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Abstract

Monocular Depth Estimation (MDE) remains a challenging problem due to texture ambigu-
ity, occlusion, and scale variation in real-world scenes. While recent deep learning methods
have made significant progress, maintaining structural consistency and robustness across
diverse environments remains difficult. In this paper, we propose DAR-MDE, a novel
framework that combines an autoencoder backbone with a Multi-Scale Feature Aggrega-
tion (MSFA) module and a Refining Attention Network (RAN). The MSFA module enables
the model to capture geometric details across multiple resolutions, while the RAN enhances
depth predictions by attending to structurally important regions guided by depth-feature
similarity. We also introduce a multi-scale loss based on curvilinear saliency to improve
edge-aware supervision and depth continuity. The proposed model achieves robust and
accurate depth estimation across varying object scales, cluttered scenes, and weak-texture
regions. We evaluated DAR-MDE on the NYU Depth v2, SUN RGB-D, and Make3D
datasets, demonstrating competitive accuracy and real-time inference speeds (19 ms per
image) without relying on auxiliary sensors. Our method achieves a § < 1.25 accuracy
of 87.25% and a relative error of 0.113 on NYU Depth v2, outperforming several recent
state-of-the-art models. Our approach highlights the potential of lightweight RGB-only
depth estimation models for real-world deployment in robotics and scene understanding.

Keywords: accurate depth; depth attention; multi-scale aggregation; depth map estimation;
autoencoder network; refining attention network; deep learning

1. Introduction

Estimating depth from monocular images has emerged as a critical task in computer
vision, with broad applications in autonomous driving, robotics, augmented reality, and
scene understanding [1,2]. Unlike stereo or multi-view setups, monocular depth estimation
relies on a single image, making it a cost-effective and flexible solution. However, inferring
depth from a single viewpoint remains inherently ambiguous and challenging due to
factors such as lighting variations, occlusions, and scene complexity [3].

Recent advances in deep learning have significantly enhanced the performance of
monocular depth estimation methods. Convolutional Neural Networks (CNNs) and
transformer-based architectures have shown strong capabilities in capturing both local tex-
ture details and global contextual information [3,4]. Techniques such as multi-scale feature
fusion, self-attention mechanisms, and uncertainty modeling have further improved the
accuracy and robustness of depth predictions [5,6]. Additionally, physics-based modeling
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methods such as dehazing-inspired frameworks have contributed to more effective scene
understanding under challenging visual conditions [7].

Additionally, self-supervised and semi-supervised learning approaches have gained
traction by reducing the dependence on dense ground-truth annotations and enabling
effective training with large-scale unlabeled data [4,8]. The integration of auxiliary
modalities such as infrared or LiDAR data through multimodal fusion has also demon-
strated promising results, particularly in challenging scenarios [9].

Despite these advancements, achieving a balance between real-time performance and
prediction accuracy remains an open challenge, especially in complex and diverse environ-
ments. Current research continues to explore lightweight architectures, attention-guided
refinement modules, and uncertainty-aware strategies to address these limitations [8,10,11].

While many existing methods achieve high quantitative accuracy, they still struggle
to consistently capture scale variability and preserve sharp structural edges, especially
near object discontinuities or in scenes with mixed-size objects [12]. Industrial and robotic
applications demand depth maps that are not only globally accurate but also robust across
scales and sensitive to fine-grained geometric details. This motivates us to develop a model
architecture that explicitly aggregates multi-scale context and focuses attention on key
structural regions in order to better handle diverse environments ranging from cluttered
indoor scenes to open outdoor landscapes.

Recently, the advancement of deep neural networks has made it possible to easily
infer accurate depth information from a single image [13-15]. Monocular depth estimation
systems can predict depth better than humans. Some remaining issues, such as the need
for a large amount of training data and domain adaptation, must still be appropriately
addressed [16]. Furthermore, research indicates that industrial companies are looking to
reduce costs while improving the performance of such systems. Although many methods
for estimating depth from a single image have been proposed, there is still room to improve
currently proposed models in terms of accuracy, robustness, and reduced complexity.

Although depth maps are fairly reliable overall, the estimates around object disconti-
nuities are far from satisfactory [17]. Furthermore, the depth information of small and tiny
objects is often incorrectly estimated. This is because the convolutional operator naturally
aggregates features across object discontinuities, resulting in smooth transitions rather than
sharp edges [17]. To address this issue, we propose a novel deep learning model explicitly
designed to exploit feature aggregation at different image scales. In addition, we propose
using an attention module to provide an additional focus on objects, noting their specific
importance in the scene in order to obtain more precise depth maps.

Many existing monocular depth estimation methods rely on fixed-scale feature ex-
traction or single-scale representations, limiting their ability to capture depth cues for
objects at varying sizes and distances. This results in poor handling of scale variations.
Furthermore, traditional architectures and loss functions often smooth depth predictions,
causing blurry edges and loss of fine structural details around object boundaries. To ad-
dress these challenges, our proposed Multi-Scale Feature Aggregation (MSFA) network
explicitly aggregates features at multiple scales, combining coarse global context with fine
local details to improve scale robustness. In addition, the Refining Attention Network
(RAN) employs an attention mechanism to selectively focus on spatially salient regions,
particularly object boundaries, preserving sharp edges by adaptively weighting features
critical for depth discontinuities. These modules enable our model to better handle scale
variations and maintain clear structural edges compared to conventional methods.

Consequently, this work proposes an approach that uses an autoencoder with
a Multi-Scale Feature Aggregation and Refining Attention Network modules to improve
prediction accuracy and generate a more accurate dense depth image under different con-
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ditions for depth estimation from the complete scene. Our approach could be considered
an extension of the works proposed in [18-20], which are identical to how we utilize the
Multi-Scale Feature Aggregation and Refining Attention Depth Network to generate depth
maps from monocular images. The proposed model consists of an autoencoder network
incorporating a Multi-Scale Feature Aggregation network, a Refining Attention Depth
network, and a multi-scale loss function. These elements have been combined in a single
pipeline to accurately generate dense depth maps from a single camera. Our approach
focuses on estimating the depth information of the object regardless of its scale in order
to obtain a depth map that is robust to changes in scale or viewpoint. Our model can
also estimate depth maps for indoor and outdoor environments. Furthermore, it produces
results with high precision and a reasonable computational cost compared to current state-
of-the-art methods. Figure 1 shows an overview of the proposed network model. The main
contributions of this work are clearly summarized as follows:

¢ We develop a depth estimation framework that integrates a Multi-Scale Feature Ag-
gregation (MSFA) module to enable robust learning across objects of varying sizes and
scene perspectives.

*  We incorporate a Refining Attention Network (RAN) module that selectively empha-
sizes structurally important regions by learning the relationship between coarse depth
probabilities and local feature maps.

*  We introduce a multi-scale loss strategy based on curvilinear saliency that enforces
depth consistency at multiple resolutions, leading to sharper boundaries and better
small object representation.

*  We validate our approach extensively on both indoor (NYU Depth v2, SUN RGB-D)
and outdoor (Make3D) datasets, demonstrating superior generalization without re-
liance on additional sensors such as LiDAR or infrared. The results highlight its light
weight and applicability for monocular scenarios.

