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Abstract. We present a fully convolutional neural network that jointly
predicts a semantic 3D reconstruction of a scene as well as a corresponding octree representation. This approach leverages the efficiency of an octree data structure to improve the capacities of volumetric semantic 3D
reconstruction methods, especially in terms of scalability. At every octree
level, the network predicts a semantic class for every voxel and decides
which voxels should be further split in order to refine the reconstruction,
thus working in a coarse-to-fine manner. The semantic prediction part of
our method builds on recent work that combines traditional variational
optimization and neural networks. In contrast to previous networks that
work on dense voxel grids, our network is much more efficient in terms
of memory consumption and inference efficiency, while achieving similar
reconstruction performance. This allows for a high resolution reconstruction in case of limited memory. We perform experiments on the SUNCG
and ScanNetv2 datasets on which our network shows comparable reconstruction results to the corresponding dense network while consuming
less memory.

1

Introduction

Semantic 3D scene reconstruction from images aims at jointly reconstructing the
geometry as well as the semantic meaning of a scene. It combines two important
long-standing research topics: 3D reconstruction and semantic segmentation. In
this paper, we are interested in dense approaches which focus on recovering realistic 3D models from real world data. Such methods can be especially useful to
create content for graphics applications, or to model high-quality environments
for mixed and virtual reality. Semantic segmentation is a well studied problem in
2D and has been extended to 3D in recent years. With the rise of deep learning,
per-pixel semantic segmentation in 2D images has led to remarkable results [4,
3, 11, 13]. A natural extension of these techniques to 3D consists in using a dense
voxel grid representation, for which several recent methods have achieved compelling results [18, 6, 5, 7]. However, in contrast to 2D scenarios, the memory
usage and inference time for deep learning approaches increases cubically with
the 3D volume size, which makes the training and especially the inference on
large scenes difficult.
The scaling issue in dense voxel grid based 3D methods can be resolved by
exploring structure in the grid data. To this end, we represent the data with an
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Noisy, incomplete Input

Cherabier et al. [5] (11.8 GB)

Ours (4.3 GB)

Fig. 1. Semantic 3D reconstruction results. Our approach leverages an octree
data structure to significantly reduce the memory usage during network inference while
achieving similar performance compared to the dense voxel grid solution in [5].

octree which summarizes neighboring data cells with a single cell, if they contain
the same value. This leads to significant memory savings. See Fig. 1 for an example input and output of our method. Recent work [17, 16, 20, 21] have developed
networks that perform convolution on octrees, but they assume that the octree
structure of the data is known. Closer to us Tatarchenko et al. [19] proposed a
network for generating high resolution 3D shapes in octree format, but it is not
designed for semantic 3D reconstruction task from incomplete and noisy data.
In this paper, we are interested in learning semantic 3D reconstruction on octrees, predicting both the semantics and the octree structure of the scene. The
recent work by Cherabier et al. [5] presents a lightweight 3D semantic reconstruction method that combines traditional variational optimization and neural
networks in order to learn the semantic 3D reconstruction from few training
data. We adopt the same idea and our network embeds variational regularization and octree splitting together to predict the semantic label for each voxel in
a coarse-to-fine manner. In each octree resolution level, the network predicts the
semantic labeling by propagating information across voxels. Then it detects voxels that need to be split in order to refine the model, and propagate information
to the next finer resolution level. In the end, the network outputs a semantic
3D reconstruction of the scene, with an octree representation provided by the
splitting decisions. The network is optimized by two losses in each level, one is
the sigmoid loss for predicting whether the octree cell should be split, and the
other one is the cross entropy loss for per voxel semantic classification.
In summary, we make the following contributions:
• We present a novel framework for multi-view semantic 3D reconstruction that
takes the octree of truncated signed distance functions (TSDFs) fused from different camera views as input, and generates an octree as semantic reconstruction output. Our network simultaneously learns the semantic segmentation
labeling, as well as the octree structure, i.e., which cells should be subdivided.
• We propose a coarse-to-fine network architecture which is learned in an end-toend manner. In each level, we apply variational optimization iterations to help
propagate the semantic information across octree cells, and predict which set
of octree cells contains fine details and thus propagate them to next resolution
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level. In this way, large uniform areas such as floor, wall and ceiling are only
processed in coarse levels and thus reduce the memory footprint.
• Our experiments on both synthetic and real 3D scene datasets demonstrate
that our network operating on octrees can achieve comparable reconstruction
and scene completion performance to the corresponding dense network in [5],
while we use significantly less memory.

