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Abstract— We propose a novel network for multiview stereo
(MVS) reconstruction in the field of remote sensing, which
considers clustering-based semantic consistency into depth esti-
mation optimization, referred to as CSC-MVS. In this approach,
high-level semantic information acquired from multiple views
is used to construct semantic consistency and assist in guiding
the optimization of the MVS network. Specifically, the nonnega-
tive matrix factorization (NMF) branch and the deep spectral
decomposition (DSD) branch are designed to generate local
and global semantic guidance, respectively. We then propose
an uncertainty multitask optimization method to adaptively
combine matching and semantic metrics. The performance of
CSC-MYVS is evaluated on representative benchmarks, including
the WHU TLC dataset and LuoJia-MVS dataset, demonstrating
its effectiveness and generality across diverse remote sensing
scenarios. Comprehensive experimental results show that our
CSC-MYVS significantly improves the performance of various
MYVS baseline networks and achieves notable accuracy in depth
reconstruction. We also conduct ablation studies to validate the
rationality of each component and sensitivity analysis to confirm
the robustness and adaptability of our proposed method. The
code is available at https://github.com/zsl-whu/csc-mvs.

Index Terms— Clustering algorithm, deep learning, depth
map-based multiview stereo (MVS) reconstruction, remote sens-
ing imagery.

I. INTRODUCTION
A. Background

ULTIVIEW stereo (MVS) aims to recover a dense
representation of a 3-D scene by leveraging multiple
overlapping images and calibrated cameras [1]. In recent
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years, with the advent of deep learning techniques, it has
emerged as a prominent research topic in the intersection of
computer vision and remote sensing [2], [3]. Particularly, deep
learning methods have shown great potential in adapting to
scenes with limited texture information or varying lighting
conditions [4] while also alleviating the time-consuming and
inefficient issues of traditional approaches [5], [6]. Thus,
although reliance on training data is required, the introduc-
tion of deep learning-based MVS techniques for large-scale
terrain reconstruction tasks in remote sensing holds important
significance and research potential [7], [8].

B. Status

In the development of deep learning-based MVS techniques,
benchmarks play an indispensable role [9], [10]. Differing
from computer vision datasets that mainly consist of stable
indoor scenes [11], [12], [13], remote sensing images are
captured from a considerable distance, often measured in
kilometers. The topographic variations within a single image
frame in remote sensing datasets are much larger than those
of desktop objects or specific landscapes [14]. This not only
results in an obvious difference in spatial resolution between
the two types of datasets but also leads to a much larger range
of depth variations in remote sensing MVS datasets compared
to computer vision datasets [6], [15], [16]. Consequently, the
corresponding depth interval scale in remote sensing MVS
datasets is several times greater than the latter (see Fig. 1).
Therefore, directly applying MVS methods originating from
the field of computer vision to large-scale remote sensing 3-D
reconstruction poses notable challenges in terms of feasibility
and accuracy [17].

In the 3-D scene reconstruction algorithms, the methods
based on depth map estimation [18] have gained considerable
attention due to their advantages over methods relying on
voxel [19] or point cloud [20], which often suffer from
memory consumption limitations [21], [22], [23]. MVSNet [4],
the first end-to-end 3-D reconstruction deep learning algorithm
based on depth map estimation, has further spurred research in
this area. It comprises four key modules: 1) feature extraction,
2) 3-D cost volume construction, 3) cost volume regulariza-
tion, and 4) depth estimation.Subsequent to the development
of MVSNet, mainstream MVS networks can be categorized
into two types: noncascade and cascade. Table I follows
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Fig. 1. Comparison of close-range dataset and remote sensing dataset. The
sample reference images above are selected from (a) the DTU dataset [11],
(b) the Tanks and Temples dataset [12], and (c) the LuoJia-MVS dataset [15].
When the number of depth planes is set to 192, the depth intervals for the
close-range images in (a) and (b) are 2.65 and 4.86 mm, respectively, whereas
the depth interval for the remote sensing data in (c) is 12.7 cm.

this grouping structure and summarizes the characteristics,
advantages, and limitations of several state-of-the-art (SOTA)
methods.

C. Motivations

Recent studies have basically followed the framework and
primarily focused on enhancing the initial three modules [29].
Regarding depth estimation, R-MVSNet [5] introduced a
shift from regression to multiclass classification, while
UniMVS [28] proposed an approach to unify the advantages
of regression and classification. Research emphasizing this
crucial module, however, remains relatively scarce; moreover,
although MVSNet-based algorithms have made progress in
close-range scene reconstruction, their applicability in remote
sensing, which involves diverse factors, such as varying res-
olutions, depth ranges, and scales, remains unexplored [15].
Additionally, despite existing improvements leading to an
increase in model complexity and network size [8], [29], the
optimization of depth estimation continues to rely exclusively
on dense matching, presenting inherent challenges to algorith-
mic robustness. To tackle these challenges, this study proposes
a general approach called “CSC-MVS,” designed to robustly
enhance the performance of MVS networks in remote sensing
benchmarks without requiring additional data assistance.

Inspired by the research on photometric consistency filtering
in depth estimation [5], it is believed that the abundant
semantic information present in remote sensing images can
provide valuable assistance in depth estimation [30], [31].
Photometric consistency assumes that corresponding points in
different views should exhibit consistency in terms of bright-
ness and texture [32]; however, this assumption is vulnerable to
factors such as lighting variations, noise, and occlusions [33].
In contrast, semantics, which can represent a more intrinsic
characteristic of images [34], have the potential to guide depth
estimation in a more robust manner [35].
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Fig. 2. Process for establishing semantic consistency and enhancing depth
estimation using NMF and DSD. (a) Mechanism of NMF. (b) Mechanism
of DSD. Blue denotes the semantic map of the reference view, while yellow
and purple, respectively, indicate the local and global semantic maps from the
source view. Discrete polygons and solid-colored blocks represent common
local and global semantics. The shaded regions in the cross-view check images
highlight areas where semantic correspondence is correct.

It is worth noting that under the guidance of semantic
consistency, the construction of appropriate semantic features
becomes necessary [36]. Nonetheless, directly relying on
semantic labels for enhancement is computationally expensive
due to the limitations of the remote sensing data scale [37], and
incorporating an additional semantic segmentation network
branch would further escalate the training cost. Additionally,
how to integrate the constructed semantic features into the
existing MVS algorithm framework is also an important aspect
that requires consideration in this study. Given this context, our
research proposes to use unsupervised clustering to deal with
the above problems.

Fig. 2(a) and (b) illustrate the processes of nonnegative
matrix factorization (NMF) and deep spectral decomposition
(DSD) to achieve semantic consistency from local and global
perspectives, respectively. Each approach begins by extracting
local (or global) semantic maps from the feature matrix derived
from multiview images. The semantic map generated from the
source view is then warped to the reference view based on
the predicted depth values. The similarity between the warped
and the original reference semantic maps, denoted by the
overlap of the two polygons in the shaded area, constitutes
the desired semantic consistency. By enhancing the cross-view
consistency, the predicted depth maps can be improved.

D. Contributions

The main contributions of this article are as follows.

1) In the context of 3-D reconstruction tasks in remote

sensing, CSC-MVS, a semantic enhancement method,
is designed for MVS networks. By combining unsuper-
vised clustering algorithms with MVS networks, both
local and global semantic features have been leveraged
to provide reliable guidance for depth optimization.
To improve the depth estimation module of MVS net-
works, a multitask depth optimization objective has
been proposed. In addition to dense matching, cross-
view semantic consistency has been incorporated in the
form of uncertainty multitask loss, providing benefits for
depth estimation.

