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Abstract

Navigating through narrow spaces and doorways can be a daily struggle for wheelchair users, often
resulting in frustration, collisions, or reliance on external assistance. These challenges highlight a
pressing need for intelligent, user-centered mobility solutions that go beyond traditional object detec-
tion. In this study, we propose a lightweight segmentation model that integrates context-attention and
geometric reasoning to support real-time doorway alignment. The model incorporates a convolutional
block attention Module (CBAM) for refined feature emphasis, a content-guided convolutional attention
fusion module (CGCAFusion) for multi-scale semantic integration, an unsupervised depth estimation
module, and an alignment estimation module that provides intuitive navigational guidance. Trained
on the DeepDoorsv2 dataset, our model demonstrates a mean average precision (mAP50) of 95.8%
and a F1 score of 93% while maintaining hardware efficiency with 2.96 M parameters, outperforming
baseline models. By eliminating the need for depth sensors and enabling contextual decision-making,
this study offers a robust solution to improve indoor mobility and delivering actionable feedback to
support safe and independent navigation for wheelchair users.

Keywords: assistive navigation; CBAM; context-aware; doorway detection; indoor navigation; vision-
based navigation; wheelchair guidance; YOLOv8 segmentation

1. Introduction
Individual autonomy is widely acknowledged as a fundamental factor that fosters intrinsic

motivation [1] and supports mental health [2]. As mobility is essential to exercising autonomy, the
ability to move independently plays a vital role in enabling individuals to care for themselves, thereby
significantly enhancing overall well-being [3,4]. However, the global prevalence of visual and mobility
impairments is on the rise, primarily due to an aging population [5,6] and an increasing incidence of
chronic diseases [7–9]. These impairments directly compromise individual autonomy and adversely
affect quality of life. To mitigate these challenges, there is an increasing demand for fully automated
intelligent assistive systems that incorporate advanced object detection and safe navigation capabilities
to support independent living.

Recognizing the need to improve the quality of life of individuals with visual and mobility impair-
ments, researchers have developed semi-automated assistive systems. For instance, Mahadevaswamy
et al.[10] proposed a semi-automated wheelchair capable of operating in both manual and semi-
automatic modes. In manual mode, the user navigates using hand controls, while in semi-automatic
mode, the system assists navigation across challenging terrains such as inclines, declines, uneven
surfaces, and muddy paths, thereby reducing physical effort via a joystick interface. Another system
by Karim et al.[11] employs an array of ultrasonic sensors to facilitate autonomous navigation. This
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system demonstrates a response time between 0.2 and 0.5 seconds, with an effective obstacle detection
range of up to 30 cm. Similarly, the wheelchair developed by Hasan et al. [12] integrates accelerometers
and ultrasonic sensors for obstacle detection and safe navigation. It also includes a feature that enables
a third party to remotely control the wheelchair in unsafe situations. Although these semi-automated
systems have made notable contributions toward improving the mobility and independence of users,
they still rely on human input. This dependency limits their suitability for individuals with severe
impairments who are unable to control the system independently, and can cause physical fatigue
in users with partial mobility, potentially exacerbating existing health conditions. Furthermore, a
critical concern remains that the reliability and safety of these systems under malfunctioning or faulty
conditions is not adequately addressed in the cited literature.

Understanding the limitations of semi-automated systems, recent research has increasingly fo-
cused on the development of fully automated sensor-based assistive technologies for individuals with
visual and mobility impairments. Early navigation systems predominantly employed sensors such as
ultrasonic modules [13,14], LiDAR [15,16], and infrared sensors [17] to detect obstacles and architec-
tural features such as doorways. These systems utilized range and depth data to identify flat vertical
surfaces and open areas, often combined with geometric modeling to determine doorway boundaries.
Although effective in controlled environments, these sensor-based systems face considerable challenges
in real-world settings, including reduced accuracy in dynamic or cluttered environments, limited
sensing range, and high sensitivity to environmental noise and interference [18–20]. Furthermore,
reliance on multiple sensors increases hardware complexity, cost, and power consumption, limiting
their practicality and scalability [21].