2

Related Work

Semantic 3D Reconstruction. Semantic 3D reconstruction has been an important research topic in computer vision for many years. Recent years deep
learning based approaches have gained satisfactory performance in 3D vision
tasks. Several deep learning based approaches have also been proposed targeting
for 3D semantic reconstruction and scene completion. Dai et al. [6] introduced
ScanComplete, an approach taking an incomplete 3D scan of a scene as input
and predicting a complete 3D model along with per-voxel semantic labels. The
presented fully convolutional network is in a coarse-to-fine inference strategy in
order to produce high-resolution output. Later they also presented 3DMV [7],
a novel method for 3D semantic scene segmentation of RGB-D scans in indoor
environments using a joint 3D multi-view prediction network. They combined
both data modalities (geometry and 2D RGB data) in a joint, end-to-end network architecture.
These networks usually require a very large number of parameters and enormous amounts of training data. Recently Cherabier et al. [5] proposed a lightweight neural network architecture which unifies the advantages of variational
methods with those of deep neural networks, resulting in a simple, generic, and
powerful model. It embeds variational regularization into the neural network,
taking the TSDF-fused data cost as input and performing a fixed number of
unrolled multi-scale primal dual optimization iterations with shared interaction
weights to optimize the semantic probability likelihoods. Therefore it requires
a moderate number of parameters, and can be trained from few scenes. In this
work, we are interested in adapting the network in Cherabier et al. [5] to predict
both the semantics and octree structures, aiming for much less memory usage
and comparable reconstruction performance.
Deep Neural Network on Octrees. Different from 2D case, the cubic scaling
of computational and memory requirements of 3D data makes convolutional neural networks training and inference infeasible for high-resolution inputs/outputs.
This issue can be resolved by exploiting an octree structure to represent a scene.
Tatarchenko et al. [19] presented an octree generating network (OGN) for
generating high resolution 3D shapes. Similar to a usual up-convolutional decoder for generating 3D output, the representation is gradually convolved with
learned filters and up-sampled. The difference is that, starting from a certain
layer in the network, dense regular grids are replaced by octrees, and only octree
cells that need to be further refined will be propagated to later layers for subsequent processing such as convolution and deconvolution. However, it is designed
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for generating 3D geometry, i.e., predicting the occupancy of the voxel grid.
Therefore it does not exploit the characteristics of 3D semantic reconstruction
tasks and is hard to be applied to our task. Our proposed network adopts its
octree generating idea, and predicts the voxel semantics by employing unrolled
primal dual iterations and octree structure concurrently.
Wang et al. [20] proposed an octree-based convolutional neural network (OCNN) for 3d shape analysis. Built upon the octree representation of 3D shapes,
it takes the average normal vectors of a 3D model sampled in the finest leaf
octants as input and performs 3D CNN operations on the octants occupied by
the 3D shape surface. OctNet was proposed by Riegler et al. [17], and designed
for deep learning with 3D sparse data. Following work is OctNetFusion [16] for
depth map fusion. OctNet hierarchically partitions the 3D space into a set of
unbalanced octrees. The convolutional network operations are directly defined on
the structure of these trees. However, they are different from our octree network
in the octree structure and application range. On the one hand, the octree in
O-CNN only encode the surface information of 3D shape, whereas our work also
accounts for the inner occupancy voxel grid. OctNet adopts a grid of shallow
octrees to encode the voxel grid, the maximal depth of each shallow octree is 3,
which becomes less efficient than the full-voxel-based solution when the volume
resolution is lower than 643 . On the other hand, both O-CNN and OctNet do not
generate octree structure as output, but in 3D semantic reconstruction scenario,
the structure of the octree is not known in advance and must be predicted.

