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Figure 1. Our novel algorithm refines an initial monocular depth estimation with multi-view differentiable rendering based on a meshed
representation of the depth map. This results in dense, accurate, and absolute depth maps, especially in challenging indoor scenarios. Note
that the ground truth here is obtained by LiDAR, as such uncertain areas are left blank.

Accurate depth estimation is at the core of many appli-
cations in computer graphics, vision, and robotics. Current
state-of-the-art monocular depth estimators, trained on ex-
tensive datasets, generalize well but lack 3D consistency
needed for many applications. In this paper, we combine
the strength of those generalizing monocular depth estima-
tion techniques with multi-view data by framing this as an
analysis-by-synthesis optimization problem to lift and re-
fine such relative depth maps to accurate error-free depth
maps. After an initial global scale estimation through
structure-from-motion point clouds, we further refine the
depth map through optimization enforcing multi-view con-
sistency via photometric and geometric losses with differ-
entiable rendering of the meshed depth map. In a two-
stage optimization, scaling is further refined first, and af-
terwards artifacts and errors in the depth map are cor-
rected via nearby-view photometric supervision. Our eval-
uation shows that our method is able to generate detailed,
high-quality, view consistent, accurate depth maps, also
in challenging indoor scenarios, and outperforms state-of-
the-art multi-view depth reconstruction approaches on such
datasets.
Project page and source code can be found at https:

//lorafib.github.io/ref_depth/.

1. Introduction

Depth estimation is crucial in computer vision, graphics,
and robotics [9]. They support online use cases like au-
tonomous driving [53], augmented reality [21], or robot
navigation [9, 21], but also many offline scenarios like 3D
reconstruction [25], supervision for 3D foundation models
like DUSt3r or MASt3R [27], post-processing for compu-
tational photography and video editing (defocus blur, back-
ground removal, etc.), content creation for light field dis-
plays, or virtual scene exploration [10, 17]. In this paper,
we focus on building a stable optimization pipeline that fa-
vors highest fidelity of individual depth maps for such non-
realtime use cases that especially profit from dense and ac-
curate depth information.

For the mentioned scenarios, most often depth maps are
used that have been generated by patch-matching methods
like COLMAP [42] or MVSNets [65], which often suffer
from incomplete reconstructions. Alternatively, recent pre-
trained monocular depth estimation methods [12, 22, 63,
64] provide good and complete results, although mostly
in the form of relative depth maps in a normalized scale.
Transferring these depth maps to absolute values is pos-
sible via least squares fitting to LiDAR data [22, 40], or
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Figure 2. Warping with depth maps reveals inconsistencies and
artifacts. Absolute depth maps [63] estimated with least squares
display missalignments upon warping. In contrast, our approach,
which combines estimation and optimization, effectively preserves
and enforces multi-view consistency.

with sparse, absolute multi-view point cloud data [65] as
obtained by Structure-from-Motion (SfM) [42]. Yet, this
approach also poses problems due to unreliable min/max
points and uneven SfM point cloud distributions (see
Fig. 2 (a)).

The approach proposed in this paper follows this idea to
rescale estimated depth maps to absolute values using SfM
data. It is based on two observations: First, similar to the
Multi-view Stereo (MVS) community [65], where bound-
ing volumes are guided by SfM, we find that the scene ex-
tent can be determined by aligning the medians of the depth
map and sparse point cloud leading to a robust initial align-
ment (see Fig. 2 (b)). Second, we find that explicitly utiliz-
ing SfM data and multi-view images and combining it with
a differentiable renderer can significantly enhance scale re-
finement and enable error correction of depth map inaccu-
racies (see Fig. 2 (c)). These errors, typically manifesting
as noise, oversmoothing or distance errors between objects,
change the relative alignments in a depth map, as seen in the
histogram in Fig. 4 (b). By warping the input image to ad-
jacent views using the depth map and performing a compar-
ison, we observe that depth errors become highly apparent
(Fig. 2). Consequently, we propose using a differentiable
nearby-view rendering framework, which enables an opti-
mization strategy tailored to address this challenge.

