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An Integrated Hierarchical Approach for Real-time
Mapping with Gaussian Mixture Model

Yuan Gao İD and Wei Dong İD

Abstract—To achieve effective collaboration of multiple robots,
it requires efficient exchanges of map information. As directly
exchanging generally used depth map requires high commu-
nication bandwidth, it is practical to enhance the efficiency
using map compression techniques based on Gaussian mixture
models. Currently, parameters of the Gaussian mixture model are
mostly computed using the expectation-maximization algorithm.
It is time consuming as it has to iteratively update parameters
by traversing all points in a point cloud converted from the
depth map, and it is not suitable for real-time applications.
Other methods directly segment the point cloud into grids
and then perform a single Gaussian parameter estimation for
each grid. They achieve real-time compression but generate
parameter sensitive results. To tackle issues above, we improve
compression methods with an integrated hierarchical approach.
First, the points are clustered hierarchically and efficiently by K-
means, generating coarse clusters. Then, each cluster is further
hierarchically clustered by expectation-maximization algorithm
for accuracy enhancement. After each clustering process, an
evaluation index for ensuring accuracy and preventing over-
fitting is calculated to determine whether pruning or retention
of newly generated clusters is appropriate. At last, parameters
of each Gaussian distribution in the model are estimated by
points in a corresponding cluster. Experiments conducted in
various environments demonstrate that our approach improves
computing efficiency by over 79 times compared to the state-of-
the-art approach.

Index Terms—Depth map compression, Gaussian mixture
model, expectation-maximization algorithm, K-means.

I. INTRODUCTION

EXCHANGING map information is necessary for effective
collaboration between multiple robots. By obtaining map

information from different positions and angles, a multi-
robot system can effectively enhance its perception ability
compared to a single robot [1]. The sharing of map information
between robots improves their robustness of movement in
complex and unknown environments [2]. Depth map, a typical
representation of map information, contains millions of pixels
in each frame, creating challenges for robots to share them in
real-time with limited communication bandwidth [3].

To improve the efficiency of exchanges, compressing depth
maps is the most convenient method due to limitations of
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Fig. 1. Demonstration of GMM-based mapping. (a) A Gazebo simulation
environment is collaboratively observed by three robots. The black ellipsoids
represent Gaussian distributions. (b, c) GMM mapping for the real world.

hardware devices. An effective technique for this task is using
Gaussian mixture model (GMM), which represents continuous
three-dimensional space and has desirable properties such as
low memory requirements and anti-interference [4]. Conse-
quently, it’s appropriate to apply GMM, combined with several
Gaussian distributions, to compress depth maps for real-time
data transmission [3, 5]. By reconstructing depth maps based
on received GMM parameters, global mapping is available [2].

Nevertheless, using the most traditional expectation-
maximization algorithm to compute parameters of GMM (EM-
GMM [6]) is extremely time-consuming because it estimates
latent variables and updates Gaussian parameters by traversing
all samples in each iteration. EM-GMM can be regarded as
a clustering algorithm, as it clusters points in point clouds
transformed from depth maps with various Gaussian distri-
butions. Considering the replacement of EM-GMM, K-means
[7] generates clustering results that are similar to EM-GMM’s
and is typically used for a fast initialization of EM-GMM
[10, 11]. Despite this, since compression based on GMM is
very sensitive to clustering accuracy, K-means is not applicable
to GMM mapping due to its low accuracy. Other efficient
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clustering algorithms (e.g., density-based spatial clustering of
applications with noise (DBSCAN) [8], ordering points to
identify the clustering structure (OPTICS) [9], etc.) are also
inappropriate for accurate compression. Therefore, the main
problem of accurate GMM mapping is high time consumption.

In order to reduce time consumption, Eckart et al. [4] pro-
pose a top-down structure using EM-GMM. The algorithm’s
time complexity is reduced significantly but may lead to over-
fitting. Chen et al. [18] apply graph methods to improve the
efficiency of GMM construction and point cloud registration
technology. Gao et al. [19] reduce the number of degrees
of freedom (DOFs) for all unknown GMM parameters to
save memory use and reduce computational cost. In [20],
hierarchical Gaussian mixture model (HGMM) is proposed for
speaker verification. Shobhit et al. [21] propose a hierarchical
structure and information theory techniques to construct a
delicate global map. However, because of using optimization
procedures to directly process large numbers of points, meth-
ods above still remain the problem of highly time consuming.

