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Abstract

In the field of industrial robot vision, the accurate recognition and localization of transparent objects
face multiple challenges. First, depth sensor data suffer from sparsity and non-uniform distribution.
Even with high-end LiDAR, the obtained depth maps are generally sparse and severely noisy, especially
around object boundaries. Most existing methods assume a fixed sparsity level, leading to significant
performance degradation when the actual sparsity varies dynamically. Second, there is a cross-modal
feature alignment issue between RGB and depth data. Simple channel stacking or addition neglects
the modeling of feature correlations between the two modalities, resulting in insufficient information
utilization. Furthermore, existing methods still lack the capability to model the multi-directional
gradient variations of transparent objects under complex backgrounds. To address these issues, this
paper proposes Attention-based Difference-enhanced Depth Fusion Network (ADDFNet), a depth
completion network for transparent objects, which achieves synergistic improvements in accuracy and
robustness through two key designs: MDAM and CMFR. To tackle the dynamic variation of sparsity
and edge blurring, a Multi-directional Differential Attention Module (MDAM) is designed. It explicitly
extracts multi-directional gradient information via multi-branch differential convolutions, enhancing
the network’s robust perception of sparse edges. Within MDAM, a Detail Enhancement Differential
sub-module (DEDM) and a Dynamic Convolution with Symmetry-enhanced Geometry Attention
sub-module (DSCA) are introduced to adaptively adjust the focus regions under varying sparsity
inputs. To address the insufficient cross-modal feature alignment, a Cross-Modal Feature Refinement
(CMFR) module is introduced, which leverages RGB context to progressively guide and enhance depth
features at the encoding stage, achieving finer cross-modal feature alignment. Evaluation results on
the ClearPose and TransCG datasets demonstrate that ADDFNet outperforms comparison methods in
terms of accuracy metrics.

Keywords: transparent objects; depth completion; differential enhancement convolution; hybrid
attention mechanism; robotic grasping

1. Introduction

In recent years, with the rapid development of industrial automation and smart manufacturing
technologies, robotic grasping tasks have become a core component in fields such as logistics sorting,
flexible assembly, and home services [1,2]. In complex operational scenarios, the widespread presence
of transparent objects (such as glassware, plastic packaging, and laboratory consumables) poses severe
challenges to robot visual perception systems [3,4]. As a key prerequisite for achieving precise grasping,
depth information acquired by RGB-D sensors is crucial for computing object poses [5,6]. However,
limited by the unique refraction and reflection physical properties of transparent materials, light
undergoes path deflection and specular reflection when passing through or contacting object surfaces,
causing mainstream depth cameras (such as structured light or time-of-flight cameras) to capture raw
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depth maps with large-scale data missing or severe depth drift [7,8]. This failure in depth perception
directly restricts the robot’s prediction accuracy for grasp poses, easily leading to collisions or grasping
failures. Therefore, transparent object depth completion has become a core preprocessing task for
enhancing the robustness of robot intelligent operations.

To address the failure of depth perception for transparent objects, early research mainly attempted
to use handcrafted geometric priors (such as dark channel prior [9] or color attenuation prior [10]) and
multi-view geometric constraints [11,12] to recover depth information. Although these methods have
shown certain effectiveness in controlled environments such as laboratories, their generalization capability
and robustness face enormous challenges in real industrial scenarios with intense lighting fluctuations
or complex background textures, due to excessive reliance on fixed physical assumptions. With the
rise of deep learning, multi-stage frameworks represented by ClearPose [13] have opened a new era of
end-to-end perception. Such methods typically decompose the completion task into multiple subtasks
such as semantic mask prediction, surface normal estimation, and occlusion boundary extraction, and
finally reconstruct the depth map through global optimization algorithms (such as Poisson reconstruction
or gradient-based refinement). Although this "divide and conquer" strategy significantly improves
completion precision, its complex intermediate representation extraction process and high optimization
computational cost also significantly increase deployment costs. In recent years, single-stage depth
completion networks based on U-Net architecture have gained widespread attention due to their efficient
end-to-end learning capability [14,15]. Such networks directly learn the mapping from RGB images
to depth maps through encoder-decoder architecture, demonstrating excellent inference performance
[16]. However, these methods still face visual challenges unique to transparent objects: on one hand,
the limited receptive field of conventional convolution operators makes it difficult to effectively capture
global spatial context of large transparent objects, resulting in local structural distortion in completed
depth maps; on the other hand, the smoothing effect of standard convolution tends to blur the already
sparse edge features of transparent objects, leading to loss of geometric details.

In existing depth completion research, how to further improve structural consistency and ro-
bustness under high-precision prediction remains the main challenge. On one hand, visual edges
of transparent objects are typically extremely sparse and susceptible to background noise interfer-
ence, making traditional convolution operators unable to explicitly capture multi-directional gradient
variations, resulting in lack of geometric consistency in completed object boundaries; on the other
hand, depth features in transparent regions have high spatial heterogeneity, and fixed convolution
kernel weights cannot adaptively adjust attention regions according to input scenes, limiting the
network’s modeling capability for complex transparent structures. Furthermore, how to efficiently
fuse multi-modal inputs and multi-scale features while avoiding feature degradation during depth
propagation is also a key issue that needs to be addressed.

Based on the above challenges, this paper proposes a transparent object depth completion network
named ADDFNet, aiming to improve completion accuracy and structural recovery stability through
refined feature enhancement and adaptive attention mechanisms. Specifically, we first design MDAM,
which explicitly extracts spatial gradients through integrated multi-branch differential convolution
operators, and introduces two sub-components within MDAM: DEDM and DSCA, using dynamically
generated convolution kernels to achieve adaptive adjustment of features, combined with spatial
symmetry optimization for interactive modeling, enabling the network to accurately focus on key
depth features in transparent regions; we then introduce CMFR during the encoding stage, using
RGB context to guide and enhance depth features layer by layer at each downsampling level, further
improving model robustness.

The main contributions of this paper are summarized as follows:

* Proposed a novel transparent object depth completion network ADDFNet, which effectively
addresses the problems of blurred edge perception and insufficient feature modeling capability
for transparent objects through deep integration of multi-directional differential enhancement
and hybrid attention mechanisms.
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e Designed MDAM, which utilizes differential convolution to explicitly enhance gradient feature
extraction, greatly improving the restoration accuracy of transparent object contours in complex
backgrounds.

*  Constructed DEDM and DSCA within MDAM, and designed CMFR, achieving adaptive feature
perception and efficient integration of multi-source information, improving the accuracy and
stability of depth prediction.

¢ ADDFNet was evaluated on two public datasets: ClearPose and TransCG [17], with experimental
results verifying the effectiveness of the proposed method in transparent object depth completion
tasks.

