

For Test Objects A and B, all 20 trials in each scenario with actual leak conditions 

were correctly classified by the system, resulting in 𝑇𝑃 = 20 and 𝐹𝑁 = 0. 

Deterministically, the sensitivity (true positive rate) was computed as 
𝑇𝑃

𝑇𝑃+𝐹𝑁
= 1.0, 

indicating that the model successfully detected all leakage events under both high-leak 

and low-leak conditions. Since no negative samples were present in these two scenarios, 

the false positive rate was undefined for this partial evaluation, and the ROC curve 

theoretically lay at the ideal operating point (FPR = 0, TPR = 1) with an AUC 

approaching 1, reflecting maximal discriminative performance within the positive-class 

domain. 

However, from an inferential perspective, this result still carried statistical uncertainty 

due to the limited sample size (𝑛 = 20). Using the Clopper–Pearson binomial confidence 

interval at the 95% confidence level, the population sensitivity could not be directly 

assumed to be exactly 1.0. For 𝑇𝑃 = 20 out of 𝑛 = 20, the lower bound of the 

confidence interval was approximately 0.83. This implied that, despite the point estimate 
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indicating zero detection failures, the true population-level probability of missed 

detection could still be as high as 16–17% at the 95% confidence level. Therefore, claims 

of perfect sensitivity at the population scale would require a larger sample size to reduce 

the width of the confidence interval. 

Comparatively, the consistent performance between Test Object A (intense leakage) 

and Test Object B (low leakage) demonstrated that sensitivity did not degrade under 

reduced bubble amplitude conditions. This observation indicated that the learned 

convolutional features possessed sufficient spatial resolution to support small object 

detection capability. Consequently, under controlled environmental conditions, the 

system exhibited optimal deterministic performance, while broader statistical 

generalization and robustness estimation would require expanded sampling and more 

diverse testing conditions. 

 

C. Test Object C and Comparison with Test Object A-B 

Test Object C represented the no-leak condition (𝑌 = 0) and was used to evaluate the 

system’s ability to maintain high specificity while avoiding false positive detections. The 

experiment was conducted under stable fluid conditions and controlled environmental 

settings to ensure the absence of residual bubbles or visual disturbances that could 

influence model inference. This scenario assessed the system’s robustness against visual 

noise and its discriminative capability in distinguishing leakage bubbles from 

environmental artifacts. Across 20 repetitions under actual non-leak conditions, all 

samples were correctly classified as non-leak (𝑌̂ = 0). The resulting confusion matrix 

was 

 

𝑇𝑃 = 0, 𝐹𝑁 = 0, 𝐹𝑃 = 0, 𝑇𝑁 = 20 (35) 

 

Specificity (true negative rate) was computed as 

 

Specificity =
𝑇𝑁

𝑇𝑁+𝐹𝑃
=

20

20
= 1.0 (36) 

 

The false positive rate (FPR) was therefore 

 

FPR =
𝐹𝑃

𝐹𝑃+𝑇𝑁
= 0 (37) 

 

These results indicated that the system did not generate false alarms under non-leak 

conditions, demonstrating strong discriminative capability for the negative class within 

the controlled testing environment. From a statistical standpoint, the 95% binomial 

confidence interval (Clopper–Pearson) for specificity with 𝑛 = 20 and 𝑇𝑁 = 20 yielded 

a lower bound of approximately 0.83. Thus, although the point estimates equaled 1.0, 

population-level generalization remained subject to uncertainty due to the limited sample 

size. 

From a ROC analysis perspective, combining the results of Test Object C (FPR = 0) 

with those of Test Objects A and B (TPR = 1) positioned the system at the optimal 

operating point (0,1) in ROC space under experimental conditions. While this indicated 

ideal classification performance within the tested domain, external validity required 

further evaluation across broader environmental variations and operational conditions. 
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Figure 10. Comparative performance metrics of the proposed detection model across three test objects (A–C). 

The bar charts present accuracy, sensitivity (true positive rate), and specificity (true negative rate), illustrating 

the model’s consistency and classification performance under different testing scenarios. 
 

The evaluation results for Test Objects A, B, and C indicated consistent classification 

behavior. For Test Objects A and B (positive class), the sensitivity (true positive rate, 

TPR) reached 1.0, demonstrating that all leakage events—both intense and low-

intensity—were correctly detected without any false negatives (FN = 0). In contrast, for 

Test Object C (negative class), the specificity (true negative rate, TNR) was 1.0, 

indicating the absence of false positive detections (FP = 0) under non-leak conditions. 

All accuracy values across scenarios A–C reached 1.0 due to the absence of 

classification errors in the total of 60 experimental trials. The comparative analysis 

showed that scenarios A and B achieved maximum TPR (1.0), while TNR was undefined 

due to the absence of negative samples. Conversely, scenario C achieved maximum TNR 

(1.0), while TPR was undefined because no positive samples were present. The accuracy 

in each scenario reached the maximum value because of homogeneous class distribution 

within individual experiments. 