2)
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TABLE I
SUMMARY OF THE SEVEN SOTA SUPERVISED LEARNING (TRAINING DATA REQUIRED) MVS NETWORKS
Depth
Model Type Model Name Characteristics Advantages Limitations Estimation
Mode
Based on plane sweeping, depth is | End-to-end 3D reconstructionis | High memory consumption,
MVSNet [4] estimated in a manner like epipolar line | achieved through differentiable | unsuitable for large-scale Regression
search. homography. scenes.
On the basis of MVSNet, a slice-wise Memo consumption s Inferior reconstruction
R-MVSNet [5] recurrent network is  sequentially emory P accuracy and  expensive Classification
- significantly reduced. T
employed for regularization. processing time.
On the basis of R-MVSNet, a dense . .
receptive expansion network is employed Reconstruction  accuracy is Complex network modules
Non-Cascade D2HC- . improved through multi-scale . . . . .
to extract multi-scale features, and the . . with an excessive size of | Classification
RMVSNet [24] o . feature aggregation and rich
regularization approach is further refined contextual mformation parameters.
into a hybrid recurrent network. )
On the baSIS of R-MVSNet,_ deformable Reconstruction  quality — of | Adaptive aggregation layers
convolutional kernels are incorporated . . . .
AA-RMVSNet . challenging areas like low | may lead to insufficient . .
for multi-scale texture features, and an . . . . . Classification
[25] . . A texture and occlusions is | matching information and
adaptive aggregation layer is introduced enhanced model underfitting
for cost volume construction. ) &
A feature p}{ram1d network is utilized to | Low memory cost, adaptablfe to Cascaded structure
extract multi-scale features, and cascade | large-scale  scenes,  high-
Cas-MVSNet X . dependence on  coarse .
[26] cost volumes are constructed to gradually | resolution and high-accuracy redictions otentiall Regression
narrow the depth range for coarse-to-fine | depth estimation and Eccumulati;l . errorls) Y
depth prediction. reconstruction is achieved. & ’
Cascade Based on variance uncertainty, adaptive Reconstruction r.esolutlon and | Variance-based strategy
. accuracy are improved by | overlooks overall probability .
UCSNet [27] layers are constructed to adjust depth . R . . Regression
L flexible depth plane | distribution, resulting in
planes and refine depth estimation. L . Lo
partitioning. incomplete depth estimation.
. . . Cost  volumes are directly | Heavily rely on classification,
. Classification and  regression are . . . . . . . .
UniMVS [28] . LS constrained while sub-pixel | resulting in accumulating Unification
combined for deep prediction. . .
accuracy is also achieved. eITOorS.

3) Extensive experiments on unmanned aerial vehicles
(UAVs) and satellite remote sensing datasets have been
conducted to compare the performance of the afore-
mentioned SOTA networks with our CSC-MVS. The
results indicate that the proposed network consistently
outperforms other networks in remote sensing 3-D
reconstruction tasks.

II. RELATED WORK
A. MVS Networks Based on Depth Map

The MVS network series revolves around the concept of
plane sweeping [38]. As shown in Fig. 3, this method divides
the given depth range into N, parallel planes. Assuming a
sufficiently dense distribution of planes, the true depth value
of a point O on the surface of a spatial object must locate
on one of the planes, D;. Under ideal circumstances, point
O should exhibit color consistency across different view
images. In other words, if the correct depth value D; is
employed to project images from alternative views onto the
reference view, there should be minimal or no difference at
the corresponding pixel of point O. By evaluating N, depths
to construct pixel-level matching costs and selecting the plane
depth value that achieves the best match for each pixel, the
depth map of the scene can be obtained. Thus, the MVS
networks design the following four modules to enable the end-
to-end 3-D reconstruction.

1) Feature Extraction: To ensure the efficiency of the dense
matching task, the MVS algorithm series first uses a 2-D
convolutional neural network (CNN) structure to extract deep

Cam e
Cam2e-..

Cam3 e

Fig. 3. Schematic illustrates the principle of plane-sweeping method.

features. The input consists of N multiview RGB images
{IYY, (where I; € RI*WxCry which would be spatially
downsampled in this module, resulting in N Cp-channel
feature maps {F;}Y,, where F; e RH>*WXCr Tn MVS-
Net [4], the downsampling reduces the spatial dimensions
to H = H/4 and W = W/4. Subsequent improvements
in the MVS network are designed from various perspectives,
such as preserving spatial details by reducing downsampling
operations [39], aggregating multiscale information through
dense connections, expanding the spatial receptive field [24],
or introducing attention mechanisms within views [25]. These
improvements, however, often require the introduction of
additional network modules or model parameters.

2) 3-D cost Volume Construction: In the principle of plane
sweeping [38], an important step involves performing geomet-
ric projection using the corresponding depth values to achieve
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the warping of feature maps from the source view plane to
the reference view plane. For datasets that provide camera
intrinsic and extrinsic parameters, a differentiable homography
transformation [40] is employed to achieve this process. The
transformation can be represented as x'~H;(d)-x, where “~”
denotes the warping equation and H;(d)€R**3 represents the
homography matrix between the ith source view feature maps
and the reference view at depth d; however, for satellite images
that deviate from the pinhole imaging model, an RPC warping
based on a rational polynomial coefficients model will be
used [16]. Similarly, this transformation can be expressed as
x'~RPC™ (h)-RPC™ (h)-x, where RPC™¢(h) and RPC™ (h),
respectively, denote the forward and inverse warping processes
between the world coordinate system points and the image
coordinate system points at a ground height & (referred to as
depth in the following text, conceptually similar to depth).

By employing the aforementioned transformations, the
obtained feature maps {F;}Y, are densely projected onto the
reference view geometry based on N, parallel depth planes,
leading to the generation of feature volumes {V,-}lN: , that are
used to construct the cost volume, where V; € R *W'xNaxCr
Then, to accommodate arbitrary numbers of input views, the
model uses a variance-based cost metric to explicitly measure
the matching similarity, thus aggregating the feature volumes
into a cost volume C:

S (v - V)
N

where V represents the average volume of the feature volumes.

MVSNet performs a single cost volume construction to
obtain representations on the given N, parallel depth planes,
while subsequent research aims to optimize the cost volumes
in a cascaded form [26], [41], [27]. This construction process
typically relies on a feature pyramid with increasing scales.
In the initial stage, low-resolution cost volumes are generated
using low-scale features to estimate coarse depth maps. At this
time, the depth planes cover the entire range uniformly, while
as the resolution of the cost volumes increases, the subsequent
depth range is gradually narrowed based on the predictions
from the previous stage, resulting in depth maps of improved
quality. Various methods can be used to refine the depth
planes, including depth range sampling [26], depth estimation
interpolation [41], and adaptive selection of intervals based
on the variance uncertainty of the predictions [27]. These
methods gradually partition the vast spatial extent of the scene
by enhancing the accuracy and resolution of depth maps,
enabling a complete depth reconstruction from coarse to fine.
In terms of accuracy, considering the progressive relationship
in the cascade, it is crucial to ensure the compatibility of the
first-stage resolution with the scale of the scene.

