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Abstract - Developing reliable real-time navigation
systems for visually impaired individuals remains
challenging, particularly in dynamic and low-light
environments. This study proposes an integrated
framework  combining YOLOvV8, OpenCV-based
monocular  distance  estimation, and RGB-NIR

multispectral imaging to enhance detection robustness and
distance awareness. A dataset of 1,700 annotated images
collected from diverse indoor and outdoor environments
was used for training and evaluation using preprocessing
techniques such as resizing, normalization, and data
augmentation. System performance was evaluated using
Precision, Recall, F1-Score, mean Average Precision
(mAP), Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and Frames Per Second (FPS).
Experimental results show that YOLOv8x achieved the
best performance with an F1-Score of 0.91, mAP@50 of
0.74, MAE of 0.15 m, RMSE of 0.20 m, and a processing
speed of 22 FPS. Multispectral RGB-NIR integration
further improved low-light performance, increasing the
F1-Score from 0.83 to 0.89 and reducing MAE from 0.28
m to 0.19 m with only a minor reduction in speed. These
findings demonstrate that the proposed system provides an
effective balance between accuracy and real-time
performance for assistive navigation applications.

Keywords: YOLOvV8; multispectral imaging; blind
navigation; object detection; distance
estimation.

I. INTRODUCTION

Assistive navigation systems for visually impaired
individuals have attracted significant research attention
due to their potential to improve independent mobility
and situational awareness. Recent advances in computer
vision and deep learning have enabled real-time object
detection systems that can identify obstacles and
environmental elements using monocular cameras [1-3].
Assistive navigation systems for visually impaired
individuals have attracted significant research attention

due to their potential to improve independent mobility
and situational awareness. Recent advances in computer
vision and deep learning have enabled real-time object
detection systems that can identify obstacles and
environmental elements using monocular cameras [4-6].

Despite these advancements, most existing assistive
navigation systems primarily focus on object detection
accuracy under normal lighting conditions, while
distance awareness and robustness in low-light
environments remain insufficiently addressed [7, 8].
Reliable distance estimation is a critical requirement for
safe navigation, as visually impaired users rely not only
on object presence but also on spatial proximity to make
timely decisions [9, 10]. However, many studies either
neglect distance estimation entirely or rely on additional
depth sensors that increase system cost, complexity, and
power consumption [11, 12].

Monocular vision—based distance estimation offers a
cost-effective alternative and has been widely explored
using geometric relationships between object size,
camera parameters, and assumed physical dimensions
[13-15].

Prior research on YOLOv3 and YOLOv4 tackled
small-object detection and noisy environments but
lacked focus. Nevertheless, the accuracy of monocular
distance estimation is highly sensitive to detection
stability and image quality, particularly under low-light
conditions where RGB cameras suffer from noise, low
contrast, and missed detections [16]. As a result, distance
estimation errors tend to increase significantly in poorly
illuminated environments, limiting the practical usability
of monocular assistive systems [17].

Multispectral imaging, particularly the integration of
Near-Infrared (NIR) and RGB modalities, has been
shown to improve visual perception under challenging
illumination by capturing complementary spectral
information [18, 19]. Prior studies have demonstrated
that NIR data can enhance object visibility and edge
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definition in low-light scenarios [20]. However, most
multispectral approaches focus on surveillance, remote
sensing, or scene classification tasks, while their
application to real-time assistive navigation systems
remains limited [21]. Moreover, existing works often
employ complex fusion architectures or computationally
expensive models that are unsuitable for real-time
deployment on assistive platforms, which limits their
effectiveness in practical applications for navigation
assistance in low-light environments [22].

Another important limitation in current research is the
lack of integrated evaluation between object detection
performance and distance estimation accuracy. Many
studies report detection metrics such as precision or
mean Average Precision (mAP) without analyzing how
detection stability affects downstream distance
estimation [23]. Conversely, works that emphasize
distance estimation often rely on idealized detection
assumptions or controlled environments, reducing their
relevance to real-world navigation scenarios.