From a ROC space perspective, the combination of results from A and B (TPR = 1, 

FPR = 0) and C (FPR = 0) positioned the system at the optimal operating point (0,1), 

theoretically yielding an AUC of 1.0 within the evaluated domain. However, since each 

scenario was tested independently with a single-class distribution, a comprehensive 

global discriminative evaluation would require the integration of both positive and 

negative samples within a unified experimental framework to generate a fully 

representative ROC curve. 

Inferentially, although the point estimates indicated perfect performance, the 95% 

binomial confidence interval for each scenario with 𝑛 = 20 yielded a lower bound of 

approximately 0.83. This suggested that statistical certainty at the population level 

remained constrained by sample size. Therefore, increasing the number of samples and 

incorporating broader environmental variations would be necessary to strengthen claims 
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of model robustness under more complex fluid dynamics and visual disturbance 

conditions. 

Overall, the results from A–C demonstrated consistent discriminative capability for 

both positive and negative classes under controlled conditions, supported by effective 

temporal decision stability that suppressed spurious detections. 

 

D. Test Object D and Comparison with Test Object A-C 

Test Object D consisted of a PVC-based wheel jig that structurally contained no 

leakage pathways and was used as a negative control to evaluate the system’s robustness 

against non-leak visual artifacts, such as light reflections, surface textures, or geometric 

contours that could potentially resemble bubble patterns. This scenario assessed the 

model’s ability to maintain high specificity and suppress the false positive rate (FPR) 

when applied to an object that physically could not produce leakage. The experiment was 

conducted under stable fluid conditions and controlled environmental settings to isolate 

the model’s response to the visual characteristics of the jig. Across 20 repetitions with 

actual non-leak conditions (𝑌 = 0), all samples were correctly classified as non-leak (𝑌̂ =
0). The resulting confusion matrix was 

 

𝑇𝑃 = 0, 𝐹𝑁 = 0, 𝐹𝑃 = 0, 𝑇𝑁 = 20 (38) 

 

Specificity was computed as 

 

Specificity =
𝑇𝑁

𝑇𝑁+𝐹𝑃
=

20

20
= 1.0 (39) 

 

and the false positive rate was 

 

FPR =
𝐹𝑃

𝐹𝑃+𝑇𝑁
= 0 (40) 

 

These results indicated that the model did not produce misclassifications due to 

geometric similarity or reflective surface artifacts, demonstrating strong discriminative 

capability against non-bubble objects. From an inferential standpoint, using the 95% 

Clopper–Pearson binomial confidence interval, the lower bound of specificity for 𝑛 = 20 

was approximately 0.83, indicating that although the point estimate was perfect, 

population-level generalization remained influenced by sample size limitations. 

Compared with Test Object C, which also represented a negative condition but 

involved an actual wheel specimen, the results of Test Object D confirmed that the 

system was not only sensitive to no-leak conditions but also robust against structurally 

different objects that could introduce visual artifacts. Therefore, performance on the 

negative class demonstrated decision stability and a low risk of false detection within the 

controlled testing domain. 
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Figure 11. Extended comparative analysis of classification performance across four test objects (A–D). The 

bar charts illustrate accuracy, sensitivity (TPR), and specificity (TNR), demonstrating the consistency and 

robustness of the proposed detection model under multiple experimental scenarios. 
 

The evaluation of Test Objects A through D demonstrated deterministic classification 

performance under controlled experimental conditions. For Test Objects A and B, 

representing high-leak and low-leak conditions, all 40 trials with actual leak status were 

correctly detected, resulting in a sensitivity (true positive rate) of 1.0 without any false 

negatives. This outcome indicated that the model-maintained detection capability even 

when bubble intensity was relatively low, confirming adequate small object detection 

capacity and stability against variations in bubble amplitude. 

Conversely, for Test Objects C and D, which represented non-leak conditions—

including the non-target PVC jig—all 40 trials were correctly classified as non-leak, 

yielding a specificity (true negative rate) of 1.0 with zero false positives. These findings 

demonstrated that the system was not influenced by visual artifacts such as light 

reflections, surface textures, or geometric contours of non-bubble objects, thereby 

confirming strong discriminative capability for the negative class. 

In aggregate, across 80 experimental trials, the system achieved an overall accuracy of 

1.0, with both the false positive rate and false negative rate equal to zero within the 

evaluated domain. In ROC space, the combination of sensitivity equal to 1.0 and false 

positive rate equal to 0 positioned the system at the optimal operating point (0,1), 

theoretically corresponding to an AUC of 1.0. However, inferentially, this result remained 

subject to statistical uncertainty, as each scenario included only 20 samples. Using the 

95% binomial confidence interval approach, the lower bound of both sensitivity and 

specificity remained approximately 0.83, indicating that broader population-level 

generalization would require larger sample sizes and more diverse environmental 

conditions. 