Our pipeline works as follows: First, we use a exten-
sively trained monocular depth estimator [22, 64] to predict
individual image depths, generating smooth but non-metric
depth maps. As mentioned before, we estimate our global
scale and convert the depth map into a triangle mesh for
rendering and optimization.

Then we optimize the resulting depth mesh towards a
finely detailed multi-view consistent absolute depth map us-
ing a differentiable renderer [26]. Optimization takes place
in two stages. First, we learn a neural field that remaps
the depth map mesh coarsely to the correct values, fitting it
directly against the SfM point cloud. This efficiently miti-
gates distance errors. Second, we apply local depth map re-
finement in an analysis-by-synthesis paradigm, supervising
warped-colored renderings with the captured input images.

This removes oversmoothing and restores fine details in the
depth map.

As we show in our evaluation on synthetic and real-
world data, our method provides highly detailed and accu-
rate depth maps, surpassing competing methods.

Our contributions are as follows.
• A novel analysis-by-synthesis technique to refine monoc-

ular depth maps for accurate 3D information via view
consistency optimization.

• A two-step refinement scheme that first performs a coarse
alignment via shallow neural fields and second follows a
local refinement strategy to optimize depth values on fine
granularity for highly detailed depth maps.

• An edge aware and a Poisson blending [39] inspired regu-
larizer to exploit the strong initial estimates from monoc-
ular estimators. Yielding robust results even in challeng-
ing scenarios.

• An extensive evaluation of the proposed method, show-
casing its efficiency especially in difficult feature-scarce
indoor scenes.

2. Related Work
Image-based Matching & Triangulation. Multi-view-
stereo (MVS) [16, 43] methods integrate data from multi-
ple images by matching and triangulating patches based on
horizontal disparity [2]. This resembles stereo pair patch
matching along the epipolar line to increase match proba-
bility through similarity computations. Scarce textures pose
challenges, causing sparse results in such areas. Coarse-to-
fine strategies [54, 58] or plane prior methods have been
implemented to address these issues [54, 59, 69].

The plane sweep algorithm [7] is a method for estimating
MVS depth by dividing the viewing area into frontoparal-
lel planes at varying depths and warping them into other
views. It projects colors from all views into the camera’s
frustum, choosing the depth hypothesis with optimal photo-
metric consistency. The quality of depth estimates heavily
depends on the number of planes, or essentially the resolu-
tion of this volumetric representation.

Yao et al. [65] combined the plane sweep approach with
neural networks. Several follow-up works refined the initial
architecture and training [3–5, 8, 14, 30, 31, 55, 60, 62, 66,
73]. To date, these networks dominate popular benchmarks
such as the Tanks and Temples [24] point cloud reconstruc-
tion benchmark.

Novel View Synthesis & Inverse Rendering. In the
realm of novel view synthesis (NVS), depth maps serve as
a common way to represent an underlying 3D scene [10,
17]. Thus, some methods started to produce depth maps
within their pipeline as a byproduct to enable high quality
NVS [52, 56, 71]. However, these depth maps often have
very limited depth precision [56] or resolution [52].
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Figure 3. Overview of our method. We employ monocular depth estimation for a relative, but topologically complete depth map. Results
from Structure-from-Motion are used to scale the depth map to absolute space. Following, we convert the depth map to a surface mesh for
refinement via differentiable rendering. The refinement is done in two consecutive steps: first, we learn a mapping function that smoothly
aligns the depth map to the sparse point cloud and second, we refine per-vertex positions, yielding accurate depth maps.

Others use advancements from the novel view synthe-
sis and inverse rendering community to directly optimize
for depth maps. Kim et al. [23] integrate image-based ren-
dering methods [29] to infer view-consistent depth maps.
Chugunov et al. [6] transfer multi resolution hash grids [34]
to optimize near-field depth maps from RAW camera bursts.
Mirdehghan et al. [33] and Shandilya et al. [44] cast
structured-light scanning as an inverse rendering problem.

Refinement. To mitigate problems in depth maps, such as
sparseness and noise, various methods aim to improve low-
quality maps by using additional information or integrat-
ing data from other sensors, such as aligned photographs.
Shape-from-shading techniques estimate the curvature of
light-surface interactions, using registered color data to re-
fine the quality of the depth map [15, 20, 35, 36, 50, 57].
Some also optimize the photometric consistency between
views with NeRF-based schemes [19].

