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Abstract—This paper proposes a novel block merging algo-
rithm suitable for any block-based 3D instance segmentation
technique. The proposed work improves over the state-of-the-art
by allowing wrongly labelled points of already processed blocks
to be corrected through label propagation. By doing so, instance
overlap between blocks is not anymore necessary to produce the
desirable results, which is the main limitation of the current art.
Our experiments show that the proposed block merging algorithm
significantly and consistently improves the obtained accuracy for
all evaluation metrics employed in literature, regardless of the
underlying network architecture.

I. INTRODUCTION

Interest in 3D data is growing at a record pace. This is
largely fuelled by the advancements in 3D data capturing
technologies in combination with the AI breakthrough seen
in recent years. One particularly important aspect related to
this field is 3D scene understanding. Domains such as virtual
reality, autonomous driving, and drone exploration require a
deep understanding of the captured 3D scene. This includes
semantic segmentation, which classifies the class of each object
in the 3D point cloud, and instance segmentation, which
performs semantic segmentation in combination with instance
labelling for each point.

The domain of 3D scene instance segmentation can be
subdivided in two different groups, each targeting a different
application. Belonging to the first group, one can distinguish
the neural networks operating on the full scene at once.
Those full-scene methods are particularly useful for non-real-
time applications where general scene understanding is not
necessary during capturing or when enough resources are
available during runtime. Inspection of office buildings can
serve as an example. Important full-scene methods include [1],
[2], [3], [4], [5]. In the first work, a network named PointGroup
[1] learns offsets that aid a point clustering algorithm by
increasing the intra-instance distances. Redundant clusters are
subsequently removed by non-maximum suppression and a
dedicated network that evaluates each obtained instance can-
didate. In DyCo3D [3] dynamical convolutions are employed
to ultimately achieve instance segmentation. In a later work, a
hierarchical aggregation is proposed to progressively generate
instance proposals [4]. SoftGroup [5] further improves upon
this work and introduces soft semantic labelling prior to
clustering.

The second group consist of block-based methods. Unlike
their full-scene counterparts, they operate on parts of the scene,
and thus, are able to analyse 3D environments during point

cloud capturing. This is particularly useful for applications
such as autonomous driving and drone exploration, which
typically need to interpret the currently captured scene in order
to navigate. Recent works in this field include [6], [7], [8], [9],
[10], [11], [12], [13]. Similar as the full-scene methods, they
often rely on clustering techniques. SGPN [6], for example,
computes a similarity matrix which is subsequently used for
grouping similar points to one particular instance. ASIS [7],
JSNet [8] and JSPNet [10] jointly perform semantic and
instance segmentation through specifically designed modules
connecting both branches of the network. The resulting feature
vector once again serves as input for a clustering algorithm. In
[9], each point is represented as a tri-variate normal distribution
and a novel loss function is employed for clustering. Lastly,
MP-Net [14] proposes a memory-augmented network which
learns and memorizes feature prototypes for scene analysis.

As mentioned previously, all aforementioned methods be-
longing to this group process the scene in a block-based
manner. Full scene analysis is obtained by combining the in-
formation of each block using a merging algorithm. As will be
clarified in the remainder of this paper, the employed algorithm
can greatly affect the obtained results. Yet, to the best of our
knowledge, only a single block merging algorithm to date
exists, which we will henceforth refer to as ’BlockMerging v1’
[6]. It is used by all aforementioned block-based segmentation
techniques. The proposed work has one major contribution. It
proposes a novel block merging algorithm that vastly improves
over the current art. Unlike the original method, the improved
algorithm considers historical information and allows already
labelled points to be altered to correct wrongly labelled in-
stances from past blocks. Consequently, the improved block
merging algorithm consistently and simultaneously improves
performance with respect to multiple evaluation metrics, re-
gardless of the employed architecture.