To improve computational efficiency of optimization pro-
cedures, some researchers reduce the number of points to
be processed. Aditya et al. [22] utilize traditional EM-GMM
algorithm to build GMM maps, i.e., compression with GMM.
Their method ignores the space that have already been ob-
served, so the number of points in each frame is small.
Considering possible errors of GMM mapping, the method
is not appropriate for high-precision mapping applications
without eliminating the errors with multiple observations from
similar perspectives.

Recognizing the drawbacks of reducing processed points,
some researchers propose methods that avoid using optimiza-
tion procedures. Saarinen at el. [10] introduce a novel 3D
spatial representation that combines advantages of normal
distributions transform (NDT) maps and occupancy grid maps.
It partitions 3D space into voxels and generates one Gaussian
distribution of points in each voxel. In [23], GMM is also
constructed using pixels and then iteratively refined if neigh-
bouring pixels represent a same surface in the environment.
For computational and memory efficiency, [24] uses a single-
pass to refine Gaussian distributions generated from scanlines,
which are rows of a depth map. Unfortunately, the above
methods require setting several geometric parameters based
on the complexity of depth maps, which would make the
algorithm inconvenient to use. Furthermore, different from
using optimization procedures, setting improper geometric
parameters in a particular environment can easily result to the
decrease in the accuracy of GMM mapping. As a result, to
avoid parameter sensitivity of GMM mapping, optimization
procedures are irreplaceable.

To tackle the problem of highly time-consuming of using
optimization procedures to process a large number of points,
we improve the top-down structure with an integrated hier-
archical approach. For real-time processing, K-means is first
employed for efficient hierarchical clustering and the points are
rapidly clustered into multiple smaller clusters. As the number
of points in each cluster decreases, EM-GMM is used to
achieve accurate clustering and compact Gaussian distribution
generation. For further ensuring accuracy and preventing over-
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Fig. 2. Hierarchical Clustering Structure.

fitting, we define an evaluation index to terminate clustering
process. If newly generated Gaussian distributions lead to
low accuracy improvement and high model complexity, the
distributions are judged to require deletion.

II. INTEGRATED HIERARCHICAL CLUSTERING

In this section, an integrated hierarchical clustering ap-
proach (IH-GMM) is described. In Section II-A, we present
a hierarchical structure. Then, we describe the specific pro-
cedures of EM-GMM and K-means in Section II-B and their
integration in Section II-C. The time complexity of integrated
hierarchical clustering is discussed in Section II-D.

A. Hierarchical Clustering Structure

A hierarchical clustering structure can reduce time com-
plexity of computation. If directly partitioning N points into
K clusters with t optimization iterations, the time complexity
is O(tdNK), where d is the number of operations required
to compute the distance between cluster centers and points.
Supposing a hierarchical structure with L layers clusters points
into K̃ clusters of equal size at one time, the number of
clusters finally obtained would be K = K̃L, and the time com-
plexity of the whole procedure is O(

∑L
l=1 K̃

ltd N
K̃l

K̃), i.e.,
O(tdNK̃ logK̃ K). It is easy to prove that when K ≫ K̃ ≥ 2,
tdNK ≫ tdNK̃ logK̃ K.

As illustrated in Fig 2, a point matrix is defined as
l
kM =

[
l
km0, . . . ,

l
kmñ, . . . ,

l
kmÑ−1

]T
in hierarchical struc-

ture, where l denotes the layer of the matrix, k denotes
the ordinal number of the matrix and l

kmñ is the ñth 3D
coordinate vector of a point.

Clustering points in matrix l
kM , K̃ clusters would be

obtained and their correspondingly point matrices are denoted
as l+1

K̃k
M , l+1

K̃k+1
M , . . . , l+1

K̃(k+1)−1
M . The clustering is calcu-

lated by an clustering algorithm as follows:
l
kiÑ×1 = c

(
l
kM

)
(1)

where c (·) represents the algorithm of clustering points and
l
kiÑ×1 is a clustering vector. Its entry l

kiñ indicates the
ordinal number of the cluster which l

kmñ belongs to, so
l
kiñ ∈ {0, 1, . . . , K̃ − 1}.