Other methods [13, 32, 38, 70] use neural networks to
complete depth maps from sparse data such as LiDAR of
SfM point clouds. Similarly, low-resolution depth maps are
upsampled using shape-from-shading [15] or temporal in-
formation [48, 68]. Other approaches tackle noise [46, 61]
in depth maps.

Monocular Depth Estimation. Monocular depth estima-
tors [22, 37, 45, 63] take shading-based refinement and
image-based depth densification further by inferring 3D
structures from a single image. Many methods already de-
liver depth maps with pixel-perfect silhouettes and close
approximations of curvatures. However, these depth esti-
mators are geometrically inaccurate and ambiguous due to
their lack of geometric triangulation and struggle with am-
biguous scenes [12, 37]. Using their learned priors, these
estimators can be integrated into multi-view systems [23]
or for the regularization of related tasks [28].

3. Method
We aim to build a pipeline which provides a highly detailed
and multi-view consistent depth map for a set of posed input
images, see Fig. 3 for a visualization.

The pipeline begins with a relative depth map from
monocular depth estimation. We then scale this non-
metrical estimation to absolute values (refer to Secs. 3.1 and
3.2). This adjustment uses the SfM point cloud derived from
nearby views. However, the map still exhibits local view in-
consistencies (see Fig. 2). We transform the depth map into
a fine-grained triangle depth mesh, which is then optimized
using inverse rendering, incorporating other images as RGB
supervision.

This optimization is performed in two steps: Firstly, we
do a coarse refinement with only a few degrees of free-
dom via a very shallow coordinate MLP, which optimized
the scaling and offset for the depth map (see Sec. 3.5). In
the second step, we locally refine (see Sec. 3.6) the depth
mesh on a per-vertex basis using differentiable rendering
(see Sec. 3.4) aiming for photo-consistency with the other
images. To enable robust optimization even in varying light-
ing conditions, we further integrate a differential tonemap-
ping module (see the supplemental material).

3.1. Input

Ii ∈ RH×W×3, i ∈ {0, . . . , n}, denotes one of n input im-
ages, with W and H being the images’ width and height.
We first use SfM, specifically COLMAP [42], to estimate
intrinsics Ci and pose {(R, t)i} of each image, as well as
a sparse point cloud X = {xj} with all xj being visible
in I0. C is defined with the common convention of focal
lengths (fx, fy) and principal point (cx, cy) and images are
undistorted.

3.2. Monocular Depth and Global Estimation

We estimate a depth map Dr
0 ∈ RH×W×1 for I0 using a

strongly pretrained monocular depth estimator.
To approximately map the relative depth map Dr

0 to an
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Figure 4. Histograms of different states of depth maps during our optimization. The initial estimate (a) is in relative space (red) and taken
as input to be refined (orange). Our absolute estimation (b) brings this to absolute space by aligning the medians and 0.1th percentiles.
Then, we optimize (c) to closely capture the depth distribution of the ground truth (red). Missing values, like windows, are counted as 0 m.

absolute scale, we use the sparse point cloud X: we glob-
ally offset and scale Dr

0 such that its median distance and
the value of its 0.1th percentile are aligned with the corre-
sponding values of the sparse point cloud X, resulting in
depth image Dg

0.
Note that we also considered to refine multiple depth

maps in parallel (see the supplemental for more details).
However, we opted to not do so as the resulting differences
are negligible while the VRAM drastically increases.

3.3. Meshing

Next, we convert Dg
0 to a 3D depth mesh M. We opted for a

meshed representation as it can be trivially initialized from
any dense depth estimation. Furthermore, meshes allow for
a non-uniform representation of the underlying geometry.
In particular, we can use reduction techniques that further
regularize our results and reduce resource consumption.

