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Abstract

Accurate interpretation of pointer-type gauges in submarine cabins is critical for oper-
ational safety but remains a laborious task due to confined spaces, disorganized visual
backgrounds, and poor lighting conditions that contribute to crew eye fatigue. To address
these challenges, this study presents an automated gauge reading approach that integrates
a YOLOv11-based detection model with a dedicated value reading algorithm, deployed
on an optical-see-through head-mounted display (HMD). The system first detects gauge
regions of interest (ROIs) using a fine-tuned YOLOv11 model, followed by dial and pointer
recognition via image processing techniques to compute measurement values, which are
then overlaid on the HMD for operator confirmation and recording. Experimental evalu-
ations conducted in a real submarine cabin environment demonstrate that the proposed
YORO method significantly outperforms manual recording. Specifically, it reduces average
task completion time by 92.5% (from 48.13 s to 3.58 s), decreases reading angular error by
77% (from 1.01° to 0.23°), and substantially lowers user workload, with a NASA-TLX score
of 11.27 compared to 72.44 for the manual method (p < 0.001). These results validate the
system’s effectiveness in enhancing efficiency, accuracy, and user experience. The proposed
approach offers a practical framework for developing autonomous inspection systems in
constrained industrial environments.

Keywords: augmented reality; extended reality; YOLOv11; gauge reading; visual computing

1. Introduction

The continuous and accurate monitoring of system parameters, such as pressure
gauges and flow meters, is essential for assessing the quality, safety, and operational
longevity of expensive industrial equipment like armored vehicles, space stations, or ship
cabins [1]. Unlike in open, well-illuminated environments such as factories or fields, gauge
reading in constrained equipment space presents massive ergonomic challenges, such as
motion sickness, narrow operation space, and weak illumination. Typically, gauge reading
and recording in submarines involves all the above issues, where a crew member has to
frequently crawl in narrow cabins to check and record all gauge meters to evaluate the
equipment’s state. Furthermore, the inherent instability of a moving vessel combined with
a large number of distributed gauges exacerbates the crew’s fatigue, which may introduce
reading result confusion or recording error [2]. To address the above issue, up-to-date
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inspection human-machine interaction (HMI) approaches and visual computing techniques
are reviewed to find out the YORO solution.

With respect to the HMI issue, traditional industrial equipment inspection requires op-
erators to complete detailed paper checklists, which are labor intensive and error prone [3].
As human-centric industrial 5.0 modality surged, Augmented Reality (AR) technology
has been extensively studied and applied to empower the labor force by improving the
information delivery efficiency and ergonomic condition by projecting visual computed in-
formation in their eye-field [4,5]. Therefore, wearable, hands-free AR inspection approaches
offer a particularly promising solution to the submarine cabin inspection with ergonomic
and accessibility challenges [6,7].

While with respect to the accurate and fast visual computing issue, deep convolutional-
based object image detection models, such as Faster R-CNN, Mask R-CNN, and the YOLO
family, have been successfully applied to a variety of industrial inspection tasks [8,9],
from detecting manufacturing defects [10] to verifying complex assemblies [11]. The
task of real-time monitoring for numerous small, similar gauges in a submarine cabin
resembles other complex visual detection problems. Examples include locating tiny pins in
aviation connectors [12] and identifying multiple texture-less cable brackets against plain
backgrounds [13]. These precedents demonstrate the problem’s difficulty and the necessity
for a sophisticated deep learning solution.

This study introduces YORO (You Only Read Once), a novel real-time framework
designed specifically for gauge monitoring in constrained environments such as submarine
cabins. The system enables operators to read and record multiple instrument values at
a single glance of the scene via a Head-Mounted Display (HMD). In contrast to existing
automated gauge-reading pipelines that rely solely on deep learning regressors or heavy
instance segmentation, YORO proposes a lightweight, hybrid architecture that integrates
state-of-the-art (SOTA) object detection with robust geometric computer vision techniques
to ensure both speed and interpretability in resource-limited edge devices. In addition,
YORO establishes a framework that bridges the gap between SOTA object detection and
its immediate, spatially anchored visualization within the operator’s field of view. This
facilitates a “perceive-and-record” workflow in a single glance, thereby mitigating the risk
of operator distraction and situational awareness loss inherent in switching between the
physical gauge and a handheld recording device.

The remainder of the paper is structured as follows: Section 2 reviews related work.
Sections 3 and 4 detail the system methodology and implementation, including gauge
detection by the Yolov11 model and gauge reading through range transformation. Section 5
presents experimental results and metrics, and Section 6 concludes the study. The workflow
of the proposed method is illustrated in Figure 1.
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Figure 1. The architecture of the proposed YORO system.

2. Related Work
2.1. Object Detection in Weak Lighting Conditions

A common and intuitive pipeline to low-light object detection is a two-stage pipeline:
first, image enhancement is applied on the input image to improve its feature quality, then
the preprocessed image is fed into a pre-trained off-the-shelf object detector.