2. Related Work
2.1. General Depth Completion Methods

Early studies on general depth completion primarily focused on fusing sparse depth measure-
ments with RGB cues. Representative work such as Sparse-to-Dense [18] validated the effectiveness of
end-to-end regression in outdoor sparse LiDAR scenarios by jointly encoding color texture and sparse
observations. Deep Depth Completion [19] further highlighted the importance of jointly modeling local
geometric structures and global context, thereby improving completion quality in complex structural
regions. Building upon these advances, CSPN [20] introduced a context-aware spatial propagation
network that progressively fills missing depth values through iterative neighborhood propagation.
GuideNet [21] proposed a guided upsampling architecture, leveraging multi-scale feature fusion to
better recover fine-grained structures. Meanwhile, FuseNet [22] designed a multimodal fusion module
to effectively integrate RGB semantic information with geometric cues from depth maps, laying an
important foundation for cross-modal feature interaction.

As the field progressed, subsequent methods increasingly emphasized structural propagation
and neighborhood consistency constraints. NLSPN [23] significantly improved depth continuity in
edge and thin-structure regions by adaptively learning pixel-wise correlations through non-local
spatial propagation. At the same time, ACMNet [24] proposed an adaptive context-aware multi-scale
architecture, enhancing modeling capacity across different structural scales via dynamic receptive-
field adjustment, while PENet [25] adopted a progressive enhancement strategy to iteratively refine
depth predictions in a coarse-to-fine manner. For transparent-scene depth completion, researchers
further incorporated physical priors and local implicit modeling into general frameworks. For ex-
ample, RGB-D Local Implicit Function [26] improved surface reconstruction in transparent regions
through local implicit representations. In addition, DeepLiDAR [27] and Penet [28] provided new
technical perspectives on sparse-to-dense depth conversion from the viewpoints of data synthesis and
penetration-aware completion, respectively. Inspired by these studies, our method draws on multi-
modal fusion and cross-modal feature interaction, and integrates adaptive context-aware modeling
with progressive enhancement to improve sparse-edge perception and depth completion accuracy for
transparent objects.

2.2. Transparent Object Depth Completion

Due to the unique refraction and reflection physical properties of transparent objects, mainstream
depth sensors often produce severe depth missing or geometric distortion during acquisition due to
light path deflection. Early research mainly relied on multi-stage optimization frameworks, among
which Chen et al. [13] proposed ClearPose as a milestone. This method decouples depth completion
into multiple subtasks such as surface normal estimation, mask prediction, and boundary extraction,
and reconstructs the depth map using global optimization algorithms, achieving significant break-
throughs in accuracy. However, the complex inference process and substantial computational cost
limit its application in large-scale deployment scenarios.

To address the inefficiency of multi-stage models, single-stage end-to-end networks have gradu-
ally become the mainstream direction in this field. Compared with traditional methods, deep neural

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1051.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 April 2026 d0i:10.20944/preprints202604.1051.v1

40f23

networks can more effectively capture cross-modal correlations through hierarchical feature learning.
Seeing Glass [14] innovatively introduced Haar Wavelet Transform (HWT) to construct a cascaded
framework to address high-frequency detail loss, achieving lightweight while effectively preserving
geometric edges in transparent regions. DistillGrasp [15] utilized knowledge distillation technology to
transfer long-range spatial correlations captured by Transformer teacher networks to efficient CNN
student networks, improving completion quality and structural consistency through Position Correla-
tion Blocks (PCB). Additionally, TCRNet [16] proposed a cascaded refinement architecture, combining
Transformer error modules to calibrate global depth distribution.

Subsequent research has focused on breaking through the limitations of single modality by mining
multi-source cues. DualTransNet [29] no longer relies solely on binary segmentation masks, but instead
guides internal structure recovery by mining rich semantic features from intermediate layers of seg-
mentation networks. SRNet-Trans [30] and Voxel-DL [31] respectively strengthened spatial constraints
from the perspectives of geometric convolution and 3D voxel space. Although existing methods
have made considerable progress in feature enhancement and adaptive perception, achieving robust
geometric perception in extremely sparse edge regions severely affected by background noise remains
a weak point. These explorations provide important theoretical support for the multi-directional
differential enhancement mechanism proposed in this paper.

2.3. Robotic Grasp Detection

Mainstream robotic grasp detection is divided into 2D rectangle-based planar grasping [2] and
six-degree-of-freedom (6-DOF) spatial grasping [3], with performance highly dependent on the com-
pleteness of input geometric information. However, the unique refraction and reflection characteristics
of transparent objects often cause depth maps to produce severe missing and geometric drift [7],
directly restricting the prediction accuracy of grasp poses. To address this challenge, works such
as ClearPose [13] and TCRNet [16] have improved perception robustness through multi-stage opti-
mization or cascaded refinement. Although these methods have made progress in feature capture,
they still struggle to effectively model multi-directional gradient variations in extremely sparse edge
regions severely affected by background noise, leading to blurred object contours or loss of local
details. Therefore, this paper integrates ADDFNet, utilizing multi-directional differential enhancement
to explicitly strengthen edge perception, combined with a hybrid attention mechanism based on
geometric symmetry enhancement to achieve adaptive adjustment of features. Experiments show that
this solution significantly reduces information loss and provides precise and geometrically consistent
depth constraints for downstream grasping tasks in complex scenes.

3. Method

In this section, we first elaborate on the hierarchical design philosophy of the overall ADDFNet
network architecture. Subsequently, we provide technical implementation details for two core modules:
MDAM (containing DEDM and DSCA sub-components) and CMFR. These core designs collectively
construct a transparent object depth completion framework for complex environments through explicit
edge gradient enhancement, adaptive feature modeling, and multi-source information collaborative
refinement.

3.1. Querview

This paper designs a new transparent object depth completion network ADDFNet, whose overall
architecture is shown in Figure 1. The network adopts an encoder-decoder structure, taking RGB
images and sparse depth maps as dual-modal inputs.

In the encoder part, the network first downsamples the preliminarily fused RGB and depth
features through a convolutional layer. Subsequently, deep features are gradually extracted through
four cascaded modules, each centered around MDAM for feature extraction. To effectively fuse
multi-modal information, the network uses depth maps of corresponding scales as auxiliary inputs
at each level of the encoder, and designs a cross-modal channel attention mechanism CMFR, which
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uses features from the main branch to generate adaptive channel weights for depth features, thereby
guiding the network to focus on key geometric structures. Additionally, the encoder has parallel
connection branches in the first three downsampling stages, whose outputs are passed to the decoder
as skip connections.

Cross-Modal Feature Refinement Up Sampling Module

Down Sampling Module
© Connection
Cross-Modal Feature
MFR .
1x1 Conv]—-[ Sigmoid Refinement

Multi-directional Difference
MDAM :
- Attention Module

Figure 1. Overall network architecture of ADDFNet, where the MDAM module consists of two sub-modules:
DEDM and DSCA.

In the decoder part, the network gradually restores the spatial resolution of feature maps through
four symmetric decoding modules. Starting from the second decoding module, each module’s input
consists of upsampled features from the previous level concatenated with skip connection features
from the corresponding encoder level. Within each decoding module, the feature flow first passes
through convolutional layers and MDAM for fusion and refinement, and finally resolution is increased
through efficient upsampling convolution. Ultimately, the network generates a dense completed depth
map with the same resolution as the input RGB image through an output module.

