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ABSTRACT

Convolutional neural networks are the de facto standard for
3D multi-organ segmentation but still exhibit significant lim-
itations, especially regarding their computational cost, with
high running time and often prohibitive memory footprint
for large 3D volumes. To overcome these limitations, we
propose to replace the image voxel grid with a more com-
pact point cloud representation. Recently, in the field of 3D
object reconstruction, networks learning implicit functions
from an input point cloud, such as Convolutional Occupancy
Networks (ConvONet), have proven their good surface rep-
resentation capabilities. We therefore propose SCONet (Seg-
mentation Convolutional Occupancy Network), a lightweight
ConvONet-based network adapted to the specific task of
multi-organ segmentation. SCONet takes as input a point
cloud extracted from the original volume with a standard
contour detection algorithm, and enriches it with geometric
and photometric features. Thanks to its ability to query per
organ occupancy probabilities for any point in space, SCONet
can be used to predict a multi-organ segmentation map at ar-
bitrary resolution. We evaluate our method on an abdominal
CT image dataset and compare its performances with those of
discrete and implicit baselines. Our implementation is avail-
able at https://github.com/maylis—7j/SCONet.

Index Terms— Multi-organ segmentation, Point cloud,
Implicit representation

1. INTRODUCTION

Abdominal organ segmentation is an important step for
computer-aided diagnosis or treatment planning. However,
manually providing segmentation maps is a very tedious task,
which can now be efficiently automated by deep learning
strategies. Recent methods achieved impressive results using
Convolutional Neural Networks (CNNs), among which UNet
has become the standard for the segmentation task [1, 2].
However CNNs are limited to grid-like input [3], and their
computation cost can be excessive with heavy memory usage
and often slow inference times as CT-scans can go up to 108
voxels [4]. To alleviate these problems, we propose to work

on a point cloud extracted from the original image volume, a
lighter representation allowing us to reduce the computational
cost significantly. The use of point clouds in medical image
segmentation has indeed gained attention recently [5, 4], but
the solutions proposed often consist in simply adding a point
cloud-based module to refine a CNN-produced segmentation
which does not always guarantee lower computation cost
Point clouds are also used as input for networks learning an
implicit neural representation (INR). These networks usually
learn a distance function, like DeepSDF [6], or an occupancy
probability function, like Occupancy Networks (ONet) [7]
and ConvONet [8] which can represent complex shapes at
arbitrary resolutions through their indicator function defined
in the continuous ambient space. Such networks have already
been used for medical applications on tasks like image recon-
struction [9] or segmentation [3]. In particular, methods using
ONet with a CNN-based encoder showed promising results
[10, 11, 12, 13] and confirm the interest of INRs for medical
image segmentation from the perspective of low computation
cost and good representation power. In this work, we propose
to leverage a more recent ConvONet-based approach [8] with
a greater local representation capacity thanks to a learned 323
feature grid which allows to learn more complex structures
than the 512 dimensional latent vector from the original ONet
architecture. Moreover, instead of processing the full volume
directly, our network takes as input a point cloud which is
extracted from the contours in the volume, and enriched with
local photometric features.

The contributions of this paper are the following: (1) A
multi-organ segmentation workflow based on a point cloud
representation which can output segmentation maps at arbi-
trary resolution; (2) SCONet, a ConvONet-based network,
designed to reconstruct several 3D objects from an input point
cloud enriched with photometric and geometric features. We
compare our method with voxel and INR networks on the task
of abdominal multi-organ segmentation showing the advan-
tages of our method in terms of memory usage and computa-
tional complexity while producing accurate results. We fur-
thermore perform an ablation study which justifies our design
choices.
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Fig. 1: Our full segmentation workflow for 3D images.

2. PROPOSED METHOD

2.1. Point cloud extraction

The first step of our workflow, illustrated in Figure 1, con-
sists in contour point cloud extraction. We use the Canny
edge detector [14] to extract a contour-based point cloud. For
each point ¢ of the point cloud, in addition to its coordinates
(z4,vi, 2:), we compute the corresponding SURF descriptor
which encodes local information in a 103-voxel neighbour-
hood around the point. This descriptor is computed with the
3D implementation [15] of the original algorithm [16] and
yields a 48-valued vector (s?, ..., s1®) for each point i. The
resulting point cloud is a (/N x 51) matrix which encodes geo-
metric and local photometric features, where N is the number
of points in the cloud. We translate and scale the (x;,y;, 2;)
coordinates isotropically to fit in the unit cube.