This pipeline can leverage a wide array of Low-Light Image Enhancement methods.
Traditional techniques include histogram-based methods like histogram equalization [14]
and physics-based models such as the Retinex theory [15]. More recently, deep learning
has become the dominant trend in LLIE (Low-Light Image Enhancement), with meth-
ods demonstrating superior performance over machine vision approaches [16]. These
learning-based methods often utilize architectures such as Generative Adversarial Net-
works, like EnlightenGAN, which can be trained on unpaired data [17], or encoder—decoder
networks like GladNet [18] and the Two-Branch Exposure-Fusion Network [19]. Many
frameworks also incorporate dedicated denoising modules, such as SUNet [20], as a critical
preprocessing step to mitigate noise before or during the enhancement process.

Despite its conceptual simplicity, the sequential paradigm suffers from several critical
limitations. First, prepending a separate enhancement network adds a significant com-
putational burden, increasing latency and making the pipeline less suitable for real-time
applications, especially on resource-constrained devices like HMDs. Second, a fundamental
disconnect exists between what is optimal for human versus machine perception. LLIE
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methods are trained to produce results that are visually pleasing to humans, but this does
not guarantee better performance for downstream tasks like object detection. Studies have
shown that enhancement can sometimes harm detection by introducing misleading textures
or amplifying noise [21,22]. This reveals that what appears “better” to a human eye is
not necessarily “better” for a detection algorithm. Finally, because the enhancement and
detection modules are optimized independently, errors and artifacts are introduced by the
detector, leading to a cascade of failures.

2.2. Gauge Value Reading by Computer Vision Techniques

Traditional automated gauge reading relies on a multi-step pipeline built on classical
image processing and computer vision techniques. This pipeline is deterministic and
geometry-driven, typically involving localizing the gauge, identifying its key components,
and calculating a reading based on their geometric relationships [23].

The initial and most critical step is localizing the gauge and finding its center. A
variety of methods have been employed for this task, including using the circular bezel
of the gauge for circle-fitting via the Hough Transform, segmenting the gauge based on a
specific background color using a region-growing scheme, or identifying the intersection
point of extended lines from the scale marks [24]. Once the gauge is localized, the pointer is
typically detected as a straight line, again often using the Hough Transform. The numerical
values on the gauge face are extracted using Optical Character Recognition engines [25].
Finally, with the gauge center, pointer angle, and scale values known, the final reading
is calculated using linear interpolation between the known scale mark values and their
corresponding angles [26].

While these classical methods can be effective in highly controlled and predictable con-
ditions, they are often brittle and lack robustness in real-world scenarios. Their performance
is highly sensitive to variations in lighting, camera perspective, glare, and shadows [27].
Furthermore, they often require manual parameter tuning for different types of gauges,
making them difficult to scale and generalize across the diverse range of instruments found
in industrial settings. Their performance degrades significantly in the unstructured and
variable environments characteristic of a submarine cabin [27].

2.3. Performance of Computer Vision Pipelines on AR HMD Devices

Deploying a visual computing algorithm on a portable edge computing device in-
troduces critical performance constraints due to the limited computational and power
resources. Successfully implementing a real-time computer vision model in this context
requires balancing the fundamental trade-off between model accuracy, inference latency,
and power consumption. High latency can disrupt the augmented reality experience and
cause user discomfort, while excessive power consumption limits operational duration
and may lead to thermal throttling. These factors are essential to the system’s usability
and safety.

Several architectural paradigms address these computational challenges. A cloud-
or edge-based approach leverages powerful models but introduces prohibitive network
latency, rendering it unsuitable for disconnected environments like submarines [28]. Con-
versely, fully on-device inference on an HMD ensures low latency and network indepen-
dence but is often computationally infeasible for state-of-the-art models. A hybrid architec-
ture has thus emerged as a pragmatic compromise. This method pairs periodic, high-cost
object detection with a lightweight, on-device tracker that provides high-frequency posi-
tional updates between detections, effectively mitigating latency and sustaining a fluid
user experience.
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To make on-device processing viable, models require rigorous optimization. This be-
gins with selecting inherently efficient, mobile-optimized architectures, followed by model
compression techniques like quantization (reducing numerical precision) and pruning
(removing redundant parameters) to curtail computational and memory demands [29].
The standard deployment pipeline involves training a model, converting it to an efficient
format like the Open Neural Network Exchange (ONNX) [30], and executing it via a
hardware-accelerated runtime.

Empirical evidence underscores these constraints. On a Microsoft HoloLens 2 HMD,
even highly optimized models like YOLOv5n achieve only 2-3 frames per second
(300475 ms inference) without hardware acceleration [31]. This performance is insuf-
ficient for interactive augmented reality, reinforcing the necessity of a holistic approach
that integrates optimized models with intelligent processing pipelines.

3. Gauge Detection by YOLOvV11

This section presents how to train and detect target gauge ROIs from images via a
YOLOvV11 image recognition model.