3.2. CMFR

In existing depth completion methods, cross-modal feature fusion typically employs simple
concatenation or addition operations [13,17], or uses 3D spatial constraints and geometric convolution
to enhance spatial consistency [30,31]. Such fusion is often performed at the end of the encoder or
during decoding [15,29], failing to fully utilize the guiding role of RGB images on depth features
during feature extraction. Inspired by the aforementioned cascaded refinement structure ideas [14,16],
we believe that feature refinement should not be limited to decoding or post-processing stages, but
should repeatedly use RGB information to gradually enhance depth features during the encoding
process. Based on this idea, we design CMFR in ADDFNet, as shown in the blue region in Fig. 1,
aiming to selectively enhance depth feature representations using contextual information provided by
RGB images. Unlike existing methods that place refinement in the decoding stage, the CMFR module
is embedded into each downsampling level of the encoder to guide the network to focus on geometric
structures crucial for depth completion during the feature extraction stage. We believe that introducing
RGB-guided mechanisms at each level can more effectively suppress noise interference and improve
the representation quality of depth features.
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Specifically, for the i-th encoder layer, we first perform preliminary fusion of RGB features and
depth features:
FIZ‘QGB 6RBXCXHXW FE € RBXIxHxW 1)

where B, C, H, and W represent batch size, number of channels, feature map height, and width,
respectively. Considering that RGB features contain richer semantic information, we use them to guide
and enhance depth features. The implementation of the CMFR module mainly includes three steps.

First, in the channel attention generation stage, we perform Global Average Pooling (GAP) and
Global Max Pooling (GMP) on RGB features, concatenate them, and then use 1 x 1 convolution to
compress them into channel descriptors to capture global responses of each channel:

FéAP ERBxCxlxll (2)

Subsequently, in the adaptive weight calculation stage, we model inter-channel dependencies through
a bottleneck structure consisting of two fully connected layers (FC), and generate adaptive channel
weights Wi € REXCx1x1 yging the Sigmoid function:

W = Sigmoid (FC,(ReLU(FC; (Concat(FL xp, Fonp))))) 3)

where FC; and FC, represent the first and second fully connected layers, respectively, and ReLU is
the activation function. Finally, in the depth feature weighting stage, we apply the learned channel
weights to depth features to achieve adaptive enhancement of depth features:

EL = Wi FL (4)

where FL represents the enhanced depth features, and - denotes element-wise multiplication along
the channel dimension. Through this approach, the network can selectively enhance channel features
important for the depth completion task while suppressing irrelevant information, thereby improving
the discriminative capability of depth features. After this, the enhanced depth features are concatenated
with RGB features and fed into MDAM to extract more robust edge structure information.

3.3. MDAM
3.3.1. Overall Design

To address the problem of extremely sparse edge features of transparent objects that are susceptible
to background noise, light refraction, and reflection interference, existing research mainly relies on
traditional convolutional neural networks (CNN) for local spatial feature aggregation. However,
standard convolution kernels are essentially weighted sums of features within local neighborhoods,
which tend to produce feature smoothing effects when extracting high-frequency gradient information,
causing fine contour information of transparent objects to gradually be submerged during layer-by-
layer propagation. Additionally, existing attention mechanisms such as SENet [32] and CBAM [33],
while able to re-weight features in channel or spatial dimensions, still compute weights based on global
or local intensity distributions, lacking explicit modeling of local pixel gradient variations, making it
difficult to capture multi-directional subtle edge differences. Therefore, transparent object boundary
recognition still faces significant challenges in industrial scenes with intense lighting changes and
complex background textures.

Inspired by the differential computation idea in traditional edge detection operators, we note
that operators such as Sobel and Canny precisely locate edges by computing intensity changes within
local neighborhoods, and this explicit gradient modeling approach is extremely sensitive to edge
information. In recent years, differential convolution networks (such as pixel difference networks
[34,35] and center differential convolution [36]) have further introduced this idea into learnable
network structures, effectively improving network capability for edge and texture detail extraction by
introducing pixel-level difference operations during convolution. These studies collectively indicate
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that explicitly computing multi-directional pixel-level differences within local neighborhoods can
greatly enhance responses to blurred edges. However, existing differential convolution methods mostly
focus on general edge or texture enhancement and have not yet fully combined feature projection
and attention mechanisms for targeted optimization. If multi-directional differential computation
can be combined with feature projection mapping and adaptive weighting mechanisms, the network
can strengthen geometric information highly correlated with transparent region boundaries while
preserving global context.

Based on these observations, we design MDAM, which strengthens the network’s perception
of fine transparent object contours through explicit modeling of spatial gradient variations. The
module first computes local pixel differences along multiple directions to extract fine-grained edge
responses. It then aligns differential responses with original features via feature projection mapping
and introduces adaptive hybrid attention [33,37], enabling dynamic focus on the most discriminative
boundary regions. After multi-directional fusion, MDAM further applies an attention enhancement
unit to improve projection alignment and global contextual awareness. Architecturally, MDAM avoids
complex recurrent or deeply stacked structures and adopts a lightweight single-layer computation
paradigm for explicit edge enhancement.

Specifically, given the fused feature containing RGB and depth information X;,, € R (CintCaepth) x HXW
MDAM first projects it into a unified feature space through a 1 x 1 convolution, followed by batch
normalization (B) and ReLU activation for cross-channel integration and nonlinear alignment:

Xproj = ReLU(B(Conviy(Xin))),  Xproj € RN )

where C denotes the projected channel dimension.

After projection, MDAM enhances X,,; progressively using two core components: DEDM and
the DSCA unit. DEDM focuses on multi-directional local gradients and explicitly strengthens fine-edge
perception, while DSCA introduces global geometric constraints by combining the stability of static
large-kernel convolution and the adaptivity of dynamic convolution to improve long-range spatial
consistency. The two components are applied sequentially to achieve comprehensive modeling of
transparent object geometry.

3.3.2. DEDM

In transparent object depth completion, standard convolution layers lack explicit constraints on
local pixel-wise gradient variation and therefore tend to overemphasize intensity-level cues while
weakening high-frequency edge and texture responses. This issue is especially severe in transparent
scenes, where boundaries between transparent regions and backgrounds often have very low contrast
and are strongly affected by refraction, reflection, and illumination changes. To introduce explicit
gradient priors into the network, we introduce DEDM, shown in Figure 2, as a core component inside
MDAM.

Existing studies have shown that differential convolution can improve representation capacity
and generalization by convolving pixel-level differences. Typical forms include center differential con-
volution (CDC) and angular differential convolution (ADC). To better fit transparent object boundaries
that are sparse and direction-sensitive, we further introduce horizontal differential convolution (HDC)
and vertical differential convolution (VDC), and integrate priors from Sobel [38], pixel difference
convolution [35], and large-kernel design [39]. By deploying CDC, HDC, VDC, ADC, and standard
convolution in parallel, the network jointly captures intensity-level and multi-directional gradient-level
cues for more complete structure modeling.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. DEDM.