To address these gaps, this study proposes a real-time
assistive navigation framework that integrates YOLOv8
with OpenCV-based monocular distance estimation and
RGB-NIR multispectral imaging. Unlike prior
approaches, this work emphasizes distance-aware
navigation performance, particularly under low-light
conditions, while maintaining real-time capability.
Feature-level fusion is adopted to balance detection
robustness and computational efficiency, and the system
is evaluated using both detection and distance estimation
metrics. By focusing on the interaction between
multispectral detection stability and distance estimation
reliability, this study contributes practical insights
toward the development of affordable and effective
assistive navigation systems for visually impaired users.

Different from existing assistive navigation systems
based on YOLO and OpenCV, this study introduces
several novel contributions. First, this work integrates
RGB-NIR multispectral imaging with YOLOVS at the
feature-fusion level to enhance object detection stability
under low-light conditions. Second, the proposed
framework  jointly  evaluates object detection
performance and monocular distance estimation
accuracy, highlighting their interdependency in real-
world navigation scenarios. Third, a comprehensive
experimental analysis is conducted across multiple
YOLOVS variants (n, s, m, I, X) using a custom dataset
collected in diverse indoor and outdoor environments.
Finally, this study demonstrates that multispectral fusion
significantly reduces distance estimation errors while
maintaining real-time performance, providing a practical
and cost-effective solution for visually impaired

navigation. These contributions distinguish the proposed
system from conventional YOLOv8 + OpenCV-based
approaches and existing blind navigation systems.

Il. METHOD

This study experimentally develops and evaluates an
object detection and distance estimation system using
YOLOvV8 and OpenCV to assist visually impaired users
with real-time object and distance information. The
process includes data collection, preprocessing, model
training, integration with OpenCV for enhanced
detection and distance estimation, and real-time
implementation. System performance is assessed
through accuracy, error rate, and processing speed to
ensure effectiveness in real-world conditions.

A. You Only Look Once (YOLO)

As shown in Fig. 1, YOLO divides an image into
grids, where each cell predicts bounding boxes,
confidence scores, and class probabilities. By combining
these predictions in a single pass, YOLO efficiently
detects multiple objects in real time.

B. Flowchart Explanation

This research follows a structured workflow to
enhance object detection and distance estimation using
YOLOv8. YOLOVS, a state-of-the-art deep learning
model, simultaneously predicts bounding boxes,
confidence scores, and class probabilities in a single
forward pass.. Its real-time efficiency makes it ideal for
assistive navigation systems for the visually impaired,
where timely feedback is critical for safety. The scalable
architecture also allows deployment across various
devices, from embedded systems to smartphones and
high-performance platforms.

1) Step 1 Data Collection and Preprocessing: The
dataset includes common indoor and outdoor obstacles
encountered by visually impaired users. Images are
annotated, resized, normalized, and filtered to
standardize input and improve clarity. These
preprocessing steps ensure better model generalization
and robustness in real-world applications.

2) Step 2 Model Configuration:
enhanced with two key components:

e OpenCV, for preprocessing, edge detection, and
stereo-based depth estimation [24].

e CAW (Coordinate Attention Weighting), which
improves feature representation by embedding
positional information into channel attention.

e The Coordinate Attention Weighting (CAW) module
was incorporated to enhance spatial-channel feature

YOLOV8 is
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representation by encoding positional information as
channel attention. Compared to conventional channel
attention mechanisms, CAW preserves spatial
context while maintaining computational efficiency,
making it suitable for real-time applications, such as
in autonomous driving or video surveillance systems
where quick and accurate feature representation is
crucial. Previous studies have demonstrated that
CAW improves feature discrimination under
complex backgrounds and low-light conditions [25].

3) Step 3 S x S Grid Division: The input image is
divided intoan S x S grid (e.g., 7x7 for S=7), where each
cell detects objects within its region. This grid-based
division enables YOLOVS8 to localize multiple objects
simultaneously [26].

4) Step 4 Bounding Boxes + Confidence: Each grid
cell predicts multiple bounding boxes with a confidence
score that represents both object presence probability
( Popj) and positional accuracy through Intersection
over Union (loU) as in (1) [24].

Confidence = Py,; X loU (8]

5) Step 5 Class Probability Map: Each grid cell
outputs class probabilities (e.g., chair, table) to identify
object types. For example, 20 possible classes yield 20
probability values per cell [27].