2.2. SCONet

To process this point cloud, we introduce SCONet, a ConvONet-

based network adapted from [8] to the specific task of multi-
organ segmentation. The proposed network is displayed in
Figure 2 and has the following encoder-decoder architecture.
Encoder: The encoder computes a feature grid from the
contour-based input point cloud. Similarly to the original
ConvONet, the coordinates of the input point cloud are fed to
a PointNet encoder [17] which consists of 5 fully-connected
ResNet blocks. This computes per point geometric features
of dimension 32 which are then concatenated to the SURF
descriptors of dimension 48. Features are then projected on
a 323 grid by max pooling on each grid cell, resulting in a
feature grid of size (323 x 80). This grid is then processed by
a 3D U-Net with 3 levels which outputs a learned feature grid
of dimension 323 x 32.

Decoder: The decoder uses the learned feature grid to predict
the occupancy probabilities of a query point. A feature vec-
tor of size 32 is first computed through trilinear interpolation
on the feature grid learned by the encoder. This feature vec-
tor is then fed to a ResNet-based Occupancy Network (ONet)
[18] followed by a linear layer which outputs logits for all the

classes. A final Softmax layer then outputs occupancy proba-
bilities for the queried point for each organ.

2.3. Training and inference

Training: At training time we sample random query points in
the 3D space and predict their occupancy values, optimizing
a combined Dice [19] and cross-entropy loss.

Inference: During inference, we predict the segmentation
map for the entire volume by querying points corresponding
to the coordinates of all voxels in the original volume.

3. EXPERIMENTS

3.1. Dataset

We evaluate all methods on the AbdomenCT-1K dataset [20],
which consists of 1000 abdominal CT scans from 12 medical
centers. Image volumes have a resolution of (512 x 512 x z),
voxels with varying size in dimension z and varying sampling
along the three axes. To achieve reasonable training times
for voxel-based comparison baselines despite the large dataset
and image sizes, we resample the original images along the x
and y axes to obtain volumes of size (256 x 256 x z). We
keep the original sampling along the z axis to avoid possi-
ble degradation of results. Indeed the spacing along this axis
often reaches 5 mm, which is much larger than the spacing
along axes x and y. Reference segmentation maps are pro-
vided for the liver, kidneys, spleen and pancreas. We use a
custom data split train/val/test of 806/91/100 images.

3.2. Training details

We implement SCONet with PyTorch and perform all experi-
ments on a NVIDIA Tesla V100-SXM2-32GB GPU. We train
the network during 300 epochs with the AdamW optimizer
and a learning rate of 10~%. Due to memory constraints, the
mini-batch size is set to one input point cloud representing
one subject. During training, the number of query points is
set to 50k. We also set the size of the input point cloud to
N = 50k for training and inference.
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Fig. 2: SCONet workflow. For clarity purposes, the input point cloud displayed here shows only the contour points which

belong to the target organs.

3.3. Comparison with other methods

To evaluate the advantages of working with a lighter point
cloud representation and an implicit network, we compare our
performances with both discrete and implicit methods. We
choose 2D and 3D U-Net as CNN baselines since U-Net re-
mains the backbone to many state-of-the-art methods. For
both networks, we implement a 4-level architecture that we
train with the Dice loss during 30 epochs. Mini-batch sizes
used are 64 and 2 for 2D U-Net and 3D U-Net, respectively.
Moreover we train the 3D U-Net on image patches of size
(256, 256, 30). We perform data augmentation in the training
of both networks with with flips, rotations and elastic defor-
mations. Our 2D and 3D U-Nets are based on the PyTorch
implementation of [2] ([21]). SwinUNETR-V2 [22] serves
as a transformer baseline, and is trained for 100 epochs with
the weighted combination of cross-entropy loss and Dice loss.
We also compare our network with ImPulSe [12], an INR
baseline with a CNN encoder and ONet decoder, training it
for 50 epochs with the weighted combination of cross-entropy
loss and Dice loss from the original paper.

4. RESULTS

The first criterion to evaluate our method is the quality of
predicted segmentation maps. Qualitative results presented
in Figure 3 confirm that SCONet can produce meaning-
ful segmentation maps, with an overall good segmentation
of the four abdominal organs. Compared to segmenta-
tions predicted by the discrete baselines 2D and 3D U-Nets
and SwinUNETR-V2, which could admittedly be improved
through post-processing, both INR-based methods, SCONet
and ImPulSe, directly produce a less noisy segmentation.
However, SCONet has difficulties producing a high level of
details with sometimes imprecise and over-smoothed borders,
in particular for the kidneys.