3
3.1

Method
Octree Representation

An octree is a 3D grid structure with adaptive cell sizes. It can be generated
by starting from a single cell representing the entire 3D space and recursively
partitioning cells into eight octants. If every voxel within a cell has the same
value, this cell is not subdivided and becomes a leaf of the tree. Therefore, it
allows for memory reduction whithout losing any information compared with
a dense voxel grid. Our network generates the octree semantic reconstruction
output by starting from a coarse voxel grid, and learns to infer the semantic
probabilities for the corresponding octree level in each level. Moreover, it predicts
the the octree structure supervised by the ground truth structure.
As done in [19], we use a hash table for an O(1) access time. An octree cell
(x, l) with spatial coordinates x = (x, y, z) at level l is represented as a key-value
pair (k, v) in the hash table. k is encoded from (x, l) by Z-order function [8], i.e.,
morton code k = Z(x, l), and v can be a scalar or vector representing the value
of an octree cell. The morton code can be efficiently computed using bit shifts.
In sum, an octree O is represented as a set of all key-value pairs O = {(k, v)}.
3.2

Network Structure

We define the data cost as a volume computed from fused depth maps (e.g., from
stereo or Kinect) and 2D semantic scene segmentations (e.g., obtained from a
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Fig. 2. Overview of our network architecture for one network block in one level.
Noisy and incomplete depthmaps are aggregated into a datacost and represented as an
octree. Our network predicts potential cell splittings and semantic label assignments.

semantic segmentation algorithm) and encoded by TSDFs [10]. Our proposed
network takes the octree of the data cost as input, and generates an octree as
semantic reconstruction output: both the structure, i.e., which cells are split,
and the predicted semantic label. Instead of generating the data cost in a dense
voxel grid as in Cherabier et al. ’s work [5], we directly yield the data cost in
octree representation by splitting the cells that are observed by the cameras and
are set by the TSDF. The octree cells in the data cost can also be further merged
if the values for the eight octants are the same.
We build the network level by level. Each level is responsible for optimizing
the semantic label likelihoods, as well as predicting the octree splitting. The
octree cells which need to be split indicate the existence of surfaces within the
cell, and thus are split and propagated to the next level. Their semantic label
likelihoods will be further refined. More specifically, each level is composed of five
parts:octree splitting, data cost encoder, unrolled primal dual, probability decoder,
and propagation predictor. We now describe these five components by taking a
particular level l as an example (see Fig. 2).
Octree Splitting. We start the network from the coarsest level l0 , where
we take a uniform distribution among semantic labels in regular grid of size
(2l0 , 2l0 , 2l0 , C) as initial (C is the number of classes), and convert it to a set
of octree cells, i.e., key-value pairs stored as a hash table (with values being
semantic probabilities). The input to the subsequent level l is a set of octree
cells of resolution (2l−1 , 2l−1 , 2l−1 , C) propagated from the previous level l − 1.
Specifically, the value of each cell is the optimized semantic probability from the
unrolled primal dual block in the previous level and is expected to be further
optimized in this level. We thus split each cell into eight sub-cells by repeating
