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Abstract

Monocular depth estimation (MDE) infers depth from a single image, offering significant advantages in computational efficiency
and memory consumption compared to conventional Multi-View Stereo (MVS) methods. However, most MDE methods suffer
from poor multi-view geometric consistency, which limits their application to photogrammetric 3D reconstruction. To address
this issue, this paper employs sparse point clouds of Structure-from-Motion (SfM) as extra geometric constraints and proposes
a framework that achieves photogrammetric 3D reconstruction using off-the-shelf learning-based MDE models without the need
for additional fine-tuning. Specifically, when SfM priors are available during inference, globally geometrically consistent depth
maps can be directly predicted. Otherwise, the estimated monocular depths are aligned to a consistent scale using SfM results
via a post-correction step. The resulting depth maps are then fused using a truncated signed distance function (TSDF) to generate
dense 3D reconstructions. Experiments on photogrammetric datasets demonstrate that the proposed framework effectively improves
geometric consistency across depth maps and enables high-quality scene reconstruction. In addition, we systematically analyze the
impact of key parameters in depth inference and fusion, including depth map resolution, voxel size, denoising steps, and ensemble

size, on reconstruction performance, and further explore the potential of MDE for photogrammetric 3D reconstruction.

1. Introduction

Multi-view stereo (MVS), which aims to generate dense 3D
points from images with known camera poses, plays a vital role
in photogrammetric 3D reconstruction and has long been a re-
search hotspot in the field of photogrammetry and computer vis-
ion. Conventional MVS methods (Furukawa and Ponce, 2009;
Poggi and Mattoccia, 2016) perform accurate depth estimation
by evaluating multiple depth hypotheses under multi-view geo-
metric and photometric consistency constraints. However, the
exhaustive hypothesis search and repeated multi-view consist-
ency computation lead to substantial computational redundancy
and memory overhead, limiting their efficiency when applied to
large-scale photogrammetric datasets. To alleviate these lim-
itations, learning-based MVS methods (Yao et al., 2018; Gu
et al.,, 2020; Wang et al., 2021) have been investigated as a
more efficient alternative, achieving strong robustness while
reducing the reliance on explicit hypothesis enumeration. By
implicitly learning disparity relationships and geometric con-
sistency among multiple views via deep neural networks, these
methods yield reliable depth maps and reconstructions even un-
der challenging conditions such as various lighting or poor tex-
tures. Nevertheless, most of these approaches rely on 3D cost
volume construction and 3D convolution, whose computational
and memory complexity grows rapidly with increasing image
resolution, thereby constraining both reconstruction resolution
and overall efficiency.

In contrast, monocular depth estimation (MDE) predicts dense
depth maps directly from a single image without relying on
multi-view geometry, achieving lower computational cost and
faster inference speed (Eigen et al., 2014; Ricci et al., 2018).
Recently, both Vision Transformer (ViT)-based discriminative
models (Yang et al., 2024; Xu et al., 2025) and diffusion-based
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generative models (Duan et al., 2024; Ke et al., 2025) have
demonstrated excellent performance in MDE tasks, particularly
in terms of zero-shot generalization and high-quality depth pre-
diction, offering a new perspective for depth estimation. How-
ever, these methods normally infer a well-looking and smooth
depth solely for each image with internally inconsistent relative
scales, and the corresponding multi-view geometric consistency
is extremely poor, which results in scale ambiguity and geomet-
ric distortion when applied to multi-view 3D reconstruction.

To address these issues, recent studies (Guo et al., 2025; Vi-
ola et al., 2025) have attempted to incorporate sparse geometric
priors obtained from Structure-from-Motion (SfM) (Schonber-
ger and Frahm, 2016) into MDE networks, aiming to improve
multi-view geometric consistency while maintaining the com-
putational efficiency of depth estimation. Inspired by these ad-
vancements, this paper proposes a framework for dense 3D re-
construction based on off-the-shelf learning-based MDE meth-
ods, which is applicable regardless of whether StM geomet-
ric constraints are incorporated during inference. Specifically,
StM is employed to obtain sparse geometry before monocular
depth inference. If SfM priors are available during inference,
geometrically consistent depth maps are directly predicted and
used for reconstruction. Otherwise, the predicted monocular
depths are aligned to a consistent scale using SfM results via a
post-correction step. Finally, all corrected depth maps are fused
using TSDF for the dense 3D reconstruction. The main contri-
butions of this work are threefold:

e A 3D reconstruction framework that integrates off-the-
shelf MDE methods is proposed, which is applicable both
with and without SfM geometric priors during depth infer-
ence;

e A comprehensive analysis of key parameters in depth in-
ference and fusion is presented, including depth map resol-
ution, voxel size, denoising steps, and ensemble inference;
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e Extensive experiments are conducted on several photo-
grammetric datasets to validate the feasibility of the pro-
posed framework and to explore the potential of learning-
based monocular depth estimation methods for photo-
grammetric 3D dense reconstruction.

2. Related Work

In this section, three related topics are reviewed, including
the conventional and learning-based Multi-view Stereo(MVS)
methods, monocular depth estimation(MDE), as well as the
feed-forward 3D reconstruction methods.