Triangle mesh. We unproject depth samples at image po-
sition (u, v) with u ∈ [0,W − 1] and v ∈ [0, H − 1] to
obtain a vertex p = (x, y, z)T with

x = (u− cx)
z

fx
, y = (v − cy)

z

fy
. (1)

and connect the vertices via triangle-based quads.
We usually use a mesh resolution of W/d×H/d triangle

quads, with d = 4 to avoid sub-pixel sized triangles, which
do not receive gradients during differentiable rasterization
and may lead to outliers (see Sec. 3.4). Although this seems
as constraining resolution, note that the default lower reso-
lution of estimators [22] equates to d between 2.3 and 2.6
and furthermore that (u, v) can shift within a quad, facili-
tating piecewise linear silhouette and edge approximation.

The mesh colors are taken from I0 using the interpolated
image coordinates (u, v), separating geometric complexity
from image resolution and allowing for vertex reduction.

Decimation. Scene geometry frequently features flat sur-
faces. Standard mesh simplification techniques identify
these areas and replace smaller triangles with larger ones,
simplifying the mesh. From the initial depth estimation,

1.01.0 0.5 0.25

Figure 5. Visualization of our depth mesh M, where triangle size
varies with scene complexity. Numbers in lower left corner indi-
cate decimation ratio r.

planar surfaces can be anticipated, allowing us to automat-
ically allocate optimizable parameters strategically. The
decimation process naturally regularizes refinement, en-
hancing robustness even in complex scenes with numerous
sparse-feature walls, as demonstrated in Fig. 5. This can be
likened to the plane prior support used in patch match-based
approaches [59].

We employ quadric mesh decimation [11] on unpro-
jected mesh vertices before local refinement (refer to
Sec. 3.6). Decimating vertices in non-linear space (see
the supplemental) favors a vertex density near the camera.
Quadric mesh decimation efficiently maintains position ac-
curacy, avoiding erroneous non-linear interpolation.

3.4. Differentiable Rendering

We use a differentiable render function Φ defined as

(I∗i ,D
∗
i ) = Φ(Ci,Ri, ti,C0,R0, t0,M). (2)

Φ projects the current mesh M with camera parameters
R0, t0,C0 to a neighboring view i with Ri, ti,Ci, creating
a pair of synthesized RGB images and depth maps. Specif-
ically, all vertices p ∈ M (see Eq. 1) are projected with

p∗
i = Ci[Ri|ti][R0|t0]−1p (3)

and then rasterized. During optimization, the state of M
continuously changes as described in Sec. 3.5 and 3.6. In
the following, we denote the current state of the depth map
as D∗

0. Returning from the meshed representation M to
D∗

0 is straight forward by evaluating Φ with i = 0, thus
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C0,R0, t0, which also yields I∗0, both of which are raster-
ized versions of M.

3.5. Coarse Refinement

In the first optimization stage, the goal is to transfer the ini-
tial depth estimation Dg

0 to more accurate values. Note that
in this stage, we do not aim for highest precision, but mainly
to coarsely align our depth buffer to the sparse SfM point
cloud having only a few degrees of freedom.

To this end, we determine a neural field that yields an
offset o and a scale s for any given image coordinate (u, v),
thus mapping depth values zg ∈ Dg

0 to refined zc:

zc = zg(1 + s) + o ∀zg ∈ Dg
0,

with (o, s) = Ψ(u, v, zg),
(4)

thus arriving at depth map Dc
0.

Specifically, Ψ is modeled as a shallow multi-layer per-
ceptron (MLP):

(o, s) = Ψ(γm(u), γm(v), γk(zg)), (5)

where γm and γk indicate positional encoding [49] func-
tions of degree m and k, respectively.

For optimization of the function, we evaluate Ψ directly
at available image positions of the sparse point cloud X and
also compare Dc

0 against X and use the regularizer as de-
scribed in Sec. 3.7 using gradient descent. Evaluating the
losses of Dc

0 will prevent overfitting of Ψ solely to the avail-
able points. The weights of Ψ are initialized very small (see
the supplemental for details), thus oc and sc will be small,
and thus zc close to zg .

Using a shallow MLP with low frequent positional en-
coding inherently exploits the spectral bias of MLPs, map-
ping similar inputs to similar outputs [49]. Hence, the re-
mapped depth map retains smooth image regions as well as
discontinuities.

3.6. Local Refinement

The last refinement stage aims to finetune Dc
0, arriving at

D0. Therefore, we jointly optimize depth values z with ver-
tex image coordinates u, v and interject mesh decimation
steps in between. The local refinement step aligns the tri-
angle edges with silhouettes in the image and adjusts depth
values to accurately trace the surface.