The rest of this paper is structured as follows: related work is summarized in Section 2;
the proposed methodology for depth estimation is described in Section 3; the experimental
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findings and performance are presented in Section 4; finally Section 5 concludes this paper.
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Figure 1. Schematic illustration of the whole framework showing the encoder-decoder architecture
with Multi-Scale Feature Aggregation (MSFA) and Refining Attention Network (RAN) components.
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2. Related Work

This section presents an overview of the current research on depth estimation, multi-
scale networks, and refining attention networks.

2.1. Depth Estimation

Recently, there has been growing interest in monocular depth estimation due to
its potential applications in fields such as autonomous driving and robotics. However,
determining depth information from a single image can be challenging, as it requires stereo
visual cues provided by multiple cameras. Monocular depth estimation methods use deep
learning techniques such as Convolutional Neural Networks (CNNSs) to learn how to map
from the image and depth domains. Various papers have proposed these methods, such
as [21,22].

In [21], the authors proposed a generative adversarial model for estimating depth
from a single monocular image. The model included a two-stage convolutional network as
a generator to predict global and local structures of the depth image. Training was based on
an adversarial discriminator which differentiated between real and generated depth images.
This model allows for more accurate and structure-preserving depth prediction from a
single image. In [23], the authors proposed using multi-scale information to determine
depth from single images. Four CNN architectures incorporating multi-scale features were
studied and compared to a single-scale method. The results revealed that incorporating
multi-scale features can increase accuracy and improve the quality of the depth maps. In
turn, the authors of [24] proposed a deep learning model to estimate depth maps of objects
in single images, which they then used to predict the 3D pose of the object. The proposed
model comprised two autoencoder networks based on a Generative Adversarial Neural
network (GAN). A limitation of this model is that it assumes a cross-domain training
procedure for 3D CAD models based on objects appearing in real photographs rather than
for the complete scene.

Some works have tried to improve model performance by capturing cross-task con-
texts, as in dense prediction. In [25], the authors presented a new depth estimation model
that utilizes semantic segmentation to estimate depth from monocular images. The model
creates a shared parameter structure that combines semantic segmentation and depth infor-
mation and uses it as a guide to assist depth acquisition. It also employs a multi-scale feature
fusion module to merge feature information from multiple layers of a neural network to pro-
duce high-resolution feature maps, improving the depth image’s quality by enhancing the
semantic segmentation model. Likewise, the authors of [26] presented a multi-task learning
model that combines the advantages of deformable CNNs and query-based transformers
for dense prediction. The model has a simple and effective encoder-decoder architecture
that comprises a deformable mixer encoder and a task-aware transformer decoder. The
deformable mixer encoder employs a channel-aware mixing operator for communication
among different channels and a spatial-aware deformable operator for efficient sampling
of more informative spatial locations. The task-aware transformer decoder comprises a
task interaction block that captures task interaction features via self-attention and a task
query block that leverages the information to generate task-specific features through a
query-based transformer for corresponding task predictions.

Recent works continue to advance the field of monocular depth estimation through
a variety of innovative strategies. In [1], the authors introduced a dual-attention network
that integrated spatial and channel attention mechanisms to enhance the quality of depth
predictions. In [6], a scale-aware deep network was proposed that adapts to varying
depth levels across scenes by leveraging multi-scale modules. In [3], the authors explored
transformer-based architectures to capture long-range dependencies, thereby improving the
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structural consistency of the estimated depth maps. The authors of [4] leveraged geometric
constraints in a self-supervised setting, significantly reducing the reliance on labeled depth
data while maintaining high accuracy.

In [27], a multi-scale adaptive feature fusion model was presented that dynamically
combines features across scales to improve depth estimation performance. The authors
of [5] introduced a Bayesian deep learning framework to quantify prediction uncertainty,
enhancing reliability in safety-critical applications. For real-time deployment, ref. [8]
developed lightweight networks that maintain competitive accuracy under computational
constraints, while [9] investigated multimodal fusion by integrating monocular inputs
with auxiliary sensor data such as infrared or LiDAR for increased robustness in complex
environments. In [11], attention mechanisms were applied to sparse depth completion tasks,
which can also be integrated into monocular depth pipelines for refinement. Lastly, ref. [28]
proposed a hierarchical multi-scale approach that progressively refines depth predictions,
resulting in enhanced resolution and structural coherence.

2.2. Multi-Scale Networks

Multi-scale networks have been widely used in image analysis. These networks are
designed to capture both fine and coarse details of an image by processing the image at
multiple scales. The multi-scale information is then used to estimate the critical features
in the images. Regarding depth estimation, the multi-scale approach is motivated by the
fact that the depth of an object in an image can vary at different scales, and a single-scale
network may only capture some of the necessary depth information.

Recently, multi-scale networks have been proven effective in various monocular depth
estimation methods [18,20,29]. In [20], the authors proposed a supervised monocular depth
estimation network which employs a new architecture that includes local planar guidance
layers. These layers establish an explicit link between internal feature maps and the desired
depth prediction, improving the network training. The layers are incorporated at multiple
stages during the decoding phase of the network. In turn, ref. [18] proposed a recurrent
attention network for multi-scale depth estimation using RGB-D saliency detection. Their
method uses residual connections to extract and combine information from RGB and
depth streams for improved results. They also use depth cues and multi-scale contextual
features to locate salient objects. A recurrent attention module is utilized for more accurate
saliency results, while cascaded hierarchical feature fusion is used to improve the overall
performance. The authors of [29] employed multi-level depth map estimators in the decoder
part to learn scale-aware depth map context by utilizing context-aware features extracted
from different scales. This approach helps to maintain object structure detail and generate
sharp boundaries, particularly in complex environments.

Thus, multi-scale networks can make depth estimation more robust and accurate,
especially in challenging scenarios such as low-texture areas and reflective surfaces. In this
paper, we use the advantages of the multi-scale approach to improve the resulting model’s
overall performance in estimating the depth information of the objects regardless of scale,
making it more robust to scale variations.

2.3. Refining Attention Depth Network

Refining networks have been widely used in many applications to improve the accu-
racy and robustness of the predictions, including semantic segmentation, image-to-image
translation, and depth estimation. Such refining networks are designed to refine the ini-
tial depth estimates obtained from an autoencoder network. The refining network can
correct errors in the initial depth estimates or incorporate additional information such as
stereo and temporal information. The refining attention depth can be applied in different
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ways, such as in [19,30]. The authors of [30] presented a refinement network in the form
of a multi-path refinement network that uses long-range residual connections to enable
high-resolution semantic segmentation. By utilizing fine-grained features from earlier
convolutions, this allows for the refinement of deeper layers which capture high-level
semantic features. The refinement network proposed in [30] employs residual connections
and identity mapping for effective end-to-end training. Additionally, the authors intro-
duced chained residual pooling, an efficient method for capturing rich background context.
In this work, we exploit refining networks and apply them to allow the network to focus
on the most informative regions of the image and refine the details of the depth map in
those regions. For monocular depth estimation, ref. [19] introduced bidirectional attention
modules that utilize the feed-forward feature maps and incorporate the global context to
filter out ambiguity. This modeling approach addresses the need to integrate local and
global information in convolutional networks. The structure of this mechanism derives
from the strong conceptual foundation of neural machine translation, which presents a
lightweight mechanism for adaptive computation control similar to the dynamic nature of
recurrent networks.