To address the hardware and scalability limitations of traditional sensor-based systems, recent
research has increasingly shifted toward deep learning-based approaches that utilize monocular RGB
input to detect and interpret structural features in indoor environments. Lecronsnier et al.[22] in-
troduced a deep learning framework aimed at enhancing indoor navigation for smart wheelchairs.
Their system integrated the YOLOv3 algorithm[23] for object detection with Intel RealSense sensors
to provide depth perception. For robust 3D object tracking, the system employed the Simple Online
Realtime Tracking (SORT) algorithm [24], enabling accurate identification and tracking of key navi-
gation elements such as doors and handles, thereby improving the semi-autonomous functionality
of the wheelchair. Building on this direction, Zhang et al.[25] proposed DSPP-YOLO, an enhanced
YOLOv3-based architecture designed for detecting doors and windows in unfamiliar indoor envi-
ronments. This model incorporated DenseNet blocks[26] and spatial pyramid pooling (SPP) [27] to
improve multiscale feature extraction anused K-means for optimized anchor box generation. As a
result, DSPP-YOLO achieved a 3.3% improvement in door detection accuracy and an 8. 8% increase
in window detection, without additional computational cost. Similarly, Mochurad and Hladun [28]
developed a method based on a real-time neural network for the recognition of door handles using
RGB-D cameras. Their approach used a MobileNetV2 backbone [29] and a custom decoder, allowing
the system to process up to 16 images per second. This facilitated robust recognition of various door
handle designs in diverse environments, improving robotic interaction. With the growing need for
lightweight and accurate real-time detection models, recent work has focused on YOLOv8 [30] to en-
hance scene understanding in assistive navigation applications, including doorway recognition [31–33].
However, many of these models prioritize object detection without adequately capturing contextual
and structural cues [19,34,35]. Specifically, while efficient, these architectures often lack mechanisms
to emphasize salient features unique to structural elements like doors, an essential requirement for
wheelchair navigation. Consequently, they may misclassify visually similar patterns as doorways,
leading to navigation errors and potential safety risks for users.

Despite increasing interest in sensor and vision-based navigation systems, accurate doorway
detection and navigational guidance for autonomous wheelchairs remain insufficiently addressed.
To overcome these limitations, we propose a vision-based architecture that detects doors and guides
wheelchair users through them using monocular RGB input. Our approach enhances the YOLOv8-seg
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backbone by incorporating spatial and channel-wise attention mechanisms through the CBAM [36]
and CGCAFusion [37] to improve multiscale feature aggregation. To mitigate the absence of physical
depth sensors, we introduce a lightweight RGB-based depth estimation head that infers spatial layouts
directly from 2D images. This component is optimized for real-time inference in low-power embedded
systems, making it suitable for deployment in assistive mobility devices. The core contributions of this
work include:

• Integration of a CBAM module within the YOLOv8 backbone to enhance spatial and channel-wise
focus on structural features of doorways.

• Implementation of a CGCAFusion module for multi-scale contextual refinement to improve
accuracy in segmenting semantically similar regions.

• Development of a lightweight dual head structure for simultaneous door segmentation and
monocular depth estimation module (DEM).

• Implementation of an Alignment Estimation Module (AEM) to correct door misalignment and
provide real-time guidance to users.

2. Materials and Methods
In this section, we describe the proposed model, named ’YOLOv8-seg-CA (context-aware)’ devel-

oped to support assistive wheelchair navigation by detecting doorways and providing navigational
guidance from a video input. The overall architecture (Figure 1) of our model consists of four sub
modules:

1) Convolutional Block Attention Module (CBAM): This sub module enhances the feature repre-
sentation in the YOLOv8 backbone by applying channel and spatial attention, allowing the model
to focus more effectively on salient regions associated with doorways, as detailed in Section 2.2.

2) Content-Guided Convolutional Attention Fusion Module (CGCAFusion): This sub module
is responsible for dynamically building contextual relationships based on input feature content
using a content-guided convolutional attention mechanism, improving structural segmentation
performance in cluttered indoor scenes, as detailed in Section 2.3.