We introduce the per-vertex inverse scaling factor fz and
image space offsets ∆u,∆v, thus allowing for a piece-wise
linear approximation of silhouettes, as optimizable parame-
ters:

z = zc

fz
, (u, v) = (ug +∆u, vg +∆v). (6)

∆u,∆v are limited by d
2 to ensure that the mesh vertices

won’t intersect. (Note that in practice, we enable optimiza-
tion of ∆u,∆v already during the coarse refinement.)

Warp
Edge 

 Detect

Monocular Sobel Filtered Projected
Depth Map Dr

0 Edge Map E0 Edge Map E∗
i

Figure 6. To ensure proper visibility masking in nearby-view ren-
dering, we project the edge map E0 onto the rendered view to
weight color loss (white fully weighted, black not weighted).

As in the previous refinement, ∆u,∆v and fz are op-
timized with gradient descent as Φ is evaluated repeatedly
with (Ci,Ri, ti) and optimized according to the losses de-
scribed in Sec. 3.7.

For challenging datasets with varying lighting condi-
tions, we also introduce a tonemapping module that opti-
mizes per image exposure and response parameters. For
details, we refer the reader to the supplemental material.

3.7. Losses & Regularizers

We outline losses and regularizers used for the optimization.
Exact formulas and setups are in the supplemental.

Geometric Loss. We define Lgeo as the relative Huber
loss [18] between the current depth buffer and the depth
values of the projected sparse point cloud. To get the corre-
spondence between the D∗

0 and X, we calculate [R0|t0]X
to get the linear zx, and C0[R0|t0]X to get the pixel co-
ordinates per point. Note that we use the point visibility
information that COLMAP provides, so we only consider
points that are actually visible in I0. We use Lgeo during
coarse and local refinement directly on D∗

0. During coarse
refinement, we employ Lgeo on zc (see Eq. 4) with X.

Photometric Loss. We use a standard mean squared er-
ror formulation for our photometric consistency loss Lphoto

between rendered I∗i and captured images Ii. However, D0

cannot represent what is behind visible objects in the scene,
so as we render I∗i , regions that were occluded in I0 are
revealed. To prevent false comparisons, such regions are
masked in the loss. To this end, we rely on Dr

0 and calcu-
late its edge image E0 by utilizing a Sobel filter-based edge
detection. We use the the projected edge map E∗

i to mask
out the loss in occluded regions, which can be seen in Fig. 6.

Optimizing for photometric consistency presents a non-
convex challenge with a chance of becoming trapped in lo-
cal minima if the optimum is too distant. Thus, we opted to
only apply this loss during local refinement when our cur-
rent depth estimate D∗

0 is closer to the optimum.

Regularizers. To stabilize the optimization, we apply dif-
ferent regularizers, which carefully balance the contribu-
tions of dense photometric consistency, sparse geometric
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cues and the initial estimation. Their general idea is to in-
corporate and reuse the monocular depth image Dr

0 as prior
knowledge about structural information and scene layout
and apply that to the meshed and rendered version D∗

0.
The edge targeting regularizer Re(E

∗
0,E0), with E∗

0 be-
ing the edge image of D∗

0, encourages that silhouettes of
the rendered depth map D∗

0 and estimated depth map Dr
0

should align by calculating their mean squared error and an
additional term that moves (u, v) on to the edges by mini-
mizing the values sampled from E0.

A Poisson blending-inspired regularizer Rp is proposed
for preserving the local structure from Dr

0 to D∗
0 by assess-

ing their image space gradients. Again we mask out silhou-
ettes using Er

0 to neglect discontinuities, which are prone
to be inaccurate. An alternative to reusing the depth map
gradients is to regularize on available normals. Notably, Rp

performed on par with using a SotA normal estimator [1]
(see the supplemental material) and demonstrating that our
regularizer should be well applicable also outside of the
context of this work. Our total evaluation loss combines
the introduced objective functions using a weighted sum of
each of the elements, see the supplemental material.