Several works have also used refinement networks based on attention mechanisms,
which allows the network to focus on specific regions of the input image. This can improve
performance in challenging scenarios such as low-textured or uniform regions.

For instance, in [31] the authors proposed an Attentional Generative Adversarial
Network (AttnGAN) for fine-grained text-to-image generation. This approach uses a novel
attentional generative network to synthesize fine details in specific image regions along
with a deep attentional multimodal similarity model to compute a fine-grained image-
text matching loss for training the generator. Likewise, the authors of [32] proposed the
Contextual Attention Refinement Network (CARNet), which uses the Contextual Attention
Refinement Module (CARModule) to learn an attention vector that guides the fusion of low-
and high-level features for improved segmentation accuracy. Additionally, the the semantic
information is considered by introducing the Semantic Context Loss (SCLoss) into the
overall loss function. In [33], the authors introduced KRAN (Knowledge Refining Attention
Network) to improve recommendation performance by exploiting the characteristics of
knowledge graphs. KRAN utilizes a traditional attention mechanism to extract more
precise knowledge from the knowledge graph, then employs a refining mechanism to
make the extraction process more efficient. The proposed mechanism first evaluates the
relevance of an entity and its neighboring entities in the knowledge graph using attention
coefficients. It then refines these coefficients using a ‘rich-get-richer’ principle, allowing the
model to focus on highly relevant neighboring entities while reducing the noise caused by
less relevant ones.

Our approach combines the advantages of multi-scale networks and refinement net-
works, achieving state-of-the-art performance to further boost the accuracy of monocular
depth estimation.

3. Proposed Methodology

This section lays out the main steps of the proposed depth estimation model using
monocular images and outlines the resources utilized in the course of our research. Figure 1
shows the architecture of the proposed approach, consisting of three main sub-models:
the Autoencoder Network (Encoder E and Decoder D), Multi-Scale Feature Aggregation
MSFA, and Refining Attention Network RAN. In addition, multi-scale loss functions ML
are used while training the model. The first subsection presents the problem statement,
while the following sections detail the proposed solution.
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3.1. Problem Formulation

We can formulate the problem of depth estimation from a monocular image as follows.
Given a monocular image X € X of a scene captured by a single camera, the goal is to
estimate a depth map Y € Y which is a 2D representation of the distance from each pixel
in the image to the camera. This can be formally defined as the function f : X — Y
that assigns elements from the domain X to elements in the co-domain Y. Our proposed
model consists of four networks: the Encoder E(X), Decoder D(X), Multi-Scale Feature
Aggregation MSFA(D(X)), and Refining Attention Network RAN(MSFA(D(X))).

Equations (1)-(5) explain the operation of the model’s workflow in the training and
testing stages:

A

X = E(X), 1

where X stands for the features extracted from the encoder network E;
Y; = D(X), @
where Y] is the depth map extracted from the decoder network D;
S1,52,83, 54 = D1(X), D2(S1), D3(S2), 1, (©)

where e S; represents the scale features from decoder layers D; and Y; represents the depth
maps from (2);
M= MSFA(S1® S, ® S3P Sy), 4)

where M is the concatenation of the features extracted in (3); and
Y = RAN(M,Y), (5)

where Y is the final depth map extracted from RAN.

The modules of our architecture are grounded in well-established theoretical principles
from the fields of computer vision and deep learning. The Multi-Scale Feature Aggrega-
tion (MSFA) module is inspired by scale-space theory [34], which emphasizes capturing
structural details at multiple resolutions to enhance robustness in depth estimation. The
Refining Attention Network (RAN) employs cosine similarity as a probabilistic attention
mechanism, akin to those used in neural sequence modeling [35], enabling the model to
dynamically emphasize depth-relevant regions. The curvilinear saliency loss function
incorporates concepts from differential geometry, promoting edge-aware supervision by
encouraging depth consistency along high-curvature boundaries. Together, these mod-
ules are designed with a strong theoretical justification, ensuring structural fidelity and
improved generalization in monocular depth estimation.

3.2. Model Architecture

The proposed model architecture is based on three different networks coupled together.
Each network can help the others to represent the key features of the depth image from the
input image. First, we use the autoencoder network to learn a representation of an image
while maintaining the important information needed during training to minimize the
difference between the estimated depth and the ground truth depth. Second, the Multi-
Scale Feature Aggregation (MSFA) network increases the ability of the first network to
recognize objects regardless of size, making the model more robust to changes in scale or
point of view. Third, the Refining Attention Network (RAN) is employed to help the model
focus on dense depth regions of the monocular image and refine the details of the depth map
in these regions. In addition, we use a multi-scale loss function that incorporates different
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depth scales from each block in the decoder part to compute the loss function, allowing the
model to achieve a more accurate comparison of the ground truth and generated depth.
This forces the autoencoder network to generate a more accurate dense depth image. The
rest of this section describes the proposed system and its training procedure. The following
subsections provide a more detailed description of the proposed network.

3.2.1. Autoencoder Network

Autoencoder networks are widely employed to learn compact representations of
images that preserve critical structural details, making them effective for depth estimation
tasks. Our autoencoder comprises an encoder E and a decoder D.

The encoder E receives an input RGB image and maps it into high-level feature repre-
sentations. Specifically, we utilize SENet-154 [36] pretrained on ImageNet [37] for feature
extraction. All layers of the SENet-154 backbone are used up to the final global pooling
layer (before its classification head), ensuring that the entire hierarchical feature extraction
capacity of the network contributes to the depth estimation process. The pretrained weights
are directly employed without freezing, allowing end-to-end fine-tuning for our depth task.

Input RGB images are resized to 228 x 304. The encoder generates progressively
abstract feature maps through its four major residual stages, producing outputs of size
180 x 240 x 256, 90 x 120 x 512, 45 x 60 x 1024, and finally 23 x 30 x 2048. We apply
al x 1 convolution followed by batch normalization and ReLU activation to reduce chan-
nel dimensionality at the bottleneck.

The decoder D reconstructs depth maps using four deconvolution layers. Starting
from 23 x 30 x 1024 (concatenated with a reduced bottleneck), each deconvolution halves
the channel depth via 3 x 3 kernels. Between them, 2 x 2 bilinear upsampling [38] expands
spatial resolution. ReLU activations are applied after each layer. At each stage, the decoder
outputs are concatenated with skip connections from the corresponding encoder layers.
The final output reaches 240 x 180 x 1.

At the end of each decoder stage, multi-level depth estimators apply 3 x 3 convolutions
to extract scale-aware context, as in [29], preserving both coarse structural context and fine
object details. This ensures sharp depth boundaries even in geometrically complex scenes.

3.2.2. Multi-Scale Feature Aggregation Network

The Multi-Scale Feature Aggregation (MSFA) module combines information across
different spatial resolutions to enhance robustness to object size variation and scene per-
spective. As illustrated in Figure 2, decoder outputs at multiple scales (S1, Sz, S3, S4) are
first upsampled to a common spatial resolution.

These upsampled features are then fused via channel-wise concatenation (as opposed
to element-wise addition), forming a unified feature tensor that retains scale-specific infor-
mation from each layer. This concatenated representation preserves distinct characteristics
across scales and facilitates joint refinement.