3) Depth Estimation Module (DEM): The objective of this sub module is to predict relative depth
information from RGB inputs, eliminating the need for external depth sensors while providing
spatial context to support alignment estimation (Section 2.4).

4) Alignment Estimation Module (AEM): The final sub module is designed to compute the lateral
offset of the detected doorway with respect to the image center to suggest directional guidance
(e.g., move left, right, or stay centered) for wheelchair navigation, as described in Section 2.5.
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Figure 1. Architecture of the proposed YOLOv8-seg-CA (context-aware) model

2.1. Dataset Description

The dataset used in this study is based on the DeepDoorsv2 dataset [38], originally designed
to support semantic segmentation and object detection of door structures in indoor environments.
The dataset consists of high-resolution RGB images captured in diverse conditions, including varying
lighting, occlusions, viewing angles, and architectural layouts. To ensure variability, the images include
single and double doors, open and closed configurations, and challenging real-world backgrounds.

The dataset has a total of 3000 segmented RGB door images with 1000 closed, semi-open, and
open doors each in 480 x 640 pixels. The pixel values 192,224,192 correspond to door/door frame,
and 0,0,0 corresponds to background. In addition to DeepDoorsv2, we collected a supplementary
set of 100 custom indoor doorway images to reflect everyday navigation scenarios. The total dataset
was divided into training, validation, and test sets in a 7:1.5:1.5 ratio. Figure 2(a) illustrates sample
images and the corresponding mask of a closed, semi-open, and open door, respectively. Figure 2(b)
shows a correlogram of the normalized bounding box attributes (x, y, width, height) in the dataset.
The diagonal plots show individual distributions, while the off-diagonal plots show pairwise density
relationships. This confirms that most of the doors are centered in the image and follow consistent
geometric proportions.
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(a)

(b)

Figure 2. DeepDoorsv2 dataset [38]: (a) Sample dataset images of closed, semi-open, and open doors with their
corresponding mask (b) Correlogram of dataset distribution.

2.2. Convolutional Block Attention Module (CBAM)

CBAM was first introduced by Woo et al. in 2018 [36]. The overall architecture of CBAM is
illustrated in Figure 3. We integrate this CBAM module immediately after the SPPF (Spatial Pyramid
Pooling - Fast) layer at the end of the YOLOv8 backbone to enhance the focus of the network on
informative spatial and semantic features specific to doorway structures. CBAM is a lightweight and
effective attention mechanism that sequentially applies channel attention and spatial attention to the
feature map (see Figure 4), refining its representational quality before feature fusion.
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Figure 3. Overall architecture of CBAM model

Figure 4. Channel Attention Module and Spatial Attention Module of CBAM
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Let F ∈ RC×H×W be the input feature map output from SPPF. CBAM refines this feature map
through two sequential submodules:

1) Channel Attention Module (CAM): This module infers channel-wise importance using both
global average pooling (GAP) and global max pooling (GMP), followed by a shared multi-layer
perceptron (MLP) [39] (Equations (1) and (2)).

Mc(F) = σ[MLP(GAP(F)) + MLP(GMP(F))] (1)

F′ = Mc(F)⊗ F (2)

where Mc(F) ∈ RC×1×1, σ denotes the sigmoid function, and ⊗ denotes element-wise multipli-
cation.

2) Spatial Attention Module (SAM): This module generates a spatial attention map based on the
average and max projections across the channel dimension (Equations (3) and (4)).

Ms(F) = σ
(

f 7×7([AvgPool(F); MaxPool(F)])
)

(3)

F′′ = Ms(F)⊗ F′ (4)

where Ms(F) ∈ R1×H×W and f 7×7 represents a convolutional kernel size of 7 × 7.

The final refined feature map F′′ is then passed for further multi-scale fusion. By inserting
CBAM at this stage, we allow the network to selectively emphasize features that are structurally
and semantically relevant to door detection, improving segmentation accuracy while maintaining
computational efficiency.