4. Results

4.1. Setup & Datasets

We evaluate our method on the synthetic Replica
dataset [41, 47] and the real-world dataset ScanNet++ [67].
Both offer dense metric scale ground truth, thus allowing
for an isolated evaluation of individual depth maps.

For Replica, we use color and ground truth depth maps
from rendered meshes, from 2 room and 2 office scenes
randomly selected from the subset prepared by Rosinol
et al. [41] and optimizing over 64 views per scene. In
ScanNet++, ground truth depth maps come from meshes,
and the sparse point clouds and poses are computed by
COLMAP [42]. For results covered in Sec. 4.2, we used
10 ScanNet++ validation scenes, each with 10 depth maps,
totaling 100. Scenes where chosen to have little blurry im-
ages, and only consecutive frames. More details regarding
the dataset preparation are available in the supplement.

We evaluate standard error metrics: root mean squared
error (RMSE), mean absolute error (MAE), L1-rel [51], L1-
inv [51], and δ1 [63]. We also assess depth sample accuracy
(|z − zGT | < τ ) at various thresholds τ . Additionally, we
measure the density of depth maps by counting the number
of valid pixels. Values in the top 20 percent are indicated in
green, the greener the better.

Notably, we used the exact same hyperparameters for
all scenes and datasets, highlighting the stability of our
pipeline. This set of parameters was determined by an ex-
tensive set of experiments on withheld ScanNet++ scenes.
Ablation studies regarding the size of the involved mini

↓RMSE MAE L1-inv ↑Acc. Acc. Acc. Cumul.
τ=0.01 m τ=0.05 m τ=0.10 m time [s]

Global estimation 0.29 0.21 0.17 0.06 0.27 0.47
(least squares)
After step:
Init. & our global est. (Dg

0 ) 0.20 0.14 0.11 0.08 0.32 0.55 11.2
Meshing (M) 0.20 0.14 0.11 0.08 0.32 0.55 13.3
Coarse alignment (Dc

0 ) 0.22 0.12 0.12 0.12 0.44 0.66 128
Local refinement (D0 ) 0.17 0.09 0.07 0.22 0.58 0.76 437

Table 1. Intermediate results. On the ScanNet++ test data, each
step of our method significantly improves intermediate outcomes,
outperforming the least squares baseline [22]. Notably, meshing
the depth map preserves quality from Dg

0 . Time measured on a
Nvidia RTX3090 with OpenGL backend.

MLP during coarse refinement, the mesh decimation ra-
tios d and r, the tonemapper, different monocular depth
estimators (generally, we used Marigold [22]), and multi
depthmap refinement can be found in the supplemental ma-
terial. Additionally, we evaluate various loss configurations,
even using additional normal estimators, which underlines
the flexibility of our method as information from different
sources can be trivially fused by adding a loss or adapting
the initialization of D∗

0.
See Tab. 1 for a detailed summary of the efficiency each

involved step. Each step of our method notably enhances
results, surpassing the least squares baseline [22].

While this section mainly focuses on per depth map qual-
ity, we further evaluated scene global reconstruction quality
on a subset of the Tanks and Temples [24] dataset, showing
similar results compared to COLMAP.

4.2. Comparison against Prior Arts

We compare our approach with three highly ranked (and
previously best) methods of the Tanks and Temples bench-
mark [24]. All of them are MVSNet-based meth-
ods [65]: MVSFormer [3], MVSFormer++ [4], and Ge-
oMVSNet [72]. For GeoMVSNet however, only weights
trained on the DTU dataset were available, which impacted
generalization capabilities. These methods produce a cer-
tainty value that can be thresholded to control outlier re-
moval and depth map completeness. For Replica and Scan-
Net++ depth map assessments, we focused on valid ground
truth depth values within 7 meters, aligning with MVS-
Formers’ bounding volumes, and applied certainty masks
at thresholds of 0, 0.25, and 0.5. The varied complete-
ness metrics for these depth maps are detailed in the tables.
Additionally, we compare against the recent MASt3R [27],
which works on a quite low resolution (512×384) leading
to high errors for small details and around edges. As an
established representative of patch match-based methods,
we also compared with photometric depth maps generated
by COLMAP [43]. Finally, we compared with the recent
indoor-specialized metric configuration of the monocular
depth estimator DepthAnything2 [64]. We used the pub-
licly available code (and weights) for comparisons.
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Method ↑ Valid ↓RMSE MAE L1-rel ↑ δ1 Acc. Acc. Acc.
Samples 0.01 m 0.05 m 0.10 m