The resulting feature map is passed through a 5 x 5 convolutional layer with 64 output
channels, followed by batch normalization and ReLU activation. This produces the aggre-
gated multi-scale feature representation, which serves as input to the subsequent Refining
Attention Network (RAN) module.

This design is motivated by the need to address the limitations of fixed-scale feature
extraction in existing methods, which struggle to capture depth cues across objects of vary-
ing sizes and distances. By aggregating multi-scale features, the MSFA module enhances
the network’s ability to handle scale variation.
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Figure 2. Multi-Scale Feature Aggregation architecture.

3.2.3. Refining Attention Network

The Refining Attention Network (RAN) enhances the depth map by focusing on
critical regions. This results in improved predictions, especially where objects have similar
intensities or textures compared to their backgrounds. As shown in Figure 3,the RAN takes
the refined multi-scale features X" (the MSFA output) along with the coarse depth estimate
Y from the decoder.

We explicitly compute the pairwise similarity between the coarse depth probability
vectors (obtained by normalizing Y over spatial locations to form a soft distribution)
and the multi-scale feature vectors at each spatial location. Specifically, we use a cosine
similarity formulation:

. (M;; - P; )
S ) = o T,

where M; ; is the feature vector from the aggregated MSFA output at pixel (i, j) and P, ; is
the coarse depth probability vector. This similarity guides the weighting of attention within
the RAN module.

The RAN module processes these similarity-enhanced features through two succes-
sive 5 x 5 convolutions, each producing 64 channels, with batch normalization and ReLU
followed by a final 3 x 3 convolution that reduces the output to a single-channel depth
prediction. The result is a refined absolute depth map that preserves object discontinuities
and fine-scale details.

This design is motivated by the limitations of traditional depth estimation methods,
which often smooth out depth boundaries due to their loss functions and architectural
constraints. Such smoothing leads to blurred object edges and missed fine structural details.
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The RAN module addresses this by applying a boundary-aware attention mechanism that
adaptively emphasizes regions with strong depth discontinuities, such as object edges. By
leveraging the similarity between coarse depth estimates and multi-scale features, the RAN
module enhances edge precision and preserves important structural cues that are typically

lost in conventional approaches.

HWx C

Final Depth !

1x WH

vi

| Initial Depth [] conv [] BN [] Relu (X) product @Concatenate@ Depth estimation

Figure 3. Refining Attention Network architecture. X"\ denotes the refined multi-scale features from
the MSFA module.

3.3. Loss Functions
3.3.1. Multi-Scale Loss Function

To improve depth prediction accuracy across varying object sizes and scene structures,
we incorporate a multi-scale loss function during training. Multi-scale loss functions are
particularly effective in tasks where understanding both coarse layout and fine details is
essential, such as image segmentation [39,40] and depth estimation [41,42]. They allow
the model to learn from feature representations at different resolutions, encouraging more
robust predictions at multiple levels of granularity.

As illustrated in Figure 4, our framework employs a multi-scale loss architecture
where the decoder network D generates intermediate depth estimates at multiple stages,
each corresponding to a different resolution. To supervise these intermediate outputs, we
downsample the ground truth depth map to match each decoder output scale. We then
compute the Curvilinear Saliency (CS) loss [29,43] at each level. The CS loss focuses on
capturing structural and edge-aware details, especially around object boundaries, which
are often critical for depth perception.

Formally, the total multi-scale loss is computed as

N
ML =" CS(S,Y), (6)
i=1

where N is the number of scales (we use four), S; are the predicted depth maps from each
decoder block, and Y; are the corresponding ground truth depth maps after downsampling.
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This supervision strategy enables the network to learn depth features at different
scales and ensures that both global context and local boundary information are preserved
in the final depth prediction.

It is important to note that the proposed MSFA module operates on feature maps
extracted from multiple decoder layers, not on rescaled versions of the input image. These
decoder layers inherently produce features at different spatial resolutions and receptive
field sizes due to the encoder-decoder architecture. Each layer captures depth cues from
different perspectives, ranging from fine-grained local details to broader global structure.
By aggregating these hierarchical feature maps, the MSFA module is able to better handle
the scale variation present in real-world scenes. This multi-resolution fusion approach
enhances the model’s ability to represent depth for objects at various distances and sizes in
a way that cannot be achieved through simple uniform resizing of the input image.

This integration of multi-scale supervision through the CS loss combined with hierar-
chical multi-scale feature aggregation via the MSFA module jointly improves both learning
stability and final depth prediction accuracy, particularly around object boundaries and in
regions with complex depth transitions.

Ground truth

—>

el ot

t

Output Deconv4

Output Deconv3

Output Deconv1

Output Deconvz‘

L
]

Total Loss

Figure 4. Architecture of the proposed multi-scale loss function using Curvilinear Saliency (CS)
for feature boosting (adapted from [29]). The blue circles with "+" symbols represent summation
operations that aggregate the CS losses from different decoder output scales to compute the total
multi-scale loss.
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3.3.2. Content Loss Function

As proposed in [29], we formulate our monocular depth estimation problem as mini-
mizing a reprojection error between the estimated depth Y (i, j) (i.e., the refined depth map)
and the ground truth Y (i, j) at training time, similar to [44]. Three loss functions are used
to build our objective loss function.

The point-wise L1 — norm defined on the depth values is the first content loss L1,
which can be defined as follows:

h
Lia(Y,Y) Z el 7)

] Ms

L
wh

where w and h are the width and height of the ground truth depth and i and j are the index
of the pixel.

The Structural Similarity Index Measure (SSIM) loss index is used to evaluate the
perceived quality of digital images. The SSIM loss function is a comprehensive reference
metric used to evaluate the accuracy of depth images generated by the model compared to
the corresponding ground truth. The SSIM index Lggyps can be defined as follows:

1. @pypy +c1)(2oyy +c2)

L Y,Y)=2(1
ssm(Y,Y) 2( (y%+y%+c1)(0%+0%+cz)

) (®)

where piy is the mean of Y, 0y is the standard deviation of Y, piy is the mean of Y, 0py is the
standard deviation of Y, 0y, is the covariance of Y, c1 = 0.012, and ¢2 = 0.032.
The Mean Square Error (MSE) is the third loss function (Lssg), which can be defined as

1 w
Luse(Y,Y) = ﬁgg (i) = Y(0,1))), ©)
L(Y,Y) = aL1(Y,Y) + BLssim(Y, Y) + vLmse(Y, Y), (10)

where «, B, and vy all equal 1.

3.3.3. Total Loss Function

The final objective function used to train the proposed model is L(S;,Y;,Y, 17), which is
a combination of the two previously mentioned loss functions and can be defined as follows:

L(S;,Y;,Y,Y) =a ML(S;,Y;) + BL(Y,Y) (11)

where « and p are weighting factors empirically set to 0.6 and 0.4, respectively, to achieve
optimal performance across indoor and outdoor datasets. These weights control the
balance between structural sharpness and global depth fidelity. A higher « emphasizes
multi-scale structural refinement, improving edge clarity and small-object depth accuracy,
while a higher B favors overall smoothness and pixel-wise consistency.