3) Cost Volume Regularization: Next, the obtained cost
volume is fed into a regularization module for optimization,
aiming to mitigate initial noise from occlusions or nonsmooth
surfaces. Initially, a multiscale 3-D UNet [42] network is
employed in this module, using a four-level encoder—decoder
structure to aggregate neighborhood information within a large
receptive field. Upon the aggregation of the cost volume
C € RHXWxNaxCr gt each level, a following single-layer

C= (D
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convolution and softmax normalization along the depth dimen-
sion compress it into a single-channel probability volume
P e RH>WxNa This transformation allows the representa-
tion to be converted into the probability space of the depth
planes, facilitating the subsequent depth prediction. Likewise,
subsequent MVS networks have also introduced innovations
in this section. For instance, recurrent regularization [5] treats
the cost space as a concatenation of multiple depth planes and
leverages recurrent neural networks [43], [44] to sequentially
process the cost volume along the depth dimension. The
sequential and recursive nature of this recurrent approach
reduces memory consumption, rendering the model suitable
for large-scale scene reconstruction.

4) Depth Estimation: To recover subpixel depth maps from
the probability volume, most MVS networks use a technique
called “soft argmin” in this module for prediction. Specifically,
after obtaining the probability volume, the model calculates the
expectation along the depth dimension, which corresponds to
the weighted sum of the assumed depth values:

dmax

D= > dxPW)

d=dnin

)

where P(d) represents the probability estimation at depth d.
This computation enables the generation of continuous depth
predictions, and the resulting depth map D has the same
dimensions as the 2-D feature maps {F;}" ,. After resampling
to the original size, the depth map is further optimized by
applying the £;-norm loss on the depth-valid pixels.

In addition, certain models also employ the winner-take-all
principle for depth prediction [5], [24], [25]; however, regard-
less of the specific computational approach, the optimization
of depth estimation is consistently built upon the matching
information. By relying solely on this constraint, the network
must learn complex and extensive weight combinations, which
introduces a potential risk of overfitting. In cases where the
constraint originates from a single source, the difficulty of
the model to resist noise and achieve accurate convergence,
furthermore, increases, particularly in the context of remote
sensing scenes with wider depth ranges and larger depth
intervals.

It is evident that numerous studies have attempted to
enhance the performance based on the seminal work of
MVSNet [4], by modifying one or several modules among
the four aspects mentioned above. The adjustment of the depth
estimation module, in terms of the diversity of implementation
methods and compatibility with different scenes, however,
still requires further optimization. In this study, we propose
CSC-MVS, an improved strategy for depth estimation through
multitask optimization, aiming to enhance the model’s adapt-
ability to remote sensing scenarios.

B. Consistency Guidance

In recent years, several studies have explored the integration
of consistency principles into multiview systems for assis-
tance [45], [46]. Photometric consistency commonly assumes
that corresponding pixels in different views share identical
brightness and texture properties [32], [47], and similarly,
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Light Condition

Reflection

Fig. 4. Challenges that the photometric consistency assumption may
encounter in the field of remote sensing. (a) Center view image. (b) Side
view image.

cross-view consistency [48] and normal-depth consistency [49]
focus on the pixels that have undergone cross-view projection
or geometric transformations; however, the aforementioned
methods generally suffer from the limitation that pixel-level
matching assumptions encounter texture scarcity issues caused
by practical factors such as illumination, noise, and occlusion,
thereby failing to provide robust supervision signals [33]. This
triggers significant challenges, especially for remote sensing
data involving more complex scenes. For instance, as shown in
Fig. 4, a comparison of images depicting exposed mountain-
ous terrain from different views reveals cases where certain
mountain folds do not align completely due to limitations,
such as shadow occlusion or varying lighting conditions.
Additionally, certain objects like mountaintop plateaus also
exhibit differences in color and brightness among different
views due to variations in reflection.

Confronting these challenges, it is natural to contemplate
the idea of elevating pixel-level matching assumptions to a
more abstract perceptual level, as the deep latent information
embedded within images may overcome these limitations to
some extent. Simultaneously, the abundant semantic informa-
tion in remote sensing imagery provides a clear direction for
exploring this approach. Based on this motivation, the concept
of consistency can be extended from the pixel level to the
feature level.

Inspired by the above insights, this study proposes CSC-
MYVS, which seeks breakthroughs in the depth estimation
module by establishing consistency guidance at a higher-level
semantic context. Subsequently, this guidance is seamlessly
incorporated into the depth constraints through a multitask
optimization objective, thereby facilitating comprehensive per-
formance improvements in the MVS network.

III. METHODS

CSC-MVS serves as a general improvement strategy appli-
cable to the majority of current deep learning-based MVS
algorithms, enabling seamless integration with any MVS net-
work by introducing additional branches. To strike a balance
between the reliability of semantic consistency and data depen-
dency, we establish branches in both global and local aspects
and adopt appropriate clustering methods for each. These
branches are connected after a pretrained VGG feature extrac-
tor [50] to exploit underlying semantics; furthermore, when

5612816

incorporating the extracted semantics into the optimization
objective, we adopt an uncertainty multitask loss [51] to ensure
the plug-and-play and lightweight nature of our method. The
overall architecture of CSC-MVS is illustrated in Fig. 5, and
the individual branches will be discussed in detail in this
section.

A. Depth Estimation Network Backbone

In theory, CSC-MVS can be combined with any network
in the MVS series, and here, we take the classic model
MVSNet [4] as a representative example. The pipeline diagram
is shown at the bottom of Fig. 5, where a single reference
view image and N — 1 source view images are fed into the
network. The MVS backbone network then performs feature
extraction and uses geometrical parameters to construct a
matching cost volume, which is subsequently regularized to
estimate an initial depth map of the reference view image.

B. Nonnegative Matrix Factorization (NMF) Local
Semantic-Supervised Branch

NMF [52] has gained considerable attention for its inter-
pretability in analyzing matrix data [53]. Recently, it has
been observed that combining NMF with CNNs can capture
local semantic correspondences in the feature space [54].
Inspired by this, we introduce the NMF algorithm to
acquire semantics from different views and propose the local
semantic-supervised branch that exploits the cross-view con-
sistency to assist in optimizing depth estimation. In this
section, we begin by explaining the fundamental principles
of NMF.

According to the theory of NMF [52], any nonnegative
matrix A € RP*" can be decomposed into the product of
two nonnegative matrices B € R7** and Q € R¥**", such
that A ~ BQ. The matrix B is known as the basis matrix,
while the matrix Q is referred to as the coefficient matrix.
In the case where the matrix Q is subject to the orthonormal
constraint QQT = I, the Frobenius norm can be achieved by
minimizing the following error function [55]:

|A —BQJ%,s. t. B,Q > 0. (3)

It is apparent that the decomposed matrix B can be effectively
used to approximate matrix A. The dimension K; of B,
defined as the predefined rank in this approximation process,
can also be interpreted as the number of semantic clusters from
a clustering perspective.

Under the assumptions of nonnegativity and orthonormal
constraints, NMF provides an approximation of the original
matrix A as a weighted mapping constructed from K; basis
vectors, which are the column vectors of the basis matrix
B [53]. In this context, the matrix B contains the semantic
information of K; clustering objects, and they are linearly
independent of each other [56]. This additive combination
representation based on the basis vectors possesses a more
intuitive semantic meaning. Its fundamental idea of “local
components forming the whole” distinguishes it from partial
clustering methods that solely obtain image representations.
Meanwhile, this approach enables the exploration of local
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Fig. 5. Overall architecture of the proposed CSC-MVS method consists of three components arranged from top to bottom: the NMF local branch (see Fig. 6),
the DSD global branch (see Fig. 7), and the MVS network backbone. Through the differentiable homography warping on the right, the information in the
semantic maps will be integrated with the depth map. Then, these components are connected by the final uncertainty multitask loss module.
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Fig. 6. Structure of the NMF local semantic-supervised branch. The italic
letters next to the feature maps or matrices indicate their respective shapes.
The different colors in the semantic maps SL represent different semantic
classes.

semantic objects corresponding across different views while
minimizing the optimization cost. As illustrated in the obtained
semantic maps in Fig. 6, the NMF algorithm demonstrates
the ability to recognize and differentiate local entities in the
original image, capturing the positional variations of objects
across multiple views.