New generated k̃th cluster by algorithm c (·) is donated as
a set l

kCk̃. If the corresponding entry l
kiñ of ñth coordinate

vector satisfies l
kiñ = k̃, l

kmñ belongs to the k̃th set, i.e.

l
kmñ ∈


l
kC0 , lkiñ = 0

...
l
kCK̃−1 ,

l
kiñ = K̃ − 1

(2)
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According to l
kCk̃, k̃th point matrix l+1

K̃k+k̃
M generated by

clustering l
kM can be defined as
l+1

K̃k+k̃
M =

[
l+1

K̃k+k̃
m0, . . . ,

l+1

K̃k+k̃
mñ, . . .

]T
(3)

where l+1

K̃k+k̃
mñ ∈ l

kCk̃.

B. Clustering by EM-GMM and K-means

EM-GMM and K-means are applied for clustering points.
We define M =

[
m0, . . . ,mñ, . . . ,mÑ−1

]T
as the input

matrix and M is clustered into K̃ clusters.
1) Clustering and GMM Construction with EM-GMM: It’s

supposed that points follow a GMM with K̃ distributions,
whose probability density function [6] is formed as

p(mñ) =

K̃−1∑
k̃=0

πk̃N
(
mñ | µk̃,Σk̃

)
(4)

where N
(
mñ | µk̃,Σk̃

)
is a standard Gaussian distribution.

µk̃ and Σk̃ are mean vector and covariance matrix of k̃th
distribution respectively. πk̃ is the weight of k̃th distribution
in GMM model with

∑K̃−1

k̃=0
πk̃ = 1.

EM-GMM algorithm [6] uses maximum likelihood function
to construct GMM. In E(Estimation)-step, the probability
that point mn belongs to k̃th distribution, also called latent
variable, is defined as

γñ,k̃ =
πk̃N

(
mñ | µk̃,Σk̃

)∑K̃−1

k̃=0
πk̃N

(
mñ | µk̃,Σk̃

) (5)

In M(Maximization)-step, the parameters are updated by

µnew
k̃

=
1

Ñk̃

Ñ−1∑
ñ=0

γñ,k̃mñ πnew
k̃

=
Ñk̃

Ñ

Σnew
k̃

=
1

Ñk̃

Ñ−1∑
ñ=0

γñ,k̃
(
mñ − µnew

k̃

) (
mñ − µnew

k̃

)T (6)

where Ñk̃ =
∑Ñ−1

ñ=0 γñ,k̃. By repeating (5) and (6), the optimal
Gaussian parameters can be obtained when the algorithm
converges. The point data mñ is clustered into a set in which
its probability γñ,k̃ is maximum, i.e.

iñ = argmax
k̃

γñ,k̃ (7)

2) Fast Clustering with K-means: K-means [7] is used for
fast clustering of points. K-means first initializes K̃ centers. In
E-step, it calculates the squares of distances from each point
to all centers, i.e.

Dñ,k̃ = (mñ − ak̃)
T (mñ − ak̃) (8)

where Dñ,k̃ is the square of distance between point mñ

and center ak̃. The latent variable of K-means is defined
as iÑ×1 =

[
i0, . . . , iñ, . . . , iÑ−1

]T
, where iñ represents the

ordinal number of a center, whose distance to point mñ is
shortest (i.e., iñ = argmink̃Dñ,k̃). In M-step, ak̃ can be
updated as

anew
k̃

=
1

u(i, k̃)

∑
iñ=k̃

mñ (9)
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Fig. 3. Effect of EM-GMM and K-means on GMM construction.

where u(i, k̃) represents the number of entry k̃ in vector i. ak̃

would converge to optimal value by repeating (8) and (9).
Compared to EM-GMM, parameter estimation should be

carried out after K-means converges. Supposing that points
in each cluster follow a Gaussian distribution, ak̃ is the
distribution’s mean µk̃, the intensity πk̃ of such distribution is
the ratio between the number of points contained in k̃th cluster
and the total number of points (i.e., u(i, k̃)/Ñ ) and covariance
matrix Σk̃ is the second order moment of the points in k̃th
cluster.
C. Integration of EM-GMM and K-means