2.1 Multi-view Stereo

Multi-view stereo (MVS) is an important component of photo-
grammetric 3D reconstruction. Traditional MVS methods (Fur-
ukawa and Ponce, 2009; Poggi and Mattoccia, 2016; Schonber-
ger et al., 2016) primarily rely on geometric and photomet-
ric consistency to perform dense matching across multiple
views to estimate depth maps, which are subsequently fused
for scene reconstruction. However, because of their limited
feature representation capability, these methods often struggle
to produce high-quality reconstructions in challenging scenes.
Moreover, pixel-wise dense matching introduces substantial
computational overhead, causing the cost of traditional MVS
to increase rapidly with the number of input images and their
resolution.

With the development of deep learning, learning-based MVS
methods have attracted significant attention. MVSNet (Yao et
al., 2018) first introduced end-to-end learning into MVS by con-
structing a 3D cost volume and performing geometric regular-
ization using 3D convolutional neural networks. Although it
improves robustness in poor-texture regions, the heavy memory
consumption of 3D convolution limits the reconstruction resol-
ution. Subsequently, Gu et al. (2020) adopts a cascaded cost-
volume strategy to incrementally refine depth estimation and
improve efficiency. In addition, PatchMatchNet (Wang et al.,
2021) integrates the classical PatchMatch sampling mechanism
into neural networks, reducing memory consumption through
iterative propagation and random search.

Despite these improvements, learning-based MVS methods still
face several limitations. First, most methods rely on high-
dimensional cost volumes, which leads to large memory con-
sumption and limited scalability to large-scale scenes. Second,
these approaches often depend on large amounts of ground-
truth depth data for training, which restricts their generalization
ability in unseen environments.

2.2 Monocular Depth Estimation

Monocular Depth Estimation (MDE) aims to infer scene depth
from a single image. Unlike MVS, MDE only leverages se-
mantic and geometric cues within a single image, significantly
reducing computational complexity. Early MDE research (Ei-
gen et al., 2014; Ricci et al., 2018) mainly employed convo-
lutional neural networks (CNNs) with encoder—decoder archi-
tectures to perform end-to-end depth regression. However, due
to their limited receptive field, CNN-based methods struggle to
capture global scene structure in complex environments.

To address this issue, Vision Transformers (ViT) have been in-
troduced into MDE tasks (Bhat et al., 2021; Ranftl et al., 2021;

Xu et al., 2025). Their self-attention mechanism enables global
feature modeling, improving the estimation of overall scene
layout and object relationships. Recently, DepthAnythingV2
(Yang et al., 2024) uses a large-scale visual pre-trained model,
DINOV2 (Oquab et al., 2023) to achieve strong zero-shot gen-
eralization capability. In parallel, diffusion-based methods for-
mulate depth estimation as a denoising process, progressively
refining depth maps under image guidance (Duan et al., 2024;
Ke et al., 2025). Although these diffusion models can generate
high-resolution depth maps with rich details, their multi-step
iterative inference typically incurs higher computational cost
compared to ViT-based architectures.

Despite these advancements, MDE methods usually produce
visually smooth depth predictions with inconsistent relative
scales, resulting in poor geometric consistency across multiple
views, which limits their direct application to dense multi-view
reconstruction. To address this issue, recent studies such as
Murre (Guo et al., 2025), Marigold-DC (Viola et al., 2025),
and Prior-DepthAnything (Wang et al., 2025b) attempt to in-
tegrate sparse geometric priors from SfM into MDE networks.
However, these approaches often require incorporating extra
network modules and fine-tuning, which impose additional de-
mands on computational resources and training data, and may
even compromise the generalization ability of the models. In
contrast, applying post-correction to align depth predictions
from off-the-shelf MDE methods provides a practical and ef-
ficient alternative with strong applicability.

2.3 Feed-forward 3D Reconstruction Methods

More recently, feed-forward 3D reconstruction methods have
attracted considerable attention due to their strong end-to-end
reconstruction capability. These approaches can directly re-
cover dense geometric structures from images in a single for-
ward pass, without relying on traditional multi-stage processing
pipelines.

DUSt3R (Wang et al., 2024) is the first fully end-to-end re-
construction framework, which pioneeringly formulates pair-
wise reconstruction as a point map regression task. Sub-
sequently, VGGT further improves the network architecture to
enable the reconstruction of hundreds of images in a single for-
ward pass, simultaneously predicting point maps, depth maps,
camera parameters, and 3D point tracks. Building upon this
work, subsequent methods have further improved robustness
and flexibility. For instance, 7 (Wang et al., 2025a) employs
a fully permutation-equivariant architecture to enhance robust-
ness, while MapAnything (Keetha et al., 2025) further scales to
larger numbers of input images and supports the incorporation
of additional geometric priors, such as camera poses and depth
maps.

Although these feed-forward methods perform well in many
challenging scenes and offer a fast inference speed, their high
computational complexity and heavy GPU memory require-
ments limit their scalability to large-scale, high-resolution data-
sets. In contrast, the frame-wise inference paradigm of MDE
methods makes them more suitable for processing large-scale
image datasets.