its values, this will produce a new set of octree cells with resolution (2l , 2l , 2l , C).
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We denote this octree level as Sl = {(x, l0 )|l0 = l}. Then this will be passed to
the unrolled primal dual block.
Data Cost Encoder. The data cost shows the evidence for each label in each
voxel. We summarize the data cost to an octree (denoted by Od ) as a global
input to the whole network. When training the network, we wish to generate an
octree close to the ground truth semantic probability, which is also encoded as an
octree Ou . These two octrees typically have a different structure. For each octree
cell in Sl , we query the corresponding data cost from octree Od . We will discuss
this operation in Section 3.3 in more detail. Then we obtain the corresponding
data cost Old for level l, which will be the input of the encoder same as that
of [5]: a residual unit that has two pairs of convolutional and rectified linear
unit (ReLU) operations followed by a final convolution without activation. The
convolutions are all with stride of one. According to [5], the encoder normalizes
the influence of the different semantic classes with respect to each other and it
also helps in reducing low-level noise in the data cost.
Unrolled Primal Dual. The block is composed of unrolled iterations of the
primal-dual (PD) algorithm for minimizing the semantic reconstruction energy.
Each PD update equation defines a layer in the network. Cherabier et al. [5]
proposed to embed the variational optimization in a multi-scale network by unrolling the PD algorithm of Pock and Chambolle [15]. The energy minimization
formulation is tailored to the multi-label semantic 3D reconstruction, and is parameterized by replacing the gradient operator with matrix convolutions which
model the interaction of semantics and geometry for efficient label propagation. This already shows satisfactory performance in semantic 3D reconstruction. Therefore we adopt the same strategy. The difference is: every single PD
step needs to be updated by propagating across different scales in [5], while for
our method, each PD update propagates information within one scale and only
the split octree cells will be optimized in the next finer level.
Probability Decoder. The outcome of the unrolled primal dual block, is
passed to a residual decoder with the same structure as the data cost encoder
to post process the optimized probability. Then a softmax activation layer is
applied to normalize the semantic probability.
Propagation Predictor. After we obtain the probability from the decoder
we need to decide which cells in Sl need to be propagated to the next level,
and the rest stays in the current level. We make this prediction by applying
a convolution layer over the decoder output with kernel size of 3 and stride
of 1, followed by a sigmoid function to convert the convolution output into a
propagation probability. We believe that looking at the semantic probability
distributions of its neighboring cells can help decide whether there exist surfaces
within the cell, i.e., whether the cell should be split. In the final level, the octree
does not need to split and thus there is no propagation predictor.
The network was trained by two supervisions in each level: (1) The categorical
cross-entropy loss for semantic segmentation for the cells in the octree level that
is not propagated to next level (2) The sigmoid cross-entropy loss for binary
classification of propagation for octree cells in Sl .
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Customized Operations on Octrees