3.1. Submarine Gauge Reading Dataset

Due to the performance of any image detection network model being inherently
constrained by the quality and representativeness of its training data, we captured and
built a gauge inspection dataset on a real submarine. A total of 1050 photos were captured
with a 1920 x 1080 image resolution, with the dataset comprising gauges collected from
various perspectives, including lateral and frontal views, as depicted in Figure 2. The
dataset’s variety was improved by modifying the exposure parameters to replicate low-
lighting conditions in an actual submarine cabin. These images illustrate actual situations
seen by the operators when operating in the submarine cabin, offering a thorough and

representative training dataset for the development of the neural network.

Figure 2. Sample images of the self-constructed dataset: (a) frontal view, (b,c) lateral view.

Furthermore, 406 images from publicly accessible online platforms [32], which contain
a wide variety of gauges, were added to the dataset, as shown in Figure 3. This diversity
broadens the scope of the dataset and enhances the robustness of the model as well as
its generalization performance. The dataset includes diverse real-world variations in
lighting conditions, camera perspectives, and pointer positions, which helps improve model
generalizability. The target object resolution of the dataset is 640 x 640, which matches
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our self-captured dataset, and the images are cropped, pre-processed, and standardized
following Roboflow’s typical pipeline.

A comprehensive image dataset was manually annotated to serve as the foundation
for neural network training. This dataset was partitioned into training, validation, and
testing subsets, following a standard 80%, 10%, and 10% distribution, respectively. This
partitioning strategy ensures robust model development, mitigates overfitting through
tuning on the validation set, and provides an unbiased evaluation of generalization perfor-
mance on the unseen test set. The annotation process was carried out using a general image
labeling tool, X-Anylabeling [33], that supports YOLO-compatible export formats. For
each image, bounding boxes were drawn around the target objects, and the corresponding
annotation files were generated accordingly.

Figure 3. Partial gauge images from the Roboflow dataset platform [32].

To enhance the model’s robustness and its ability to generalize to novel conditions, the
initial training dataset was substantially expanded through data augmentation, as shown
in Figure 4. The augmentation strategy targeted the specific challenges of the application
environment by employing both photometric and geometric transformations. Photomet-
ric augmentations, including adjustments to brightness, exposure, and the addition of
Gaussian noise, were applied to improve the model’s resilience to variations in lighting
and image quality. Simultaneously, geometric transformations, such as rotation, shearing,
and cropping, were utilized to strengthen the model’s invariance to changes in the scale,
orientation, and position of the target gauges.

(b)

Photometric transformations

() (d)
|
Geometric transformations A 7Y

10°,10° 10°,-10°

¢

150 150 -10°,10° -10°, -10° i

(e) ® (g
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Figure 4. Sample images after data augmentation: (a) raw image; (b) brightness; (c) exposure;
(d) Gaussian noise; (e) rotation; (f) shearing; (g) cropping.
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3.2. Gauge Detection Model Training

The training process was designed to fine-tune the YOLOv11 model specifically for
the task of gauge detection, leveraging established best practices to maximize performance
and efficiency.

The selection of an appropriate object detection architecture is a careful trade-off
among accuracy, inference speed, and deployment complexity. Compared with the preced-
ing version, YOLOv11 implements several key modifications: it replaces the C2f (Cross-
Stage Partial bottleneck with 2 convolutions) module in the neck with a C3k2 (Cross-Stage
Partial with kernel size 2) block, yielding improvements in both speed and overall perfor-
mance. Additionally, it integrates the C2PSA (Cross-Stage Partial with Spatial Attention)
module into the attention mechanism [34], facilitating the accurate detection of smaller or
partially obscured objects [35]. Together, these notable improvements enable YOLOv11 to
focus on gauge-related features when facing challenges of unstable visual background and
environmental impediments [36]. Figure 5 illustrates the architecture of YOLOv11.

Images Input Backbone Neck Head

Figure 5. Architecture of YOLOv11.

We fine-tuned a lightweight YOLOv11s backbone initialized from COCO-pretrained
weights to accelerate convergence and improve generalization. The model was trained
using a 640 x 640 input resolution, a batch size of 16, and the framework’s auto optimizer
setting. The training process demonstrated consistent learning, as evidenced by the general
downward trend of the validation box loss over the epochs, which indicates the model
grew progressively better at localizing objects. Figure 6 illustrates its performance.

1.10

1.05

Val/box_loss
o o =
[(e] [(e] o
o (6] o

o
[}
o

0.80
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Epochs

Figure 6. Validation box loss plotted against training epochs.

As illustrated by the key performance metrics in Figure 7, although coarse detection
metrics saturated early—mAP50 (mean Average Precision at Intersection Over Union = (.5)
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reached 0.995 by epoch 50 and precision peaked near 0.998 around epoch 53—the stricter
mAP50-95 (mAP averaged over IOU thresholds from 0.50 to 0.95) metric continued to
show marginal but consistent improvement, attaining its maximum at epoch 95. Notably,
mAPS50-95 first reached within 0.005 absolute of its final best at epoch 57, indicating that
meaningful gains in localization accuracy persisted between epochs 57 and 95.