3. Methodology

In this section, a brief overview of two representative learning-
based MDE frameworks is first provided: the ViT-based dis-
criminative MDE and the diffusion-based generative MDE.
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Figure 1. Workflow of 3D reconstruction framework based on monocular depth estimation.

This is followed by a detailed description of the proposed MDE-
based reconstruction framework, which consists of three main
processes: 1) sparse geometric information extraction via SfM;
2) monocular depth estimation with geometric constraints; 3)
3D reconstruction via TSDF fusion.

3.1 Learning-Based Monocular Depth Estimation

The goal of monocular depth estimation is to predict a pixel-
wise dense depth map D from a single image I. Recent
learning-based MDE methods can be roughly divided into two
categories: ViT-based discriminative MDE and Diffusion-based
generative MDE.

3.1.1 ViT-based discriminative MDE: ViT-based discrim-
inative MDE (Yang et al., 2024), typically employs Vision
Transformers as the backbone network, treating depth inference
as a feature regression task. At the input stage, the ViT divides
the image into fixed-size patches and encodes them into high-
dimensional visual tokens. Through the self-attention mech-
anism, each token interacts with other tokens across the entire
feature space, enabling effective capture of long-range depend-
encies and global contextual information within the image.

In recent years, many approaches have employed large-scale
visual pre-trained models (e.g., DINOv2) as the feature en-
coder to obtain rich semantic and geometric representations.
These multi-scale intermediate features from different encoder
stages are incorporated into a decoder, enabling the aggregation
of contextual information at multiple resolutions. The decoder
progressively recovers spatial details via upsampling and skip
connections, yielding refined features that are finally mapped
by a lightweight regression head into a dense depth map.

3.1.2 Diffusion-based generative MDE: Diffusion-based
generative MDE (Ke et al., 2025) formulates depth estima-
tion as a latent conditional diffusion process (Rombach et al.,
2022), in which depth is gradually recovered from random noise
through iterative denoising. During the forward diffusion pro-
cess, starting from a clean depth map do, Gaussian noise is pro-
gressively injected over 7" steps to generate a sequence of noisy
samples d1,ds,...,dr. According to the Markov chain property,
the noise depth at step ¢ can be expressed as Eq. (1):

dy = Vardo +VI—aze, e~N(0,I) (1)

where a; denotes the predefined variance schedule, defined as
ar = HE:1 a;. When t — T, dr approaches isotropic Gaus-
sian noise. During the reverse denoising process, a pre-trained
denoising network €g (typically based on a U-Net) is used to
gradually recover the clean depth map dp from the noisy sample
dr under the guidance of the input image /. At each itera-
tion step ¢, the network predicts the residual noise according to
Eq. (2):

€t = €9 (dt,E(I),t) (2)

where E(I) represents the feature encoding of the image con-
dition. By iteratively applying the mean prediction formu-
lation (e.g., the DDIM sampler), the model finally generates
depth maps with rich structural details and consistent geometry.
Diffusion-based methods benefit from their ability to leverage
learned visual priors, enabling robust depth estimation in oc-
cluded or poor-texture regions.

3.2 3D Reconstruction Framework Based on Monocular
Depth Estimation

Fig. 1 illustrates the workflow of the proposed 3D reconstruc-
tion framework based on monocular depth estimation. The
pipeline integrates sparse geometric information obtained from
Structure-from-Motion (SfM) with monocular depth estima-
tion to generate scale-consistent depth maps, which are sub-
sequently fused using the TSDF to produce dense point clouds
and surface meshes.

3.2.1 Sparse Geometric Information Extraction via SfM:
First, a widely recognized SfM method, COLMAP (Schonber-
ger and Frahm, 2016) is applied to obtain sparse geometric in-
formation from the input images. This step estimates the cam-
era intrinsic matrix K, the camera poses [R; | ¢;] for each
image, and the sparse 3D point cloud P of the scene. These
sparse 3D points are then reprojected onto the image plane to
generate sparse depth maps Dsparse € R7*W where the met-
ric depth values are filled only at pixels corresponding to the
SfM observations (Hartley and Zisserman, 2003). The result-
ing sparse depth maps provide reliable geometric references for
subsequent scale recovery in monocular depth estimation and
for TSDF fusion.

3.2.2 Monocular Depth Estimation with Geometric Con-
straints: Monocular depth estimation methods usually rely
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only on semantic information from a single image, lacking ex-
plicit geometric constraints between multiple views. As a res-
ult, when applied to large-scale or complex scenes, the pre-
dicted depths from different views often suffer from severe
scale drift and multi-view geometric inconsistency. To address
this issue, this work investigates two technical paths for obtain-
ing geometric consistent depth maps.

(1) In-network Guidance with SfM Priors: The core idea
of this approach is to directly integrate the sparse depth map
Dysparse obtained in Section 3.2.1 as a reliable geometric con-
straint for the depth inference process. Two guidance strategies
are employed, depending on the model architecture.

Guidance in diffusion-based models—Murre (Guo et al.,
2025), Marigold-DC (Viola et al., 2025): In diffusion-based
methods, the explicit geometric constraints provided by Dsparse
are used to guide the denoising process, ensuring the depths are
generated in a consistent scale. Specifically, take Murre and
Marigold-DC as examples.