Data Cost Query. In each level l, we need to query the corresponding data
cost value for each octree cell (x, l) in Sl from the global data cost input Od .
Then we obtain the data cost Old for the corresponding octree level and this will
be the input of the data cost encoder. Specifically, we search the key k = Z(x, l)
of the cell in the global data cost hash table. There exists two situations: 1)
Z(x, l) is stored at a level l or lower than l in Od . Then, the queried data cost
value can be uniquely determined. 2) Z(x, l) does not exist in Od , which means
this cell is subdivided in Od , and we denote this set of subdivided cells by O(x,l) .
O(x,l) ⊂ Od and is a sub-octree rooted in cell (x, l). In this case, we take the
weighted average of the data cost values in O(x,l) . The corresponding weight is
1
where l0 is the level of the cell in O(x,l) . We formalize this data cost querying
8l0 −l
process from data cost octree Od through function q d (k, Od ):

if ∃l0 ≤ l : (Z(x, l0 ), v) ∈ Od
v
P
d
d
0
v
(1)
q (k, O ) =
otherwise

8l0 −l
0 0
0
(x,l)
(Z(x ,l ),v )∈O

Convolution. Each primal dual update step involves a convolution and a transposed convolution with a stride of one on the primal and dual variables. Besides,
the residual encoder and decoder, as well as the propagation predictor are also
based on one stride convolution on octree cells. We implement this convolution
with stride one and arbitrary kernel size on octree cells in Caffe [12], which originally transforms convolution into matrix multiplication by laying out all patches
in a feature tensor into a matrix. Then the convolution is achieved by multiplying
the matrix with the kernel weight. The conversion between the feature tensor
and the matrix with laid out patches is realized through the im2col function,
and col2im reversely.
In our case, the convolution is not implemented on a regular feature tensor,
but on hash table-based sparse features. We customize the im2col and col2im
function, then the convolution is finalized also by matrix multiplication. The
octree generating network in [19] also customizes this function on hash table
based octrees, however, it realizes this on CPU by searching the neighbors within
a patch in the hash table. Then the matrix multiplication is done in GPU.
The frequent data transfer between CPU and GPU takes time and is thus not
efficient. We improve this by maintaining the neighbor indices for each cell in
every octree level, which is a minor storage overhead, but can avoid hash table
search in CPU. In this way, the convolutions can all be done in GPU. Note that
these convolutions could also be extended to any stride.
Currently, we maintain the hash table in CPU, so there are still some operations such as octree propagation, and some utility functions such as computing
the neighbors for each octree cell, are done unavoidably in CPU. However, these
operations are not frequent compared with the unrolled primal dual updates and
they are therefore not a big overhead.
Primal Dual Update. For each octree level Sl in our network, we follow
Cherabier et al. ’s work [5] which embeds the following energy minimization into
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the unrolled primal dual block to optimize the semantic labeling likelihoods.
Z
X
minimize
(||W u||2 + f u)dx
s.t. ∀x ∈ S l ,
uc (x) = 1
(2)
u

Sl

c

where u denotes the semantic probability for each level for octree cell x, and f
indicates the corresponding data cost for each semantic label. This convex energy
can be optimized by the PD algorithm [15], which transforms the problem into
a saddle point energy minimization:
X
minimize max hW u, ξi + hf, ui + v(
uc − 1)
(3)
u

||ξ||∞ ≤1

c

where ξ denotes the dual variable, and v is the Lagrangian variable. For iteration
t + 1, with step size σ and τ , the update is as follows:
X
v t+1 = v t + σ(
ūtc − 1)
ξ t+1 = Π||·||≤1 [ξ t + σW ut ] (4)
c
t+1

u

= Π[0,1] [u − τ (W ∗ ξ t+1 + f + v t+1 )]
t

ūt+1 = 2ut+1 − ut

(5)

where W ∗ denotes the adjoint of W .
3.4

Network Loss

Our proposed network is optimized by two losses in each resolution level, one
is the sigmoid loss for predicting whether a octree cell should be split, and the
other one is the cross entropy loss for predicting the semantic likelihoods.
Loss for Octree Propagation. For each set of octree cell Sl in level l, we
compute the following sigmoid cross entropy binary classification loss:
Ls =

|Sl |
−1 X
[pn log p̂n + (1 − pn ) log(1 − p̂n )]
|Sl | n=1

(6)

where pn ∈ {0, 1}, and is determined by the groundtruth octree structure Ou ,
and p̂n denotes the predicated propagation probability.
Cross Entropy Loss for Semantic Segmentation. For each set of octree
cells Sl in level l, we only compute the cross entropy semantic classification
loss for a subset of octree cells Sl0 = {(x, l0 )|l0 = l, x ∈ Ou }, where each cell
must exist in the groundtruth octree Ou . In addition, to make the loss function
agnostic to unobserved areas in the ground truth and to not penalize our solution
in unlabeled regions, we use the same weighted loss with per voxel weighting
function as in [5].