6) Step 6 Final Detections: Bounding boxes,
confidence scores, and class probabilities are merged
using Non-Maximum Suppression (NMS) to select the
most accurate bounding box for each object [28]. The
box with the highest confidence and class probability is
defined as the final detection [29].

C. Process Flow Stages

The process flow in Fig. 2 illustrates the
development stages of an object detection and distance

Start

estimation system for the visually impaired. It begins
with data acquisition from various environments,
followed by preprocessing—Ilabeling,  resizing,
normalization, and augmentation—to prepare the dataset.
The processed data is then used to train the YOLOVS8
model with optimized parameters to achieve high
detection accuracy.

D. Data Collection

The YOLOv8 models were initialized using COCO-
pretrained weights to leverage general object
representations learned from large-scale datasets [30].
Model training and evaluation were conducted
exclusively on a custom dataset consisting of 1,700
manually collected and annotated images, captured from
real-world indoor and outdoor environments relevant to
visually impaired navigation [31]. The dataset includes
typical obstacles such as pedestrians, vehicles, doors,
chairs, walls, and street infrastructure, reflecting realistic
navigation scenarios. Images were acquired under
diverse conditions, including crowded streets, enclosed
indoor spaces, obstacle-rich areas, and varying
illumination levels, to ensure robustness against dynamic
environments and lighting variations.

Fig. 1 Detection process YOLO

h 4
~ L, Integrate with Multispectral Imaging & Translate to Indonesian & Convert to
EIat AR " Preprocessing Speech
v
Data Preprocessing —> Distance Estimation (OpenCV) Testing & Evaluation
w
Train YOLOv8 Model > Real-Time Implementation > End

Fig. 2 Flow of stages of the research process
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Although the dataset size consists of 1,700 images,
which can be considered moderate for deep learning-
based object detection, it was carefully collected from
diverse real-world environments, including crowded
streets, indoor spaces, obstacle-dense areas, and low-
light conditions. This diversity helps improve data
representativeness and reduces potential bias.
Furthermore, data augmentation techniques such as
rotation, flipping, and brightness adjustment were
applied to increase data variability and mitigate the
limitation of dataset size. Transfer learning using
COCO-pretrained weights and early stopping were also
employed to prevent overfitting and enhance model
generalization.

Data collection, summarized in Table I, involves
gathering images and videos from various real-world
settings—»both indoor and outdoor—to train and test the
YOLOv8-based object detection and distance estimation
models. These environments include crowded streets and
complex indoor spaces, allowing the model to handle
dynamic and static conditions under diverse lighting.
This comprehensive dataset supports robust training for
accurate detection and reliable distance estimation in
practical navigation scenarios [32]. The dataset was
divided into training, validation, and testing sets using a
70% / 20% / 10% split to ensure unbiased performance
evaluation.

As summarized in Table I, the custom dataset covers
diverse real-world environments encountered by visually
impaired users, including crowded streets, indoor spaces,
obstacle-dense areas, and low-light conditions [33]. Each
environment presents distinct challenges, such as
moving objects in outdoor scenes, reflections in enclosed
spaces, and increased image noise under low
illumination. This diversity enables the trained model to
generalize effectively across realistic navigation
scenarios [34].

E. Data Pre-processing

Table Il outlines the preprocessing steps applied
before training. This phase is essential to ensure
consistent, high-quality input data, enabling the model to
focus on relevant features rather than noise.
Preprocessing improves dataset uniformity, diversity,
and robustness—supporting faster training convergence
and stronger real-world generalization.

Table Il preprocessing method in this study was
carried out in several stages, including labeling, resizing,
normalization, and augmentation [35].

TABLE |
TYPES OF DATA COLLECTED
No  Types of Environments Number of Images
1 Crowded Streets 500
2 Closed Room 400
3 Areas with Obstacles 300
4 Low Light Conditions 200
5 Normal Light Conditions 300
Total All Environments 1700
TABLE Il
DATA PROCESSING METHODS
No Preprocessing Description
Stages
1 Labeling Each object in the image will
be labeled.
2 Resize Resizes the image to 640x640
pixels.