Computational consumption of a iterative optimization al-
gorithm is related to its time complexity. Defining the time
complexity of K-means and EM-GMM as O(tKdKÑ k̃) and
O(tEdEÑ k̃). They both use the idea of EM algorithm, but the
latent variable of K-means is simpler than that of EM-GMM,
so the numbers of optimization iterations of K-means are
normally lower than EM-GMM (i.e., tK < tE ). Referring to
(5), (6), (8) and (9), EM-GMM is much more complicated than
K-means to execute both E-steps and M-steps (i.e., dK < dE ).
Therefore, tKdKÑ k̃ < tEdEÑ k̃.

As shown in Fig. 3, the accuracy of hierarchical clustering
when using EM-GMM and K-means is compared. Comparing
Fig. 3 (b) and Fig. 3 (e), EM-GMM and K-means generate
almost same results when processing large clusters. After a
further clustering, EM-GMM performs better in Fig. 3 (c)
than K-means in Fig. 3 (f). As a result, it is reasonable to
replace EM-GMM with K-means to segment the large clusters
due to their similar performances and when processing smaller
clusters, using EM-GMM to ensure accuracy is necessary.

To define the concept of large clusters, a threshold value
Nt is predesigned. When the number of points Ñ is higher
than Nt, K-means is used to perform clustering. Conversely,
EM-GMM is used. Refining the clustering process in (1), one
can obtain

l
kiÑ×1 = c

(
l
kM

)
=

{
cK

(
l
kM

)
, Ñ > Nt

cE
(
l
kM

)
, Ñ ≤ Nt

(10)

where cK (·) is a clustering process by K-means, and cE (·)
uses EM-GMM.
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D. Time Complexity of Integrated Hierarchical Clustering
Supposing the structure segments points into clusters of

equal size at each time, the time complexity of a hierar-
chical clustering structure using only EM-GMM algorithm
is O(

∑L
l=1 K̃

ltEdE
N
K̃l

K̃), i.e., O(NK̃LtEdE). By integrating
K-means into such structure, time complexity is reduced
sharply. It is defined that when clustering points into ltth
layer, sizes of clusters are below the threshold value Nt

(i.e., N/nlt < Nt < N/nlt−1). The entire procedure’s time
complexity is O(

∑lt−1
l=1 K̃ltKdK

N
K̃l

K̃+
∑L

l=lt
K̃ltEdE

N
K̃l

K̃),
i.e., O(NK̃LtEdE −NK̃(lt−1)(tEdE − tKdK)). Considering
that tEdE − tKdK > 0, the computing efficiency is reduced by
the integration of K-means and EM-GMM.

III. EVALUATION AND TERMINATION OF CLUSTERING

One drawback of the integrated hierarchical structure de-
scribed in Section II is that the clustering process cannot be
terminated reasonably by only predesigning number of layers
L. During continuous clustering, when the accuracy of GMM
mapping reaches a satisfactory level, the process should be
promptly terminated in order to prevent over-fitting and reduce
computational consumption. Therefore, based on integrated
hierarchical structure, an evaluation index can be applied to
determine whether to terminate the clustering, i.e., to judge
the reasonableness of newly generated Gaussian distributions.

Currently, several methods have been proposed to evaluate
the reasonableness of GMM (e.g., Akaike information criterion
(AIC) [12, 13], Bayesian information criterion (BIC) [14],
approximate weight of evidence criterion (AWE) [15], nor-
malized entropy criterion (NEC) [16], integrated classification
criterion (ICL) [17], etc.). BIC and AIC are both typical
information criteria, which are used to quantify the balance
between the complexity of model and the ability of model to
represent points (i.e., maximum likelihood function). AWE,
NEC and ICL further quantify the degree of separation of all
Gaussian distributions.

However, the criteria above focus on constructing a compact
probabilistic model, ignoring the requirement of reconstruction
accuracy when mapping with GMM. As a result, a specialized
evaluation for GMM mapping is necessary. The novel evalu-
ation index is defined in Section III-A, and the termination
strategy of clustering by the index is shown in Section III-B.
A. Overfitting and Accuracy Evaluation

The evaluation considers maximum likelihood function,
model complexity and reconstruction accuracy of GMM.

