


ing direction is perpendicular to the viewing position. This
viewpoint (or one close to it) is preferred over other views.
Also, voxels derived from the same plane should have simi-
lar surface normals. Hence, extracting important cues from
these geometries can be beneficial for feature learning and
scene representation. In addition, multi-view feature fu-
sion plays a vital role in volumetric reconstruction meth-
ods. Due to changing imaging conditions (e.g. illumina-
tion, camera orientation, and occlusion), instead of simply
averaging views, some views may be preferred over oth-
ers in terms of their positioning (i.e. more useful geometry
information). Furthermore, volumetric methods usually su-
pervise the predicted TSDF in a voxel-to-voxel manner ig-
noring local information, and hence may deviate from the
actual surfaces.

To address the aforementioned issues, in this paper, a
geometry integration mechanism is proposed for 3D scene
reconstruction. To this end, geometric information is ex-
ploited by our method at three different stages (see Figure
1b): (1) feature learning, (2) feature fusion, and (3) network
supervision. Firstly, to exploit discriminative information
for 3D reconstruction, a geometry-guided feature learning
(G2FL) is introduced to encode and integrate geometric pri-
ors (e.g. surface normal, projected depth, and viewing direc-
tion) into the multi-view features. Transformers and multi-
layer perceptron (MLP) are utilized to exploit the geometric
information. Secondly, during multi-view feature fusion,
the occluded views and views away from others may be as-
signed different attention levels. Therefore, the occlusion
prior and relative pose distance are adopted to construct the
multi-view attention function, forming a geometry-guided
adaptive feature fusion (G2AFF). Thirdly, at the supervision
level, the 3D surface normal is calculated from the TSDF,
which at the same time maintains local information. To en-
hance the local constraints and improve the reconstruction
quality, a consistent 3D normal loss (C3NL) is proposed,
considering the consistency between 2D and 3D normal,
discarding boundaries and thin objects.

Our main contributions are summarized as follows:

* A novel geometry integration mechanism is proposed
for 3D scene reconstruction, encoding geometric pri-
ors at three levels, i.e. feature learning, feature fusion,
and network supervision.

* A geometry-guided feature learning scheme encodes
3D geometry into multi-view features. A geometry-
guided adaptive feature fusion method uses geometric
priors as a guidance to learn a multi-view weight func-
tion adaptively.

* The consistency between 2D and 3D normal is ex-
ploited. A consistent 3D normal loss is introduced to
constrain local planar regions in the prediction.

* Volumetric methods enhanced with our method show
state-of-the-art performance on the ScanNet dataset
and demonstrates convincing generalization on the 7-
Scenes and TUM RGB-D datasets.

2. Related work
2.1. 3D scene reconstruction

Depth-based reconstruction. Depth-based methods typi-
cally follow a similar approach, i.e. first building a plane
sweep cost volume [4, 8] at the image or feature level,
and then using convolutional layers to extract and fuse fea-
tures from neighbouring views, finally predicting the depth
maps. Cost volume aims to capture information from source
images, as complementary features for the reference im-
age. Different cost metrics are used, e.g. concatenation,
dot product, and per-channel variance. For example, MVS-
Net [42] proposes a variance-based cost in each channel. In
DPSNet [11], the cost is calculated by concatenating ref-
erence features and the warped features. MVDepthNet [38]
and GP-MVS [10] adopt absolute differences between input
images to measure the similarity of different views, while
Neural RGBD [13] uses the same metric at the feature level.
DeepVideoM VS [7] and SimpleRecon [23] compute the dot
product between reference and warped features.
Volumetric (direct) reconstruction. Atlas [17] is the first
work to regress the TSDF directly, without the depth map
as an intermediate product. Compared to depth-based meth-
ods, Atlas learns to fill in unobserved regions. Based on At-
las, NeuralRecon [30] designs a learning-based TSDF fu-
sion to transfer features from previous to current fragments.
TransformerFusion [2] proposes a learned multi-view fu-
sion module using a Transformer and predicts the occu-
pancy similar to [19]. VoRTX [28] adopts a Transformer
to extract features and proposes an occlusion-aware fusion
module.