In Murre, the sparse depth map is first densified using k-nearest
neighbors (KNN) interpolation. A distance-weight map is also
computed to represent the Euclidean distance of each pixel to its
nearest SfM point, allowing the model to distinguish between
real observations and interpolated depths, which suppresses in-
terpolation noise. The densified depth map and the distance
map are then provided as additional conditions to guide the
iterative denoising process, introducing geometric constraints
during depth inference.

In contrast, Marigold-DC adopts a test-time optimization
strategy. During each denoising iteration, the Tweedie formula
is used to decode the current latent variable into an intermediate
non-metric depth map d;. Since the model predicts an affine-
invariant relative depth, sparse SfM points are used for linear
initialization to estimate a scale factor a and offset b, yielding
a metric depth estimate d,(gm) = ad; + b. A loss function L is
then computed between the metric depth dgm) and the sparse
StM depths. The resulting error is backpropagated to the latent
variables, progressively improving geometric consistency dur-
ing denoising.

Guidance in ViT-based models—Prior-DepthAnything
(Wang et al., 2025b): In this strategy, the sparse depth map
Dgparse is first used to linearly transform the relative depth
predicted by an initial MDE model into a coarse metric space.
The original RGB image, the pre-aligned depth map, and a
mask indicating SfM observation locations are then jointly
fed into a conditional MDE model for refinement. Benefiting
from the global attention mechanism, the model effectively
propagates sparse metric constraints across the entire image,
significantly enhancing geometric consistency.

(2) Explicit Geometric Post-Correction Based on Robust
Regression: A fundamental limitation of most monocular
depth estimation models lies in their intrinsic scale ambigu-
ity, as they primarily predict relative depth only to an unknown
scale, e.g., DepthAnythingV2 (Yang et al., 2024), Marigold (Ke
et al., 2025), and PixelPerfectDepth (Xu et al., 2025). Con-
sequently, inconsistent scaling across multiple views leads to
significant scale drift, which may result in reconstruction fail-
ure in multi-view reconstruction tasks, as shown in Fig. 2.

To address this problem, an explicit geometric post-correction
strategy based on sparse SfM constraints is proposed. The goal

PixelPerfectDepth

Marigold DepthAnythingV2

Figure 2. Reconstruction results of vanilla MDE methods.

is to align monocular depth predictions into a unified scale
through a lightweight transformation, without modifying the
pre-trained model.

First, during the reprojection process described in Section 3.2.1,
only stable 3D points observed in a sufficient number of views
are retained to ensure reliable geometric constraints. Mean-
while, to handle potential occlusion during reprojection, a Z-
buffer strategy is implemented to resolve depth conflicts at the
same pixel location.

To avoid the influence of depth discontinuities, local depth vari-
ation is estimated using morphological dilation and erosion
Ad = dgilate — derode- Pixels satisfying Ad/d > t are identified
as depth discontinuities and excluded from regression, prevent-
ing boundary artifacts from biasing scale estimation.

After obtaining reliable pixel correspondences, a regression re-
lationship is established between the predicted depth djeq and
the sparse depth from SfM dif,. For depth predictions in linear
space, an affine transformation is assumed:

dstm = a - dpred +0b 3)

where a and b represent the scale factor and offset. For pre-
dictions better modeled in disparity space, regression is instead
performed in the inverse depth domain:

1 1
=q-
dsfm dpred

+b @)

The parameters are estimated using RANSAC (Random
Sample Consensus), which can effectively handle outliers and
suppress the influence of incorrect correspondences. After ob-
taining the optimal regression model, the resulting transforma-
tion is applied to the full depth map to obtain scale-consistent
predictions.

Through this process, sparse geometric information from SfM
is used to align monocular depth predictions to unified met-
ric scale without modifying the original network architecture,
thereby significantly improving multi-view depth consistency
while preserving the efficiency and generalization capability of
the original MDE model.

3.2.3 3D Reconstruction via TSDF Fusion: After obtain-
ing metric depth maps for all images, TSDF (truncated signed
distance function) fusion is employed for volumetric integration
(Curless and Levoy, 1996; Newcombe et al., 2011). Using the
camera parameters estimated by SfM, depth observations from
multiple views are projected into a unified 3D voxel grid.
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Murre Marigold-DC
Res. Vox. C2Cl Rough.] Tierd Thused Mem.] C2C| Rough.l Tinterd Thused Mem.|
512 5 0.256 0.021 1.43 3.07 24.57 Out of Memory
512 10 0.262 0.045 1.43 1.17 6.62 0.217 0.045 44.90 2.08 26.45
512 20 0.252 0.095 1.43 0.91 4.93 0.193 0.096 44.90 0.68 7.60
512 30 0.237 0.142 1.43 0.37 4.53 0.199 0.146 44.90 0.92 6.54
1024 5 0.227 0.021 5.81 1.69 26.02 Out of Memory
1024 10 0.227 0.047 5.81 0.87 6.85 0.240 0.044 51.52 2.40 26.32
1024 20 0.214 0.099 5.81 0.59 5.10 0.211 0.094 51.52 0.62 7.55
1024 30 0.217 0.150 5.81 0.40 4.75 0.212 0.143 51.52 0.78 6.51
1536 5 0.236 0.021 16.74 1.79 27.25 Out of Memory
1536 10 0.238 0.046 16.74 1.09 7.34 0.214 0.044 106.26 2.06 26.12
1536 20 0.213 0.097 16.74 0.78 5.54 0.210 0.093 106.26 0.62 7.51
1536 30 0.216 0.148 16.74 0.40 5.20 0.211 0.142 106.26 0.75 6.49

Table 1. Performance comparison of Murre and Marigold-DC under different depth resolutions and voxel parameters.