Metrics vs Epochs

0 8 \‘f‘ ‘:; |
0o06| ||
=
= |
~ 04 ‘:‘
‘ mAP50-95
0.2 | mAP50
| —— precision
0.0
0 20 40 60 80 100

Epochs

Figure 7. Key performance metrics across epochs.

To optimize the model’s fine-grained localization accuracy, we prolonged the training
to 95 epochs, the point at which the validation mAP50-95 metric peaked. Although sub-
sequent epochs yielded diminishing returns, this methodology guarantees the selection
of the checkpoint with optimal performance, hence rationalizing the increased processing
cost [37,38]. Figure 8 indicates the detection results of the YOLOv11 model.

L »

Y YYEEYIL 5120,
o Qite : e, 091,085

\e

=T X
9) % ‘r
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Figure 8. Visualization of the model detecting results.

3.3. Gauge ROI Outputs Filter

Upon successful training, the YOLOv11s model functions as a high-speed gauge
detector. The final step in this stage is to filter the model’s predictions to extract the ROI
for the second-stage analysis. For each input frame, the model outputs a set of predictions,

each consisting of a bounding box, a confidence score, and a class label.
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These outputs are processed by first filtering detections that fall into the “gauge”
category. Lightweight post-processing rules tailored to gauge geometry were applied
to model outputs to reduce false detection and to prioritize high-quality detections for
downstream reading modules. Specifically, these procedures are illustrated in Figure 9.

YOLOv11 Detection Qutputs

l

NO

) Discard

Candidate
confidence=0.40

l YES

NO

mmm) Discard

box_width=w
box_height=h
aspect ratio=max(w,h)/min(w,h
=15

l YES

Gauge storage hypotheses:[x1,
vl, x2, 2, conf, class_id]
Sorted by confidence
(descending)
conf,=conf,>...zconf,

l

Choose the most reliable detection

Figure 9. Gauge candidate filtering process.

Our hybrid approach combines deep learning and classical computer vision to opti-
mize for data and computational efficiency. Unlike an end-to-end model that requires a
prohibitively expensive and time-consuming dataset with fine-grained keypoint annota-
tions, our system first uses a YOLOv11 model for robust localization with simple bounding
boxes. It then extracts ROI and applies traditional, training-free geometric algorithms for
precise measurement, effectively leveraging the strengths of both techniques.

4. Gauge Value Reading

Following the successful inspection of gauge ROI by the YOLOv11s model, a multi-
stage pipeline is employed to perform the precise reading of each instrument. This section
comprehensively delineates the entire workflow, including dial area detection, pin detection,
pin value calculation, and result visualization with post-processing.

4.1. Dial Area Detection

The initial bounding boxes provided by the YOLOv11 detector are filtered according
to their ratio, since most gauges are approximately circular or square. To achieve the
precision required for the following analysis, the circular boundary of the dial must be
exactly identified within this ROI, which is achieved through a comprehensive, multi-phase
execution of the Hough Circle Transform.

https:/ /doi.org/10.3390/app16104854
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First, as illustrated in Figure 10, the ROI undergoes a series of preprocessing steps
to enhance features critical for circle detection. The image is converted to grayscale,
and CLAHE (Contrast Limited Adaptive Histogram Equalization) is applied. CLAHE is
particularly effective in the variable and often low-light conditions of a submarine cabin, as
itimproves local contrast and reveals edges that might otherwise be obscured. Subsequently,
Median and Gaussian filtering are employed to diminish image noise, decreasing false
circle detections.

- - R | ‘
_) - o

(a) (b) (c) (d)

Figure 10. The workflow of the preprocessing: (a) Grayscale; (b) CLAHE; (c) Median filtering;
(d) Gaussian filtering.

Subsequently, our algorithm generates a comprehensive library of candidate circles by
trying different types of parameters, a paradigm common in randomized approaches [39].
Edges near the image boundaries are discarded, and the image dimensions are employed
to exclude abnormally sized circles [40]. Each candidate is then subjected to a rigorous
validation process based on an “edge energy” evaluation [41]. For a given candidate
circle, points are sampled along its circumference, and the gradient magnitude at these
points is computed. The mean of these gradient magnitude functions as the edge energy
score [41]. A high score indicates that the candidate circle is well-aligned with robust
edges, a fundamental attribute of a physical gauge dial. Upon eliminating duplicates,
the candidate with the highest edge energy score is designated as the definitive dial area.
This validation approach ensures that the detected circle corresponds to the actual gauge
boundary rather than other circular artifacts in the background [40,41].