3 Normalization ~ Normalize the image pixels to
the range [0, 1].

Addition of variation to the
data with augmentation

techniques.

4 Data
Augmentation

Normalization was applied to standardize pixel
values, ensuring better model learning, while
augmentation introduced additional variations to the data
in order to reduce the risk of overfitting. The
augmentation techniques included rotation, flipping, and
brightness adjustment, whereas normalization was
performed by dividing pixel values by 255 to scale them
within the range [0,1]. The expected result of this process
was to improve the model’s generalization capability and
accelerate training convergence.

F. YOLOv8 Model Training

After completing the data preprocessing stage, the
YOLOV8 model was trained using the prepared dataset
consisting of normalized, resized, and augmented images
to ensure input consistency and variability. The training
process employed empirically selected hyperparameters
aimed at balancing detection accuracy and
computational efficiency. The main training parameters
were as follows: the Adam optimizer, a learning rate of
0.01, a batch size of 32, and training for 10 epochs with
early stopping to mitigate overfitting given the limited
dataset size. Data collection, summarized in Table I,
involves gathering images and videos from various real-
world settings—both indoor and outdoor—to train and
test the YOLOv8-based object detection and distance
estimation models. These environments include crowded
streets and complex indoor spaces, allowing the model to
handle dynamic and static conditions under diverse
lighting. This comprehensive dataset supports robust
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training for accurate detection and reliable distance
estimation in practical navigation scenarios [32]. Due to
the limited dataset size, training was intentionally
restricted to 10 epochs with early stopping to reduce
overfitting, as extended training showed diminishing
performance gains.

Model training was conducted on a workstation
equipped with an Intel Core i7-14700K CPU, 32 GB
RAM, and an NVIDIA RTX 3090 GPU with 24 GB
VRAM, enabling efficient GPU acceleration for deep
learning workloads. GPU parallelism supported batch
processing and reduced training time, facilitating rapid
experimentation and model comparison across different
YOLOVS8 variants.

The YOLOVS training process is guided by a multi-
component loss function that measures the discrepancy
between predicted outputs and ground truth labels. This
loss function combines bounding box regression loss,
objectness confidence loss, and classification loss, each
weighted by a corresponding coefficient to balance
localization accuracy and detection confidence, as
expressed in (2):

Loss = Appox * Lo+ Acis* Le+ Aopj* Lo (2)

where A _bbox A _cls A obj, and is the coefficients that
control the contribution of each loss component to the
total loss. The setting of these values is important to
achieve a good balance between location accuracy,
classification, and detection confidence [36].

G. Integration with OpenCV for Distance Estimation

After training, the YOLOvV8 model was integrated
with OpenCV to perform monocular, geometry-based
distance estimation in real time, as illustrated in Fig. 3.
Object distance was estimated using the relationship
between the detected object’s apparent size in the image,
the calibrated camera focal length, and an assumed real-
world object dimension [37]. Prior to distance
computation, intrinsic camera calibration and lens
distortion correction were applied to improve geometric
accuracy. Representative physical dimensions were
assigned to each object class based on common real-
world  measurements.  This approach  provides
approximate distance awareness suitable for assistive
navigation, where relative proximity is more critical than
exact metric depth. Ground truth distances were
measured manually during data collection and used to
compute Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) for performance evaluation.

Input Image

.

YOLOv8 Model

v

Detected Objects

—

OpenCV Module

v

Distance Estimation

¥

Final Output (Detections + Distances)

Fig. 3 YOLOVS8 integration with OpenCV for distance
estimation

The camera captures live images that are processed
by YOLOvV8 for object detection. Detected bounding
boxes are then used by OpenCV to estimate object
distance using a monocular geometric model based on
camera calibration and assumed object dimensions.

The distance estimation process follows these steps:
the camera captures an image, YOLOV8 detects objects
and determines bounding boxes, and OpenCV computes
object distance using (3) [38] :

. Real Height X Focal Lenght
Distance = - g —— g 3)
Object Height in Image

where Real Height denotes the assumed real-world
object height, Focal Lenght is the calibrated camera
focal length, and Object Height in Image represents the
object height in the image plane.