During fusion, the signed distance value and corresponding
weight of each voxel are incrementally updated. When the
TSDF fusion is complete, the marching cubes algorithm is ap-
plied to extract the zero-crossing isosurface from the TSDF
volume, which represents the scene surface. The extracted
isosurface is then used to generate dense point clouds and mesh
models.

4. Experiments

To systematically evaluate the performance of the proposed
MDE-based 3D reconstruction framework on photogrammetry
datasets, experiments are designed from two key perspectives.
First, the influence of different parameters on reconstruction is
investigated to determine suitable configurations for the frame-
work. Based on these settings, reconstruction is conducted with
multiple MDE methods to verify the effectiveness of the pro-
posed framework.

Specifically, Section 4.2 examines the impact of depth map
resolution and voxel size on the quality of TSDF-based re-
construction.  Section 4.3 investigates how the number of
denoising steps and ensemble size in diffusion-based meth-
ods affect the reconstruction results. Finally, in Section 4.4,
guided by the conclusion of Sections 4.2 and 4.3, six state-
of-the-art MDE methods (Murre, Marigold, Marigold-DC,
Prior-DepthAnything, PixelPerfectDepth, DepthAnythingV?2)
are employed for reconstruction, and their performance is ana-
lyzed within the proposed framework.

4.1 Datasets

To comprehensively evaluate the 3D reconstruction perform-
ance of the proposed framework under different photogrammet-
ric conditions, several typical datasets are used in the experi-
ments. (1) Low-altitude UAV photogrammetry datasets: CAS
(Du et al., 2025), SHHY, and GauU (Xiong et al., 2024). For
the CAS dataset, two scenes are selected, including phantom3
and ground. The GauU dataset includes two large-scale scenes,
HAV and SMBU , which are used to assess the reconstruc-
tion capability of the proposed framework in large-scale UAV
scenarios. The SHHY dataset contains complex urban struc-
tures with high image resolution, and is used to evaluate re-
construction performance on high-resolution UAV images. (2)
Close-range photogrammetry dataset: the Caffe in FBK dataset

(Poiesi et al., 2017) is mainly used to evaluate the reconstruc-
tion performance in small-scale close-range environments. Ex-
amples and detailed information of these datasets are presented
in Fig. 3 and Table 2.

Figure 3. Sample images of experimental datasets.

Dataset Resolution (px) Num. Images
phantom3 18701049 467
ground 5472x3648 295
SHHY 6000x4000 770
Caffe 1920x1080 87
HAV 5467%x3635 424
SMBU 5468x3636 563

Table 2. The resolution and number of images of datasets used
in experiments

Regarding the ground-truth reference, CAS and SHHY data-
sets use high-density point clouds reconstructed by Agisoft
Metashape as reference model. The FBK dataset directly ad-
opts the provided LiDAR point clouds. For the GauU dataset,
official LiDAR point clouds are used as the reference, while
the SfM camera poses are reconstructed using COLMAP and
further aligned to LiDAR reference to ensure scale consistency
during evaluation.

All experiments and evaluations in this work are conducted on
a workstation equipped with an Intel(R) Xeon(R) Gold 6133
CPU and a single NVIDIA GeForce RTX 4090 GPU (24 GB
VRAM). The system operates on Ubuntu 22.04.3 LTS with
512 GB of physical RAM, ensuring sufficient computational
resources for high-resolution 3D reconstruction and large-scale
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TSDF fusion.

4.2 Parameter Analysis of Voxel Size and Depth Map Res-
olution

This section evaluates the influence of depth map resolution
(Res., in pixels) and voxel size (Vox., calculated as Voxel Size
= Voxel / 512 m) on the reconstruction accuracy during TSDF
fusion. The experiments are conducted on the FBK-Caffe scene
using Murre and Marigold-DC as examples, as shown in Tab.
1. Here, C2C (in meters) denotes the mean Cloud-to-Cloud
distance between the reconstructed and reference point clouds.
Rough. (in meters) measures the mean surface roughness of the
reconstructed model. Tiyfer and Tysion (in seconds) denote the
average inference time and fusion time per image, respectively,
while Mem. (in GB) represents the peak memory consumption
during the fusion process.

Vox. =20

Vox. =30

Figure 4. The reconstruction results of different voxel size on
Cafte dataset

Under a fixed depth map resolution, increasing the voxel size
leads to a slight decrease in C2C error. This is likely due
to the stronger smoothing effect introduced by larger voxels,
which suppresses noise in the reconstructed geometry, result-
ing in marginal improvements in numerical accuracy. However,
this improvement in C2C error does not necessarily reflect an
actual increase in geometric fidelity. In contrast, surface rough-
ness increases significantly with larger voxel sizes, as shown in
Fig. 4, indicating that the ability to preserve geometric details
is substantially degraded. Moreover, reducing the voxel size
results in a significant increase in both fusion time and memory
consumption.