2.2. Geometric priors in 3D scene reconstruction

A number of methods use geometric information for 3D
scene reconstruction. For example, GP-MVS [13] applies
a relative pose distance to the Gaussian kernel [25], which
guides the learning in latent space. NeuralRecon [30] con-
catenates the projected depth to 3D features after multi-
view fusion. TransformerFusion [2] integrates pixel va-
lidity, viewing direction, and projected depth into the fea-
tures. Viewing direction and occlusion prior are exploited
in VORTX [28]. SimpleRecon [23] introduces the use of
geometric metadata for scene reconstruction, e.g. ray angle
and depth validity mask. However, they only use a limited
number of geometric priors and exploit 3D geometry at the
feature level. In contrast, our method proposes to exploit
geometric priors at different stages of the 3D scene recon-
struction pipeline.
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Figure 2. Details of our proposed geometry-guided feature learning and geometry-guided adaptive feature fusion. (a) Geometry-
guided feature learning: After 2D visual feature learning, view-dependent geometric priors (e.g. surface normal and viewing direction)
are encoded and fused into the visual features of the multi-view volume using a MLP, linear layers, and Transformers. (b) Geometry-
guided adaptive feature fusion: Fusion weighting is adaptively learned by a MLP with the guidance of features, relative pose distances, and

occlusion priors.

2.3. Multi-view feature fusion

The standard way of fusing multi-view features, i.e.
computing the average, considers each view in the same
way. In contrast, attention-based fusion gives attention ac-
cording to the information in each view. For instance, the
AttnSets module [41] is proposed to aggregate multi-view
features. DeepVideoM VS [7] includes a ConvLSTM [26] to
integrate past information into the current view. In particu-
lar, the use of Transformers [35, 3, 39, 45] shows their effec-
tiveness in feature awareness. Also, other methods are pro-
posed, designing their fusion module based on Transform-
ers. For example, TransformerFusion [2] adopts Transform-
ers to learn weights for each view and to select views during
inference. VoRTX [28] constructs an occlusion-aware fu-
sion using Transformers. In contrast to existing methods, in
this paper, an adaptive feature fusion is proposed to model
the attention by the guidance of multi-view features and ge-
ometries.

3. Method

T images I; € R3>*H>*W with camera intrinsics K; €
R3*3 and camera pose P; = (R;,t;) € R*** are taken as
an input, where 7 is the view index. As shown in Figure
la, volumetric (direct) methods generally consist of three
core components, i.e. 2D visual feature learning, multi-view
feature fusion, and 3D feature learning. 2D visual feature
learning exploits 2D convolutional neural networks (CNNs)
[9, 31] to extract 2D features, after which they are back-
projected to a 3D space. Next, multi-view feature fusion
combines these features into one volume. Finally, 3D fea-
ture learning adopts a 3D CNN [32] to regress the TSDF
value. Our geometry integration mechanism aims to com-

bine 3D geometry into general volumetric methods, see
Figure 1b. The key differences are: (1) After 2D visual
feature learning, geometry-guided feature learning incorpo-
rates view-dependent geometric information (e.g. surface
normal and viewing direction) into the 3D volume, which
is processed by Transformers and a MLP to exploit useful
cues. Details are given in Section 3.1. (2) In the multi-view
fusion stage, a geometry-guided adaptive feature fusion is
proposed. Features, occlusion approximation, and relative
pose distances are used to guide view-attention learning.
The multi-view volumes are integrated into one volume by
learned weights. Section 3.2 outlines this approach. (3) In
the loss function, the 3D normal calculated from the TSDF
contains local information of the TSDF. To encourage the
network to generate consistent scenes, a 3D normal loss is
added to the output. The normal loss keeps consistency be-
tween 2D and 3D normals and ignores boundaries and thin
parts. The normal loss is only computed during training.
Section 3.3 provides more details about this stage.

3.1. Geometry-guided feature learning

Planar structures are common in indoor scenes, e.g. walls
and tables. Hence, surface normals provide vital informa-
tion to determine the relationship between planes. Due to
back-projection, voxels along the camera ray correspond to
the same 2D features. Thus, depth can add discriminative
cues, e.g. voxels close to the camera provide more details,
while distant voxels contain richer contextual information.
Furthermore, the viewing direction corresponds to the ori-
entation of voxels in a camera coordinate frame, which is
also related to the amount of camera distortion. Therefore,
projected surface normal (back-projected from 2D normal),
viewing angle, projected depth (calculated from the voxel
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generate the weight:

w = Softmax(MLP([u”, 6, u™, 6", Q]))

where 4 € RT*Nv and 64 € RT*Nv represent the row-
wise mean and standard deviation of the attention matrix.
uP e RBTIXNv and g7 € RGBT)I*Nv denote the mean
and standard deviation of the relative pose distance.

3.3. Consistent 3D normal loss

When the voxel p € R? is on or close to the surface
(TSDF S is 0), the numerical derivative of the TSDF is the
3D surface normal N(p) € R3*?! of the voxel [18]:

N(p) = v[VS()] VS(p) = (22,25 95y ()

Ox’ Oy’ 0z
where v[x] = x/|[x||2. In our approach, the numerical
derivative is implemented by a derivative operator [20]. In
this way, the ground truth of the 3D normal N, is generated
from the ground truth of TSDF by Eq. 5, while the predic-
tion of the 3D normal N,..q corresponds to the predicted
TSDF.