Overall, the results from A–D confirmed consistent detection and discrimination 

capability for both positive and negative classes under controlled settings, supported by 

effective temporal decision stability that suppressed spurious detections. Nevertheless, 
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further validation under dynamic fluid conditions, variable illumination, and more 

complex visual disturbances would be necessary to assess operational robustness in real 

industrial environments. 

 

E. Test Object E and Comparison with Test Object A-D 

Test Object E represented the deployment scenario under actual industrial operating 

conditions using a water leak tester machine. Unlike controlled laboratory experiments, 

this scenario involved more complex external variables, including air pressure 

fluctuations, illumination variations, mechanical vibrations, and potential micro-

turbulence within the water medium. Therefore, Test Object E functioned as an external 

validity assessment to evaluate system robustness in real-world applications. 

Across 20 repetitions with actual leak conditions (𝑌 = 1), all samples were correctly 

classified (𝑌̂ = 1), yielding 

 

𝑇𝑃 = 20, 𝐹𝑁 = 0, 𝐹𝑃 = 0, 𝑇𝑁 = 0 (41) 

 

System sensitivity under operational conditions was computed as 

 

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
= 1.0 (42) 

 

The absence of false negatives indicated that the system consistently detected bubble 

formation despite exposure to potential visual noise and pressure fluctuations in the actual 

machine environment. This outcome suggested that the temporal decision mechanism and 

confidence thresholding strategy effectively preserved classification stability under 

dynamic conditions. 

However, from an inferential perspective, with a sample size of 𝑛 = 20, the 

population sensitivity estimate remained subject to statistical uncertainty. Using the 95% 

Clopper–Pearson binomial confidence interval, the lower bound of the sensitivity 

estimate was approximately 0.83. Thus, although the point estimate indicated perfect 

performance, broader industrial generalization would require larger sample sizes and 

more diverse operational conditions. 

Compared with Test Objects A and B, performance in Test Object E demonstrated no 

observable degradation when transitioning from a controlled laboratory environment to 

an operational industrial setting. These findings reinforced the indication that the system 

possessed adequate operational robustness for real-time wheel leak inspection 

applications within industrial testing lines [12], [13], [21]. 
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Figure 12. Comprehensive performance evaluation of the proposed detection model across five test objects 

(A–E). The bar charts present accuracy, sensitivity (TPR), and specificity (TNR), while the confidence score 

distribution illustrates the separation between positive (leak) and negative (no leak) predictions, indicating 

strong discriminative capability and classification reliability. 
 

The global evaluation across Test Objects A–E demonstrated deterministic 

classification performance under both controlled laboratory conditions and real-world 

deployment on the industrial water leak tester machine. Out of a total of 100 trials (20 per 

scenario), the aggregated results were 

 

𝑇𝑃𝑡𝑜𝑡𝑎𝑙 = 60, 𝑇𝑁𝑡𝑜𝑡𝑎𝑙 = 40, 𝐹𝑃𝑡𝑜𝑡𝑎𝑙 = 0, 𝐹𝑁𝑡𝑜𝑡𝑎𝑙 = 0 (43) 

 

resulting in a global accuracy of 

 

Accuracy =
𝑇𝑃+𝑇𝑁

100
= 1.0 (44) 

 

For the positive class (Test Objects A, B, and E), the system maintained a sensitivity 

(true positive rate) of 1.0 without false negatives, confirming its ability to detect leakage 
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under intense bubble formation, micro-bubble conditions, and actual operational testing. 

The absence of performance degradation in Test Object E indicated robustness against 

industrial variables such as pressure fluctuations, lighting variations, and mechanical 

vibrations. 

For the negative class (Test Objects C and D), specificity (true negative rate) reached 

1.0 without false positives, demonstrating that the model was not affected by visual 

artifacts including reflections, wheel surface textures, or PVC jig geometries. 

Consequently, discriminative capability against non-bubble objects remained consistently 

preserved. In global ROC space, the results yielded 

 

𝑇𝑃𝑅 = 1.0, 𝐹𝑃𝑅 = 0 (45) 

 

placing the system at the optimal operating point (0,1) with a theoretical AUC of 1.0 

within the evaluated domain. Comparative visualization indicated maximum accuracy 

across all test objects, maximum sensitivity for leak conditions (A, B, E), and maximum 

specificity for non-leak conditions (C, D). 

Despite perfect point estimates, inferential analysis uses the 95% binomial confidence 

interval for each subgroup with 𝑛 = 20yielded lower bounds of approximately 0.83. This 

indicated that statistical certainty at the population level remained constrained by sample 

size. Strengthening claims of industrial robustness would therefore require expanded 

sampling and broader operational variability. 