It should be noted that the proposed monocular
distance estimation method relies on assumed average
physical dimensions for each object class. In real-world
scenarios, object sizes may vary significantly due to
individual differences, camera perspective, and partial
occlusion. Consequently, inaccuracies in bounding box
detection or deviations from assumed object dimensions
may lead to distance estimation errors. This limitation is
inherent to monocular geometry-based approaches and
represents a trade-off between system simplicity and
measurement precision. Future endeavors will rectify
this limitation by integrating adaptive size estimation or
depth-sensitive sensors.

H. Coordinate Attention Weighting (CAW)

Coordinate Attention Weighting (CAW) is applied to
enhance feature representation in YOLOv8 by
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embedding spatial coordinate information into channel
attention. Given an input feature map as in (4).

XERCXHXW, (4)

CAW first performs directional global pooling along
horizontal and vertical directions to preserve positional
information. The pooled features are computed as in (5).

Zn(e,%) = 3 By X (6,2, 9), (5)

Zn(c,y) = 2 X1 X (e, %, y) (6)

The horizontal and vertical features are then
concatenated and transformed using a 1x1 convolution
followed by ReLU activation as in (7).

f = 8(Convyyq([zp, Zw])), (7)

where 6(-) denotes the ReLU function. The encoded
feature is split and processed using sigmoid activation to
generate attention weights as in (8) and (9).

grn = 0(Convyy (fy)), (8)

gw = 0(Convyy, (), 9)

with o(-) representing the sigmoid function. Finally, the
original feature map is reweighted using the obtained
attention maps as in (10).

Y(c,xy) = X(c,xy) X gn(c,x) X gyw(c,y), (10)

resulting in the output feature map Y.
By applying coordinate-aware attention, CAW
enables the network to emphasize spatially relevant

revure ey BT IS
S -

regions while maintaining positional consistency. In
assistive navigation, accurate localization of nearby
obstacles is critical. By incorporating CAW into
YOLOVS, spatially important regions such as pedestrians,
doors, and vehicles are emphasized, leading to more
stable detections and improved distance estimation
reliability.

I. Real-Time
Feature

The system is designed for real-time use by visually
impaired users, with an emergency button that activates
object detection and distance estimation. When pressed,
the system provides verbal information about detected
objects, helping wusers respond quickly to their
surroundings.

Fig. 4 shows a real-time system architecture designed
to assist visually impaired users in navigation with the
panic button feature. This diagram illustrates the from
data acquisition to the delivery of information to users.

As shown in Fig. 5, the real-time navigation system
assists visually impaired users through an integrated
detection and feedback pipeline. The camera captures
live input processed by the YOLOv8 model for object
detection, while OpenCV calculates the distance to
detected objects. A panic button feature enables
emergency activation, and all detection outputs are
converted into speech feedback, providing immediate
auditory guidance. This setup enhances both safety and
independence for users in critical environments.

Implementation with Panic Button

Sigmoid

Fig. 4 Architecture of Coordinate Attention Weighting (CAW) module

Camera YOLOvE Model

Distance Calculation

Y

T_\

Panic Button

v

Text-to-Speech » User

Fig. 5 Panic Button Stages for object detection
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J. Multispectral Imaging Integration

In the workflow Fig. 5, this study integrates visible
RGB imagery and Near Infrared (NIR) data to improve
robustness of object detection under various lighting
conditions, particularly in low-light environments. RGB
images are captured using a monocular RGB camera,
while NIR images are acquired using an infrared-
sensitive camera operating at approximately 850 nm.
Prior to fusion, RGB and NIR images are spatially
aligned using feature-based image registration to ensure
pixel-level correspondence [39]. Both modalities are
normalized to the [0,1] range, with histogram
normalization applied to the NIR channel to reduce
luminance noise. Multispectral fusion is performed at the
feature level within the YOLOvV8 framework by
concatenating RGB and NIR feature maps, followed by
a 1x1 convolutional layer to enable effective spectral-
spatial feature interaction with minimal computational
overhead. This integration improves detection accuracy
and distance estimation reliability in low-light conditions,
with only a slight reduction in processing speed.

RGB and NIR images in Fig. 6 are normalized and
spatially aligned through image registration before being
fused at the feature level using channel concatenation
and a 1x1 convolution layer within the YOLOv8
backbone. The fused features are used for object
detection, while OpenCV performs distance estimation
to provide real-time navigation feedback under normal
and low-light conditions.