MVSFormer (0) 1.00 0.80 0.31 0.13 0.88 0.21 0.58 0.73
MVSFormer++ (0) 1.00 0.56 0.27 0.10 0.89 0.23 0.61 0.76
MVSFormer (0.25) 0.97 0.75 0.27 0.11 0.90 0.21 0.58 0.73
MVSFormer++ (0.25) 0.95 0.42 0.17 0.06 0.93 0.23 0.61 0.76
MVSFormer (0.5) 0.87 0.46 0.14 0.06 0.96 0.21 0.57 0.71
MVSFormer++ (0.5) 0.85 0.19 0.07 0.01 0.98 0.22 0.59 0.73
Ours (+) 0.99 0.08 0.04 0.02 1.00 0.37 0.81 0.92
Ours (-) 0.99 0.09 0.05 0.02 0.99 0.26 0.69 0.87

Table 2. Results on the Replica dataset. In brackets are confidence
thresholds for MVSNet-based methods and sparse point cloud ac-
curacy with good (+) and poor (-) quality for our method.

Method ↑ Valid ↓RMSE MAE L1-rel ↑ δ1 Acc. Acc. Acc.
Samples 0.01 m 0.05 m 0.10 m

DepthAnything2
(metric) 100% 1.91 1.79 1.51 0.00 0.00 0.00 0.00
COLMAP 69% 0.60 0.30 0.24 0.73 0.17 0.35 0.41
MASt3R 98% 0.19 0.16 0.16 0.89 0.07 0.30 0.51
MVSFormer0 100% 1.08 0.47 0.41 0.68 0.16 0.40 0.52
MVSFormer++0 100% 0.67 0.28 0.24 0.79 0.22 0.53 0.65
GeoMVSNet0 100% 1.19 0.61 0.77 0.53 0.05 0.18 0.28
MVSFormer0.25 90% 1.09 0.46 0.38 0.72 0.16 0.40 0.51
MVSFormer++0.25 88% 0.61 0.22 0.19 0.86 0.22 0.52 0.63
GeoMVSNet0.25 100% 1.19 0.61 0.77 0.53 0.05 0.18 0.28
MVSFormer0.5 47% 0.52 0.16 0.10 0.93 0.14 0.30 0.36
MVSFormer++0.5 62% 0.26 0.10 0.07 0.96 0.19 0.43 0.50
GeoMVSNet0.5 23% 1.45 0.90 1.11 0.38 0.00 0.02 0.04
Ours 99% 0.17 0.090 0.07 0.93 0.22 0.58 0.76

Table 3. Results on the ScanNet++ dataset [67]. Numbers in sub-
script indicate the confidence threshold for MVSNet methods.

For the synthetic Replica dataset, sparse point clouds are
generated from ground truth data with added realistic lev-
els of noise and outliers. Our method excelled the dataset,
as noted in Tab. 2, regardless of point cloud quality. Here,
’Ours (+)’ denotes high-quality point clouds (2% noise +
2% outliers). In contrast, ’Ours (-)’indicates use of very
low-quality point clouds (5-10% noise + 5-10% outliers)
leading to artifacts in extreme cases (see supplemental ma-
terial for visual results and details on data preparation).

Quantitative results for ScanNet++ are presented in
Tab. 3. We achieved top or on-par results in RMSE, com-
pleteness (valid samples), MAE, L1-rel, and accuracy at
τ = 0.05 and τ = 0.1. MVSFormer++ with a certainty
threshold of 0.5 slightly outperformed us in L1-inv, δ1, and
accuracy at τ = 0.01. However, their results only included
62% of values, compared to our over 99.5% of samples.

The qualitative results and ScanNet++ are shown in
Fig. 7. Our outputs are clean, dense, and plausible. How-
ever, some artifacts appear on the glossy table in Scene
3. Sometimes, our results surpass the ground truth, as in
the crop of Scene 4 or the table leg in Scene 5, right
crop. MVSNet-like results are sparse with noisy walls.
DepthAnything2’s metric version offers promising details,
though its global scale is inaccurate.