Building upon the NMF decomposition of the original
images, its feature space enables the discovery of deeper
semantic features [54]. Considering the high data costs and
complex application scenarios in the remote sensing field for
MYVS tasks, we combine the selected feature extractor with
the NMF algorithm. This results in the formation of our local
semantic-supervised module, which can capture deep semantic
similarities across multiple views in an unsupervised way

and thus generate constraints for optimizing depth estimation
through cross-view warping. Based on this, we establish the
architecture of this branch. As shown in Fig. 6, we first apply
a pretrained VGG network [50] to perform feature extraction
on the multiview images {I;}Y,, where [; € RH*WxCi
Subsequently, to extract pixel-level semantic information, the
obtained feature maps are connected and flattened and then
subjected to NMF in the form of an NHW x C; matrix
A, resulting in an NHW x K; matrix B. By reshaping
the matrix B, we obtain N local semantic maps S; of size
H x W x K| corresponding to the multiple views, which are
used for cross-view consistency guidance.

C. Deep Spectral Decomposition (DSD) Global
Semantic-Supervised Branch

To further enhance CSC-MVS, we incorporate a global
clustering-based method that complies with cross-view cor-
respondences. Research on graph theory has demonstrated
that the global properties of a graph are closely related to
the eigenvalues and eigenvectors of its Laplacian matrix [57],
[58], [59]. Leveraging this correlation, previous studies have
used spectral decomposition algorithms to assist unsupervised
semantic localization and segmentation [60]. Motivated by
these findings, we introduce the DSD algorithm positioned
after the VGG feature extractor, thus proposing a module
that enables the extraction of multiview global semantics
and leverages their consistency to form constraints for depth
estimation.
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The symbol “+” in the middle refers to element-wise addition after weighting
the two matrices. The different colors in the semantic maps SG represent
different semantic classes.

In graph theory [57], a weighted undirected graph G =
(V, E) is first used to represent the input image for segmenta-
tion, where the vertices V' correspond to the image pixels and
the edges E capture the connections between adjacent pixels
v; and v;. The weight y(v;v;) that assigned to each edge
quantifies the neighborhood similarity of pixels in terms of
grayscale, color, or texture, forming the G’s adjacency matrix
Y = {y(viv;) : viv; € E}. The weighted degree matrix Z
is obtained by summing the rows of the adjacency matrix
Y, with the diagonal elements containing the sum of edge
weights associated with each vertex (i.e., each pixel). Then,
the normalized Laplacian matrix of the graph is defined as
follows:

L=27"Y%zZ-Y)Z7'>. 4)

By performing the spectral decomposition on the obtained
Laplacian matrix, the crucial eigenvalues and eigenvectors can
be derived.

The principle of graph cut dictates that the optimal segmen-
tation of an image should follow the criterion of maximizing
the similarity within each segmented region while minimizing
the similarity between different regions [61]. Meanwhile, the
previous works of Donath and Hoffman [62] and Fiedler [63]
have confirmed that the eigenvectors of the graph Laplacian
operator yield the globally minimal energy graph partitioning.
As a result, the semantic map based on graph cut is no longer
characterized by independent and discrete blocks but rather
exhibits a more comprehensive representation of the image
content (see Fig. 7).

Based on the principles described above, we have devised
the DSD global semantic-supervised branch, as illustrated in
Fig. 7. First, the multiview feature maps denoted as Fygg are
extracted using a pretrained VGG network [50]. Next, it is
necessary to construct an appropriate Y matrix. To fully use
multilevel information, we opt to aggregate the color-space
adjacency matrix Y¢ derived from the multiview images, with
the feature adjacency matrix Yr computed from the obtained
feature maps (i.e., Y = Y¢ + Yp).

In the first step, we integrate the color information and
spatial location attributes of the original image using the
K-nearest neighbors (KNNs) algorithm [64]. For each pixel
i in the multiview images, its feature vector in the HSV color
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space is defined as follows:
X (i) = (cos(h), sin(h), s, v, x, y). 5)

Here, (h, s, v) and (x, y) correspond to the HSV coordinates
and spatial coordinates of pixel i, respectively. Let j be the
neighboring pixel of i, the color-space adjacency matrix Y¢
of the original image can be obtained by considering the
pixel-level KNN of the feature vectors:

Ye=1—-[X@0 =Xl i€KNN(). (6)

Subsequently, following the approach in [60], we aggregate
the positive self-correlations of Fygg (i.e., Fyvgo FJGG> 0)
and calculate the feature adjacency matrix Yy using the inner
product:

Yr = FyocFyge © (FvaeFyge > 0). (N

Finally, the adjacency matrix Y used for computing the
Laplacian matrix and performing spectral decomposition is
obtained by weighted adding the above two matrices.

After obtaining the adjacency matrix Y, we proceed to
compute the multilevel Laplacian matrix L that integrates
low-level color and deep features using (4). By applying
spectral decomposition on matrix L, the eigenvectors corre-
sponding to the top K¢ positive real-valued eigenvalues are
extracted. Similar to Sy, these eigenvectors are reshaped to
obtain the multiview global semantic maps {S}_,, which can

also be used for consistency guidance and Sj; € R¥*W>K¢,

D. Depth Estimation Optimization and Uncertainty Multitask
Method

Different from the direct supervision of depth by the MVS
framework, the semantic-supervised branch assists depth opti-
mization from the perspective of view consistency. When the
depth values estimated by the backbone network are suffi-
ciently accurate, the semantic features after projection from
source views, should be consistent with that of the reference
view. This implies that the cross-view consistency of the
semantic map is positively correlated with the accuracy of the
depth map. Therefore, we propose two semantic-supervised
modules specifically designed for the remote sensing field
to establish cross-view consistency in both global and local
directions, achieving multiple optimizations for depth estima-
tion. The specific optimization objectives include: 1) depth
estimation constraint based on matching information and 2)
global and local semantic consistency constraints. After con-
structing these two optimization tasks, we further design:
3) an uncertainty-based multitask weighting method [51] to
organically combine the semantic consistency loss with the
depth estimation loss. The details are presented below.

1) Depth Estimation Constraint: For the depth estimation
loss, we take the case of MVSNet [4] as the backbone network
and provide its computation formula as follows:

Log= ) lld(p)—d(p)l. ®)
PE Py,

Here, p refgrs to the depth-valid pixel in the reference view,
d(p) and d(p) represent the ground truth value and the
estimated value of the corresponding depth, respectively.
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2) Global and Local Semantic Consistency Constraints:
Based on the depth estimation, given the predicted depth
value c?(p), we consider p’ as the pixel in source view i
corresponding to p. The semantic map S;"“(p’) on p’ can be
projected to the corresponding pixel p in the reference view
through homography warping or RPC warping, which can be
expressed as:

S (p) ~ 87 (p'). ©)

Subsequently, the semantic consistency discrepancy is mea-
sured by the cross-entropy loss between the reference view’s
semantic map S*!(p) and the warped S; " (p) on depth-valid
pixels. For semantic consistency constraints, the calculation
formulas for the global loss Lgc and local loss L& can be
summarized as:

' N
Léc = Z

i=2

Z f Sref (p) log( S (P))

PeEM;
J €{G, L}

IIM Il
(10)

where M; represents the mask for valid pixels, and the function
f () denotes one-hot encoding for S{ef( p).