K. System Evaluation

System performance was tested under real-world
conditions typical for visually impaired users. Evaluation
covered object detection accuracy, distance estimation,
processing speed, and usability. Accuracy was measured
using precision, recall, and F1-score, while distance
estimation used MAE and RMSE. FPS was used to
assess real-time performance, and usability testing
ensured outputs were easily understandable. Tests across
various lighting and environments—such as low light,
crowded streets, and obstacle-rich areas—validated the
system’s robustness, adaptability, and reliability [40].

Table Il summarizes the evaluation parameters and
their measurement methods.

RGB Input

===l —

Fig. 6 Multispectral imaging integration flow

Preprocessing
(Normalization &
Enhancement)

Feature Fusion

TABLE IlI
SYSTEM EVALUATION PARAMETERS
. Measurement
No Parameter Description Method
1 Object The percentage of Precision,
Detection  objects that were Recall, F1-
Accuracy  detected correctly.  Score
2 Distance Deviation between ~ Mean Absolute
Estimation  the estimated and Error (MAE),
Accuracy  actual distance. RMSE
Processing  The time required FPS (Frames
Speed to detect and Per Second)

calculate distances.

The proposed method outlines all key stages in
developing a YOLOvV8 and OpenCV-based system for
object detection and distance estimation to assist visually
impaired navigation. It includes data collection,
preprocessing, model training with optimized parameters,
and OpenCV integration for distance measurement. This
framework ensures a balance between accuracy and
efficiency across varied real-world conditions such as
crowded, low-light, and obstacle-rich environments.

By applying augmentation and normalization, the
model achieves strong generalization, while evaluation
using precision, recall, F1-score, MAE, RMSE, and FPS
ensures comprehensive  performance assessment.
Designed for real-time implementation, the system
provides immediate audio feedback, emphasizing
usability, reliability, and adaptability for visually
impaired users.

I11. RESULT AND DISCUSSION

This section discusses the experimental results of the
proposed  YOLOv8-OpenCV  framework  with
multispectral integration, focusing on object detection
accuracy, distance estimation performance, processing
speed, and robustness under low-light conditions. The
analysis emphasizes the relationship between detection
stability and distance estimation reliability for assistive
navigation.

A. Effect of Data Processing on Model Performance

Data preprocessing was designed to minimize input
variability and enhance model generalization. All images
were resized to 640x640 pixels and normalized to the
[0,1] range, while augmentation techniques such as
rotation, flipping, and brightness adjustment were
applied [41].

Table IV shows that standardizing image resolution
to 640x640 and normalizing pixel values to the [0,1]
range effectively reduces scale and illumination
inconsistencies. Original image sizes varied from
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800x600 to 2560x1440 pixels, which could cause
unstable feature extraction. After preprocessing, training
convergence became more stable, and data augmentation
further reduced overfitting, particularly given the limited
dataset size of 1,700 images [42, 43].

B. Object Detection Accuracy

Object detection performance was evaluated using
precision, recall, and Fl-score to assess localization
accuracy and classification reliability as in Table V [44].

Based on Table V, precision improves from 0.85
(YOLOV8n) to 0.92 (YOLOvV8X), while recall increases
from 0.81 to 0.90, resulting in an F1-score improvement
from 0.83 to 0.91. This indicates that larger models
achieve more reliable localization and classification,
reducing both false positives and missed detections.
YOLOv8m and YOLOv8l provide intermediate
performance (F1 = 0.87 and 0.89), offering a balanced

trade-off between accuracy and computational efficiency.

C. Distance Estimation Accuracy

Data in Table VI evaluates distance estimation using
MAE and RMSE metrics. Lower values indicate higher
accuracy. Results show that as model complexity
increases, both errors decrease, meaning larger YOLOvV8
versions provide more precise and reliable distance
predictions. [45].