II. BLOCKMERGING V1

Block-based approaches for 3D scene instance segmen-
tation partition a given scene in blocks prior to processing.
These blocks serve as input for the block merging algorithm.
The area of the block size is commonly chosen as 1m× 1m,
which corresponds to the original proposal of [6] and which is
also retained in this work. We note that blocks are constructed
based on the ground level. Infinite height is assumed. We define
the ith block as Bi from the set of blocks B. In addition to
block-based partitioning, the input scene is also voxelized. The
size of each cell is chosen such that the input scene fits a
400× 400× 400 grid. The voxelization, thus, operates on all
3 spatial dimensions, unlike block partitioning. Each point of979-8-3503-3959-8/23/$31.00 ©2023 IEEE



the scene is assigned to the voxel, which spatially embeds said
point. We mathematically express this as:

cj = C(pn), (1)

with cj the corresponding voxel (or cell) of input point pn and
C the voxelization operation. The general idea behind block
merging is defining a label for each cell based on the predicted
labels of its population. The method starts by defining for each
cell cj of the first block B1 the label k selected from the set
of instances identifiers K where

N∑
n=1

[σ(pj,n) = k] (2)

is maximal. σ is the inference operator of the neural network
operating on the nth input point pj,n belonging to cell cj .
We denote lcj = k as the label belonging to cj . Next,
blocks are processed in an overlapping manner using a sliding
window with snake pattern and stride 0.5 meter, as shown in
Figure 1. We note that other scanning methods can improve
performance. For each block, all instances Im are traversed
and the labels lcj are assigned to the cells Cj,m belonging to
Im if the number of occurrences of lcj is larger than a given
threshold τ1. If not, the cells Cj,m are labelled with a new
monotonically increasing grouping identifier, which represents
a new instance. This processes is repeated until all blocks are
processed after which all pj,n in cj are labelled as lcj .

A. Limitations

Though performing well in most cases, the original block
merging algorithm has one major limitation [6]. The under-
lying snake pattern does not ensure instance overlap when
processing blocks. That is, it is possible that only not-yet-
labelled points of a particular instance identified in the past
are present in a given block. This, combined with the mono-
tonically increasing grouping identifier results in the failure of
grouping numerous instances. This is demonstrated by Figure
1. The dashed lines indicate the position of all blocks and are
drawn with 0.5 meter offset. Note that the blocks themselves
are 1m2. The first and second blocks are depicted in red and
green, respectively. They process the top part of the sofa, and
label the associated points with a given instance number. The
problem arises when processing the 8th block, depicted in blue.
That particular block is only able to process the portion of the
sofa that is marked. As there is no overlap with other points

Fig. 1: Top down view of a room divided in blocks. The portion
of the sofa marked in blue will be wrongly labelled using
current block merging techniques [6] as no overlap is present.

associated with the sofa, the currently processed points will be
wrongly labelled as a new instance.

III. PROPOSED METHOD

To alleviate this issue, we propose a novel block merging
algorithm that is able to alter past labelled cells while process-
ing any given block. This is done by allowing the merging of
two or more different labels when object confusion is detected
as more information of different blocks becomes available. The
pseudocode of our algorithm is shown in Algorithm 1. Red
lines indicate the lines of code introducing the new concepts.
We will refer to this method as ’BlockMerging v2’. Instead of
permanently labelling processed cells, labels lcj,m associated
with cells from instance Im are stored in the list LIm . Note that
the overlapping windows allow multiple lcj,m to be associated
with the same instance Im, which is exactly the root of the
problem, resulting in subdivided instances. Once a block has
been processed, labels are propagated on a per-instance basis
using the instances resulting from the block-based prediction.
That is, should there exist multiple lcj,m for any given instance
Im, then the labels in LIm are redefined as lImax such that

M∑
m=1

[lcj,m = LImax ] (3)

is maximal. In other words, the ambiguity of the labels
associated with a given instance is removed by labelling each
cell Cj,m with the most occuring label LImax

. We note that the
labels lcj,m are altered on a global level while instances Im are
processed in a sequential, but not necessarily successive, order.
This allows propagating labels farther than a single block-size,
ultimately leading to full-scene label propagation.