Although & = 0.6 and B = 0.4 are empirical settings, this weight combination was
determined to have comprehensive optimality on both indoor and outdoor datasets through
preliminary comparative experiments.

4. Experiments and Results

This section describes the experiments carried out to evaluate the model developed in
this work. Both indoor and outdoor datasets were employed to assess the model, with data
augmentation applied specifically to the outdoor dataset. Various evaluation metrics were
employed to quantitatively measure the model’s performance in these experiments.
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4.1. Dataset

We conducted all the experiments in this work on three publicly available datasets: the
NYU Depth-v2 [45] and SUN RGB-D [46] datasets for indoor scenes, and the Make3D [47]
dataset for outdoor scenes.

4.1.1. Indoor Scenes
I.  NYU Depth-v2 dataset

NYU Depth-v2 [45] is a public dataset that provides color images and depth maps
for different indoor scenes captured at a resolution of 640 x 480 pixels [45]. The dataset
contains raw frames captured by scanning various indoor scenes with a Microsoft Kinect,
including 120K frames for training and 654 for testing. We trained our network models on
a subset of Depth-v2 containing 50,000 images, as proposed in [44]. To feed the network,
we resized all color images from 640 x 480 to 480 x 360. The depth maps had an upper
bound of 10 m. Figure 5 shows some examples from the NYU Depth-v2 dataset.

Figure 5. Examples of input images and ground-truth depth maps from the NYU Depth-v2 dataset,
showing color images (Row 1) and ground-truth depth maps (Row 2).

II. SUN RGB-D dataset

SUN RGB-D is a public indoor scene dataset [46] with 10K training images and
5050 test images. The images are collected with four different sensors at a resolution of
730 x 530, providing high scene diversity. We did not perform training with this dataset,
and only used it for evaluation. We cross-evaluated our pretrained model from the NYU
dataset on the official test set of 5050 images without further fine-tuning. We resized all
images from 730 x 530 to 480 x 360 as inputs to the network, and the depth maps had an
upper bound of 10 m. Figure 6 shows some examples from the SUN RGB-D dataset.

Figure 6. Examples of input images and ground-truth depth maps from the the SUN RGB-D dataset,
showing color images (Row 1) and ground-truth depth maps (Row 2).
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4.1.2. Outdoor Scenes
I.  Make3D dataset

Make3D is a public outdoor dataset [47] with 400 training and 134 test images cap-
tured through a custom-built 3D scanner. The resolution of the ground-truth depth maps is
limited to 305 x 55 pixels, whereas the original size of the RGB images is 2272 x 1704 pixels.
To increase the number of training samples, we applied the data augmentation tech-
niques described in the next subsection. We extended the original 400 training images
to 11,000 images. Increasing the number of training images made the developed depth
map estimation model more robust. Moreover, we resized all images to 460 x 345 prior to
feeding them into the network. Figure 7 shows example images from the Make3D dataset.

Figure 7. Examples of input images and ground-truth depth maps from the Make 3D dataset, showing
color images (Row 1) and ground-truth depth maps (Row 2).

4.2. Data Augmentation

To enhance the variety of training samples and improve the robustness of our model,
we implemented several data augmentation strategies on the images in the Make3D dataset.
These techniques were applied under diverse conditions, contributing to an expanded and
more diverse training dataset. The employed data augmentation methods included:

®  Scaling: Random scaling in which each input image and its corresponding depth map
underwent a random scale transformation with a factor S € [0.5, 1.7].

* Rotation: Random rotation involving adjustments of the input image and its corre-
sponding depth map by angles R € [-60, —45, —30, 30, 45, 60] degrees.

*  Gamma Correction: Variation in gamma correction for each input RGB image, with
random adjustments G € [1, 2.8].

*  Flipping: Random flipping, in which each input image and its corresponding depth
map experienced horizontal flipping with a factor F € [-1, 0, 1].

* Translation: Random translation, entailing shifts of each input image and its corre-
sponding depth map by T € [-6, —4, —2, 2, 4, 6] pixels.
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While these data augmentation techniques introduced slight distortions to the rep-
resented scenes, their application significantly enhanced the efficiency of the network
compared to training the model without data augmentation.

4.3. Parameter Settings

Our approach was implemented using the PyTorch framework [48]. The proposed
model underwent training for a total of 20 epochs, utilizing a batch size of 4. All experiments
were conducted on a single GTX 1080TI GPU. We employed the Adam optimizer [49] with
parameters of 1 = 0.5, B2 = 0.999 and the initial learning rate set to 0.0001. For the NYU
Depth-v2 dataset, the learning rate was reduced by 10% every three epochs, while for the
Make3D dataset there was no reduction in the learning rate during training.

The encoder utilized pretrained ResNet-50 and SENet-154 layers. The computa-
tional time for each epoch during the training process was approximately 1 h and 50 min
with a batch size of 4. For the Make3D dataset, the corresponding time was around
29 min per epoch with a batch size of 4. The online estimation of depth maps demon-
strated performance of approximately 19.2 ms per image for both the NYU Depth-v2 and
SUN RGB-D datasets. In contrast, the performance for the Make3D dataset was around
26 ms per image.

4.4. Evaluation Measures

This work aims to predict accurate dense depth images from monocular images. In this
context, evaluating the results quantitatively is important for benchmarking performance
and comparison with existing solutions; thus, the performance of the proposed model was
evaluated under several different measures. The first measure is the threshold accuracy
measure from [50], which is essentially an expectation that the depth value error of a given
pixel in T will be lower than a threshold thrZ, defined as

=
>

Biy B
Biiy By

67 = Er[ F(max( ) < thr?))], (12)

where F(-) is an indicator function that returns either 0 or 1. We set thr = 1.25 and
Z € {1,2,3}, similar to [50].

The second measure is the Root Mean Square Error (RMSE), which provides a quanti-
tative measure of per-pixel error, computed as follows (13):

RMSE = % 2(Bpred,(i) - Bgt,(i))2 (13)
ieT
where B, ;) is the real depth of pixel i, B4 (;) is the associated predicted depth, T is the
set of valid pixels (i.e., both the ground truth and predicted depth pixels that do not have
depth values equal to zero or non-black regions), and # is the cardinality of T.

The third measure is the average relative error (rel), which is defined as the ratio
of the absolute error of the measurement to the actual measurement and determines the
magnitude of the absolute error in terms of the actual size of the measurement. The rel is
computed as follows (14):

_ 1 & & [B(yy) - B(xy)
rel = o x;ly; B(xy) ) (14)

The fourth measure is the base-10 log (log10), also known as the common logarithm or
decadic logarithm, computed as follows (15):
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1 & .
logio = — Y ) |logi0B(x,y) — logioB(x,y)|. (15)
x=1y=1

4.5. Results and Discussion
4.5.1. Ablation Study

First, we performed an ablation study to assess the impact of different stages of the
proposed autoencoder. The following configurations were considered:

e  Baseline (BL): Basic autoencoder with four content loss functions: point-wise (L)
loss, mean squared error (L) loss, the logarithm of depth errors (Ldepth) loss, and
structural similarity index measure (Lggjy,,) loss.

e BLSC: BL model with skip connections from the encoder layers to the corresponding
decoder layers.