Results of quantitative evaluation and comparison ac-
cording to the Dice coefficient and the Hausdorff Distance
(HD) are reported in Table 1. Bold face indicates significant

performance differences with other methods according to the
Wilcoxon test. We also study the influence of the feature
grid size for SCONet: (A) corresponds to 322 and (B) to 643.
Dice scores in Table 1 confirm the visual observation that
SCONet achieves a lower segmentation accuracy compared
to discrete methods, with SwinUNETR-V2 achieving best
results. The pancreas seems particularly difficult to segment
compared to the other organs. This can be explained not
only by the high diversity of shapes for this organ but also
by its local texture which results in poorly defined contours
in the extracted point clouds, making the reconstruction more
difficult in comparison to the three other organs. Although
not as good as U-Nets and SwinUNETR-V2, ImPulSe yields
better overall Dice scores compared to SCONet. However,
the performance gap is reduced when we increase the size
of the feature grid. From the viewpoint of segmentation sur-
face precision, INR-based methods produce better HD, with
SCONet having the best results. The lower HD from discrete
strategies can be explained by their restriction to working on
slices or patches, while both SCONet and ImPulSe process
the full structure of the original volume.

We also report the computation cost of all compared meth-
ods in Table 1. In terms of GPU memory usage and number
of parameters, our network is on par with 2D U-Net and 4
times more efficient than 3D U-Net. We are also more than
10 times more memory efficient compared to ImPulSe and
SwinUNETR-V2. Note that SCONet can output segmenta-
tion maps with the same memory efficiency at any resolution
thanks to its decoder based on query points. To evaluate com-
putational complexity, the number of FLOPs is reported for a
fixed volume size of (256 x 256 x 100). We find that SCONet
is the lightest network, with 4 times less GFLOPs than 2D U-
Net for both configurations tested. We also note that the num-
ber of operations required by SCONet depends mostly on the
number of query points since the encoder has a fixed number
of operations, which is 15 GFLOPs for configuration (A) and
113 GFLOPs for (B).
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Fig. 3: Comparison of segmentation results obtained by SCONet (A), ImPulSe, 3D and 2D U-Net and SwinUNETR-V2 on an
axial CT slice (top) and in 3D (bottom) for the liver (green), kidneys (yellow), pancreas (blue) and spleen (red).

Table 1. Performance comparison with the baselines. The version (A) of SCONet learns a feature grid with size 323, while the

grid size for version (B) is 64°

Model Dice ‘ HD ‘ Inf. GPU #Param GFLOPs
Liver  Kidn. Spleen Panc.  Avg. (GB)
2DU-Net | 0961 0943 0950 0.794 0912 | 91.60 | 0.77 1.36M 960
3DU-Net | 0956 0938 0948 0.808 0913 | 4629 | 448 4.08M 2,980
SwinUNETR-V2 | 0950 0936 0954 0.830 0918 | 139.16 | 7.24 1835M 2,961
ImPulSe | 0.957 0929 0930 0.763 0.895 | 2032 | 1625  3328M 2504
SCONet (A) | 0933 0.893 0918 0725 0.867 | 19.60 | 083 1.26M 120
SCONet (B) | 0.934 0904 0924 0769 0882 | 17.82 | 127 1.26M 218

4.1. Ablation study

Table 2 presents an ablation study on the input features we
use to enrich point clouds. We compare SURF features with
intensity features, which are simply per-voxel intensity values
in the original volume at the coordinates of each point. In
addition, we compare these results with a version without any
additional features, much like the original ConvONet which
uses point coordinates only.

Table 2. SCONet segmentation results with different features.

Input Dice HD | Inf. GPU #Param GFLOPs
features | Avg Avg (GB)

None | 0.788 26.09 | 0.78 1.07M 114
Intensity | 0.820 2382 | 0.78 1.07M 114
SURF | 0.867 19.60 | 0.83 1.26M 120

Results reported in Table 2 confirm that enriching points
with photometric features improves the segmentation quality
significantly with only a small loss in computation efficiency.
In particular, using SURF features improves both Dice and
HD compared to using only voxel intensities. Indeed, the
48-valued SURF descriptor contains rich information about a

point’s neighborhood since it is computed on a 103 cube cen-
tered on the point. We note that feeding the SURF features
directly to the PointNet encoder did not bring any improve-
ments to the results.

5. CONCLUSIONS AND FUTURE WORK

We introduced SCONet, a lightweight ConvONet-based net-
work which outputs a segmentation map at arbitrary resolu-
tion from a point cloud enriched with photometric features.
Compared to discrete baselines as well as a similar INR-based
network, SCONet shows a good trade-off between high seg-
mentation quality and low computation cost, with a competi-
tive memory usage and particularly low computational com-
plexity, which is useful with limited GPU resources.

Our experiments show that SCONet segmentation results
depend on the quality of the input point cloud. Missing points
on the borders of organs can decrease the segmentation per-
formance. This could be addressed by using a learning-based
point extraction and by assessing the discrepancies between
segmented organs boundaries and local point density. As a
future work, we would also like to explore the utility of this
method for multi-modality since preliminary results indicate
good generalization of a network trained on CT data to MRIL.
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