4
4.1

Experiments
Datasets and Settings

Datasets. We evaluate our network on two indoor datasets. The first one is
the synthetic SUNCG dataset [18], and the other one is the recently released
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real ScanNetv2 dataset [6]. The SUNCG dataset contains over 45K different
scenes with manually created realistic room and furniture layouts. The dataset
provides synthetic depth maps and volumetric ground truth annotation. All of
the scenes are semantically annotated at the object level with 35 semantic classes.
The ScanNetv2 dataset [6] comprises 1513 scene scans with fine-grained mesh
semantic labeling. It also provides 2D segmentation labels for each frame view.
We adopt the NYU [14] labeling with 40 semantic classes. For both datasets, we
use a voxel size of 5 cm. In the SUNCG dataset, we randomly choose 400 scenes
for training and 100 scenes for test. In the ScanNetv2, we train our network on
the 1201 scenes among the provided 1513 scenes, and evaluate it in the remaining
312 scenes.
Data Cost Generation and Octree Encoding. For both datasets, we integrate the provided depth maps and 2D semantic segmentations using TSDF
fusion with semantics similar to [5, 9] based on the provided camera poses every
50th frame to establish voxelized data costs. Since the ScanNetv2 dataset only
provides the ground truth semantic labeling in mesh format, we establish the
voxelized ground truth by re-integrating the depth maps and 2D segmentations
using all frames, which will provide strong evidence. Then we apply multi-label
TV-L1 [1, 2] optimization by minmizing Eq. (2) with W = ∇ to obtain ground
truth semantic probability distributions. The total variation (TV) norm effectively minimizes the surface area of a 3D shape.
We use 3 levels for octree encoding, but our network can be used with any
number of resolution levels. For ground truth encoding in the SUNCG dataset,
we recursively merge every eight voxels only if their semantic labels are the same
until the depth 3 is reached. Since the ground truth for every scene in ScanNetv2
is our estimated probability distributions among the semantic labels, we merge
the voxels if their most likely classes are the same, and the merged values take
the average. For the data cost encoding in both datasets, we merge the voxels
only if the voxel values for every class are the same.
Training and Inference Settings. For the ease of data transformation, such
as random rotation and flip, we train on random crops of fixed size 32 × 32 × 32,
and perform data augmentation by randomly rotating and flipping around the
gravity axis. Then we do octree encoding on the fly during training. For all the
convolution layers, we use a kernel size of 3. We build the network in three levels,
and for the first level, we unroll the primal dual for 50 iterations, and for the
last two levels, we unroll 10 iterations. For the coarsest level, it is necessary to
apply more primal dual iterations to do scene completion, and for the last two
levels, we can use less iterations to refine the details. We use a batch size of 4,
learning rate of 0.0001 and we use the ADAM optimizer for network training.
Since our network is fully convolutional, we can process arbitrary sized input.
However, for the ease of octree encoding, we pad the rectangular scenes into
square scenes. During inference, we adopt an octree input with a maximum of
7 levels, i.e., 128 × 128 × 128, and output the reconstructed segmentation result
in octree structure.
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method
Cherabier et al.
Ours, prop known
Ours, prop pred

freespace

ScanNetv2
semantic

overall

freespace

SUNCG
semantic

overall

0.96
0.96
0.95

0.91
0.86
0.84

0.96
0.94
0.93

0.98
0.95
0.94

0.80
0.79
0.76

0.96
0.93
0.92

Table 1. Reconstruction performance on ScanNetv2 [6] and SUNCG [18].
”prop known” means using the groundtruth octree split structure for cell propagation,
while ”prop pred” uses the predicted octree split for propagation.
wall floor cab bed chair sofa tabledoorwindbkshf pic cntr deskcurtfridgshow toil sink bathother avg
Cherabier et al.
43.1 70.5 42.259.1 35.0 56.0 44.6 37.0 40.2 47.2 36.858.6 51.4 36.7 34.4 49.2 59.942.8 52.5 47.6 47.2
Ours, prop known44.2 73.1 45.356.7 37.9 57.5 50.7 40.3 43.7 44.9 35.861.1 54.2 38.9 39.2 42.6 59.442.9 26.0 47.1 47.1
Ours, prop pred 43.2 70.7 42.755.4 34.6 51.9 46.6 37.1 34.7 35.0 36.455.8 50.1 38.8 38.9 44.0 52.239.9 56.0 39.5 45.2

Table 2. Reconstruction performance w.r.t. IOU on ScanNetv2 [6]. Our
methed yields comparable or slightly worse results than Cherabier et al. [5], but requires
much less computing resources.