4.2. Pinline Detection

Once the dial area was localized, the next step was to extract the pointer. Considering
the variability in gauge face design, some features dark pointers on a light background,
while others have light pointers on a dark background. Our approach contains a dial
flip assist function, as shown in Figure 11. The mean pixel intensity is initially examined
within the dial region. If the mean brightness falls below a predefined threshold, the
system classifies it as a dark-faced dial and performs a color inversion on the ROIL This
ensures that in the subsequent processing steps, the pointer is consistently lighter than its
immediate background.

As represented in Figure 12, the normalized ROI is then converted to a binary image
using an adaptive threshold [42,43]. To further refine this binary representation, morpholog-
ical operations, specifically opening or closing are applied [43]. These operations effectively
remove noise pixels and connect any minor breaks in the pointer’s structure that may have
resulted from binarization. To focus the search, a mask is applied to exclude the central
pivot area and the outer bezel of the dial.
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(@ (b)

Figure 11. The schematic diagram of dial flip:(a) raw dark-faced dial; (b) flipped dark-faced dial.

(d) (e) (f)

Figure 12. Images in process: (a,d): grayscale; (b,e) binarization; (c) opening; (f) closing.

After pinline detection, a Progressive Probabilistic Hough Transform is then utilized
to detect all potential line segments within the masked binary image. Among the candidate
lines, a ranking function was applied based on two criteria: (1) line length relative to the
dial radius, and (2) proximity of the line to the dial center. The line with the highest score
was selected as the most probable pointer. This scoring mechanism effectively filtered out
spurious edges caused by dial markings or reflections.

4.3. Pinline Value Calculation

The detected pointer line segment is translated into a numerical gauge reading based
on its geometric orientation. The initial step is to ascertain the pointer’s tip, which is
defined as the terminal point of the line segment furthest distant from the dial’s center. A
vector is subsequently formed from the center of the dial to this tip.

The angle of this vector is calculated using the two-argument arctangent function.
This function can correctly resolve the angle into the proper quadrant, returning an unam-
biguous value in the range from —180° to 180°. This angle is then normalized to a standard
range 0° to 360° for consistent mapping.

Finally, a linear mapping function transforms the calculated angle into the correspond-
ing physical unit of the gauge. This transformation requires a one-time pre-calibration for
each type of gauge to determine four parameters: the angle corresponding to the minimum
scale value 0,,;,;, the angle for the maximum scale value 6,,,y, the minimum scale value
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itself V,;;;,, and the maximum scale value V,y. The final gauge reading V is then calcu-
lated using the following linear transformation Equation (1) with regard to the recognized
pointer angle 6.

6 — Omin

Gmax - Gmin

V= X (Vmax - Vmin) + Vinin (1)

Additionally, outlier filtering was implemented to ensure that the estimated values re-
mained within the physically permissible range of the gauge. The pinline value calculation
and visualization is presented in Figure 13a.

Figure 13. Visualization results of the gauge reader. (a) Algorithm run on a PC. (b) Algorithm run on
a Hololens 2 HMD.

4.4. Result Visualization and Post Processing

For practical application and operator verification, the system generates a visualized
output by overlaying key information onto the original video feed to help the crew in-
spector ensure if all gauges are read automatically. This augmented view includes the
initial YOLOvV11 bounding box, the precisely located circular dial and its center point, the
identified pointer line, and the final calculated numerical value rendered as text above the
gauge. This provides immediate and intuitive feedback to the submarine crew, as displayed
in Figure 13b.

When processing continuous video streams, raw readings can exhibit minor fluctua-
tions due to subtle frame-to-frame variations in lighting or camera angle. To ensure a stable
and reliable output, a temporal post-processing step is implemented [44]. A moving median
filter can effectively smooth out transient noise and outliers, presenting a stable, coherent
reading to the operator, which is crucial for both usability and data reading accuracy. In
our implementation, based on a frame rate of 25 fps, we set the window size to 7 frames,
which provides a good balance between temporal smoothing and responsiveness.

5. Results and Analysis
5.1. System Prototype

The system prototype of the proposed YORO is shown in Figure 14. The system
was designed with an edge-computing architecture to ensure low latency and operational
independence. Each edge terminal was connected to a central control and logging station
via a high-speed local network.

The core software framework comprised two integrated modules. The gauge detection
algorithm utilized the YOLOV11 object detection model, optimized for deployment on edge
devices, to robustly identify and localize various analog gauge types within the cluttered
submarine background. The gauge reading method subsequently processes the cropped
gauge image, employing techniques including the Hough line transform for precise pointer
angle calculation and a predefined scaling function to extrapolate the final measurement
value. All processed data, including raw images, detection results, and calculated readings,
were timestamped and stored locally on the edge device, with key results transmitted to
the central station.
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Figure 14. System prototype of YORO.

5.2. Gauge Detection Metrics

The performance metrics of the gauge detector is evaluated by Recall, Precision, and
F1 Score. These metrics are calculated based on TP, which are correct detections of a
ground-truth; FP, which are incorrect detections; and FN, which are missed ground-truth
instances [45].