2.3. Content Guided Convolutional Attention Fusion Module (CGCAFusion)

To address the limitations of conventional fusion methods [40–43] in detecting structurally small
and complex objects such as doorframes, we adopt the CGCAFusion module [37]. This is a content-
guided convolutional attention mechanism designed to enhance both local and global feature modeling
with low computational overhead. This mechanism is particularly beneficial for real-time doorway
detection in resource-constrained environments.

The module introduces a two-branch fusion strategy (See Figure 5):

• CGA (Content-Guided Attention) [44]: A coarse-to-fine spatial attention mechanism that refines
each feature channel by learning spatial saliency within channels.

• CAFM (Convolutional Attention Fusion Module) [45]: A simplified transformer-inspired struc-
ture that extracts global features using self-attention while preserving local features via depthwise
convolutions.

The model achieves multimodal feature fusion by dynamically adjusting attention weights
according to the input content, enabling fine-grained focus on doorway edges and suppressing
irrelevant features.
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Figure 5. Architecture of the CGCAFusion [37].

As illustrated in Figure 5, given two input tensors F
′′ ∈ RC×H×W (output from CBAM module),

their corresponding elements are first aggregated (Equation (5)).

F1 = F
′′ ⊕ F

′′
(5)

where, ⊕ denotes element-wise addition.
The combined feature F1 is then passed through the CAFM module (MCAFM) to capture global

and local relationships (Equation (6)).

F2 = F1 ⊕ MCAFM(F1) (6)

where, ⊕ denotes element-wise addition.
The output F2 is refined by the CGA module (MCGA), which applies spatial, channel, and pixel-

level attention to further emphasize critical regions (Equation (7)).

F3 = σ[MCGA(F1, F2)] (7)

where, σ denotes the sigmoid function.
The fusion process concludes with the fusion module (MFusion), which performs weighted summa-

tion and dimensionality alignment via 1×1 convolution, yielding the final fused output (Equation (8)).

Fout = Conv[MFusion(F1 ⊕ F2 ⊕ F3)] (8)

where, ⊕ denotes element-wise addition.
This output effectively balances global semantic context with local detail, ensuring enhanced

segmentation of door structures even under challenging lighting or cluttered backgrounds.
Simultaneously, the pixel attention module dynamically modulates feature importance (low-level

and high-level features), guiding the model to concentrate on the most relevant regions within the
image. This refined fusion strategy (See Figure 6) substantially enhances the model’s accuracy and
efficiency in real-time detection and segmentation applications (Equation (9)).

Ff usion = Conv[MCAFM(Flow + Fhigh).w + MCAFM(Flow + Fhigh).(1 − w) + Flow + Fhigh] (9)

where, Flow denotes low-level features, Fhigh denotes high-level features, and w denotes feature
weights.
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Figure 6. Architecture of the Fusion Module [37].

2.4. Depth Estimation Module (DEM)

One of the primary limitations in many existing doorway detection systems is their reliance on
external depth sensors such as LiDAR to estimate object proximity. Even though these hardware-based
solutions are effective, they increase system cost, complexity, and power consumption, making them
less suitable for lightweight mobile platforms such as assistive wheelchairs.

To overcome the limitations of external depth sensors to estimate doorway proximity, we incor-
porate a lightweight Depth Estimation Module (DEM) that learns to predict relative depth directly
from monocular RGB input by unsupervised learning. The module leverages the spatial and se-
mantic features produced by CBAM (Section 2.2) and CGCAFusion (Section 2.3) to determine depth.
The DEM takes as input the fused feature tensor Ff usion ∈ RC×H×W generated by the CGCAFusion
module, which integrates multi-scale context. This tensor is processed by a shallow convolutional
decoder composed of two stacked convolutional layers, batch normalization, and sigmoid activation
(Equation (10)).