The The confidence score distribution exhibited clear separation between leak and 

non-leak classes, with positive samples concentrated near high confidence values (close 

to 1) and negative samples near low values (close to 0). This pattern reflected a wide 

decision margin, reducing classification ambiguity. Statistically, the mean prediction 

scores of both classes were well separated relative to their standard deviations, resulting 

in non-overlapping distributions. This explained why, under a standard operational 

threshold (e.g., 0.5), both sensitivity and specificity remained maximal. 

Threshold variation analysis further demonstrated that the expected error rate 

remained zero across a broad threshold interval, indicating robustness to threshold 

selection and insensitivity to minor parameter fluctuations. The system therefore operated 

outside a borderline decision region and maintained stable score separation. This 

characteristic was critical for industrial deployment, as small variations in confidence 

scores due to visual noise, lighting fluctuations, or fluid dynamics would not immediately 

alter classification outcomes. 

Overall, the combination of ideal ROC positioning, maximal Precision–Recall 

performance, clearly separated confidence distributions, and stable error behavior across 

threshold variations confirmed strong class separability and decision boundary stability 

within the tested domain. However, since evaluation was conducted on a dataset with 

relatively clean separation, further validation under overlapping score distributions or 

higher-noise industrial conditions would be necessary to determine the degradation limits 

of system performance in more complex scenarios. 

 

F. Comparison Across Test Object A-E 

Based on the aggregated evaluation results from the five test objects (A–E), the global 

confusion matrix yielded 𝑇𝑃 = 60, 𝐹𝑁 = 0, 𝐹𝑃 = 0, and 𝑇𝑁 = 40. The total number of 

evaluated samples was 𝑁 = 100, consisting of 60 positive-class samples (leak condition) 

and 40 negative-class samples (non-leak condition). 
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Figure 13. Confusion matrix of the proposed leak detection model evaluated across test objects A–E. The 

matrix indicates 60 true positives and 40 true negatives with no false positives or false negatives, 

demonstrating perfect classification performance under the evaluated test conditions. 
 

The absence of false negatives indicated that the system did not miss any leakage 

events, resulting in a false negative rate equal to zero. Similarly, the absence of false 

positives demonstrated that no incorrect leak detections were generated under non-leak 

conditions. In ROC space, this configuration corresponded to 𝑇𝑃𝑅 = 1 and 𝐹𝑃𝑅 = 0, 

which theoretically yielded an AUC of 1.0. 

Although these results reflected perfect classification performance within the 

evaluated domain, inferential interpretation remained influenced by sample size. Using 

the 95% binomial confidence interval approach, the lower bounds of the sensitivity 

estimate for 60/60, and specificity estimate for 40/40 remained slightly below 1.0. 

Therefore, claims of absolute population-level performance would require validation with 

larger datasets and more diverse operational conditions. 

Overall, the global confusion matrix for Test Objects A–E demonstrated that the 

YOLO-based bubble detection system achieved high class separability, effective temporal 

decision stability, and operational robustness under both controlled testing environments 

and actual machine implementation. Nevertheless, to ensure long-term industrial 

generalization, further evaluation under high-noise conditions and broader process 

parameter variations would be necessary [22], [23]. 

 

IV. CONCLUSION 
This study successfully designed and implemented a real-time wheel leak detection 

system based on the YOLO object detection algorithm integrated with an industrial water 

leak tester. Evaluation across five testing scenarios (A–E) comprising 100 trials 

demonstrated very high classification performance, with accuracy, sensitivity, specificity, 

precision, and F1-score each reaching 1.0 within the evaluated domain. The absence of 

false positives and false negatives indicated strong class separability and stable decision 

boundaries at the operational threshold, supported by ROC and Precision–Recall analyses 

positioning the system at the optimal point (TPR = 1, FPR = 0) with an AUC approaching 

1.0, as well as confidence score distributions exhibiting a wide separation margin 

between leak and non-leak classes. 

Nevertheless, from an inferential perspective, perfect performance observed on a 

limited sample (60 positive and 40 negative cases) remained subject to statistical 

uncertainty, as reflected by non-absolute confidence intervals. Therefore, broader 

population generalization would require increased sample sizes and more diverse testing 

conditions. Future work should focus on expanding the dataset to include more varied 

bubble characteristics and complex environmental conditions, evaluating micro-leak 
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scenarios involving extremely small bubble formations, performing confidence score 

calibration to support industrial decision-making, and optimizing deployment on edge 

computing devices to improve latency efficiency and power consumption. Overall, this 

research provided both methodological and practical contributions by transforming 

manual wheel leak inspection into an automated, objective, and consistent detection 

system, while highlighting the need for larger-scale industrial validation to ensure long-

term robustness and scalability in automotive manufacturing environments. 
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