¢  BLSC + MSFA: BLSC model with Multi-Scale Feature Aggregation Network (MSFA).

e  BLSC + RAN: BLSC model with Refining Attention Network (RAN).

e  BLSC + ML: BLSC model with multi-loss function.

. BLSC + ML + MSFA + RAN: BLSC model with multi-loss function, MSFA, and RAN.

Table 1 shows the quantitative results of the ablation study for the NYU Depth-v2
dataset. The performance of the proposed model (BLSC + ML + MSFA + RAN) yielded the
best results among other variations of the proposed model in terms of dz (thr = 1.25) as
well as rms, rel, and logy errors. The accuracy of d7(thr = 1.25) improved by around 3%
compared to the baseline model (BL). Similarly, for the rel error, the proposed model yielded
a significant improvement of 0.013% compared to the BL model. Adding the MSFA module
to the baseline model improved accuracy by 1.24% and reduced the rel error by 0.0041%.
Adding the RAN module to the baseline model improved accuracy by 2.04% and reduced
the rel error by 0.0067%. Applying the multi-scale loss also yielded a significant accuracy
improvement and a considerable reduction in the rel error compared to the BL model, with
differences of 2.11% and 0.0071%, respectively. Figure 8 presents the ablation study results
on the NYU Depth-v2 dataset, demonstrating the systematic contribution of each architec-
tural component. The baseline model (BL) establishes the initial performance, achieving
accuracy values above 0.8 for all § thresholds. The addition of skip connections (BLSC)
provides modest improvements across all metrics. Incorporating Multi-Scale Aggregation
(BLSC + MSA) significantly enhances performance, particularly in the 6 < 1.25 threshold
accuracy and error reduction. The Multi-Scale Attention Network (BLSC + MAN) and
Multi-Loss function (BLSC + ML) components each contribute additional improvements.
The complete model (BLSC + ML + MSA + RAN) achieves the best performance across all
metrics, with accuracy values exceeding 0.98 for all 6 thresholds and the lowest error rates
in rel, rms, and log,, metrics. This systematic improvement validates the synergistic effect
of all proposed components in achieving state-of-the-art depth estimation performance.

In Table 2, we present the quantitative outcomes from a similar ablation study con-
ducted on the Make3D dataset. Among the various configurations we examined, the
BLSC + ML + MSFA + RAN model exhibited the smallest errors, specifically in terms of
the rms, rel, and logyg error metrics. Figure 9 presents a comprehensive ablation study
demonstrating the individual contributions of each component in our DAR-MDE architec-
ture on the Make3D dataset. The baseline model (BL) establishes the initial performance
benchmark. The systematic addition of components shows consistent improvements:
skip connections (BLSC) provide initial enhancement, while the Multi-Scale Aggregation
(BLSC + MSA) and Multi-scale Attention Network (BLSC + MAN) components contribute
significantly to error reduction. The Multi-Loss function (BLSC + ML) further improves
performance, and our complete model (ML + MSA + RAN) achieves the best results across
all three metrics, validating the synergistic effect of all proposed components.
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Table 1. Quantitative results of the ablation study for depth-map estimation from color images with
the NYU Depth-v2 dataset, using the SENet-154 encoder for different evaluation measures: BL, BLSC,
BLSC + RAN, BLSC + ML, and BLSC + RAN + ML configurations. Arrows indicate performance
direction: 1 (higher is better), | (lower is better).

Accuracy: Higher Is Better Error: Lower Is Better
Method 6§ <1251 d < 1.25% ¢ § < 1.25% ¢ rel | rms | log10 |
BL 0.8425 0.9701 0.9932 0.1260 0.540 0.0542
BLSC 0.8491 0.9712 0.9939 0.1252 0.529 0.0536
BLSC + MSFA 0.8549 0.973 0.9937 0.1219 0.524 0.052
BLSC + RAN 0.8629 0.9763 0.9940 0.1193 0.512 0.0509
BLSC + ML 0.8636 0.9753 0.9940 0.1189 0.515 0.0512
&Lsii fr 1;&& 0.8725 0.9766 0.994 0.113 0.512 0.048

Bold values indicate the best performance achieved by the complete model.

Ablation Study on NYU Depth-v2 Dataset

1.0 mmm 65<125
 5<1.252
. 6<1253

I o o
> o o

Accuracy (Higher is Better)

e
N

0.0 -

0.5 -

I
>

o
w

Error (Lower is Better)

o
N

0.14

0.0 -

™

. rel
s rms
 logl0

C > N N
@ Cx"\s? C"Q& \3(}\'\ ?Px?&
&8 &2 @ RS

Figure 8. Results in terms of accuracy and the three error measures for the six variations of our
model on the NYU Depth-v2 dataset. Top panel shows accuracy metrics (higher is better), bottom
panel shows error metrics (lower is better). BL: Baseline; BLSC: Baseline + Skip Connections; BLSC
+ MSA: + Multi-Scale Aggregation; BLSC + MAN: + Multi-scale Attention Network; BLSC + ML:
+ Multi-Loss; BLSC + ML + MSA + RAN: Complete model.
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Table 2. Quantitative outcomes from the ablation study across various configurations on Make3D
dataset. BL: Baseline model; BLSC: Baseline + Skip Connections; MSFA: Multi-Scale Feature Aggrega-
tion; RAN: Refining Attention Network; ML: Multi-Loss function. Arrows (]) indicate metrics where
lower values represent better performance. Bold highlighted values represent the best performance
achieved by the complete model.

Method rel | rms | log10 |
BL 0.231 7.02 0.0119
BLSC 0.207 6.74 0.0109
BLSC + MSFA 0.196 6.67 0.0103
BLSC + RAN 0.192 6.61 0.0096
BLSC + ML 0.191 6.58 0.0092
15[%?%?1&;1 0.187 6.531 0.0084

Bold values indicate the best performance achieved by the complete model.

Ablation Study - Make3D Dataset
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Figure 9. The three error measures for the six variations of our model on the Make3D dataset.
Lower values indicate better performance for all metrics. BL: Baseline model; BLSC: Baseline +
Skip Connections; BLSC + MSA: + Multi-Scale Aggregation; BLSC + MAN: + Multi-scale Attention
Network; BLSC + ML: + Multi-Loss; ML + MSA + RAN: Complete model with Multi-Loss + Multi-
Scale Aggregation + Refining Attention Network.

4.5.2. Performance Analysis

Next, we compared the proposed model against six alternative models [25,29,51-54].
In Table 3, we show evaluation measures on the NYU Depth-v2 dataset for the seven
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tested approaches. The accuracy of our proposed model was superior for dz(thr = 1.25),
67 (thr = 1.25%) and the logyg error. In addition, 6z (thr = 1.25) shows an improvement of
1.34% and dz(thr = 1.25%), an improvement of 0.33% compared to [29], which is the best
second method. Concerning 6 (thr = 1.25%), our model yielded an improvement of 0.08%
compared to the other six methods. The model proposed in [25] provided the lowest r1ms error
rate, but with a difference of only 0.027 compared to our proposed model. The recent method
from [54] also lags behind our model, with lower accuracy in all § thresholds and higher
log1p and rel errors.