3) Uncertainty Multitask Method: Through the above calcu-
lation formulas, we obtain three reliable losses: Lpg, LSGC, and
LL-; however, a key issue arises: how to appropriately measure
the relative influences of the MVS backbone, global semantic
branch, and local semantic branch on depth optimization.
Manual tuning to discover the optimal weight distribution
is time-consuming and laborious. To address this issue and
enable flexible allocation of the optimization functions in a
multitask form, this study introduces the use of an uncertainty
parameter o to achieve adaptive assignment of the weights for
the three losses.

Specifically, we propose a weighted loss function based on
task uncertainty, enabling the convenient and efficient dynamic
update of the overall network parameters. The formula is
defined as:

3

Loss = Z(wil‘i + ).
i=1

(1)

Here, w; and r; represent the weight and regularization term
of the corresponding loss L;, respectively. Recognizing that
the matching information remains central to depth estimation
and optimization, we fix the weight of the depth estimation
loss to 1. The relative weights of the other two semantic
consistency losses are learned through network training. That
is, for the depth estimation loss Lpg:

Wepe = 1.0, ILpg = 0.0. (12)
For the semantic consistency loss Lgc, we have:
wp = exp(— logaf), .= logaf,j e {G, L} (13)

where o; represents the uncertainty of the task, and the
associated value log sz is adaptively adjusted through network
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Fig. 8. Sample for the LuoJia-MVS dataset consists of the images:
(a) left-side view, (b) right-side view, (c) bottom-side view, (d) top-side view,
(e) center view, and (f) ground truth depth map.

parameter learning. Finally, the loss applied in our method
CSC-MVS, denoted as Loss, is obtained by summing the three
losses according to the defined weights and regularization
terms in (11).

IV. RESULTS
A. Datasets

For the evaluation of our proposed method, we employed
two datasets: the LuoJia-MVS dataset [15], constructed from
aerial imagery, and the WHU TLC dataset [16], composed of
optical satellite images.

1) LuoJia-MVS Dataset: This dataset was constructed by
projecting a 3-D surface model derived from thousands of
stereo aerial images. It comprises a total of 5680 groups of
five-view images, accompanied by pixel-level depth maps and
accurate camera parameters. Each image in the dataset has a
size of 784 x 368 and a spatial resolution of 10 cm. The
dataset was divided into training and testing sets in a ratio
of approximately 3:1, with 4320 groups of images used for
training and 1360 groups for testing [15]. Examples of the
five-view images and corresponding ground truth depth maps
can be seen in Fig. 8.

2) WHU TLC dataset: The three-view images in this dataset
were acquired by the Ziyuan-3 (ZY-3) satellite, which is
equipped with TLC cameras capable of simultaneous imaging.
The spatial resolutions of the bottom nadir image and the two
side oblique images are 2.1 and 2.5 m, respectively. After
preprocessing, these images were partitioned into 6802 groups
of 768 x 384 size image patches. Among them, 5011 were
used for training, while the remaining groups were used for
testing [16].

Unlike the LuolJia-MVS dataset, the ground truth pro-
vided in this dataset is derived from a digital surface model
(DSM) with a ground resolution of 5 m, which is generated
through laser scanning and ground control points [16]. This
DSM is then projected onto the reference image, providing
height information for the corresponding pixels in the satellite
images. As discussed in Section II of this article, the height
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Fig. 9. Sample for the WHU TLC dataset consists of the images: (a) left-side
view, (b) right-side view, (c) center view, and (d) ground truth depth map.

value & plays a role like the depth value d in close-range MVS,
serving as an intermediary during the cross-view warping pro-
cess. To ensure subpixel accuracy in the projection, the dataset
includes precalibrated RPC parameters. Fig. 9 illustrates exam-
ples of the three-view images and the corresponding ground
truth depth map in this dataset.

B. Implementation

All the experiments were conducted on a desktop computer
using PyTorch 1.1.0 with an Intel Xeon Silver 4210 CPU
(2.20 GHz), 128 GB RAM, and an 11 GB GeForce RTX
2080Ti GPU.

For the seven comparative methods, the number of epochs
for network training was set to 35, and the RMSprop optimizer
with a momentum parameter « = 0.9 was adopted. The
initial learning rate for UCSNet was set to 0.0016, according
to [27], while for the other networks, it was set to 0.001.
After 10 epochs, the learning rate was reduced by a factor of
2 every two epochs. For the experiments on the LuoJia-MVS
dataset, as suggested in [15], a batch size of one unit was
used. For the experiments on the WHU TLC dataset, due to
the computational memory and time required by RPC warping,
two GPUs were used. Consequently, the batch size for these
experiments was set to 2.

Referring to the settings in the original paper [16], all
the experiments conducted on the WHU TLC dataset fol-
lowed specific parameter configurations. The number of height
hypotheses was initially fixed at 64, and the height interval
was determined based on this value and the provided image
height range in the RPC parameters. For the cost volume
in noncascade networks, the dimension during construction
was set to 32, and the downsampling ratio relative to the
original multiview images was set to 1/16 to conserve mem-
ory resources. In the case of cascaded networks, parameters
needed to be specified for each of the three stages. The
number of depth hypotheses planes in the third stage was
successively set to {64, 32, 8}, and the dimensions and relative
downsampling ratios of the cost volumes were set to {32,
16, 8} and {1/16, 1/4, 1}, respectively. Since each stage
has a different depth resolution, their weights for loss were
set to {0.5, 1.0, 2.0} in order. Except for UCSNet, which
implemented its own adaptive interval strategy, the height
interval values for the three stages of the other networks were
set to {(dmax — dmin) /64, 5 m, 2.5 m}.

5612816

Regarding the experiments on the LuoJia-MVS dataset,
we followed the parameter settings described in the existing
methods [6], [8]. For the noncascade networks, the depth
hypotheses and depth intervals were set to 192 and 1,
respectively. The dimensions of the cost volume and the
downsampling ratio were set to 32 and 1/16, respectively. For
the cascade networks, we adopted the parameter settings from
the relevant literature [15]. Specifically, the depth hypotheses
and depth intervals were {48, 32, 8} and {4, 2, 1} from the
first stage to the third stage, respectively. The dimensions of
the cost volume and the downsampling ratio were {32, 16,
8} and {1/16, 1/4, 1}, respectively. The weights for loss at
each stage remained {0.5, 1.0, 2.0}. The special handling for
UCSNet, furthermore, remained the same as described above.

C. Other Configurations

Some parameters affecting the convergence of the pro-
posed network are also associated with the NMF and DSD
branches. First, to maintain consistent semantic representation,
both branches share the same dimension for decomposition.
Within the recommended range [51], we ultimately selected
K, = Kg = Kp = 4, which is determined through
sensitivity analysis (see Section V-D). NMF clustering was
initialized with a random seed, and the maximum number
of iterations and tolerance factor were set to 50 and le-4,
respectively [S1]. Considering that failure to converge renders
the decomposition component (i.e., with NaN values) unsuit-
able for back-propagation, we reinitialized the parameters and
conducted NMF decomposition again until convergence. The
parameter of DSD clustering used to balance the color-space
and feature matrix was set to 10.0 [57]. Regarding the initial
uncertainty parameter for the weight of these two branch
losses, it was set to og = o = 1.0 to ensure adequate fitting
performance in terms of dense matching.