Precision P and recall R are defined as in Equations (2) and (3) separately:

TP

R=TprEN @)
TP
P= TP+ FP ®)
The F1 score is the harmonic mean of precision and recall as in Equation (4):
2PR
F1=— 4
P+R @)

As depicted in Figure 15, the area under the Precision-Recall curve is 0.985. The curve
demonstrates that the detector maintains very high precision up to a recall of approximately
0.995; beyond this point, precision drops sharply—first to ~0.83 and then to ~0.28 before
falling to 0 at full recall. This behavior indicates the model produces highly reliable high-
confidence detections, while lowering the confidence threshold to recover the last few
missed ground-truths introduces a disproportionate number of false positives.

The F1-Confidence curve is presented in Figure 15, which plots the F1 score against
varying confidence thresholds. The curve demonstrates strong performance, achieving a
maximum F1 score of 0.98. This peak performance, indicating the best balance between
precision and recall, is reached at an optimal confidence threshold of 0.792.
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Figure 15. (a) Precision—Recall Curve; (b) F1-Confidence Curve.

5.3. Gauge Reading Performance

A quantitative evaluation of the proposed gauge reading algorithm was conducted
to validate its performance and robustness under different operational scenarios. The
assessment focused on two key performance metrics: Reading Success Rate (RSR), which
quantifies the proportion of all gauges in a scene that are successfully detected by the
algorithm, and Average Inference Time (AIT), which quantifies processing speed. The AIT
is a particularly critical indicator for ensuring low latency in the target HMD application.

To assess robustness under varying illumination, the YORO system was evaluated on
50 randomly sampled images for each of two representative lighting conditions: low light
and normal light. Due to severe specular reflection, extreme pointer occlusion, and very
low-contrast pointer-dial combinations from certain camera perspectives, YORO failed to
obtain the correct gauge ROI or calculate the correct pinline value. As shown in Figure 16
and Table 1, YORO achieved a reading success rate (RSR) of 92.7% in low light and 96.8%
in normal light, confirming its high detection capability in both environments.

Table 1. Reading Success Rate (RSR) and Average Inference Time (AIT) of the YORO system under
low and normal lighting conditions.

Lighting Condition RSR (%) AIT (ms)
Low light 92.7 83.3
Normal light 96.8 85.4

In terms of efficiency, YORO demonstrated strong real-time capabilities. The AIT was
measured at 83.3 ms in low-light conditions and 85.4 ms in normal-light conditions. These

https:/ /doi.org/10.3390/app16104854


https://doi.org/10.3390/app16104854

Appl. Sci. 2026, 16, 4854 15 of 22

results demonstrate YORO’s high operational efficiency and minimal processing overhead,
ensuring a responsive interface and empowering the user with the capability for real-time
gauge interaction and data acquisition.

Figure 16. Gauge reading performance different conditions: (a) normal light; (b) weak light.

5.4. Application Performance

The performance of the proposed system is evaluated primarily from an application-
centric perspective, focusing on its efficacy in creating a seamless, interactive, and auto-
mated inspection workflow. Accordingly, experiments were carried out in a real submarine
environment designed to replicate the challenges of an actual cabin. The key performance
metrics are defined by the system’s real-time capability, interactive alignment verification,
and efficiency in data management. A compact metrics summary table is shown in Table 2.

Table 2. Compact summary table of statistical data of task efficiency, reading accuracy, and workload

evaluation.
Metric MR Mean (SD) MR 95% CI YAR Mean (SD) YAR 95% CI p-Value
Task Efficiency
Task Completion Time (s) 48.13 (4.90) [45.42, 50.85] 3.58 (0.62) [3.23,3.93] <0.001
Reading Accuracy
Angular Error 1.01 (0.19) [0.91, 1.12] 0.23 (0.07) [0.19, 0.27] <0.001
NASA-TLX Workload

Mental Demand 69.27 (9.71) [63.89, 74.65] 5.73 (4.11) [3.46, 8.01] <0.001
Physical Demand 80.33 (5.95) [77.04, 83.63] 47.27 (3.56) [45.30, 49.24] <0.001
Temporal Demand 91.20 (2.24) [89.96, 92.44] 0.00 (0.00) [0.00, 0.00] <0.001
Performance 2.87 (2.80) [1.32,4.42] 0.27 (0.59) [—0.06, 0.60] <0.003
Effort 93.40 (6.22) [89.96, 96.84] 14.33 (5.09) [11.51,17.15] <0.001
Frustration 97.60 (1.96) [96.52, 98.68] 0.00 (0.00) [0.00, 0.00] <0.001
Overall Workload 72.44 (2.44) [71.09, 73.79] 11.27 (1.06) [10.68, 11.85] <0.001

5.4.1. Experimental Setup

The experiments were conducted within the cramped confines of an authentic subma-
rine cabin measuring approximately 2 x 1.6 x 1 m. As illustrated in Figure 17, a gauge

https://doi.org/10.3390/app16104854


https://doi.org/10.3390/app16104854

Appl. Sci. 2026, 16, 4854

16 of 22

panel containing 16 distinct industrial instruments was used as the target. The experimental
submarine environment typically features a narrow operational space and dim lighting
conditions. This setup ensured that the evaluation accounted for both spatial constraints
and poor visibility, factors that typically hinder human visual performance.