Table VI shows that MAE decreases from 0.36 m for
YOLOv8n to 0.15 m for YOLOv8x, while RMSE
decreases from 0.45 m to 0.20 m, corresponding to
relative reductions of approximately 58% and 56%,
respectively. This trend indicates that increasing model
capacity improves bounding box localization stability,
which directly reduces geometric measurement errors in
monocular distance estimation. Larger models extract
richer spatial features, resulting in more consistent
distance predictions that are critical for safe assistive
navigation as in (11) and (12).

1 ~
MAE = — ¥y lyi — 9il (11)

RMSE = 2 10— 902 (12)

Lower MAE and RMSE values reflect more accurate
and consistent distance predictions, essential for reliable
navigation assistance.

D. Processing Speed

Processing speed was evaluated using frames per
second (FPS) to assess real-time system performance.
High FPS is essential for assistive navigation
applications, as it ensures timely obstacle detection and
smooth user feedback in dynamic environments.

As shown in Table VII, YOLOv8n achieves the
highest speed at 45 FPS, followed by YOLOv8s and
YOLOv8m with 38 FPS and 32 FPS, respectively, while
YOLOvV8x operates at 22 FPS. Although processing
speed decreases with model complexity, all
configurations satisfy real-time requirements. This
demonstrates that the proposed system provides flexible
deployment options, allowing users to balance
responsiveness and accuracy based on hardware
capabilities.

TABLE IV
SYSTEM EVALUATION PARAMETERS
. Initial Resizing Maximum
No  Object Dimensions Dimension Value of
Normalization
1  Chair 1920x1080 640x640 1.0
2 Door  1280x720 640x640 1.0
3 Car 2560x1440  640x640 1.0
4 People 800x600 640x640 1.0
TABLE V

OBJECT DETECTION ACCURACY FOR DIFFERENT
VERSIONS OF YOLOVS

YOLOvVS8

Precision Recall F1-Score
Verses
YOLOvV8n 0.85 0.81 0.83
YOLOvS8s 0.87 0.83 0.85
YOLOv8m 0.89 0.86 0.87
YOLOvSI 0.91 0.88 0.89
YOLOvV8x 0.92 0.90 0.91
TABLE VI

OBJECT DETECTION ACCURACY FOR DIFFERENT
VERSIONS OF YOLOVS

YOLOV8 Model MAE RMSE
(meters) (meters)
YOLOv8n + OpenCV 0.36 0.45
YOLOvVS8s + OpenCV 0.28 0.38
YOLOvV8m + OpenCV 0.22 0.30
YOLOV8I + OpenCV 0.18 0.25
YOLOv8x + OpenCV 0.15 0.20
TABLE VII

PROCESSING SPEED (FPS) FOR DIFFERENT
VERSIONS OF YOLOVS8

YOLOv8 Models FPS
YOLOvV8n 45
YOLOvVS8s 38
YOLOV8m 32
YOLOvsI 28
YOLOvV8x 22
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E. Performance with Multispectral Imaging

The impact of RGB-NIR multispectral integration
was evaluated using F1-score, MAE, RMSE, and FPS.
The integration of Near-Infrared (NIR) information
enhances feature visibility under low-light conditions
and improves detection stability.

Fig. 7 shows that multispectral fusion increases the
F1-score from 0.83 to 0.89, while MAE and RMSE
decrease from 0.28 mto 0.19 m and from 0.38 m to 0.26
m, respectively, with FPS only slightly decreasing from
23 to 21. The comparative bar-chart further confirms that
RGB-NIR integration significantly reduces distance
estimation errors while preserving practical inference
speed. These improvements indicate that NIR features
enhance object boundary clarity and feature consistency,
resulting in more stable detections and more reliable
distance estimation under low-light conditions.
Therefore, this study emphasizes F1-score, MAE, RMSE,
and FPS as primary evaluation metrics, as they directly
reflect distance-aware navigation performance, while
comprehensive mAP-based benchmarking is reserved
for future work.

Performance Comparison of YOLOwE with and without Multispectral Imaging (F1-Scare)

Lo Ligit
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Fig. 7 Performance overall F1-score, MAE, and RMSE
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Fig. 8 shows that integrating NIR data consistently
improves distance estimation accuracy across all
YOLOVS8 variants. Both MAE and RMSE decrease with
multispectral input, while FPS slightly drops. For
example, YOLOV8Xx decreases from 23 FPS to 21 FPS,
while achieving significant accuracy gains. The model
ranking remains unchanged, with YOLOv8n being the
fastest and YOLOvV8x the most accurate. However, the
performance gap between models becomes narrower,
indicating that multispectral fusion enhances efficiency
across different model scales.