D. Accuracy Assessment

The main evaluation metric used in this article is the mean
absolute error (MAE) [6], [65], [66], which measures the
average £;-norm difference between the estimated depth values
and the ground truth depth values; moreover, considering
the characteristics of the two datasets, we defined appropri-
ate threshold metrics for each to assess the completeness
of the methods. For the WHU TLC dataset, we used the
<75 m (%) and <2.5 m (%) metrics [16], while for the
LuoJia-MVS dataset, we adopted the <0.6 m (%) and <3-
interval (%) metrics [15]. These threshold metrics indicate
the percentage of pixels with prediction error within threshold
requirements relative to the total number of valid pixels. The
term “3-interval” represents three times the corresponding
depth interval value. Considering the 10 cm resolution of the
LuoJia-MVS dataset, this value is expected to fluctuate around
0.3 m.

E. Performance Evaluation

The quantitative comparative results involving the seven
MVS baseline networks demonstrate that the proposed
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TABLE I

DEPTH MAP RECONSTRUCTION ACCURACY OF THE SEVEN SOTA NET-
WORKS BEFORE AND AFTER APPLYING THE CSC-MVS METHOD ON
THE WHU TLC DATASET

Model Method MAE <2.5m <7.5m
Type (m) (%) (%)
MVSNet 2.30 63.5 93.8
MVSNet + CSC-MVS 2.15 66.8 94.7
RMVSNet 223 63.9 95.0
Non- RMVSNet + CSC-MVS 2.18 65.6 95.2
Cascade D2HC-RMVSNet 221 65.6 93.9
D2HC-RMVSNet + CSC-MVS 2.09 68.2 95.0
AA-RMVSNet 2.35 62.6 93.8
AA-RMVSNet + CSC-MVS 2.32 63.0 94.0
Cas-MVSNet 2.19 66.3 93.6
Cas-MVSNet + CSC-MVS 2.04 69.2 94.9
Cascade UCSNet 2.34 62.7 92.7
UCSNet + CSC-MVS 2.30 62.7 93.7
UniMVS 2.67 552 91.7
UniMVS + CSC-MVS 2.60 56.8 91.2

TABLE III

DEPTH MAP RECONSTRUCTION ACCURACY OF THE SEVEN SOTA NET-
WORKS BEFORE AND AFTER APPLYING THE CSC-MVS METHOD ON
THE LUOJIA-MVS DATASET

Model Method MAE <0.6m  <<3-intv.
Type (cm) (%) (%)
MVSNet 17.4 96.1 92.4
MVSNet + CSC-MVS 17.1 96.1 92.5
RMVSNet 17.7 96.0 93.5
Non- RMVSNet + CSC-MVS 164 96.4 93.1
Cascade D2HC-RMVSNet 16.9 96.2 92.6
D2HC-RMVSNet + CSC-MVS 16.1 96.5 93.3
AA-RMVSNet 31.0 89.7 88.9
AA-RMVSNet + CSC-MVS 29.5 90.9 904
Cas-MVSNet 10.3 98.4 97.1
Cas-MVSNet + CSC-MVS 9.5 98.6 97.6
Cascade UCSNet 10.7 98.5 97.4
UCSNet + CSC-MVS 10.0 98.5 97.5
UniMVS 14.1 97.6 95.7
UniMVS + CSC-MVS 13.2 97.8 96.3

CSC-MVS method achieves effective performance improve-
ment over existing SOTA methods for both aerial image-based
and optical satellite image-based 3-D reconstruction tasks.
As indicated in Tables II and III, when considering the MAE
metric alone, CSC-MVS shows remarkable positive gains
across all the SOTA networks. In the case of classical MVS
networks, such as MVSNet and Cas-MVSNet, the CSC-MVS
method achieves substantial improvements in the range of
5%—-8%. Meanwhile, for other baselines like R-MVSNet and
D2HC-RMVSNet, the CSC-MVS method also yields accuracy
gains ranging from 2% to 5%. In terms of completeness, the
CSC-MVS method, moreover provides a certain degree of
assistance in enhancing the completeness of the depth map
reconstruction for most cases, although it slightly exhibits
instability with regard to its accuracy gains. Nevertheless,
overall, the trends in both accuracy and completeness met-
rics closely align, further underscoring the comprehensive
advantages of proposed CSC-MVS algorithm in improving
reconstruction outcomes.

The effectiveness and generality of the proposed CSC-MVS
method can be validated through the experimental results
on both datasets. These results, however, also raise some
intriguing questions for further consideration. First, one
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notable observation is that the overall accuracy and com-
pleteness of the WHU TLC dataset are relatively lower
compared to the LuoJia-MVS dataset. We attribute this dif-
ference to several characteristics of satellite remote sensing
data, including the lower spatial resolution, the wide cov-
erage of scenes, and the complexity of the Earth’s surface
landscapes [67]. ZY-3, as China’s first professional satel-
lite dedicated to high-resolution stereo mapping, enables
large-scale reconstruction of the Earth’s surface [68], [69], and
deep learning-based MVS methods can effectively serve this
purpose [70]. Consequently, the experimental results on the
WHU TLC dataset are persuasive and can further demonstrate
the applicability of our proposed method in the remote sensing
field.

Second, the gains obtained through the multistage cascade
architecture exhibit noticeable discrepancies between the two
datasets. As observed from the comparisons in the tables, the
cascade design improves the accuracy on the LuoJia-MVS
dataset by approximately 17%-—42%, whereas on the WHU
TLC dataset, the improvement ranges from only 1%-7%.
This phenomenon suggests that the cascade structure is more
beneficial for object reconstruction in aerial imagery, while the
coarser spatial resolution of the imagery and the larger scale
variations of the object in the satellite scene lead to smaller
gains in the depth estimation task for the method. Notably, the
performance improvement achieved by CSC-MVS is consis-
tent for both cascade and noncascade networks. In fact, some
noncascade networks even outperform the cascade networks
when combined with our approach. This implies the robustness
of our method in handling diverse remote sensing scenarios.

The qualitative visualization results of depth maps further
highlight the performance enhancements of our method over
SOTA networks in various application scenarios. Following
the analysis above, we selected two representative net-
works from each group, namely MVSNet, D2ZHC-RMVSNet,
Cas-MVSNet, and UCSNet. Several examples for visual com-
parison of these four methods are presented in Fig. 10. In the
WHU TLC dataset, which primarily covers mountainous and
surrounding areas, we chose typical examples of bare moun-
tains with scattered houses in Fig. 10(a) and dense construction
sites in Fig. 10(b) for comparison. Additionally, to ensure the
diversity of the examples, we selected vegetation-lush forest
areas in Fig. 10(c) and rural residential areas with cultivated
land in Fig. 10(d) from the LuoJia-MVS dataset, which has a
more varied land cover. The visual comparisons will be more
obvious in the residual maps, which consist of relative resid-
uals calculated by dividing the absolute difference between
the reference depth and inferred depth by the reference
depth.