When the voxel size is fixed, varying the depth map resol-
ution has a relatively limited impact on both C2C error and
surface roughness, with variations generally within 2 cm. Al-
though higher-resolution depth maps provide denser spatial ob-
servations, the TSDF fusion mechanism inherently aggregates
all depth observations falling within the same voxel through
weighted averaging. Consequently, the potential geometric
gains from increased resolution are mitigated by this localized
fusion. In terms of computational cost, increasing the depth
map resolution leads to a significant increase in inference time,
while having minimal effect on fusion time.

Overall, both voxel size and depth map resolution have limited
influence on C2C accuracy, whereas voxel size plays a dom-
inant role in determining surface quality. In particular, larger
voxels lead to smoother but less detailed surfaces, while smal-
ler voxels preserve finer geometry at the cost of substantially
higher computational and memory requirements. Similarly, ex-
cessively high depth map resolution increases inference cost

without proportional gains in reconstruction quality. There-
fore, considering the trade-off between reconstruction quality
and computational efficiency, Res. = 1024 and Vox. = 10 are
adopted as the default parameter settings in subsequent experi-
ments.

4.3 Parameter Analysis in Diffusion-based Depth Estima-
tion

This section analyzes the influence of denoising steps (WVstep)
and ensemble size (NVgnsemble) 1N diffusion models on the fi-
nal 3D reconstruction results. Experiments are conducted us-
ing three diffusion-based models: Murre, Marigold-DC, and
Marigold. Results are presented for the ground scene of the
CAS dataset. Tab. 3, 4, and 5 report inference time, fusion time,
C2C error and mean surface roughness. It is worth noting that
both C2C and Rough. are computed in a normalized coordinate
system for this dataset, and thus do not reflect absolute real-
world scale.

N step Nens Tinfer Jf Ttusion Jf CZC\L Rough.J,

1 1 1.24 1.05 14.570 0.333

2 1 1.29 0.59 1.440 0.557
4 1 1.44 0.53 1.574 0.566
4 5 3.24 0.53 1.594 0.566
4 10 4.87 0.54 1.560 0.568
10 1 1.64 0.52 1.606 0.569
10 5 6.94 0.48 1.694 0.570
20 5 6.63 0.52 1.636 0.573

Table 3. Sensitivity analysis for the Murre model

N, step Nens Tinfer ~L Ttusion ~L CZC\L ROugh-J,
10 1 2.18 1.73 35.575 0.384
10 5 5.53 1.81 34.757 0.387
10 10 14.54 1.72 33.243 0.387
20 5 14.42 1.64 12.749 0.399
50 5 33.67 1.40 3.792 0.465

Table 4. Sensitivity analysis for the Marigold-DC model.

Nstep Nens Tinfer J« Talign \L Ttusion J, C2C¢ ROllgh.,L

1 1 5.02 0.50 1.35 1949 0.621
2 1 5.81 0.49 088 1.937 0.627
4 1 6.48 0.40 1.09 1.870 0.638
4 5 7.85 0.40 332 1956 0.643
4 10 1749 0.5 2.80 2014 0.636
10 1 6.15 0.36 099 2.001 0.629

Table 5. Sensitivity analysis for the Marigold model.

Murre: The results show that the number of denoising
steps Nsiep significantly affects reconstruction accuracy, while
the influence of ensemble size Nepgemble 1S relatively limited.
When Ngep increases from 1 to 2, the C2C error decreases
sharply, whereas surface roughness increases, indicating over-
smoothing at extremely low denoising steps. In this regime, the
model fails to recover both metric scale and essential geometric
details, which results in severe depth prediction errors. As Niep
further increases to a range of 4-20, both mean C2C and rough-
ness stabilize at approximately 1.6, indicating that the model
reaches a stable prediction state with relatively few sampling
steps. This is mainly attributed to the sparse SfM geometric
priors integrated in Murre, which facilitate rapid convergence
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Figure 5. Dense reconstruction results of several monocular depth estimation methods

during the diffusion process. Increasing Nepsemble yields only
marginal improvements in C2C but significantly increases in-
ference time. Therefore, considering both efficiency and accur-
acy, Nyep = 2 and Nepsemble = 1 achieve a good balance.

Marigold-DC: The experimental results show that the diffu-
sion steps have a stronger influence on depth prediction accur-
acy. This method relies on test-time optimization in the lat-
ent space to recover depth scale, making it highly sensitive to
the number of diffusion iterations. When Nep is small, the
latent optimization process fails to sufficiently converge, lead-
ing to large reconstruction errors. As Ngep increases, the error
decreases significantly, accompanied by an increase in surface
roughness, indicating that sufficient diffusion iterations are re-
quired for reliable scale recovery and alignment with SfM con-
straints. However, increasing Ns.p leads to substantially higher
inference time, making it significantly slower than other com-
pared methods. In the meanwhile, increasing Nepsemble provides
limited improvement in accuracy. Therefore, considering com-
putational efficiency, Ngep = 50 and Nepsemple = 5 are adopted
as the default configuration for reconstruction.