D = σ[Conv3×3[ReLU(BN(Conv3×3(Ffusion)))]] (10)

The output D ∈ R1×H×W is a normalized depth map that captures relative distances within the
scene (Figure 7). This demonstrates that the DEM successfully captures the geometric layout of the
environment. In particular, depth continuity is preserved across the doorway regions, while walls and
obstacles are well separated in terms of depth gradients. This unsupervised DEM learns to associate
visual indicators such as vertical edges, doorway shapes, and floor-wall intersections with depth
through context-aware feature propagation.
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(a)

(b)

(c)

(d)

Figure 7. Depth maps generated by DEM module (a) Original RGB image (Left) and predicted normalized depth
map (Right) of doorway, (b) Original RGB image (Left) and predicted normalized depth map (Right) of a open
door, (c) Original RGB image (Left) and predicted normalized depth map (Right) of a semi-open door, and (d)
Original RGB image (Left) and predicted normalized depth map (Right) of a semi-open door.

During the evaluation of the model, we compared the predicted depth values with ground truth
maps available in the DeepDoorsv2 dataset using metrics such as mean absolute error (MAE). These
comparisons confirm the ability of the model to learn meaningful spatial depth without the need for
additional hardware or supervision.
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2.5. Alignment Estimation Module (AEM)

One of the key challenges in autonomous wheelchair navigation is not only detecting the presence
of doors, but also assessing their relative position and orientation to ensure safe navigation. Traditional
vision-based methods tend to stop at detection, lacking the capability to provide directional guidance,
such as adjusting to the left or right for optimal alignment. This limitation can result in collisions
or failed attempts to navigate through narrow doorways. To address this challenge, we propose
an Alignment Estimation Module (AEM) that operates on the output of the segmentation mask to
determine the horizontal offset between the doorway center and the center of the camera frame. This
offset is used to issue directional guidance to either "Move Left", "Move Right", or "Aligned", based on
a predefined tolerance margin.

Let x f denote the horizontal center of the frame and xd the horizontal center of the detected
doorway (bounding box center). The offset is defined as:

∆x = x f − xd

A threshold θ is used to decide alignment:

Guidance =


Aligned, |∆x| < θ

Move Left, ∆x > θ

Move Right, ∆x < −θ

The output of the AEM provides interpretable visual guidance cues to the user or control system.
By integrating AEM into our pipeline, we bridge the gap between static object detection and actionable
mobility decisions, enabling intelligent guidance that is crucial for real-world assistive navigation.

3. Results and Discussion
In this section, we discuss the results obtained by assessing the constructed model in four main

areas: structural attention enhancement through CBAM (Section 3.1), improved precision and semantic
fusion using CGCAFusion (Section 3.2), performance of unsupervised DEM (Section 3.3), and finally,
evaluation of the model’s ability to provide accurate alignment estimation for intelligent guidance
(Section 3.4).

3.1. Structural Attention Enhancement through CBAM

In this section, we discuss the tests performed to evaluate the performance of the CBAM module
in improving structural attention. We compared its performance with six state-of-the-art deep learning
segmentation approaches: YOLOv5n-seg [46], YOLOv5s-seg [46], YOLOv7-seg [47], YOLOv8n-seg [48],
YOLOv8s-seg [48], and YOLOv8x-seg [48].

To evaluate the impact of CBAM on the focus of structural characteristics, we focused on two tests
to evaluate its performance. Firstly, we compared the F1 scores of the outputs of the bounding box and
the segmentation masks (Figure 8). Secondly, we present qualitative results (Figure 9) to illustrate how
CBAM enhances spatial focus by suppressing false positives, compared to the baseline model.

The box plots of the F1 score comparisons (Figure 8) clearly demonstrate that in both the bounding
box and masks, the proposed model (YOLOv8n-seg-CA) consistently outperforms other deep learning
models in both accuracy and stability. In particular, YOLOv8n-seg-CA achieves a higher median
F1 score and exhibits tighter interquartile ranges, suggesting greater reliability under varied image
conditions. Compared to YOLOv8n-seg, which demonstrates a wider dispersion and more outliers,
the attention-enhanced version yields more concentrated and stable predictions.
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(a)

(b)

Figure 8. The proposed model (YOLOv8n-seg-CA) demonstrates consistently high F1 scores with reduced
variability compared to baseline methods: (a) F1 score comparison (bounding box) across different segmentation
models. (b) F1 score comparison (mask) across different segmentation models.