In general, for regions with homogeneous surfaces, such
as open fields and cultivated land, the residual values tend
to be low. In contrast, heterogeneous objects, like forests
and bare mountains, occasionally show low-value residual
artifacts; furthermore, higher residual values are commonly
distributed along the edges of ground objects. Upon analyzing
the results of the baselines after applying the CSC-MVS
method in Fig. 10, it is apparent that this approach can mitigate
larger residuals at the object boundaries. At the same time, the
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Visual comparison of several SOTA networks before and after applying the CSC-MVS method. (a) Mountain area with scattered houses.

(b) Construction site with dense factory buildings. (c) Verdant forest land. (d) Rural residential area with cultivated land. Each sub-figure is organized
as follows. The first row shows the reference image (left) and the ground truth depth map (right). The second and third rows display the inferred depth maps
of MVSNet, D2HC-RMVSNet, Cas-MVSNet, and UCSNet, both in the original case (top) and the improved case (bottom) by applying the CSC-MVS method.
The fourth and fifth rows represent the relative residual maps of the baseline networks (top) and the improved networks (bottom). The last row presents a
local magnification of the noticeable improvement in the residuals (highlighted by red boxes in the previous two rows). Each model showcases a comparison
between the state before (left, denoted as “Base”) and after improvement (right, denoted as “CSC”).

residual artifacts that originally existed in Fig. 10(b) and (c)
were also effectively alleviated through the method.

The observed improvements are majorly attributed to the
proposed semantic consistency branches, which possess dual
properties of attribute and spatial location. In this context,
the local semantic consistency generated by the NMF branch
strengthens the supervision signal on individual objects, lead-
ing to refined depth estimation for these objects and their
boundaries. Meanwhile, the DSD branch emphasizes and
supplements global information, effectively compensating for
estimation biases that tend to exhibit agglomerate distributions.
In summary, as a deep and intrinsic characteristic of images,
semantic information remains robust despite challenges, such

as coarse ground resolution and steep depth intervals; thus,
it can effectively characterize complex scenes and demonstrate
good adaptability to various remote sensing scenarios. This
auxiliary approach, moreover, retains the advantages of the
baseline networks while minimizing the potential loss of
original matching information, thereby ensuring compatibility
with multiple MVS methods.

V. DISCUSSIONS
A. Consistency Comparison

In this section, we evaluate the effectiveness of using
feature-level semantics for consistency guidance by comparing
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TABLE IV

PERFORMANCE COMPARISON OF SEVERAL CONSISTENCY METHODS ON
THE WHU TLC DATASET

MAE <25m <7.5m
Method (m) %) %)
Baseline (MVSNet) 2.30 63.5 93.8
+ Photometric Consistency [47] 2.27 64.3 93.6
+ Normal-depth Consistency [49] 2.26 64.3 93.5
+ Photometric + Normal-depth Consistency 2.29 63.6 93.7
+ Semantic Consistency (UNet) [42] 2.19 65.6 94.4
+ Semantic Consistency (Proposed) 2.15 66.8 94.7

our proposed semantic consistency method with two alterna-
tive methods: photometric consistency [47] and normal-depth
consistency [49]. The former measures the photometric con-
sistency using an ¢;-norm loss and incorporates additional
guidance signals, such as image gradients, structured sim-
ilarity, and depth smoothness to enhance robustness. The
latter further introduces the normal-depth consistency term
based on the orthogonality between normals and local surface
tangents. It uses the geometric transformation relationship and
the regularization process to jointly refine depth in both 2-D
and 3-D spaces. Considering the credibility of the evaluation,
we conduct experiments on the more challenging satellite
benchmark, the WHU TLC dataset [16]. To ensure fairness,
we use MVSNet as the baseline for comparison. In addition,
we also compared the clustering approach with the classic
semantic segmentation method UNet [42] trained from the
WHDLD dataset [71], which is similar to the WHU TLC
and is derived from high-resolution imagery captured by the
Gaofen-1 and Ziyuan-3 satellites, with a resolution of 2 m and
containing six classes, including buildings, vegetation, bare
soil, and others. The specific experimental results are summa-
rized in the table below, with the best metrics highlighted in
bold.

Table IV illustrates the performance of MVS networks
with various consistency enhancement methods. In general,
the introduction of any form of consistency guidance has a
positive impact on the baseline performance; however, it can
be observed from the table that our proposed semantic con-
sistency method yields the best results. First, our clustering
method without additional semantic annotations is superior
to the classic semantic segmentation method UNet. Second,
compared to the photometric consistency and the normal-depth
consistency, our proposed semantic consistency demonstrates
significant improvements in both accuracy and completeness.
Interestingly, the combination of photometric consistency and
normal-depth consistency shows a weakened enhancement
effect. This finding further suggests that the pixel-level guid-
ance signals of the two methods are relatively weak and
less applicable in complex remote sensing scenarios, thus
highlighting the validity of our proposed approach.

B. Ablation Study

To further investigate the rationality and necessity of the
designed semantic consistency guidance branch and uncer-
tainty multitask optimization method, we conducted ablation
experiments on the WHU TLC dataset using the MVSNet
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TABLE V

ABLATION STUDY RESULTS FOR BOTH THE NMF BRANCH AND THE DSD
BRANCH IN THE PROPOSED CSC-MVS METHOD ON THE WHU TLC

DATASET

Model Semantic MAE <25m <7.5m
Consistency Module (m) (%) (%)
Baseline 2.30 63.5 93.8
M(‘I\’I(S)E_et +NMF 2.20 655 93.8
Cascade) + DSD 2.29 63.6 93.9
+ Both 2.15 66.8 94.7
Baseline 2.19 66.3 93.6
Cas-MVSNet + NMF 2.16 66.8 943
(Cascade) + DSD 2.10 68.3 94.4
+ Both 2.04 69.2 94.9

3-view Images

Seg Maps from NMF

Seg Maps from DSD

Fig. 11.  Original three-view images (left) and the visual semantic maps
obtained through the NMF branch (middle) and through the DSD branch
(right).

and Cas-MVSNet baselines in both noncascade and cascade
configurations.

1) Semantic Consistency Guidance Branch: Table V is
divided into two parts based on whether cascade is used or not.
Each part begins with the baseline network, followed by ver-
sions with the NMF branch, DSD branch, and both branches
combined. The results in the table demonstrate that for both
noncascade and cascade networks, using either the NMF
branch or the DSD branch individually leads to a 1%—4%
improvement in accuracy compared to the baseline. Notably,
combining both branches lead to a significant improvement
of 7%. This indicates that the two proposed branches in this
article complement each other in enhancing the performance
of MVS networks in depth map reconstruction tasks.