In implementation, DEDM adopts a five-branch parallel structure corresponding to CDC, HDC,
VDC, ADC, and standard convolution. To preserve dynamic adaptability while introducing directional
gradient priors, we design an adaptive fusion mechanism. For projected feature X,,;, adaptive branch

weights « are generated by global average pooling (GAP) and two 1 x 1 convolutions:
« = Softmax (MLP(GAP(X,0))), & = [ay,..., 5] (6)

The enhanced differential feature is obtained by weighted fusion of all branches:

5
Xaiff = Y & - D (Xppof) 7)
i-1

where & ~ &, denote CDC, HDC, VDC, and ADC, respectively, and @5 is standard spatial convolu-
tion for preserving base semantic cues. This design allows the network to adaptively balance intensity
and directional gradient cues under different inputs, improving robust edge enhancement in complex
backgrounds.

3.3.3. DSCA

After DEDM extracts and fuses multi-directional gradients, the network obtains enhanced feature
xgiff that is sensitive to boundary changes. However, transparent object completion also requires
long-range geometric consistency in large smooth regions, where local differential operations alone
may be insufficient and can lead to structural discontinuity. To address this, we design a DSCA
unit, which combines static large-kernel convolution and dynamically generated convolution ker-
nels for complementary global-context modeling and local adaptive enhancement. In the design of
convolutional attention mechanisms, existing research typically employs fixed-weight large-kernel
convolutions to expand the receptive field [40,41], and further enhances long-range modeling ca-
pability by increasing convolution kernel size [42]; or utilizes dynamic convolutions to adaptively
adjust convolution kernel parameters based on input content [37,43]. The former can provide stable
long-range spatial interactions, but its weights remain unchanged once trained, making it difficult
to handle the complex and variable depth distributions of transparent objects in different scenarios;
the latter has strong adaptability but relies entirely on input-generated convolution kernels, which
can easily produce unstable gradient updates during early training stages and has relatively limited
capability for modeling global structures. Inspired by structural reparameterization techniques [44,45]
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and geometric symmetry enhancement concepts [46], we believe that organically integrating the
stability of static large kernels with the adaptability of dynamic convolutions is an effective approach

to enhance feature representation capability.

X € [EAC-Coxt Cmmax(LLdin/4)) W, ER®* ]

resid

% Wy,=Reshape(Conv,.(GAP(x,; C)))

Xm € [FET

Split

1x1Conv

o
(xtCony

Self-Attn
ConvAttn

ConvFFN

LayerNorm

)

5x5Conv

LayerNorm

Figure 3. DSCA unit.
Given x4;ff € REXHXW DSCA first splits channels into an attention branch and a residual branch:

e RCG xHXW (C7C1)><H><WI 8)

Xattn , Xpesid € R

where C; = C/ /4 is the number of channels in the attention branch. This design alleviates feature
degradation during enhancement by preserving partial original channel information on one hand,
and focuses the attention mechanism on the most discriminative channel subset on the other hand,
reducing computational overhead. For the attention branch x,t,, DSCA deploys two types of convolu-
tion operations in parallel: one is static large-kernel convolution, using shared convolution kernels
processed with geometric symmetry enhancement (Geo-ensemble):

Wiy € ROXCRxK (takingK = 13), )

Through eight-direction geometric transformation averaging, the convolution kernel produces bal-
anced responses to edges and structures in all directions, thereby providing stable long-range spatial
interaction; the other is dynamic depth convolution [37,43], which generates dynamic convolution
kernels Wy, from input features through a lightweight network, achieving adaptive adjustment of
local details. The dynamic kernel generation process can be expressed as:

Wy, = Reshape (Conv1 «1 (GAP (xdiff [:,: Cl]) ) ) , (10)

where GAP represents global average pooling and Convyy; is a pointwise convolution layer. The
dynamic kernel has an explicit size of Wy, € RO D KaynKayn \yhere Kgyn = 5 denotes the spatial
kernel size. The dynamic depth convolution uses grouped convolution with the group number set to
G = (jy, so each channel independently applies one dynamically generated kernel, achieving channel-
wise adaptive modeling while maintaining parameter efficiency. Notably, the input channel number
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used for dynamic kernel generation is set as Cpyoj = C1, which guarantees consistency between channel
splitting and kernel generation: when the input channel dimension C changes, C; = C/ /4 is adjusted
accordingly, and both the dynamic kernel size and the group configuration scale consistently with this
split. Through this design, dynamic kernels adaptively adjust local response weights according to
input-dependent spatial distributions, thereby selectively enhancing transparent object boundaries
and internal structures. Adding the outputs of static large-kernel convolution and dynamic depth
convolution yields the enhanced result of the attention branch:

Xattn = Convix (Xattn, Wrk) + DDC(Xattn, Wayn), (11)

where Conv|g represents the static large-kernel convolution operation, and DDC represents the
dynamic depth convolution operation. Finally, the enhanced attention branch is concatenated with the
original residual branch along the channel dimension to obtain the output features of DSCA:

Xout € REHXW, (12)

Throughout the computation process, the DSCA unit avoids complex loop or stacking structures,
adopting a single-layer parallel computation paradigm, maintaining stable feature enhancement
capability while introducing global geometric constraints.

3.4. Loss Function

In transparent object depth completion tasks, the design of the loss function directly determines
the network’s balancing capability between numerical accuracy and geometric consistency. Single pixel-
level loss functions (such as mean squared error), while ensuring predicted depth values approximate
ground truth numerically, struggle to effectively constrain structural integrity at transparent object
edges; relying solely on perceptual loss or geometric constraints may cause global scale drift. Therefore,
inspired by multi-task optimization ideas, this paper constructs a composite loss function consisting
of mean squared error loss, perceptual contrast loss, and surface normal smoothness loss, jointly
supervising the network from three dimensions: pixel-level accuracy, feature-level structure, and local
geometric continuity, guiding ADDFNet to strengthen geometric modeling capability for transparent
object edges and surfaces while maintaining depth numerical accuracy. The total loss function is
defined as follows:

Ltatal = LMSE + Leontrast + ,BLsmoath (13)

where f3 is the weight coefficient balancing surface smoothness. The specific designs of each loss term
are as follows:

Masked Mean Squared Error Loss Lysr: This loss term constrains numerical consistency be-
tween predicted depth D,y and ground truth Dg; from a pixel-level perspective. Considering that
transparent object depth datasets contain large invalid depth regions caused by refraction and reflec-
tion, we compute loss only on valid pixels covered by mask (2, avoiding interference from invalid
regions on gradient updates:

1

Luse = 157 L, (Dprei — Dgt)” (14)

i€

Perceptual Contrast Loss Loptrast: To address the problem of sparse edge features in transparent
objects where conventional loss functions easily lead to boundary blurring, we introduce perceptual
contrast loss [47], enhancing the network’s modeling capability for high-frequency details through
distance constraints in feature space. Specifically, we use the VGG19 network [48] pretrained on
ImageNet [49] to extract multi-scale features from predicted depth maps and ground truth depth maps,
and compute L1 distances between features at each layer:

Leontrast = Zw]'H(Pj(Dpred) - ij(Dgt)”l (15)
]
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where ¢; represents the j-th layer feature map of VGG19 [48], and w; is the contribution weight of
the corresponding layer. Through this loss term, the network can perceive structural differences
between predicted results and real depth in high-dimensional feature space, thereby recovering fine
edge contours while maintaining global layout.