Moreover, the presence of fewer outliers in YOLOv8n-seg-CA indicates robustness to extreme
cases, such as partial occlusion or low contrast boundaries. This improvement is critical in wheelchair
navigation, where false positives, such as misclassifying walls or furniture as doors, can compromise
navigational safety.

The results of the qualitative analysis (Figure 9) illustrate how CBAM enhances spatial focus by
suppressing false positives. In particular, Figures ??a–c demonstrate three sample cases where baseline
models misclassified flat wall surfaces and furniture as doors, which was correctly resolved in our
model, highlighting its improved ability to capture the contextual and geometric signals of doorway
structures.
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(a) Case 1: Original RGB image input, segmentation prediction from the baseline model (misclassifications),
and prediction of proposed model.

(b) Case 2: Original RGB image input, segmentation prediction from the baseline model (misclassifications),
and prediction of proposed model.

(c) Case 3: Original RGB image input, segmentation prediction from the baseline model (misclassifications),
and prediction of proposed model.

Figure 9. Qualitative comparison of doorway segmentation between the original image, the baseline model, and
YOLOv8n-seg-CA model. The enhanced model demonstrates improved boundary accuracy and reduces false
positives: (a) Case 1 comparison. (b) Case 2 comparison. (c) Case 3 comparison.

Overall, these findings validate the effectiveness of CBAM in enabling the network to focus
on meaningful structural cues such as doorway frames, edges, and contours, thus improving both
detection precision and generalization.
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3.2. Improved Precision and Semantic Fusion using CGCAFusion

In this section, to validate the effectiveness of the proposed CGCAFusion module, we evaluate
its performance in terms of both detection accuracy and computational efficiency. We compared its
performance with seven state-of-the-art segmentation approaches: Mask R-CNN [49], YOLOv5n-
seg [46], YOLOv5s-seg [46], YOLOv7-seg [47], YOLOv8n-seg [48], YOLOv8s-seg [48], and YOLOv8x-
seg [48].

The study uses the YOLOv8n-seg model as the baseline network for improved training. The
hyperparameter settings of the training process are outlined in Table 1. The performance of the
model was evaluated using main indicators such as the detection mean average precision mAP(Box),
segmentation mean average precision mAP(Mask), parameters, FPS (Frames Per Second), model size,
and inference time, as shown in Table 2.

Table 1. Hyperparameter settings.

Parameters Value

Epochs 150
Ir0 0.002
Irf 0.002

Momentum 0.9
Batchsize 16

Cache False
Input image size 640 x 640

Optimizer AdamW

Table 2. Quantitative comparison of segmentation models using metrics, mAP50 Box, Mask, Params, FPS, Model
size, and Inference Time.

Model mAP50
(Box)

mAP50
(Mask)

Params
(M) FPS Model

size (M)
Inference
time (ms)

Mask R-CNN 0.825 0.814 45.96 105.7 346.52 9.33
YOLOv5n-seg 0.783 0.609 2.53 239 5.14 4.62
YOLOv5s-seg 0.808 0.621 7.74 252.1 15.6 4.26
YOLOv7-seg 0.953 0.911 37.98 147.23 78.1 6.9
YOLOv8n-seg 0.896 0.814 3.26 1490 6.45 0.64
YOLOv8s-seg 0.872 0.808 11.79 720 22.73 1.39
YOLOv8x-seg 0.873 0.696 71.75 120 137.26 8.62
Proposed Model 0.958 0.924 2.96 1560 3.6 0.42

It is clearly seen that the improved model achieved an average detection and segmentation
accuracy of 95.8%, which is 6.2% higher in mAP(Box) and 11% higher in mAP(Mask) compared to
the baseline model. This indicates that our model outperforms most existing mainstream algorithms
in both detection and segmentation accuracy. Secondly, the improved model achieves a size of 3.6
MB with 2.96 M parameters, an FPS of 1560, and an inference time of 0.42 ms, outperforming other
state-of-the-art lightweight algorithms.