F. Detection Performance Evaluation Using mAP and
Precision—Recall Analysis

In addition to distance-based metrics, detection
performance was evaluated using mean Average
Precision (mAP) and Precision—Recall (PR) analysis to
provide auxiliary validation of detection robustness.

The RGB-NIR model achieves an mAP@50 of 0.74
and mAP@50-95 of 0.46, outperforming the RGB-only
model, which achieves 0.69 and 0.41, respectively.
These results show that combining features from
different wavelengths makes detection more reliable at
different loU thresholds, especially when the lighting is
difficult.

Precision—Recall curves in Fig. 9 further show that
the RGB-NIR model maintains higher recall at
comparable precision levels, indicating reduced missed
detections without sacrificing prediction confidence.
These improvements are consistent with the observed
reductions in MAE and RMSE, confirming that
enhanced detection stability directly contributes to more
reliable distance estimation for assistive navigation.

G. Ablation Study on CAW Module

An ablation study was conducted to evaluate the
contribution of the Coordinate Attention Weighting
(CAW) module by comparing baseline YOLOv8 models
with and without CAW under identical experimental
conditions.

The results show that incorporating CAW increases
the average F1-score from 0.83 to 0.89, corresponding to
an improvement of approximately 7.2%. Distance
estimation accuracy also improves, with MAE
decreasing from 0.28 m to 0.19 m, representing a
reduction of about 32%. These gains indicate that CAW
strengthens spatial-channel feature interactions and
enhances  feature  representation in  low-light
environments. Importantly, these improvements are
achieved without significant computational overhead,
demonstrating that CAW plays a crucial role in
improving system robustness for real-time assistive
navigation.

141



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 1, March 2026

Campatisin of PO with and withent Mulirieretral Imaging

Partzemaree €

Fig. 8 Performance comparison overall MAE, RMSE, and
FPS

~ RGB-NIR (Multispectral)
— RGB Only

Precision
o
[}

o
a

o
N

0.0 0.2 0.4 0.6 0.8 1:0
Recall
Fig. 9 precision—recall curve comparison between RGB
and RGB-NIR models

IV. CONCLUSION

This study concludes that integrating YOLOV8 with
OpenCV significantly enhances object detection and
distance estimation, with performance varying by model
size. The YOLOv8x variant achieved the highest
accuracy and lowest distance errors (MAE and RMSE),
while lighter models such as YOLOv8n offered faster
processing suitable for real-time operation. The
integration of multispectral (RGB-NIR) imaging further
improved system robustness, particularly under low-
light conditions, where the F1-Score increased from 0.83
to 0.89, MAE decreased from 0.28 m to 0.19 m, and
RMSE from 0.38 m to 0.26 m. Although the processing
speed slightly decreased from 23 FPS to 21 FPS, the
system maintained real-time capability, demonstrating a
favorable balance between accuracy and efficiency for
assistive  navigation applications. Despite these
promising results, this study is subject to several inherent
limitations. First, the dataset size of 1,700 images,

although  collected from  diverse  real-world
environments, remains relatively limited for deep
learning-based  object  detection. While data

augmentation, transfer learning using COCO-pretrained
weights, and early stopping were employed to mitigate
overfitting and enhance generalization, a larger and more
diverse dataset is expected to further improve model

robustness. Second, the experimental evaluation was
primarily conducted under controlled and semi-realistic
conditions, and broader validation across more complex
and dynamic real-world scenarios is still required. In
addition, distance estimation relies on assumed object
dimensions and monocular geometry, which may
introduce inaccuracies under extreme perspective
variations or occlusion. Future work will therefore focus
on expanding the dataset scale and diversity, conducting
large-scale field testing with visually impaired users,
incorporating additional sensors such as depth cameras
or LiDAR, and applying advanced model optimization
techniques—including compression, quantization, and
pruning—to enable efficient deployment on mobile and
embedded platforms for real-world assistive navigation.
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