Figure 17. Target gauge panel in the submarine cabin.

5.4.2. Participants and Task Design

Fifteen participants with backgrounds in engineering were recruited for the system
evaluation experiment. The evaluation followed a within-subjects design, where each
participant performed two tasks in a randomized order:

Manual Recording (MR): Participants identified and recorded the readings of the
16 gauges using only their eyes and a physical logbook under the dim lighting conditions.

YORO-Aided Recording (YAR): Participants utilized the HMD device equipped with
YORO to automatically detect and digitize the gauge readings. As illustrated in Figure 18,
which displays both the external posture of the tester wearing an HMD device and the
actual interface seen through the HoloLens 2, YORO integrates seamlessly with the reality.

Figure 18. YORO gauge reading experiment: (a) third-person perspective of experiment; (b) first-
person perspective of experiment.

To minimize experimental bias, the order in which participants performed the manual
recognition and system-aided tasks was counterbalanced. All participants were asked to
complete the National Aeronautics and Space Administration Task Load Index (NASA-
TLX) [46] questionnaires following the experiment, and the results were utilized to assess
the psychological exhaustion of the participants.

5.4.3. Task Efficiency Analysis

When deployed on the optical-see-through HMD, the system demonstrates a highly
responsive performance that is crucial for a natural user experience. The entire process—
from capturing the gauge image, detecting the dial, recognizing the pointer, to computing
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the value and rendering the visualization—is completed with minimal latency. In the
manual recording (MR) mode, participants took an average of 48.13 s to complete the
recording. This was largely due to the challenge of focusing on small dials in low-light and
the physical strain of moving within the constrained space. In contrast, the YORO-aided
recording (YAR) method achieved an average completion time of 3.58 s, representing a
92.5% improvement in operational efficiency. The visualization of experimental results is
shown in Figure 19.

Average MR and YAR gauge recording time
— T Method

1 MR
50 0 YAR

o

Value (s)

20

10

MR YAR
Method

Figure 19. Average task completion time of MR and YAR.

5.4.4. Reading Accuracy Analysis

In the accuracy analysis of gauge reading values, since each distinct gauge has a
different value range and unit, the average angular error of the pointer was used to
represent the reading error, providing an indirect evaluation of reading accuracy. For
manual recording (MR), the average reading angular error across the 16 gauges was
1.01. Reading errors occurred frequently, primarily due to difficulty in discerning gauge
dials under low-contrast conditions or eye strain caused by prolonged exposure to poorly
illuminated work environments. In contrast, as shown in Figure 20, the YORO-aided
recording (YAR) achieved a low average error of 0.23, representing a 77% improvement

compared to the MR mode.
Average pinline value reading error of 16 gauges
14 —_— Method
= MR
[ YAR
1.2
1.0
o
o
208
Z
5 R
0 0.6
0.4 o
—T
0.2
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Figure 20. Recognition accuracy comparison.
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5.4.5. Subjective Workload Evaluation

As shown in Figure 21, the NASA-TLX results indicate a consistent score reduction
for the YAR condition compared with the MR condition in all dimensions. Specifically,
lower scores were observed in Mental Demand, Time Demand, Performance-related work-
load, and Frustration, suggesting that the proposed system reduced cognitive burden and
perceived operational strain during gauge-reading tasks. A notable decrease was also
observed in Physical Demand, indicating that the assisted workflow enables testers to read
more comfortably.

Comparison of NASA-TLX Scores: MR vs YAR

100 System
- R - ==

=
a -

i -

Mental Physical Temporal Performance Effort Frustration
NASA-TLX Dimension

8

Score (0-100)

Figure 21. NASA-TLX score comparison.

A comprehensive evaluation was conducted to compare the workload imposed by
the MR and YAR methods. The analysis revealed that the overall workload, as mea-
sured by the NASA-TLX, was substantially lower for the YAR method. The mean overall
workload score for the MR method was 72.44, which was significantly higher than the
11.27 recorded for the YAR method, a difference that was highly statistically significant
(p < 0.001). This finding provides strong evidence that the YAR method effectively reduces
user operational workload.