From testing on NYU Depth-v2, we can note that our model provided the best accuracy
for 6z (thr = 1.25), §z(thr = 1.25%) and éz(thr = 1.25%), which is the most restrictive
threshold. In addition, our model scored the lowest l0g;¢ error of (0.048) and the lowest rel
error of (0.113). From testing on Make3D, we can note that our model scored the lowest
logy error of (0.007) and the lowest rel error of (0.008).

In Table 4, we evaluated our proposed DAR-MDE model against six state-of-the-
art methods on the Make3D dataset [29,50,53,55-57]. Table 4 presents the evaluation
results using three key error metrics: relative error (rel), root mean square error (rms),
and log,, error. Our proposed model demonstrates superior performance across most
evaluation criteria.

The DAR-MDE model achieves the best relative error of 0.187, representing a signifi-
cant improvement of 4.1% compared to the second-best method by Abdulwahab et al. [29]
(0.195). For the log,, error metric, our model attains the lowest error of 0.084, showing a
notable improvement of 7.7% over the second-best performing method. Regarding the rms
error, while Abdulwahab et al. [29] achieves the lowest value of 6.522, our model follows
closely with 6.531, showing only a marginal difference of 0.009.

The substantial improvements in relative error and log, error demonstrate the effec-
tiveness of our Multi-Scale Feature Aggregation (MSFA) and Refining Attention Network
(RAN) components in capturing fine-grained depth details and preserving object bound-
aries. The competitive rms performance further validates the robustness of our approach.
Notably, our model significantly outperforms earlier methods such as Karsch et al. [55]
and Godard et al. [56], showing improvements of over 48% and 58% in relative error,
respectively. These results confirm that our DAR-MDE model achieves state-of-the-art
performance on the challenging Make3D dataset, particularly excelling in relative depth
accuracy and logarithmic error minimization.

In addition, Figures 10 and 11 provide examples of depth estimates from the NYU
Depth-v2 and Make3D testing sets, comparing our model’s accuracy and error rates to
those of state-of-the-art models. The results show that our proposed model outperforms
the other tested methods.

To evaluate the performance of our proposed model, we selected random images
from the NYU Depth-v2 test set to show the model’s ability to produce accurate depth
maps (refer to Figure 12). It is worth noting that the model can generate depth maps under
various conditions. The model learned to identify the correct objects within the images.
The model could generally estimate correct depth values for small objects in the scene
(refer to Figure 12, Row 1) and objects affected by lighting (refer to Figure 12, Row 2). It
was also able to accurately detect objects in dark areas (refer to Figure 12, Row 3) even in
geometrically complex areas (refer to Figure 12, Row 4).
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Table 3. Results for depth map estimation from color images with the NYU Depth v2 dataset for

different measures and state-of-the-art methods. The last row shows the results obtained by our

proposed model. Arrows indicate performance direction: 1 (higher is better), | (lower is better).

Accuracy: Higher Is Better Error: Lower Is Better

Method
§<1251 <1252 1 <125 1 rel | rms | log10 |
Tang et al. [53] 0.826 0.963 0.992 0.132 0.579 0.056
Abdulwahab et al. [29] 0.8591 0.9733 0.9932 0.119 0.520 0.051
Chen et al. [51] 0.746 0.935 0.984 0.167 0.554 0.072
Ramamonyjisoa et al. [52] 0.8451 0.9681 0.9917 0.1258 0.551 0.054
WangandPiao et al. [25] 0.852 0.967 0.993 0.118 0.485 0.049
Guo et al. [54] 0.787 0.950 0.987 0.153 0.569 0.065
Our model (DAR-MDE) 0.8725 0.9766 0.994 0.113 0.512 0.048
Bold values indicate the best performance achieved by the complete model.
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Figure 10. Results in terms of accuracy and the three error measures for the six tested state-of-the-art
models [25,29,51-54] and our proposed model on the NYU Depth-v2 dataset. The top panel shows
accuracy metrics (6 < 1.25,4 < 1.252, 5 < 1.25°, higher is better), while the bottom panel shows error
metrics (rel: relative error, rms: root mean square error, log;: logarithmic error, lower is better).



J. Sens. Actuator Netw. 2025, 14,90

21 of 28

Error (Lower is Better)

144

124

—
o
L

©
s

Table 4. Results for depth map estimation from color images with the Make3D dataset for different
measures and state-of-the-art methods. The last row shows the results obtained by our proposed
model. Arrows ({) indicate that lower values are better for all error metrics.

Method rel | rms | log10 |
Kevin et al. [55] 0.361 15.1 0.148
Godard et al. [56] 0.443 11.513 0.156
Liu et al. [50] 0.314 8.60 0.119
Kuznietsov et al. [57] 0.421 8.24 0.190
Tang et al. [53] 0.276 6.99 0.086
Abdulwahab et al. [29] 0.195 6.522 0.091
Our model (DAR-MDE) 0.187 6.531 0.084

Bold values indicate the best performance achieved by the complete model.

Depth-map Estimation Results on Make3D Dataset
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Figure 11. Results in terms of the three error measures for the six tested state-of-the-art mod-
els [29,50,53,55-57] and our proposed model on the Make3D dataset. Arrows (|.) indicate that lower
values represent better performance for all error metrics (rel: relative error, rms: root mean square
error, log,,: logarithmic error).

In Figure 12, DAR-MDE shows superior resilience in scenes with strong illumination
contrast and partial occlusion. Unlike baseline methods, our model maintains consistent
depth estimation across shadowed and saturated areas, preserving object shapes and
avoiding flattening effects. This is primarily due to the multi-scale contextual reasoning
provided by MSFA and the contour-sensitive refinement enabled by RAN. In low-light
regions or areas with blurred textures, the attention mechanism still guides the network
to infer plausible depth transitions based on nearby structure and semantics. Occlusion
boundaries, where abrupt depth discontinuities typically confuse local filters, are also
handled better by DAR-MDE, as reflected by the cleaner edge transitions visible in the
predictions. These observations indicate that our model generalizes well across diverse
environmental conditions, confirming its robustness not only on a metric level but also in
terms of visual fidelity and scene understanding.
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Figure 12. Input images (Column 1), ground-truth depth maps (Column 2), and estimated depth
maps (Column 3) with the NYU Depth-v2 dataset. Green boxes highlight challenging regions in the
input images: small objects like monitors and equipment (Row 1), areas affected by strong lighting
conditions (Row 2), objects in dark/low-light areas (Row 3), and geometrically complex scenes with
multiple depth layers (Row 4). White boxes in the depth maps correspond to the same regions,
enabling direct comparison between ground-truth and estimated depth predictions.

To assess the generalization ability of our proposed model, we evaluated it on the
SUN RGB-D dataset without fine-tuning, using models trained solely on the NYU Depth
v2 dataset. Table 5 reports the quantitative comparison against a wide range of state-of-
the-art approaches from 2019 to 2025. Our model achieved the best performance across
most evaluation metrics. Specifically, using the SENet-154 encoder, our model reached the
highest accuracy under the strict 6 < 1.25 threshold with a score of 0.865, and also achieved
the lowest errors in terms of rel (0.120), rms (0.405), and log;, (0.054). The ResNet-50 variant
of our model also demonstrated strong performance, surpassing most existing methods in
both accuracy and error metrics.