To provide more control of the merging process, we also
introduce a control parameter τ2, which prevents merging when
the number of cells with a given label is above a threshold
for a particular instance. Larger thresholds allow more label
ambiguity and thus, instance partitioning, indirectly resulting
in smaller instances being detected, hence, improving recall.
On the other hand, a smaller τ2 will faster enforce label
merging, which in turn increases overall precision. Using the
control parameter τ2, one is, thus, able to fine-tune the overall
inference results and balance recall and precision to a limited,
but nonetheless useful, extend. More importantly, empirical
results, and an ablation study presented later in this paper, show
that recall and precision can both be improved simultaneously
when using the proposed method compared to the original
block merging algorithm [6].

IV. EXPERIMENTAL ASSESSMENTS

As a first experiment, we demonstrate the influence of
the threshold τ2 with respect to the obtained performance,
which is shown in Figure 2. For this specific experiment, the
publicly available model of JSNet was employed [8]. From
the figure, one can notice similar behaviour for all voxel sizes.
Importantly, mean precision and recall both benefit at low
thresholds. As expected, degraded performance is noticeable
when choosing τ2 too large. It is also noteworthy that better
overall accuracy is obtained with increasing resolution of
the voxel grid. Peak performance is obtained with thresholds
around 50 and 100. Similar observations were made for the



Algorithm 1 - BlockMerging v2
Input: Blocks: B, Instances per block: I , Voxel grid: V
Output: Point instance labels for the whole scene: L
Initialize all cells cj of V as −1
group ← 0
for every block Bi do

if Bi is the first block then
for every point pn in Bi belonging to Im do

Define cj = C(pn)
lcj ← σ(pn)
Add lcj to the instance mapping table HIm
if group <= lcj then

group← lcj + 1
end

end
else

for every instance Im do
Define cells cj which embed points of Im
Define l′Imax

as the mode of Im with cells not −1
if lcj is not -1 then

if frequency of l′Imax
< τ1 then

lcj ← group
group← group+ 1

else
lcj ← l′Imax

end
Add lcj to the instance mapping table HIm

end
end
for every instance Im do

for every label lIj belonging to Im do
Use HI to define lImax

as the mode of Im
if the frequency of lIj > τ2 then

lIj = lImax

end
end

end
end
for every point pn in the whole scene do

Define cj as C(pn)
Lpn ← lcj

end
end

mean coverage and mean weighted coverage. In terms of
network accuracy, we have compared the proposed method to
the original BlockMerging algorithm of [6] using numerous
instance segmentation architectures [7], [8], [10], [1], [3],
[4]. Besides block-based methods, we have also incorporated
networks normally operating on full scenes. Their models have
been retrained specifically for blocks. For the other networks,
publicly available models were employed. The only exception
is the most recent state-of-the-art block-based method of [10],
for which the results of the original work are reported. We were
unable to apply the proposed block merging on the output of
[10] as its source code is not made public fully. However,
we report their results to allow making a comparison with the
state-of-the-art in block-based instance segmentation.

Table I and Table II summarize the findings of our exper-
iments. For grid size 4003 a τ2 of 110 was employed. For

Fig. 2: The effect of the parameter τ2 with respect to the mean
precision and mean recall for different voxel sizes.

5003 50 was selected for all architectures except for ASIS [7],
for which 110 was used. From the tables, it is clear that the
proposed method significantly improves upon BlockMerging
v1 [6]. This is consistently true for all evaluated architectures
and for all metrics. It is also noteworthy that the obtained
results for JSNet are slightly lower than reported in their
original work [8]. However, even so, employing BlockMerging
v2 with JSNet significantly outperforms the state-of-the-art
method of [10], improving mean recall with 0.2% and mean
precision with a significant 3.5% when taking the highest
available values for both metrics into account. When using a
grid of 5003 even better results are obtained, improving mean
recall and precision with 0.5% and 4.8%, respectively. The
best mean and weighted coverage are still produced by JSPNet.
However, given the outcome of the current experiments, it is
fair to assume better results would be obtained when utilising
the proposed block merging for that architecture as well.