An examination of the individual subscales offers further insight into these differences.
As shown in Figure 21, in terms of mental demand, the YAR method scored 5.73, a value
far below the 69.27 of the MR method. This marked reduction is attributed to the YAR
method’s use of computer vision for automatic recognition, which minimizes cognitive
requirements and results in a more intuitive operational process. A significant reduction
was also observed in physical demand, with YAR scoring 47.27 compared to 80.33 for MR.
The lower physical workload of YAR stems from the elimination of manual, paper-based
gauge value recording and the need to repeatedly look down at notes and up at gauges;
instead, users wearing a head-mounted display (HMD) need only gaze at a designated area
for system recognition and then confirm the result, leading to more natural interaction. The
disparity was most pronounced for temporal demand, where YAR received a score of 0, in
stark contrast to MR’s high score of 91.2. This suggests that by reading multiple instruments
simultaneously, the YAR method imposes no time pressure, affording users enough time
to complete the task. Regarding self-rated performance, both methods yielded low scores,
which indicates good perceived performance. However, YAR (0.27) was still superior to MR
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(2.87). This result may be explained by users placing greater trust in the machine-calculated
results from the YAR method, whereas some users expressed doubt about the correctness
of their own manual readings and recordings with the MR method. The level of effort
required was also drastically different, with YAR scoring 14.33 versus MR'’s 93.4, indicating
that users of the YAR method could accomplish the task with substantially less exertion.
Finally, in terms of frustration, the YAR method scored 0, while the MR method scored a
remarkably high 97.6. This indicates that the YAR method, with its streamlined process,
induces almost no user frustration, whereas the repetitive nature of the manual operations
in the MR method is a source of boredom and annoyance.

In conclusion, the YAR method demonstrates a significant advantage over the MR
method across all dimensions of the NASA-TLX. It is associated with an extremely low per-
ceived workload, characterized by the absence of time pressure and frustration, alongside
superior self-rated performance. Conversely, the MR method imposes a high workload,
requiring substantial effort and resulting in considerable user frustration. These findings
collectively indicate that the YAR method offers a markedly superior user experience and
is thus better suited for inspection and recording application.

Above experiment and analysis have demonstrated that the core innovative feature
of the YAR method is the shift from full automation to human-in-the-loop verification.
The system does not merely present a final number; it visually renders a synthesized
pointer graphic directly onto the real-world gauge. This interactive step is intuitive and
requires minimal training. It leverages humans’ pattern recognition for a final quality check,
ensuring that any potential misalignment due to extreme occlusion, dirt, or rare model
errors is caught immediately. This design guarantees that the recorded value is a faithful
representation of the physical reality.

Upon the user’s confirmation of correct pointer alignment, the system automates the
subsequent administrative steps. The validated reading value, along with a timestamp and
gauge ID, is automatically packaged and transmitted to a cloud-based database in real time.
This functionality completely removes the error-prone and tedious steps of manual data
transcription, thereby eliminating a significant source of human error and freeing the crew
to focus on the higher-value task of situational assessment and anomaly detection.

6. Conclusions

In this paper, an automated gauge reading system has been proposed and validated to
assist operators in submarine maintenance environments. The proposed YORO method
integrates a YOLOv11-based object detection model for robust gauge localization with a
dedicated image processing module. This module employs techniques such as the Hough
Circle Transform and Hough Line Transform to accurately detect dial regions, identify
pointers, and compute measurement values.

Experimental evaluations conducted in a real submarine cabin environment demon-
strate that the system achieves high accuracy in both gauge detection and value reading. In
terms of operational efficiency, the YORO method reduced the average task completion
time from 48.13 s in the manual recording (MR) mode to 3.58 s, representing a 92.5% im-
provement. Regarding reading accuracy, the average angular error decreased from 1.01° in
MR mode to 0.23° in YORO mode, a 77% improvement. Furthermore, a NASA-TLX-based
workload assessment revealed that YORO significantly reduces user workload, with an
overall workload score of 11.27 compared to 72.44 for MR mode (p < 0.001). These results
indicate that YORO not only enhances operational efficiency and reading accuracy but also
substantially alleviates user workload.

The findings of this study provide a practical and effective foundation for developing
semi-autonomous inspection solutions in confined and critical maritime environments.
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Nevertheless, the current system requires a one-time pre-calibration for each gauge type
(including parameters such as 6_min, 6_max, V_min, V_max), and the number of gauge
variants evaluated in our experiments is limited. In real submarine settings where nu-
merous gauge variants with potentially non-linear or non-standard scales may be present,
the scalability of the proposed approach remains an open challenge. Future work will
therefore focus on systematically handling a wide variety of gauge variants and non-linear
scales, optimizing the system’s performance for HMDs, and extending its functional-
ity to support a broader range of instrument types, thereby further improving operator
situational awareness.
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The following abbreviations are used in this manuscript:

YORO You Only Read Once

YOLO You Only Look Once

HMD Head-Mounted Display

ROI Region of Interest

SOTA State of the Art

AR Augmented Reality

LLIE Low-Light Image Enhancement

ONNX Open Neural Network Exchange

C2f Cross-Stage Partial bottleneck with 2 convolutions
C3k2 Cross-Stage Partial with kernel size 2

mAp50 mean Average Precision at Intersection Over Union = 0.5

mAP50-95 mAP averaged over IOU thresholds from 0.50 to 0.95
CLAHE Contrast Limited Adaptive Histogram Equalization

RSR Reading Success Rate
AIT Average Inference Time
MR Manual Recording

YAR YORO-Aided Recording
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