Because normals near the boundaries or thin/small ob-
jects are usually inaccurate, a boundary mask Msy,; €
R H;xWrs is introduced to filter out these parts and to en-
sure that the normal loss is only calculated for planar re-
gions. My, shown in Figure 3c, is calculated as follows:
a 2D edge detector [12] is used to compute gradients at 2D
normals. Then pixels with gradient values greater than a
threshold are regarded as boundary pixels. Finally, an 8
neighbor of boundary pixels is also regarded as boundary
pixels (implemented by a max-pooling layer with kernel
size 3 and stride 1). My, is back-projected to 3D space,
forming the 3D boundary mask Mg € RY*Nv. After mask-
ing the voxels by M3, other noise sources in the computa-
tion of 3D normal may exist, as shown in Figure 3e and
3f. Hence, this paper introduces a consistency between
projected normal N(p) and 3D normal N(p) to suppress
noise. The projected surface normal n;, see Section 3.1,
is in camera coordinates while N(p) is in world coordi-
nates. Therefore, n; is transformed to world coordinates
by N;(p) = R;n; and then averaged between views by

N(p) = =+ Ez;l N;(p). S2434 in Eq. 6 computes the cosine
similarity between N(p) and N(p) to measure consistency.

N-N
s = — (6)
i) = IS

The indicator function [s2434(p) > 0] is applied to gener-
ate the consistency measure, i.e. if the 3D surface n0~rmal
N(p) is similar to the projected 3D surface normal N(p),

Method Comp] Accl Recallf Prect F-scoref
COLMAP [24] 0.069 0.135 0.634 0.505 0.558

MVDepthNet[38] 0.040 0.240 0.831 0.208 0.329
GPMVS [10] 0.031 0.879 0.871 0.188 0.304
DPSNet [11] 0.045 0.284 0.793 0.223 0.344

SimpleRecon [23]  0.078 0.065 0.641 0.581 0.608

Atlas [17] 0.084 0.102 0.598 0.565 0.578
TransformerFusion [2] 0.099 0.078 0.648 0.547 0.591
3DVNet [21] 0.077 0.221 0.506 0.545 0.520

NeuralRecon [30] 0.138 0.051 0.478 0.683 0.560
NeuralRecon + ours  0.099 0.048 0.545 0.722 0.619
VoRTX [28] 0.108 0.062 0.545 0.666 0.598
VoRTX + Ours 0.098 0.059 0.585 0.687 0.630
Table 1. 3D reconstruction mesh evaluation following Atlas [17]
for ScanNet. The best results are bold, and the second best ones
are underlined.

7-Scenes

Method Comp] Accl| Prect Recallt F-scoref
DeepV2D [34] 0.180 0.518 0.087 0.175 0.115
CNMNet[14] 0.150 0.398 0.111 0.246  0.149
NeuralRecon [30] 0.228 0.100 0.389 0.227  0.282
NeuralRecon + ours  0.289 0.086 0.476 0.294  0.359
VoRTX [28] 0.286 0.103 0.364 0.267 0.304
VoRTX + ours 0.231 0.100 0.381 0.299 0.332

TUM RGB-D
Method Comp] Accl| Prect Recallt F-scoref
Atlas [17] 2.344 0.208 0.360 0.089  0.132

NeuralRecon [30] 1.341 0.092 0.564 0.155 0.232
NeuralRecon + ours 0.851 0.087 0.517 0.175 0.256
VoRTX [28] 0911 0.136 0.434 0.203  0.268
VoRTX + ours 0.722 0.128 0.445 0.217 0.284
Table 2. 3D reconstruction mesh evaluation following Atlas [17]
on the 7-Scenes and TUM RGB-D datasets.

the normal loss is computed. Otherwise, the 3D normal is
considered as noise. The weight W434(p) is given by

1, S2a3a(p) >0

7
0, s243a(p) <0 @

Waasa(P) = [s2434(p) > 0] = {

By excluding boundary voxels and considering consis-
tency between projected and 3D normals, the 3D normal
loss is defined by:

m m

N
1 t’ red
Ln=1-= ) MgWisyrom—m ()
Nmzzl ° 23 HNgt||2HNpredH2

where N is the number of voxels used in the normal loss.

4. Experiments
4.1. Datasets and metrics

Our method is evaluated on three challenging indoor
RG B-D datasets, i.e. ScanNet(V2) [6], 7-Scenes [27], and
TUM RGB-D [29] datasets. ScanNet consists of 807 unique
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