Marigold: The results show that stable depth prediction can
be obtained with relatively few diffusion steps. When Ngep
increases from 1 to 4, the C2C error decreases from 1.949 to
1.870, while roughness increases from 0.621 to 0.638, indicat-
ing that a moderate increases in diffusion steps improve both
reconstruction accuracy and geometric detail. However, when

Nyiep further increases to 10, the reconstruction error slightly
increases, which suggests that excessive diffusion steps may in-
troduce noise accumulation and degrade performance. Regard-
ing ensemble inference, when Nyep = 4, increasing Nepsemble
from 1 to 5 or 10 does not significantly improve reconstruc-
tion accuracy but leads to additional computational consump-
tion in alignment and fusion stages. Therefore, Nyep = 4 and
Nensemble = 1 provide a reasonable trade-off between recon-
struction accuracy and computational efficiency.

4.4 Reconstruction Results of the Proposed Framework

This section evaluates the performance of six state-of-the-
art monocular depth estimation methods within the proposed
3D reconstruction framework on six scenes: phantom3, HAV,
Caffe, ground, SHHY and SMBU. All these methods use the
same TSDF fusion parameters (Res. = 1024, Vox. = 10). Re-
construction results of these MDE methods are shown in Fig. 5,
quantitative evaluation results are presented in Tab. 6

To assess reconstruction quality, four metrics are adopted: the
mean Cloud-to-Cloud error (C2C mean) between the recon-
structed and reference point clouds, the 95th percentile of the
C2C error distribution (C2C P95), the F-score computed us-
ing C2C mean as the distance threshold, and the mean surface
roughness (Rough.). The visualization results of the mean C2C
errors for phantom3, HAV and Caffe are shown in Fig. 6, 7, and
8. It should be noted all reconstructed point clouds are aligned
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Dataset MDE Methods C2CMean] C2CP95] F-Scoret Rough.l Tieal VRAM|

Murre 0.230 0.550 0.895 0078 1556 9.56

Marigold-DC 0.434 1.619 0.788 0.064 102284 751

phantom3  Prior-DepthAnything® 0231 0.570 0.880 0.080 270 222
(1870x1049) Marigold 0.229 0.555 0.881 0082 2179 4.90
PixelPerfectDepth 0.224 0.538 0.900 0.084 646 5.61
DepthAnythingV2' 0.225 0.549 0.895 0.078 738 6.17
Murre 0.092 0.457 0.979 0008 2307  11.19

Marigold-DC 0.081 0.506 0.974 0008 30521 854
HAV Prior-DepthAnything” 0.074 0.435 0.980 0.008 2017 11.86
(5467x3635) Marigold 0.083 0.508 0882 0008 3625 545
PixelPerfectDepth 0.069 0.408 0.900 0.008 2171 5.68
DepthAnythingV?2" 0.064 0.391 0.913 0.008 2686 5.48

Murre 0.274 0.729 0.873 0.043 449 9.70

Marigold-DC 0.240 0.714 0.892 0.044 4691 752

Caffe Prior-DepthAnything”  0.193 0.681 0.924 0.049 240 222
(1920x1080) Marigold 0.279 0.720 0.875 0.044 201 5.09
PixelPerfectDepth 0.272 0.714 0.879 0.045 227 5.61
DepthAnythingV2" 0.257 0.727 0.879 0.045 287 6.17

Murre 1.438 4.042 0.752 0.268 895 10.88

Marigold-DC 2752 6.768 0.583 0215 61538  8.63
ground  Prior-DepthAnything'  1.354 3.637 0.773 0268 2616 1190
(5472%3648) Marigold 2.088 7.924 0.684 0314 2429 5.25
PixelPerfectDepth 1.339 3.974 0.759 0291 2795 5.68
DepthAnythingV2" 1.483 4386 0.723 0285 1987 5.48

Murre 0.063 0.173 0.984 0050 3993  10.87

Marigold-DC 0.180 0.499 0.845 0075 136658  8.80
SHHY  Prior-DepthAnything”  0.067 0.184 0.978 0051 3022  14.00
(6000x4000) Marigold 0.113 0.306 0.904 0055 8731 527
PixelPerfectDepth 0.074 0.213 0.973 0052 612l 5.68
DepthAnythingV2" 0.073 0211 0.972 0.048 7097 5.48

Murre 0.279 1.484 0.871 0.009 3263 8.56

Marigold-DC 0.297 1.619 0.862 0011 57607 855
SMBU  Prior-DepthAnything  0.331 1.788 0.855 0010 2984  11.86
(5468x3636) Marigold 0.279 1.387 0.859 0.009 6064 5.45
PixelPerfectDepth 0.299 1.575 0.858 0011 3192 5.68
DepthAnythingV2' 0.298 1.622 0.868 0011 3083 5.48

* ViT-based discriminative monocular depth estimation methods; others are diffusion-based generative methods.