Looking at individual improvements, compared to Block-
Merging v1 [6], the proposed method increases mean recall up
to 2.8%, and mean precision up to 7.2%. For mean coverage
and weighted coverage, the additional performance increase
adds up to 1.8% and 2.5%, respectively. These results clearly
indicate the benefits of the proposed block merging algorithm.

Visual results for grid sizes 4003 and 5003 are shown in
Figure 3 and Figure 4, respectively. The figures demonstrate
the improved accuracy when using the proposed method. Less
object confusion is noticed, and instances that were wrongly
subdivided in multiple instances are now correctly fused. This
is especially noticeable for the bottom row in Figure 4. Though
some object confusion is still present, the proposed method
clearly and greatly improves the overall segmentation results.

Regarding the time complexity, the newly introduced func-
tionality increased the execution time with roughly 29%, on a
laptop with an Intel i9-12900h.

V. CONCLUSION

This paper presents a novel block merging algorithm that
significantly improves the prediction accuracy compared to the
reference merging method that is currently employed by all



TABLE I: Instance segmentation results on S3DIS-blocks for Area-5 using the original [6] and proposed block merging methods.
The models denoted with * are full-scene methods retrained on blocks.

BlockMerging v1 [6] Proposed Delta
Method mRec mPrec mCov mWCov mRec mPrec mCov mWCov mRec mPrec mCov mWCov

ASIS [7] 35.2 46.4 34.7 41.2 35.3 49.0 35.0 42.2 0.1 2.6 0.3 1.0
JSNet [8] 47.8 59.7 44.0 49.6 48.2 63.2 44.6 50.6 0.4 3.5 0.6 1.0

JSPNet [10] 48.0 59.6 50.7 53.5 - - - - - - - -
PointGroup* [1] 45.4 48.1 41.6 46.9 46.9 53.4 42.6 48.6 1.5 5.3 1.0 1.7

DyCo3D* [3] 47.2 55.2 43.8 49.1 47.6 57.9 44.6 50.5 0.4 2.7 0.8 1.4
HAIS* [4] 42.9 48.3 39.6 45.3 44.7 52.9 41.0 47.5 1.8 4.6 1.4 2.2

TABLE II: Same table as Table I, but for grid size 500× 500× 500.

BlockMerging v1 [6] Proposed Delta
Method mRec mPrec mCov mWCov mRec mPrec mCov mWCov mRec mPrec mCov mWCov

ASIS [7] 35.1 46.6 34.7 41.6 35.3 48.8 35.1 42.3 0.2 2.2 0.4 0.7
JSNet [8] 48.3 60.1 44.4 49.9 48.5 64.4 44.9 51.0 0.2 4.3 0.5 1.1

PointGroup* [1] 45.5 52.2 41.6 46.9 47.1 59.4 42.8 48.9 1.6 7.2 1.2 2.0
DyCo3D* [3] 47.4 56.6 43.6 49.0 48.3 60.4 44.8 50.5 0.9 3.8 1.2 1.5

HAIS* [4] 42.7 48.2 39.5 45.3 45.5 54.3 41.3 47.8 2.8 6.1 1.8 2.5

Fig. 3: Results for grid resolution 4003. From left to right: input, ground truth, BlockMerging v1 [6], proposed.

Fig. 4: Visual results for grid size 5003.

block-based instance segmentation techniques in the literature.
The increased performance is obtained by enabling wrongly
labelled points from past processed blocks to be corrected
through label propagation. By doing so, instance overlap
when processing blocks is not anymore required to achieve
consistent results, which is the main limitation of the original
method. Experiments consistently show that state-of-the-art
performance is obtained when adopting the proposed block
merging algorithm. For mean recall and precision, improve-
ments up to 2.8% and 7.2% are obtained. For mean coverage
and weighted coverage, the improvements add up to 1.8%

and 2.5%, respectively. Visually, the additional performance is
translated to less object confusion, ultimately leading to clearer
and more refined instance segmentation.

Conceptually, the proposed method will benefit all existing
block-based instance segmentation methods in the literature.
Investigating this aspect is left as topic of further investigation.
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