5. Limitations

While our method shows strong performance, it still has
limitations. Photometric consistency proves useful, but fails
in cases with specular materials (see e.g. Fig. 7) which our
method does not account for. This could be addressed with
uncertainty estimation, anchoring optimization with high-
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Figure 7. Qualitative results on the ScanNet++ dataset, with MVS-
Formers’ certainty threshold at their default of 0.5. Green borders
indicate image crops, while red highlights error maps; brighter ar-
eas imply greater errors, and grey indicates missing samples.

certainty depth estimates.

Ultimately, our approach relies on the initial input. Out-
liers in the sparse point cloud can result in spurious artifacts
and the scene topology, in form of an edge image, has to be
derived from the monocular depth map. The edge image is
crucial for accurately masking occluded areas, influencing
effectiveness of the losses.

6. Conclusion

In conclusion, our approach demonstrates that monocular
depth maps can be significantly improved by incorporating
photometric consistency across multiple views, leading to
enhanced depth estimation. By optimizing a meshed ver-
sion of the monocular depth map with a differentiable ren-
derer, we directly leverage the strong initial estimates and
achieve stable optimization, which refines scaling and cor-
rects errors. In this context, our Poisson and edge regulariz-
ers have proven to be particularly effective, ensuring robust
and reliable depth map refinement. Our simple yet effec-
tive pipeline consistently produces accurate and dense depth
maps, which is highly desirable for downstream tasks.
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ing image matching in 3d with mast3r. In European Confer-
ence on Computer Vision, pages 71–91. Springer, 2024. 1,
6

[28] Jiahe Li, Jiawei Zhang, Xiao Bai, Jin Zheng, Xin Ning, Jun
Zhou, and Lin Gu. Dngaussian: Optimizing sparse-view 3d
gaussian radiance fields with global-local depth normaliza-
tion. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 20775–20785,
2024. 3

[29] Zhengqi Li, Qianqian Wang, Forrester Cole, Richard Tucker,
and Noah Snavely. Dynibar: Neural dynamic image-based
rendering. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 4273–
4284, 2023. 3

[30] Jinli Liao, Yikang Ding, Yoli Shavit, Dihe Huang, Shihao
Ren, Jia Guo, Wensen Feng, and Kai Zhang. Wt-mvsnet:
window-based transformers for multi-view stereo. Advances
in Neural Information Processing Systems, 35:8564–8576,
2022. 2

[31] Tianqi Liu, Xinyi Ye, Weiyue Zhao, Zhiyu Pan, Min Shi, and
Zhiguo Cao. When epipolar constraint meets non-local oper-
ators in multi-view stereo. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 18088–
18097, 2023. 2

[32] Fangchang Ma, Guilherme Venturelli Cavalheiro, and Sertac
Karaman. Self-supervised sparse-to-dense: Self-supervised
depth completion from lidar and monocular camera. In
2019 International Conference on Robotics and Automation
(ICRA), pages 3288–3295. IEEE, 2019. 3

[33] Parsa Mirdehghan, Maxx Wu, Wenzheng Chen, David B
Lindell, and Kiriakos N Kutulakos. TurboSL: Dense Ac-
curate and Fast 3D by Neural Inverse Structured Light.
Proceedings CVPR IEEE Computer Society Conference on
Computer Vision and Pattern Recognition. 3

[34] Thomas Müller, Alex Evans, Christoph Schied, and Alexan-
der Keller. Instant neural graphics primitives with a mul-
tiresolution hash encoding. ACM Transactions on Graphics
(TOG), 41(4):1–15, 2022. 3

[35] Roy Or-El, Guy Rosman, Aaron Wetzler, Ron Kimmel, and
Alfred M Bruckstein. Rgbd-fusion: Real-time high preci-
sion depth recovery. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 5407–
5416, 2015. 3

[36] Roy Or-El, Rom Hershkovitz, Aaron Wetzler, Guy Rosman,
Alfred M Bruckstein, and Ron Kimmel. Real-time depth re-
finement for specular objects. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
pages 4378–4386, 2016. 3
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