1) Maximum Likelihood Function: For GMM, its maxi-
mum likelihood function [25], the maximum objective of EM-
GMM algorithm, is related to all points and K̃ Gaussian
distributions as follows

H =

Ñ∑
ñ=1

log

 K̃∑
k̃=1

πk̃N
(
mñ | µk̃,Σk̃

) (11)

For convenience of description, H (M , i) is defined as a
maximum likelihood function when points M are clustered by
vector i. The corresponding Gaussian parameters, including
πk̃, µk̃, and Σk̃, are estimated in each cluster. H (M , i)
quantifies the compactness of constructed GMM.

Only GMM
Overlapping area
Only point cloud

Undefined
Points

Voxel filtering

Voxel 
mapping

GMM accuracy
estimationidentical

Original dense point cloud
Fig. 4. Division of 3D space with grids. It is worth noting that only the grid
whose center is contained by a Gaussian ellipsoid and contains no point is
considered being only occupied by GMM. A grid contains a point which is
covered by Gaussian ellipsoid is considered as an overlapping area. If not, it
is identified as only occupied by points.

2) Model Complexity: Model complexity is quantified to
prevent overfitting, which means using an overly complex
model to represent points. Generally, more points require more
Gaussian distributions to compress depth maps. Therefore,
model complexity is proportional to the number of Gaussian
distributions and inversely proportional to the number of
points. We define the complexity of GMM as ratio of the
number of Gaussian distributions to the number of points, i.e.,
K̃/Ñ . In clustering vector i, K̃ − 1 is its largest entry and
Ñ is the length of i. Therefore, the model complexity can be
written as

C(i) =
m(i) + 1

v(i)
(12)

where m(i) is the largest entry in i and v(i) is its length.
3) Reconstruction Accuracy: To quantify the accuracy of

Gaussian distributions calculated by K-means and EM-GMM,
we use grids to partition 3D space as shown in Fig. 4.
Coverage rate of GMM is defined as

Rc(M , i) =
A(M , i)

A(M , i) +AP(M , i)
(13)

where A(M , i) is the number of grids which occupied by
overlapping area (i.e., blue grids in Fig. 4) and AP(M , i)
is volume of space only containing points (i.e., green grids).
Effect of coverage rate is similar to that of maximum like-
lihood function, but it’s more intuitive. When points are not
covered by Gaussian distributions, both maximum likelihood
function and coverage rate are reduced. Since maximum
likelihood function is required to be calculated by EM-GMM
algorithm, we do not calculate coverage rate additionally only
for calculating the evaluation index.

To describe the similarity between the space occupied by
the GMM and the space occupied by points, reconstruction
accuracy is defined as

R(M , i) =
2A(M , i)

2A(M , i) +AG(M , i) +AP(M , i)
(14)

where AG(M , i) is the volume of space which contains only
GMM ellipsoids (i.e., yellow grids in Fig. 4). We calculate
AG(M , i) with 3Σ-probabilistic bound.

4) Evaluation Index: When clustering points M with vec-
tor i, the evaluation index E(M , i) is defined as follows

E (M , i) = λHH (M , i)− λCC (i) + λRR (M , i) (15)

where λH , λC , and λR determine the weight of each term.



GAO et al.: AN INTEGRATED HIERARCHICAL APPROACH FOR REAL-TIME MAPPING WITH GAUSSIAN MIXTURE MODEL 5

B. Termination of Clustering Process

After clustering l
kM , the evaluation index before and after is

compared to determine whether the clustering is reasonable.
If the clustering of l

kM is unreasonable, all the points are
put into one cluster and other clusters are empty. The new
clustering vector is defined as

l
ki =

{
l
ki , E(lkM ,lk i) > E(lkM ,0Ñ×1)
0Ñ×1 , E(lkM ,lk i) ≤ E(lkM ,0Ñ×1)

(16)

Continuously clustering points and segmenting clusters until
no new cluster can be generated, the GMM mapping is
completed. For a hierarchical structure clustering points into
Lth layer, the complexity of the algorithm is not affected by
adding such termination.

IV. GMM-BASED COMPRESSION ALGORITHM

In this part, we describe the whole operation process of the
algorithm, including the points pretreatment in Section IV-A
and algorithm implementation in Section IV-B.