Surface Normal Smoothness Loss Lg,;,,,: Since robotic grasping tasks are highly sensitive to
geometric consistency of object surfaces, relying solely on pixel-level and feature-level losses cannot
guarantee local surface smoothness. Therefore, we further introduce surface normal smoothness loss,
improving local surface geometric quality by constraining angular differences between surface normals
derived from predicted depth maps and ground truth depth maps. This loss is defined as:

1

Lsimooth = Y| 2 (1- Cos<npred,i/ ngt,i>) (16)

ieq)

where n represents surface normal vectors derived from depth maps through finite difference methods,
and () is the corresponding expanded mask (eroding the original mask to eliminate edge effects in
normal computation at boundaries). By minimizing cosine distance between normal vectors, this loss
can effectively suppress local depth mutations, guiding the network to generate smoother depth maps
that conform to the true geometric shape of objects.

The above three losses form complementary relationships from three dimensions: numerical
accuracy, structural integrity, and local smoothness, enabling ADDFNet to balance depth completion
accuracy and geometric fidelity in complex scenes, providing reliable geometric priors for grasp pose
estimation.

4. Experiments
4.1. Datasets

To evaluate the performance of ADDFNet in transparent object depth completion tasks, this paper
selects two public datasets, ClearPose and TransCG, for training and testing. These two datasets
represent two typical data composition types: "synthetic-real hybrid" and "large-scale real scenes".

The ClearPose dataset was first proposed by Chen et al. [13] in 2022. As a pioneering benchmark in
the field of transparent object depth perception, this dataset adopts a construction strategy combining
synthetic data and real-world data. In the synthetic data part, the dataset contains nine transparent
plastic objects with different geometric forms, four of which are specifically used for testing procedures.
The synthetic training set contains 18,000 images, the synthetic validation set contains 500 images,
and the synthetic test set consists of 400 images, forming a relatively complete train-validation-test
split. In contrast, the real-world data in this dataset is relatively limited, mainly used to evaluate the
generalization performance of networks from synthetic to real domains. The real-world validation
dataset contains five objects from the synthetic dataset, totaling 173 images; the real-world test set
introduces five new transparent objects not present in the training set, containing 113 images captured
by cameras in real scenes. The ClearPose dataset not only provides RGB images and corresponding
sparse depth maps but also annotates scene segmentation labels, camera and object poses, aligned
depth, and surface normal information, providing rich supervision signals for multi-task learning and
geometric constraint optimization.

The TransCG dataset was proposed by Fang et al. [17] in 2022 and is currently the largest real-
world transparent object depth completion dataset. This dataset contains 57,715 pairs of RGB images
and corresponding depth maps, covering 51 transparent objects and approximately 200 opaque objects.
All images are collected from different real scenes, forming about 130 different scene configurations.
Objects in the dataset are randomly distributed in simple or complex scenes, simulating real-world
robotic grasping scenarios, with high scene diversity and challenge. To maintain consistency with
the original dataset split, we adopt the same data partitioning scheme: the training set uses 34,191
images, and the test set uses 23,524 images. By constructing a large-scale real-scene image collection
specifically for transparent objects, the TransCG dataset provides valuable resources for researchers and
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practitioners to train and evaluate models tailored to the unique challenges of transparent objects. This
dataset not only meets the requirements of professional datasets for considering complex characteristics
of transparent objects but also promotes the development of robotic grasping technology through rich
scene configurations and object combinations.

From the perspective of data characteristics comparison, the ClearPose dataset provides precise
geometric annotations and controllable noise environments in its synthetic data part, facilitating
network learning of basic physical properties of transparent objects; while the TransCG dataset,
through large-scale real-scene collection, is closer to complex lighting conditions and background
interference in actual industrial applications. This complementarity enables joint evaluation on both
datasets to reflect algorithm performance in different application scenarios. In the experiments of this
paper, we train and test ADDFNet on these two datasets separately and analyze its generalization
performance in synthetic and real scenes, providing reference basis for practical deployment of
transparent object depth completion technology.

4.2. Experimental Details

All experiments in this paper are conducted in the Ubuntu 24.04 operating system environment,
using a single NVIDIA GeForce RTX 5090D graphics card for network training and inference. The deep
learning framework uses PyTorch 2.8.0, with CUDA 12.8 acceleration for training. Network training
employs the Adam optimizer with an initial learning rate of 10~3. To improve training stability and
accelerate convergence, we use a multi-step learning rate scheduler, decaying the learning rate by
a factor of 0.2 after the 5th, 15th, 25th, and 35th epochs. The entire training process consists of 40
epochs, with each epoch taking approximately 1 hour. Batch size is set to 16 to balance GPU memory
limitations and training stability.

In the data preprocessing stage, we follow the original settings of the TransCG [17] and ClearPose
[13] datasets. For the TransCG dataset, input image resolution is uniformly adjusted to 320x240
pixels, with depth values normalized to the [0.3, 1.0] meter range. During training, data augmen-
tation strategies such as random horizontal flipping, color jittering, and brightness adjustment are
employed, with an augmentation probability of 0.8 to improve model robustness to lighting changes
and viewpoint differences. During testing, all data augmentation operations are disabled to ensure
objective evaluation results. Processing of the ClearPose dataset follows its official recommendations,
maintaining the split scheme between synthetic and real-world data.

In terms of loss function configuration, we use masked mean squared error loss Lysr as the basic
supervision signal, computing loss only on valid depth pixels to avoid interference from invalid regions
on gradient updates. To further improve the recovery quality of edge details, we introduce perceptual
contrast 1oss Leontrast, using the pretrained VGG19 network to extract multi-scale features and constrain
structural similarity between predicted depth and real depth in feature space. Simultaneously, to
enhance geometric smoothness of local surfaces, we introduce surface normal smoothness 10ss L0041,
suppressing local depth mutations by constraining angular differences between surface normals
derived from predicted depth maps and ground truth depth maps. The total loss function is defined as
Liota = Lmse + Leontrast + BLsmootn, Where B is the weight coefficient balancing surface smoothness,
set to 0.001 in experiments.