Compared to recent transformer-based methods, such as those using the Swin-Large
and SwinV2-Large backbones, our approach remains highly competitive. While SwinV2-
Large [58] achieved a slightly higher § < 1.25 score of 0.861 and the lowest rms error of
0.355, our model consistently outperformed it in terms of overall accuracy—error balance,
especially when the full metric sets are considered. Notably, our SENet-154 model achieved
a higher § < 1.25 than all listed methods, including recent models from 2023 to 2025, while
maintaining lower or comparable error values. In Figure 13, we presents a comprehensive
comparison of our DAR-MDE model against the state-of-the-art methods on the SUN
RGB-D dataset. The results demonstrate that our model achieves competitive performance
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across all evaluation metrics, particularly excelling in accuracy measures while maintaining
low error rates.

These results highlight the robustness and effectiveness of our model across diverse
architectural baselines. Its strong performance, particularly under the strict § < 1.25
threshold and key error metrics, demonstrates its capacity to produce precise and reliable
depth estimates even when evaluated on unseen datasets.

Table 5. Results for depth map estimation using color images from the NYU Depth v2 dataset for
training and images from the SUN RGB-D dataset for testing. The last rows show results obtained
with recent state-of-the-art methods (2023-2025) and our proposed model using ResNet-50 and
SENet-154 networks. Note: — indicates that the respective metric was not reported in the original
paper. Arrows indicate performance direction: 1 (higher is better), | (lower is better).

Accuracy: Higher Is Better Error: Lower Is Better

Method Encoder
§ <1257 § < 1.25% 1 § <1.25% 1 rel | rms | log10 |

Chen et al. [59] SENet-154 0.757 0.943 0.984 0.166 0.494 0.071
Yin et al. [60] ResNeXt-101 0.696 0.912 0.973 0.183 0.541 0.082
Lee et al. [20] DenseNet-161 0.740 0.933 0.980 0.172 0.515 0.075
Bhat et al. [61] E-B5 + Mini-ViT 0.771 0.944 0.983 0.159 0.476 0.068
Lietal. [62] ResNet-18 0.738 0.935 0.982 0.175 0.504 0.074
Lietal. [62] Swin-Tiny 0.760 0.945 0.985 0.162 0.478 0.069
Lietal. [62] Swin-Large 0.805 0.963 0.990 0.143 0.421 0.061

Zhao et al. [58] SwinV2-Large 0.861 - - 0.121 0.355 -
Lietal. [62] Swin-Large 0.805 0.963 0.99 0.143 0.421 0.061
Hu et al. [63] SwinV2-Large 0.807 0.967 0.992 0.139 0.421 0.061
Our Model (DAR-MDE) ResNet-50 0.860 0.957 0.977 0.124 0.410 0.057
Our Model (DAR-MDE) SENet-154 0.865 0.960 0.980 0.120 0.405 0.054

1.00

Bold values indicate the best performance achieved by the complete model.
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Figure 13. Results in terms of accuracy and the three error measures for the state-of-the-art models
and our proposed model on the SUN RGB-D dataset [20,58—-63]. The top panel shows accuracy
metrics (6 < 1.25,5 < 1.25%,6 < 1.25°, higher is better), while the bottom panel shows error metrics
(rel, rms, log,, lower is better).
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To further evaluate the performance of the proposed model, we selected random
images from the SUN RGB-D test set to show the model’s ability to produce accurate depth
maps (refer to Figure 14). It is worth noting that the model can generate depth maps under
various conditions. The model learned to identify the correct objects within the images.
The model could generally estimate correct depth values for small objects in the scene
(refer to Figure 14, Row 1) and objects affected by lighting (refer to Figure 14, Row 2). It
was also able to accurately detect objects in dark areas (refer to Figure 14, Row 3) even in
geometrically complex areas (refer to Figure 14, Row 4).

Figure 14. Input images (Column 1), ground-truth depth maps (Column 2), and estimated depth
maps (Column 3) with the SUN RGB-D dataset. Green boxes highlight challenging regions in the
input images: small objects (Row 1), objects affected by lighting conditions (Row 2), objects in dark
areas (Row 3), and geometrically complex areas (Row 4). White boxes in the corresponding depth
maps indicate the same regions to facilitate visual comparison between ground-truth and estimated
depth values.

5. Conclusions

This paper has presented a deep learning approach that uses an autoencoder network
with a Multi-Scale Feature Aggregation and a Refining Attention Network to refine the
final estimated depth map and preserve global depth information in the combined depth
scales. The proposed model uses a multi-scale loss function, which uses different depth
scales from each block in the decoder part to accurately compare the ground truth to the
generated depth map and force the autoencoder to generate a correct dense depth image.
The Curvilinear Saliency loss is used for multi-scale loss to preserve the object boundaries
in the estimated depth map. Combining the depth scale outputs through the Multi-Scale
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Feature Aggregation network improves the model’s overall performance in estimating
object depth information regardless of scale and viewpoint. Afterwards, the estimated
depth is refined using a Refining Attention Network, which contains an attention module
to improve the model’s diversity and generate more accurate predictions.

The proposed method achieves comparable depth estimation based on monocular
vision to existing methods on both the NYU Depth v2 and SUN RGB-D datasets. The depth
maps generated by our model show accurate dense depth, which is helpful for semantic
mapping and visual odometry. While we did not explicitly benchmark scenarios such
as reflective surfaces or low-texture regions, the architectural components—particularly
MSFA and RAN—help to mitigate such challenges by enabling the network to focus on
contextual depth cues and boundary-aware refinement.

We also note that the choice of the loss weights « and f in our final objective function
allows for balancing between multi-scale structural preservation and pixel-wise content
accuracy; future work will explore adaptive strategies for these parameters in order to
further enhance robustness.

Additionally, our approach occasionally faces challenges under extreme reflectivity or
heavy occlusion scenarios, which are common in monocular depth estimation. As part of
future work, we aim to integrate uncertainty-aware modules or hybrid RGB-depth priors
to alleviate these limitations and extend the applicability of our approach to more complex
environments.

Furthermore, the proposed approach is tailored for RGB-only input and does not rely
on additional modalities such as LiDAR or infrared, meaning that it can offer a lightweight
and deployable solution for applications where multimodal data are unavailable. Part
of our ongoing work is to develop an algorithm that combines camera parameters with
generated depth images to calculate an accurate absolute distance applicable to autonomous
vehicles in order to help them safely navigate their environments.
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Abbreviations

The following abbreviations are used in this manuscript:

MDE Monocular Depth Estimation

CNN Convolutional Neural Network

MSFA Multi-Scale Feature Aggregation

RAN Refining Attention Network

DAR-MDE Dual-Attention Refining Monocular Depth Estimation

NYU Depth v2  New York University Depth Dataset v2
SUN RGB-D SUN RGB-D Dataset

MSE Mean Squared Error

RMSE Root Mean Square Error

SSIM Structural Similarity Index Measure
rel Average Relative Error

MS Multi-Scale



J. Sens. Actuator Netw. 2025, 14,90 26 of 28

GT Ground Truth
GPU Graphics Processing Unit
LiDAR Light Detection and Ranging
ADAM Adaptive Moment Estimation
GAN Generative Adversarial Network
SOTA State-of-the-Art
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