To delve deeper into the role of the two semantic con-
sistency branches proposed in this article, we present visual
results of several examples from the WHU TLC dataset in
Fig. 11, showcasing the effects of each branch individually.
The visual analysis reveals that both methods attach impor-
tance to semantic extraction and exhibit the ability to locate
prominent objects. Particularly in the NMF semantic maps
shown in the middle column, the lake platforms and mountain
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TABLE VI

ABLATION STUDY RESULTS FOR THE UNCERTAINTY MULTITASK OPTI-
MIZATION IN THE PROPOSED CSC-MVS METHOD ON THE WHU TLC
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TABLE VII

SENSITIVITY EXPERIMENT RESULTS FOR DIFFERENT NUMBERS OF
SEMANTIC CLUSTERS IN THE PROPOSED CSC-MVS METHOD ON THE

DATASET WHU TLC DATASET
. . MAE <25m <7.5m MAE <2.5m <7.5m
Model Seg Weight Settin, Model K
gvee ¢ m (%) (%) : (m) (%) (%)
W_NMF =0, W _DSD=0 2.30 63.5 93.8 3 220 65.0 937
MVSNet W_NMEF =0.01, W _DSD = 0.01 224 64.6 94.1 4 2.15 66.8 04.7
(Non- W_NMF =0.1, W_DSD =0.01 216 668 94.3 MVSNet 5 237 62.0 934
Cascade) W_NMEF =0.01, W DSD=0.1 226 64.4 93.5 6 2' 41 61'0 93' 4
UML 2.15 66.8 94.7 - - -
W _NMF =0, W DSD=0 2.19 66.3 93.6
Cas- W_NMEF =0.01, W_DSD = 0.01 2.04 69.6 94.8 TABLE VIII
MVSNet W NMF=0.1, W DSD=0.01 2.12 67.1 94.8
(Cascade) W NMF=0.01, W DSD=0.1 2.09 68.4 94.5 SENSITIVITY EXPERIMENT RESULTS FOR DIFFERENT MODELS OF FEA-
N UML - 2.04 69.2 94.9 TURE EXTRACTOR IN THE PROPOSED CSC-MVS METHOD ON THE

faults in both examples are well identified, while the DSD
semantic maps on the right also exhibit clear object positions;
moreover, as the object positions change with varying viewing
angles, the contours in both semantic maps also adjust accord-
ingly. This positional capability, from a multiview perspective,
facilitates tracking of view changes and establishes correspon-
dences between views, thereby providing guidance for depth
estimation through precise view transformations.

In addition, although both the NMF and DSD branches
enhance accuracy through semantic signals, they focus on
different aspects. The NMF branch primarily extracts episodic
semantics, while the DSD branch decomposes all features.
As shown in Fig. 11, the NMF result displays block-like
semantics with clear boundaries, indicating the decomposition
of different components. In contrast, the semantics in the
DSD result appear more diffuse and fluid. This distinction
arises from the nonnegativity constraint of NMF, which allows
only additive combinations and promotes independent feature
extraction. On the other hand, DSD does not impose such
constraints and converges to the global optimum, resulting
in feature vectors that are not specific to individual objects.
These observations confirm the analysis of the performance
improvement reasons discussed in the previous section and
reflect the rationality of our design philosophy that combines
global and local information.

2) Uncertainty multitask optimization method: Likewise,
in both the noncascade and cascade configurations, Table VI
illustrates the results obtained by manually adjusting the
weight parameters and using adaptive generated weight param-
eters. In each part, the first row represents the baseline
model without using semantic branches, while the last row
corresponds to the model incorporating uncertainty multitask
loss estimation (referred to as UML) on the baseline. The
intermediate rows exhibit various combinations of weights for
the two semantic branches. Considering the limited discrimi-
nation capability of the unsupervised clustering method used
for distinguishing similar objects in large areas such as the
background, the proportions of the two branches relative to
the main losses of the MVS network are kept at relatively
low values. The table reveals that the optimization method
using uncertainty multitask estimation achieves performance
levels comparable to manually set weights and even slightly
surpasses them.

WHU TLC DATASET

Model Feature MAE <2.5m <7.5m
Extractor (m) (%) (%)
SwinT 2.25 64.6 93.7
ViT 243 60.5 93.2
MVSNet ResNet 2.33 62.0 94.1
VGG 2.15 66.8 94.7

C. Sensitivity Analysis

For the semantic-guided methods, two important parame-
ters greatly influence the performance enhancement of MVS
networks. First, the choice of the number of semantic clusters
(K value) plays a vital role in extracting common semantic
concepts across views and distinguishing different semantic
categories. Second, the feature extractor model determines
the quality of the extracted semantic auxiliary information.
Therefore, using MVSNet as the baseline, we conducted
sensitivity experiments on these two parameters separately
on the WHU TLC dataset, and the results are presented in
Tables VII and VIII. It is worth noting that the compared
models, including SwinT [72], ViT [73], ResNet [74], and
VGG [50], were pretrained on the ImageNet dataset [75].
From the two tables, it is evident that the used parameter
combinations (K value set to 4 and VGG used as the feature
extractor) are indeed the most effective at the current stage.
Additionally, other choices for the Kg value and feature
extractor exhibit relative robustness.

D. Generalization Testing

To validate the generalization capabilities of the CSC-MVS
algorithm proposed in this study, we conducted experiments
involving the transfer from the synthetic environment (i.e.,
LuoJia-MVS dataset) to the real environment (i.e., WHU TLC
dataset) using the MVSNet framework. As seen in Table IX,
for each case, the number of depth planes in test (and fine-
tuning) stage is 64 (i.e., the optimal number for the WHU TLC
dataset). “Baseline” signifies that conducting both training
and testing exclusively in the real environment, in which the
number of depth planes in training stage is also 64. “Pretrain-
ing” refers to the training from the synthetic environment,
followed by fine-tuning and testing in the real environment,
where the number of depth planes in pretraining stage is Ny.
N, varies progressively from the optimal number of 192 for
the LuoJia-MVS dataset to the optimal number of 64 for the
WHU TLC dataset. The fine-tuning process consisted of only
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TABLE IX

TRANSFER RESULTS WITH VARYING DEPTH PLANE NUMBERS OF THE
PROPOSED CSC-MVS METHOD FROM THE LUOJIA-MVS DATASET TO
THE WHU TLC DATASET

MAE <25m <7.5m
Model Method (m) %) %)
Baseline 2.15 66.8 94.7
Pre-training with N;=192 222 65.1 94.1
MVSNet | b training with N;=128 | 223 65.0 942
Pre-training with N,=64 2.19 66.0 94.2

12 epochs with an initial learning rate set to 0.001, which was
reduced by a factor of 2 at the 6th, 8th, and 10th epochs.

Compared to directly conducting training on real scenes, the
transfer results from synthetic to real scenes are acceptable.
This signifies the robust generalization abilities of CSC-MVS,
enabling application transition across diverse environments.
The transfer performance, furthermore, improves as the num-
ber of depth planes used during pretraining approaches the
optimal number for the target scene (i.e., Ny = 64).

VI. CONCLUSION

In this study, we propose a new method called “CSC-
MVS” that leverages clustering-based semantic information to
enhance MVS networks for remote sensing 3-D reconstruction.
The first contribution of our method is the semantic-guided
branch comprising NMF and DSD pipelines. This branch inte-
grates clustering techniques into the MVS network and extracts
common semantics between views from global and local
perspectives, thereby supplementing the additional supervision
signals for depth estimation tasks. The second contribution of
CSC-MVS is the uncertainty multitask optimization approach
for depth estimation. By introducing the uncertainty parameter
o, the method flexibly controls the losses and adaptively
combines the matching and semantic measurements. Extensive
experiments on challenging remote sensing datasets, namely
WHU TLC and LuolJia-MVS, demonstrate the effectiveness
of CSC-MVS in the depth map reconstruction task and its
general performance improvement on the current SOTA MVS
networks; however, the CSC-MVS algorithm still faces certain
limitations and challenges. The introduced semantic consis-
tency method does not simplify the complexity of mainstream
networks in their original structures and lacks consideration
for dynamic scenes (e.g., multiview video data). Nevertheless,
given the promising performance of semantic consistency in
remote sensing 3-D reconstruction and its compatibility with
common reconstruction outputs such as point clouds and
DSMs, our future research will further explore the applica-
tion of clustering methods in this field, such as designing
lightweight modules that can substitute existing structures or
investigating alternative extraction techniques that align better
with the task.
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