In terms of evaluation metrics, we adopt standard metrics widely used in the field of transparent
object depth completion, including Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
Relative Error (REL), and accuracy at different thresholds (Threshold@1.05, Threshold@1.10, Thresh-
old@1.25). All metrics are computed within valid depth pixel regions (mask-covered regions) to
ensure fairness and comparability of evaluation results. For the ClearPose dataset, we evaluate on
the real-world test set. For the TransCG dataset, we follow its official partitioning scheme, evaluating
performance on 23,524 test images.
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4.3. Evaluation Metrics

To comprehensively evaluate the performance of ADDFNet in transparent object depth completion
tasks, this paper follows the standard evaluation system in the field of transparent object depth
perception [50,51], adopting multiple quantitative metrics to measure differences between predicted
depth maps and ground truth depth maps from different dimensions. Specifically, this paper uses the
following four core metrics:

1) RMSE: RMSE is the square root of the average of squared errors, consistent with the original
depth unit, facilitating intuitive comparison of absolute error levels between different methods. Its
calculation formula is as follows:

RMSE = \/1 Y |d—ax? (17)

‘D|deD

2) MAE: MAE directly computes the average of absolute differences between predicted depth and
ground truth depth, intuitively reflecting the absolute magnitude of prediction errors. Its calculation
formula is as follows:

MAE = - Y |d— d*| (18)

|D‘ deD

3) REL: REL measures the relative difference between predicted depth and ground truth depth,
reflecting the accuracy of prediction results on a relative scale. Its calculation formula is:

|d —d7|
d*

REL:LZ

19)
|D| deD

4) Threshold Accuracy: This metric computes the proportion of pixels where the maximum
ratio between predicted depth and ground truth depth is less than a given threshold J, reflecting
the accuracy of prediction results within a specific tolerance range. This paper uses three common
thresholds ¢ = 1.05,1.10,1.25 for evaluation, with the judgment condition being:

d d*
max(d*,d> <6 (20)

where 01 05, 61.10, and 1 5 represent the proportion of pixels with prediction errors within 5%, 10%,
and 25% ranges, respectively.

Considering that transparent object depth datasets contain large invalid depth regions caused by
refraction and reflection, this paper uses valid pixel masks in the computation of all the above metrics,
only counting results within mask-covered regions to ensure fairness and comparability of evaluation.

The above metrics comprehensively evaluate the performance of depth completion algorithms
from different dimensions: RMSE emphasizes overall deviation at the squared error level, MAE reflects
absolute error level, REL reflects relative error, and threshold accuracy characterizes robustness within
different tolerance ranges. This multi-dimensional evaluation system can comprehensively reflect the
comprehensive performance of ADDFNet in transparent object depth completion tasks.

4.4. Ablation Studies

To verify the effectiveness of each core design in the ADDFNet network proposed in this paper,
we systematically studied the combination schemes and performance contributions of MDAM (con-
taining DEDM and DSCA sub-components) and CMFR. By gradually removing or replacing these key
components, we deeply analyzed the roles and synergistic effects of sub-components within MDAM
and cross-modal fusion mechanisms in transparent object depth completion tasks, thereby providing
empirical basis for the optimization design of network architecture.
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4.4.1. Overall Experiments

As shown in Figure 4, we quantitatively evaluate the contribution of each module through
ablation studies.

1) Baseline Model: We removed the core innovative modules from the ADDFNet network,
retaining only the basic encoder-decoder architecture, referred to as the baseline model.

2) Baseline Model + Dilated Convolution Module: To verify the effectiveness of MDAM, we
introduced a dilated convolution module for comparison in the second experiment, with its parameter
scale kept consistent with MDAM to ensure fair evaluation.

3) Baseline Model + MDAM: The third experiment adds MDAM to the baseline model configu-
ration, containing DEDM, the DSCA unit, and feature projection mapping components.

4) Baseline Model + MDAM + CMFR: The fourth experimental variant further introduces the
CMFR module on top of MDAM to enhance cross-modal feature information interaction capability.

Encoder Encoder Encoder Encoder

Dilated
Conv b D@

s

=

©
Decc@ Decoder @oder

Mm (@) @) )

Figure 4. Overall arrangement of ablation study results.

To ensure fairness, all four modules replace the corresponding components in the backbone
network.

To maintain consistency of experimental conditions and ensure fair comparison, all ablation
studies are trained and tested on the TransCG dataset [17], using the same preprocessing pipeline, data
augmentation strategies, and evaluation metrics as the main experiments. In terms of training settings,
all models adopt the same optimization strategy as the main experiments: training with the Adam
optimizer for 100K iterations, initial learning rate set to 1 x 103, using a multi-step learning rate decay
strategy, decaying the learning rate by a factor of 0.2 at 12.5%, 37.5%, 62.5%, and 87.5% of the total
iteration process. Batch size is fixed at 16, and input image resolution is uniformly adjusted to 320x240
pixels. Under this unified training paradigm, performance comparisons between configurations
can more objectively reflect the independent contributions and synergistic effects of each module,
providing strong empirical basis for the rationality of network architecture design. It should be noted
that for rapid testing, this section’s experiments only conducted 100K iterations of training, so related
results will be slightly lower than data obtained with more sufficient training settings in comparison
experiment tables.

To provide an intuitive comparison of visual differences across configurations, Figure 5 presents
qualitative ablation results, while quantitative metrics are summarized in Table 1. When only the basic
encoder-decoder architecture is retained, the model obtains an RMSE of 0.055, indicating limited ability
to capture fine contour details of transparent objects. After introducing a dilated convolution module
into the baseline, the RMSE decreases to 0.043, showing moderate improvement but still inferior
to the MDAM-based design. The Baseline + MDAM configuration further reduces RMSE to 0.040,
demonstrating clear advantages. The MDAM module explicitly extracts spatial gradient cues through
multi-directional differential convolution, and its internal DEDM and DSCA sub-components collab-
oratively perform local detail enhancement and global context modeling. Progressive comparisons
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of predicted depth maps clearly show that, compared with the baseline and the Baseline + Dilated
Conv variant, introducing MDAM significantly improves the recovery of edge details and contour
structures for transparent objects (e.g., syringes and plastic bottles), producing object shapes that better
match real scenes and confirming the key role of MDAM in transparent-edge perception. Building
on this, adding the cross-modal feature refinement (CMFR) module further aligns fine-grained depth
details and regional depth consistency with ground truth (GT). The quantitative results also confirm
this gain: the Baseline + MDAM + CMER setting further reduces RMSE to 0.037. This indicates that the
proposed adaptive fusion mechanism effectively suppresses feature degradation and strengthens the
synergy among multiple information sources, including raw inputs, differential features, and attention
features, thereby further improving depth estimation accuracy. Overall, the ablation study demon-
strates strong complementarity among ADDFNet components: 1) as the core feature extraction unit,
MDAM (with DEDM and DSCA) specifically enhances edge perception for transparent objects through
multi-directional differential enhancement and dynamic-static attention collaboration, alleviating
blurred boundaries and depth distortion; 2) CMFR optimizes the integration ratio among raw-input,
differential, and attention features for efficient multimodal fusion, further improving robustness and
precision. These qualitative and quantitative findings jointly validate the effectiveness of the proposed
ADDEFNet architecture.

l N N N N
T

base Dilated Conv MDAM MDAM+CMFR

Figure 5. Qualitative analysis of ablation studies.

Table 1. Results of ablation studies on the TransCG dataset.