4.2

Reconstruction Performance Evaluation

We compare our network with the corresponding dense one in [5] in terms of
semantic accuracy, separately for free space voxels and occupied voxels. On the
ScanNetv2 dataset, we also measure the Intersection over Union (IoU) score
among the 20 commonly used labels in ScanNet benchmark. The comparison
results are shown in Table 1. The IoU comparison result on ScanNetv2 is shown
in Table 2.
On both datasets, with ground truth octree split as propagation reference,
the performance is comparable to the corresponding network working on regular
voxel grids in Cherabier et al. ’s work, and with the propagation predictor as
reference, the accuracy drops within 4 points, which is in a reasonable range. On
ScanNetv2, the mIOU is almost equivalent to Cherabier et al. ’s work. We also
show some reconstruction visualization examples on ScannNetv2 and SUNCG
in Fig. 3 and Fig. 4. Both figures indicate that our network can produce visually similar reconstructions compared to the network working on voxel grids. In
addition, on ScanNetv2, we can see that our network can also perform scene
completion for the missing floor, walls, and so on.
Therefore we can draw the following conclusions given the experiment results
on both datasets: a) our network learning on octrees can achieve comparable
reconstruction accuracy to the corresponding network learning on dense voxel
grids, and almost equivalent visualization results. b) our method can also produces results which are visually more pleasing than the ground truth used for
training because of its scene completion function. c) The propagation predictor
still needs to be improved to predict the octree split in a better way.
4.3

Inference Efficiency Evaluation

Due to the hashing data structure, we implement our network in Caffe, while
Cherabier et al. ’s network [5] is realized in Tensorflow and is difficult to be trans-
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Cherabier et al.

Ours, prop known
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Ours, prop pred

Fig. 3. Qualitative 3D reconstruction results on the ScanNet dataset for different scenes and methods. Our method often better fills holes to comple the geometry.

ScanNetv2
Iterations
Cherabier et al.
Ours, prop pred

SUNCG

1

10

30

50

1

10

30

50

11.8
4.3

N/A
14.7

N/A
20.2

N/A
22.1

10.67
3.2

N/A
9.3

N/A
15.7

N/A
21.1

Table 3. Inference memory usage comparison on the ScanNetv2 (left) and
SUNCG (right). N/A denotes not available, i.e., the memory usage exceeded the
GPU memory limits (32 GB). The quantity of the number is GB. Our method uses
significantly less memory than the corresponding dense grid approach.

ferred to Caffe. It is unfair to compare the inference time between our method
and theirs in different frameworks, so we skip the inference time comparison.
To demonstrate the memory usage advantage of our octree primal dual network
over the corresponding dense one, we list the peak memory consumption during
inference with scene input size of 1283 . We vary the number of primal dual iterations in each network level to show the memory usage comparison. The inference
is done in on a Nvidia Quadro GV100 GPU with 32 GB memory.
As shown in Table 3, with primal dual iteration numbers larger than 1 in
each level, the dense network cannot fit even one test scene in 32 GB GPU
card, while ours use significantly less memory. However, Caffe itself is a naive
framework and does not do memory optimization for neural network training and

12

Xiaojuan Wang, Martin R. Oswald, Ian Cherabier, Marc Pollefeys
Groundtruth

Cherabier et al. [5]

Ours, prop known

Ours, prop pred

Fig. 4. 3D reconstruction results on the SUNCG dataset [18]. Our octreebased network archtiecture achieves a labeling performance the is comparable or only
slighly worse than the baseline method [5] on dense voxel grids.

inference. Therefore, even if our proposed network architecture already reduces
memory usage, the Caffe framework itself still takes a lot of memory.

5

Conclusion

We designed and implemented a deep network which performs semantic 3D reconstruction using an octree representation of the scene. Our network jointly
predicts the splitting of octree cells and their corresponding semantic labels.
The octree data structure significantly reduces the methods memory footprint.
Overall, our method solves a harder segmentation problem, since incorrect octree
splitting estimates may reduce the segmentation performance too. Experiments
on the SUNCG and ScanNetv2 datasets both show that our proposed network
achieved comparable reconstruction performance to the corresponding network
working on a dense voxel grid, while using much less memory.
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