Table 6. Quantitative evaluation of various MDE methods across six datasets. Mean C2C, C2C P95, F-score,
surface roughness, total processing time 7o, and VRAM usage are reported. Best and second-best results are
highlighted in bold and underlined, respectively. For each dataset, the first three methods incorporate SfM priors during
inference, while the last three apply post-correction to predicted relative depths.

to the coordinate system of the reference data. For datasets with
LiDAR ground truth (e.g., HAV, Caffe and SMBU), the C2C er-
ror and Roughness are expressed in meters, reflecting absolute
physical scales. Conversely, for datasets without LIDAR meas-
urements (e.g., phantom3, ground and SHHY), these metrics
serve primarily as relative indicators for inter-method compar-
ison. In addition, the total reconstruction time 7Ti., and peak
memory consumption (Mem.) of each MDE method are com-
pared.

In terms of reconstruction accuracy, Murre, Prior-
DepthAnything, PixelPerfectDepth, and DepthAnythingV?2
achieve the best performance on different datasets, respectively,
with relatively small differences observed among them on the
same dataset. This indicates that both strategies—incorporating

StM geometric priors during network inference (e.g., Murre
and Prior-DepthAnything) and applying SfM-based post-
correction to align predicted depths (e.g., PixelPerfectDepth
and DepthAnythingV2) are effective in improving multi-view
geometric consistency and enabling reliable 3D reconstruction,
with comparable levels of geometric accuracy. In addition,
the surface roughness of all six MDE methods is similar,
suggesting that roughness is less sensitive to the choice of
MDE method and is primarily governed by the voxel size in
the TSDF fusion process.

For computational efficiency, ViT-based methods generally per-
form higher computational efficiency than diffusion-based ap-
proaches, especially for Prior-DepthAnything, which achieves
the shortest total processing time across four datasets. This
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Figure 6. Cloud-to-cloud error comparison of several depth
estimation models on phantom3 dataset
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Figure 7. Cloud-to-cloud error comparison of several depth
estimation models on HAV dataset
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Figure 8. Cloud-to-cloud error comparison of several depth
estimation models on Caffe dataset

is mainly because diffusion-based methods typically require
multiple denoising steps and ensemble inference size to en-
sure prediction quality, resulting in longer inference time and
higher computational cost. Notably, Murre demonstrates the
highest efficiency among diffusion-based methods, as it effect-
ively leverages SfM priors to achieve high-quality results with
relatively few denoising steps and a small ensemble size.

For GPU memory consumption during inference, Prior-
DepthAnything exhibits a clear advantage on low-resolution
images but becomes less efficient than other methods when ap-
plied to high-resolution inputs. In general, methods that do
not incorporate SfM priors during inference (e.g., Marigold,
PixelPerfectDepth, and DepthAnythingV2) require less GPU
memory than those that explicitly utilize SfM priors (e.g.,
Murre, Marigold-DC, and Prior-DepthAnything). Among
them, Marigold consistently achieves the best or second-best
memory efficiency across all evaluated datasets. This is because
they do not process additional geometric information during in-
ference, resulting in simpler network architectures and lower
memory overhead.

Overall, the proposed MDE-based 3D reconstruction frame-
work achieves reliable reconstruction performance across all six
evaluated MDE methods. In particular, the proposed explicit
post-correction strategy effectively improves multi-view geo-
metric consistency for methods that lack geometric constraints
during inference, while introducing only minimal computa-
tional overhead. Furthermore, under the proposed framework,
ViT-based MDE methods achieve comparable reconstruction
accuracy to diffusion-based approaches while offering signific-
antly higher efficiency. Therefore, combining ViT-based MDE
methods with the proposed post-correction strategy provides a
favorable balance between reconstruction accuracy and compu-
tational efficiency.

5. Conclusion

This paper presents a novel 3D reconstruction framework that
synergizes Monocular Depth Estimation (MDE) with Structure-
from-Motion (SfM) geometric constraints for photogrammetric
dense reconstruction. Central to our approach is an explicit geo-
metric post-correction strategy that aligns the predicted mon-
ocular depth with the metric scale without requiring architec-
tural modifications to pre-trained networks. This plug-and-play
design effectively mitigates the multi-view geometric inconsist-
encies inherent in standard MDE pipelines.

Our extensive experiments reveal critical insights into the
factors governing reconstruction quality. We observe that while
both depth map resolution and voxel size influence the geomet-
ric fidelity of TSDF fusion, voxel size exerts a more dominant
impact. Furthermore, for diffusion-based models, the number
of denoising steps plays a pivotal role in ensuring scale conver-
gence, particularly within optimization-based pipelines char-
acterized by strong step dependency. While ensemble infer-
ence size effectively suppresses depth noise, we note diminish-
ing returns in accuracy as ensemble size increases, accompan-
ied by a linear rise in computational cost. Crucially, the pro-
posed post-correction strategy demonstrates robust compatibil-
ity across both ViT-based and diffusion-based backbones, sub-
stantially enhancing multi-view geometric consistency. Not-
ably, ViT-based models, when augmented with our strategy, of-
fer a superior trade-off: they achieve high reconstruction accur-
acy with markedly higher computational efficiency compared
to diffusion-based counterparts. This provides a more optimal
balance between reconstruction fidelity and resource consump-
tion.

Future work will explore more refined depth alignment
strategies, such as patch-wise scale correction or multi-model
regression, to further enhance geometric fidelity and robustness
in complex, large-scale scenarios.
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