To further illustrate the trade-offs between accuracy and model complexity, Figure 10 presents
a marker plot of mean average precision (mAP50) vs. parameter count, and Figure 11 demonstrates
mAP50 vs. FPS across models. These plots demonstrate that the CGCAFusion module enables more
accurate segmentation at a minimal cost to model size or speed. Even though larger models such as
YOLOv8x-seg exhibit marginally higher accuracy, they do so at a significant cost in inference speed
and memory usage. In contrast, our model remains well-suited for deployment in embedded devices
without compromising detection quality.
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(a) (b)

Figure 10. Comparison of accuracy and parameters of different segmentation models: (a) Bounding Box.
(b) Segmentation Mask.

(a) (b)

Figure 11. Comparison of accuracy and frame rate (FPS) of different segmentation models: (a) Bounding Box.
(b) Segmentation Mask.

Overall, it is evident that by fusing contextual information from low- and high-resolution feature
maps with a global attention mechanism, CGCAFusion effectively enhances structural awareness
while preserving real-time performance, which is a critical requirement in assistive applications such
as wheelchair navigation.

3.3. Performance of Unsupervised DEM

In this section, we evaluate the effectiveness of the proposed DEM, which generates relative
depth maps from RGB images without additional hardware or supervision. Unlike conventional
sensor-based methods, our approach operates in a fully unsupervised manner using only monocular
visual inputs, making it lightweight and cost-effective for deployment on assistive platforms.

Figure 12 presents the distribution of absolute depth estimation errors across the test set. The error
histogram exhibits a clear right-skewed profile with a sharp peak in the 0–0.5 meter range, indicating
that most predicted depth values closely align with the ground truth values. While the distribution
shows a long tail that extends to higher error values, these represent only a small fraction of the
total predictions.
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Figure 12. Distribution of absolute depth estimation errors produced by the proposed DEM. The histogram shows
that most predictions fall within a low error range (0–0.5 meters), with a right-skewed tail indicating occasional
higher error outliers

These results confirm that the DEM can effectively approximate spatial layout with minimal
supervision and without reliance on specialized depth sensors. This performance is achieved through
feature representations enriched by the CGCAFusion module, which captures semantic and structural
depth cues such as vertical edges and floor-wall intersections. This allows DEM to deliver reliable
depth estimates even in indoor scenes with occlusions and varying lighting conditions.

Overall, the DEM demonstrates sufficient precision for guiding alignment decisions and estimat-
ing doorway proximity, offering a practical and scalable solution for real-time assistive navigation
without sensor-based depth input.

3.4. Accurate Alignment Estimation for Intelligent Guidance

In this section, we evaluate the performance of the proposed AEM, which is designed to provide
interpretable navigation cues by estimating the positional alignment of detected doorways relative to
the center of the frame. This module enables the system to make actionable decisions such as “Move
Left”, “Move Right”, or “Aligned”, which are essential to guide an assistive wheelchair safely and
efficiently through constrained spaces.

To validate the effectiveness of AEM, we present four real-world visualizations that demonstrate
the directional decision-making of the system in varied indoor environments. As shown in Figure 13,
the module provides discrete alignment decisions, "Move Left", "Move Right", "Aligned", or "Door Too
Narrow" based on the relative location and geometry of detected doorways.
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(a)

(b)

(c)

(d)

Figure 13. Visual outputs of the proposed AEM across different indoor navigation scenarios. The module provides
directional guidance (a) "Move Left", (b) "Move Left/Right" with multiple doors, (c) Alignment confirmation
(“Aligned”), and (d) Passability checks (“Door too narrow!”).