. . Metrics
Configuration
RMSE| REL|{ MAE| 61051 d1100T 61257
Baseline 0.055 0.080  0.040 5542 7114  85.37
Baseline + Dilated Conv 0.043 0.061 0.028 6890 8620 91.24
Baseline + MDAM 0.040 0.056 0.025 7390 89.50 98.30

Baseline + MDAM + CMFR  0.037  0.052 0.022 7720 91.80 98.60

4.4.2. Effectiveness of DEDM Sub-Component in MDAM

To verify the key role of DEDM, the differential enhancement sub-component within MDAM, in
transparent object depth completion tasks, we conducted comparative analysis with various feature
extraction modules with similar functional positioning. As shown in Table 2, while keeping other
components of MDAM unchanged, we replaced DEDM with Fast Depth Completion for Transparent
Objects [52], Transparent Object Depth Estimation with Transformer [53], Deformable Convolution for
Depth Completion [54], and Visual Attention Network [55]. Experimental results show that DEDM,
as a sub-component of MDAM, demonstrates significant advantages in all key metrics. To visually
demonstrate the visual differences between configurations, Figure 6 provides qualitative analysis
results of ablation studies.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1051.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 April 2026 d0i:10.20944/preprints202604.1051.v1

16 of 23

Table 2. Comparative ablation study of DEDM sub-component within MDAM and similar functional modules.

Performance Metrics
RMSE| REL/| MAE] d105 T d110 T 0125 T

Module Configuration

DEDM 0.037 0.052 0.022 77.20 91.80 98.60
DEDM — FDCT [52] 0.046 0.065 0.030 68.50 85.20 97.50
DEDM — TODE-Trans [53] 0.045 0.064 0.029 69.60 86.00 97.70
DEDM — DCDC [54] 0.049 0.068 0.032 66.20 83.90 97.20
DEDM — VAN [55] 0.053 0.073 0.035 63.10 81.50 96.80

] & », & . » o » ‘ ! g ‘
: , onC A GT

RGB Input DEDM FDCT TODE DCDC

Figure 6. DEDM ablation study.

Specifically, when using Fast Depth Completion Network (FDCT) to replace DEDM, the model’s
RMSE is 0.046; Transparent Object Depth Estimation with Transformer (TODE-Trans) has an RMSE of
0.045. While both show some improvement, they still lag significantly behind DEDM. The Deformable
Convolution for Depth Completion Module (DCDC) has an RMSE of 0.049, with its deformable
convolution kernel having large computational overhead and limited stability. The Visual Attention
Network (VAN) further increases RMSE to 0.053, with more obvious error accumulation in complex
refraction and reflection scenes.

In contrast, the DEDM module achieves an RMSE of 0.037, demonstrating optimal performance.
This advantage mainly stems from the dual design philosophy of DEDM: 1) Adaptively extracting
spatial gradient information through learnable multi-directional differential convolution, achieving
precise perception of transparent object edges; 2) Adopting a differential feature enhancement mech-
anism to strengthen the representation capability of gradient information at multiple scales. These
results fully verify the effectiveness and superiority of DEDM in transparent object depth completion
tasks, with its differential enhancement mechanism providing key technical support for handling
visual perception problems with sparse edges susceptible to background interference.

4.4.3. Effectiveness of DSCA Sub-component in MDAM

To evaluate the DSCA sub-component within MDAM in transparent object depth completion
tasks, we conducted comparative analysis with various attention mechanisms with similar functional
positioning. As shown in Table 3, while keeping other components of MDAM unchanged, we replaced
DSCA with Dynamic Convolution [37], Large Kernel Attention Module [41], Visual Attention Network
[55], and Edge-Aware Spatial Propagation Network [56]. Experimental results show that DSCA, as
a sub-component of MDAM, demonstrates significant advantages in all key metrics. To visually
demonstrate the visual differences between configurations, Figure 7 provides qualitative analysis
results of ablation studies.
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Table 3. Comparative ablation study of DSCA sub-component within MDAM and similar functional modules.

Performance Metrics

Module Configuration

RMSE| REL| MAE] 0105 1 0110 T 0125 1
DSCA 0.037 0.052 0.022 77.20 91.80 98.60
DSCA — DC [37] 0.054 0.074 0.035 62.80 80.90 96.50
DSCA — LKA [41] 0.051 0.071 0.033 64.60 82.50 96.90
DSCA — VAN [55] 0.046 0.065 0.030 68.90 85.80 97.60
DSCA — EASP [56] 0.048 0.067 0.031 67.00 84.30 97.30

Figure 7. DSCA ablation study.

Specifically, when using Dynamic Convolution to replace DSCA, the model’s RMSE is 0.054,
showing the most obvious error increase, indicating insufficient robustness of early dynamic attention
schemes in this task. The Large Kernel Attention Module has an RMSE of 0.051, showing improvement
over early methods but still limited by static weights. The Visual Attention Network has an RMSE of
0.046, performing best among comparison methods but with higher computational complexity. The
Edge-Aware Spatial Propagation Network has an RMSE of 0.048, still struggling to balance efficiency
and accuracy.

Comprehensive comparative analysis shows that the DSCA module demonstrates excellent
performance advantages in transparent object depth completion tasks, achieving an RMSE of 0.037,
significantly outperforming other comparison methods. This performance advantage can be attributed
to multiple innovations in the architectural design of the DSCA module:

First, DSCA adopts a dual-path design strategy of dynamic-static fusion, effectively balancing the
needs of global modeling and local adaptation. The static large-kernel convolution branch provides
stable long-range spatial interaction through fixed weights, ensuring coherent modeling of the overall
geometric structure of transparent objects; while the dynamic depth convolution branch adaptively
adjusts local response weights according to input features, achieving refined enhancement of object
boundaries and internal details. This dual-path collaborative mechanism overcomes the limitations of
single dynamic or static methods.

Second, DSCA achieves maximization of feature representation capability while ensuring compu-
tational efficiency through a lightweight architecture design of "channel splitting - parallel enhancement
- feature recombination”. The channel splitting strategy decomposes the feature flow into multiple sub-
spaces, allowing different branches to focus on specific feature dimensions; the parallel enhancement
mechanism enables static and dynamic paths to independently optimize their respective modeling ca-
pabilities; feature recombination achieves integration of complementary advantages through cross-path
information fusion.

Experimental results show that the dynamic-static fusion mechanism of DSCA provides an
effective solution for handling transparent object depth completion, a visual perception problem with
spatial heterogeneity and background interference characteristics. Its design philosophy not only
demonstrates superiority in this task but also provides valuable reference for network architecture
design in other similar complex visual tasks.
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4.5. Comparison with SOTA Methods

In this section, based on the ClearPose and TransCG datasets, we conduct systematic comparative
analysis between the proposed ADDFNet and other transparent object depth completion networks.
Evaluation methods cover classic depth completion and transparent object-specific models, including
Deep Depth Completion [19], NLSPN [23], Sparse-to-Dense [18], DistillGrasp [15], DualTransNet [29],
and RGB-D Local Implicit Function [26]. Experimental evaluation uses ADDFNet as the baseline model.
To ensure the credibility and consistency of comparison results, we adopt the following processing
strategies for different benchmark methods: prioritize using officially released code and evaluation
results for comparison; for algorithms lacking public implementations, retrain based on the same
training data and experimental parameters to ensure fairness.