Figure 13(a) shows a slightly off-center door, with the left doorpost skewed toward the camera’s
centerline. The AEM identifies this misalignment and suggests a “Move Left” adjustment to center
the wheelchair. It is evident that the decision is consistent with the actual geometric layout and
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demonstrates the spatial awareness of the model. Figure 13(b) illustrates a dual-door scenario where
two distinct doorways are detected simultaneously. The AEM correctly evaluates their position with
respect to the center of the frame, issuing a “Move Right” instruction for the centrally located door
and “Move Left” for the side door. This confirms the module’s ability to disambiguate between
multiple doors and provide appropriate direction guidance for each. Figure 13(c) demonstrates an
ideal alignment scenario where the detected door is well centered in the frame and the AEM outputs
an “Aligned” message, indicating that no directional adjustment is necessary. In contrast, Figure 13(d)
represents detections of multiple doors in a complex hallway. A narrow door on the left is marked
with the warning “Door Too Narrow” due to its insufficient width to allow safe passage. The larger
exit door is detected correctly and the module recommends “Move Left” to better center the user.

Overall, the evaluation confirms the robustness of the AEM in issuing interpretable and context-
sensitive guidance across varied geometries and lighting conditions. By incorporating spatial thresh-
olds for both alignment and navigability, the module transforms detection into actionable feedback,
which is critical for autonomous wheelchair assistance.

In summary, the combination of quantitative metrics and qualitative analyzes confirms the
robustness and generalization of our proposed model in diverse indoor environments. The integration
of attention mechanisms, semantic fusion, depth estimation, and alignment evaluation enables accurate
and interpretable doorway detection, while providing real-time directional guidance. These findings
have strong implications for assistive navigation, particularly in enhancing autonomy and safety for
wheelchair users by enabling context-aware environmental understanding and decision making.

4. Conclusions
In this research, we propose an enhanced YOLOv8 segmentation model, named YOLOv8n-seg-

CA (Context-Aware), designed to detect doorways and guide wheelchair navigation using only RGB
input. The model integrates four key components: the Convolutional Block Attention Module (CBAM)
for refined spatial and channel-wise feature attention, the Content-Guided Convolutional Attention
Fusion module (CGCAFusion) for multi-scale semantic feature fusion, a lightweight Depth Estimation
Module (DEM) for unsupervised monocular depth prediction, and an Alignment Estimation Module
(AEM) that provides real-time directional feedback. Together, these modules improve the model’s
ability to interpret complex indoor environments and deliver guidance in real-time—without the need
for additional hardware such as LiDAR or depth sensors.

To assess the system’s effectiveness, we conducted extensive evaluations comparing our model
with existing baselines. The results showed that YOLOv8n-seg-CA achieves higher segmentation
accuracy, lower inference complexity, and enhanced spatial awareness. Qualitative analysis demon-
strated the model’s robustness in detecting doorways and assessing safe passage. The system generates
intuitive, context-aware commands such as “Move Left,” “Move Right,” or “Aligned,” to support
user navigation. The DEM effectively predicted depth in the absence of ground truth, while the AEM
translated spatial cues into actionable instructions, making the model particularly suited for unfamiliar
or dynamically changing environments.

This vision-based approach offers a practical and scalable solution for assistive technologies. By
eliminating the need for heavy or expensive sensor arrays, the proposed system supports lightweight
deployment on mobile robotic platforms and smart wheelchairs. Its minimal hardware footprint
promotes broader accessibility, especially in low-resource healthcare and rehabilitation settings.

Looking ahead, we plan to enhance the system’s autonomy by incorporating temporal decision
smoothing and dynamic obstacle avoidance to better handle moving objects and cluttered environ-
ments. Future work will also focus on validating performance across more diverse datasets and
real-world architectural settings, particularly those that reflect varying degrees of accessibility. Overall,
this research lays a strong foundation for intelligent, vision-based assistive systems that promote safe
and autonomous navigation, ultimately improving mobility and independence for individuals with
mobility impairments.
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Abbreviations
The following abbreviations are used in this manuscript:

YOLO You Only Look Once
CBAM Convolutional Block Attention Module
CGCAFusion Content Guided Convolutional Attention Fusion Module
DEM Depth Estimation Module
AEM Alignment Estimation Module
CAM Channel Attention Module
GAP Global Average Pooling
GMP Global Max Pooling
MLP Multi-layer Perceptron
SAM Spatial Attention Module
CGA Content Guided Attention
CAFM Convolutional Attention Fusion Module
mAP Mean Average Precision
MAE Mean Absolute Error
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