1) Quantitative Analysis: As shown in Table 4 and Table 5, ADDFNet demonstrates signifi-
cant performance advantages on both ClearPose and TransCG datasets. On the TransCG dataset,
ADDFNet’s RMSE is 0.029, a 19.44% decrease compared to the second-best method RGB-D Local
Implicit Function [26] (RMSE=0.036); on the ClearPose dataset, ADDFNet’s RMSE is 0.110, a 20.29%
decrease compared to the second-best method DualTransNet [29] (RMSE=0.138). Simultaneously,
ADDFNet also achieves optimal results in the three threshold accuracy metrics d1 o5, 61,10, and 61 25,
indicating that this method has better stability in transparent object edge and structure recovery.

Furthermore, the differences in improvement between the two datasets are closely related to
their data distribution characteristics. Although relative reduction percentages are similar (19.44% vs.
20.29%), the absolute error reduction on ClearPose is larger (0.028 vs. 0.007). The main reason is that
ClearPose adopts a "synthetic-real hybrid" construction with a smaller scale of real samples, resulting
in more obvious domain appearance and noise statistical differences, causing baseline methods to be
more prone to error accumulation in edge refraction regions; ADDFNet is more robust to such cross-
domain disturbances through multi-directional differential enhancement and geometric consistency
constraints, thus obtaining more significant absolute benefits. In contrast, the TransCG dataset has a
larger scale and more comprehensive real scene coverage, with higher baseline performance for all
methods, so improvements mainly manifest as stable optimization in low-error intervals.

Table 4. Performance on TransCG dataset.

Method RMSE\L REL\L MAEJ, (51.05 T (51.10 T (51.25 T
DeepDepthCompletion [19]  0.045  0.062 0.035 6250 83.80 97.20
NLSPN [23] 0.041 0.058 0.031 66.25 8590 96.60
Sparse-to-Dense [18] 0.047 0.064 0.037 6180 8450 97.10
DistillGrasp [15] 0.038 0.056 0.027 7040 89.25 98.40
DualTransNet [29] 0.037 0.055 0.026 7215 90.10 97.55
RGB-D Local Implicit [26] 0.036  0.054 0.024 7325 90.65 98.70
Ours 0.029 0.045 0016 7883 9474 99.15

Table 5. Performance on ClearPose dataset (Heavy occlusion scenario).

Method RMSE| REL|] MAE] 6057 10T d1257T
DeepDepthCompletion [19]  0.175  0.090 0.068 3540 7025 94.85
NLSPN [23] 0.158  0.075 0.055 4720 76.80 96.25
Sparse-to-Dense [18] 0.180 0.092 0.070 3415 69.10 94.60
DistillGrasp [15] 0.142 0.062 0046 5580 8240 97.15
DualTransNet [29] 0.138  0.060 0.044 5890 8395 97.50
RGB-D Local Implicit [26] 0.146 0.064 0.048 5375 8120 96.95
Ours 0.110  0.033 0.028 7633 93.84 98.88

2) Qualitative Analysis: Qualitative visualizations compare DeepDepthCompletion [19], NLSPN
[23], Sparse-to-Dense [18], DistillGrasp [15], DualTransNet [29], RGB-D Local Implicit [26], and our
ADDFNet on the ClearPose and TransCG datasets. Visual comparisons on the TransCG dataset are
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shown in Fig. 8, and those on the ClearPose dataset are shown in Fig. 9. Odd and even rows respectively
present qualitative depth estimation comparisons of transparent objects under different scenes. From
left to right, each sample shows the RGB input, initial depth input, predictions from representative
baselines , the reconstruction result of our method , and the ground-truth depth. By comparing baseline
predictions and GT, it can be directly observed whether our method accurately recovers the geometric
structure and depth variations of transparent objects in standard scenes. Experimental results show
that ADDFNet exhibits clearer boundary recovery and more complete internal detail reconstruction on
both datasets. Consistent with quantitative results in Tables 4 and 5, ADDFNet has obvious advantages
in edge clarity, internal structure completeness, and noise suppression.
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Figure 9. Comparative experiments on the ClearPose dataset (Heavy occlusion scenario).

The performance advantages of ADDFNet can be attributed to multiple innovations in its architec-
tural design, which have been fully verified in the experimental results of Tables 4 and 5: First, MDAM
effectively strengthens the network’s perception capability for fine contours of transparent objects
by explicitly modeling spatial gradient variations. This is directly reflected in ADDFNet’s excellent
performance in the edge-sensitive metric 1 5 , showing significant improvement compared to tradi-
tional methods like DeepDepthCompletion . Compared to RGB-D Local Implicit, ADDFNet performs
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better in edge detail recovery, mainly benefiting from the multi-directional differential enhancement
mechanism of the DEDM sub-component within MDAM, which can more accurately capture gradient
variations at transparent object edges. Second, the DSCA sub-component within MDAM adopts
a dual-path design strategy of dynamic-static fusion, balancing the needs of global modeling and
local adaptation, achieving adaptive modeling of complex depth distributions in transparent regions.
This explains ADDFNet’s leading advantages in RMSE and MAE metrics. Finally, CMFR improves
the robustness of multi-source feature collaborative modeling by recalibrating and enhancing depth
features layer by layer using RGB context during the encoding stage, ensuring stable performance of
ADDFNet across different datasets. The synergistic effect of these innovative mechanisms enables
ADDFNet to achieve stable and consistent performance improvement in transparent object depth
completion tasks, outperforming comparison methods on both challenging TransCG and ClearPose
datasets.

5. Conclusion

This paper addresses the problem of missing depth information for transparent objects. Our pro-
posed ADDFNet network enhances depth completion performance through two key designs: MDAM
and CMFR. As the core feature enhancement module, MDAM achieves local gradient detail reinforce-
ment and global-local adaptive modeling through its internal DEDM and DSCA sub-components,
effectively improving transparent object contour and structure recovery capabilities. CMFR enhances
the efficiency and robustness of multi-source feature fusion by leveraging RGB context to perform
layer-wise enhancement of depth feature representations during the encoding stage. Evaluation results
on the ClearPose and TransCG datasets demonstrate that ADDFNet outperforms comparison methods
on metrics including RMSE, REL, MAE, and threshold accuracy, while exhibiting better stability in
edge recovery and detail reconstruction. It should be noted that the current method still has two
limitations: first, modules such as MDAM introduce additional computational overhead, leaving room
for optimization in deployment efficiency on resource-constrained platforms; second, the model’s
generalization capability still requires further improvement when facing high-curvature, strongly
reflective, or extremely thin transparent structures. Based on these limitations, subsequent work will
focus on lightweight design and robustness enhancement for complex scenarios.

6. Future Work

Addressing the aforementioned limitations, future research will focus on developing lightweight
attention mechanisms to reduce model complexity, exploring geometry-aware data augmentation
techniques to enhance generalization capabilities for diverse transparent shapes and materials, and
validating the method through additional datasets and real robotic platforms to enhance its practicality.
Furthermore, we plan to extend ADDFNet to broader robotic vision tasks, such as transparent object
pose estimation and scene understanding. This will not only help validate the universality and practical
value of our method but also provide broader technical support for related research fields.
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