A. Pretreatment

For down-sampling, points need to be voxel filtered before
clustering. Voxel filter constructs grid maps first, and then
calculates the mean of all points in each grid as a new point.
In this paper, the filtering uses the same grid size as 3D space
partition use for calculating R(M , i). Since each grid contains
a point in the filtered point cloud, the partition generated by
filtered point cloud is the same as what generated by original
point cloud. As a result, such down-sampling does not affect
the estimation of reconstruction accuracy R(M , i).

The filtered points are likely to be discontinuous, as they
are composed of multiple point clusters from different objects,
such as trees and boxes (Fig. 1(a)). Clustering of such point
clouds is highly time-consuming, as it requires large num-
bers of iterations if initialization is improper. Therefore, we
segment original points with Euclidean segmentation. Such
segmentation puts any two points whose distance is less than
a threshold into one set. Our proposed integrated hierarchical
approach is used to cluster points in each set which is
computed by Euclidean segmentation.

B. GMM Mapping Algorithm

The GMM mapping algorithm is shown in Alg. 1. K̃
is set to be 2. By processing points in an original point
cloud with voxel filtering and Euclidean segmentation, the
input of algorithm M0 is obtained. In Line 2, we define a
structure Z containing point matrix M , Gaussian parameter
Θ, evaluation index E and termination mark t. Specifically,
E is calculated by points in M (Line 5) and t is the mark
of whether M needs to be further clustered (Line 6). After
selecting a structure Z[k] needs to be clustered (Lines 9-
11), its clustering vector i is calculated in Line 12. In Line
13, the value of the largest entry contained in the vector i
is judged to determine whether the matrix Z[k].M being
clustered needs to be partitioned further, i.e. whether this
clustering is reasonable. A segmentation of Z[k].M is done
in Line 14 if M needs to be clustered. To reduce memory
consumption, we fine-tuned the hierarchical structure into an
incremental hierarchical structure by deleting the processed

Algorithm 1 Integrated Hierarchical Clustering
Input: Pretreated Point Matrix M0

Output: GMM Parameters Θ = [Θ0,Θ1, . . . ]

1: procedure INTEGRATED HIERARCHICAL CLUSTERING(M0)
2: Z ≜ {Point Matrix M ,Gaussian Parameter Θ,

Evaluation Index E,Termination Mark t}
3: Z.M ←M0

4: Z.Θ← GaussianEstimate (M0)
5: Z.E ← Evaluation (M0,0)
6: Z.t← 0
7: Z.pushback(Z)
8: for k ← 0; k < Z.size()− 1; k ← k + 1
9: if Z[k].t

10: continue
11: end if
12: i← Cluster (Z[k].M)
13: if i.max() > 0
14: {Z′, Z′′} ← Segment (Z[k].M , i)
15: Z.delete(k)
16: Z.pushback(Z′)
17: Z.pushback(Z′′)
18: k ← k − 1
19: else
20: Z[k].t← 1
21: end if
22: end for
23: for k ← 0; k < Z.size()− 1; k ← k + 1
24: Θ[k]← Z[k].Θ
25: end for
26: return Θ
27: end procedure
28: procedure CLUSTER (M)
29: i← K-means (M)
30: if M .size() ≤ Nt

31: i← EM-GMM (M , i)
32: end if
33: if Termination Judge (i,Z[k])
34: i← 0
35: end if
36: return i
37: end procedure
38: procedure TERMINATION JUDGE (Z, i)
39: E ← Evaluation (Z.M , i)
40: if E ≤ Z.E
41: return 1
42: else
43: return 0
44: end procedure

Z[k] and pushing back new ones in Z (Lines 15-17). Since
all clusters are still hierarchically clustered, the incremental
structure will not affect the algorithm’s complexity.

V. EXPERIMENTS

In this section, we first test the compression rate of our
approach in Section V-A. Then we compare the computational
efficiency (Section V-B) and accuracy (Section V-C) of differ-
ent methods. At last, the sensitivity and supplement of our
approach are presented in Section V-D and Section V-E.

We choose traditional EM-GMM [6], K-means [7], H-EM-
GMM [4], and H-K-means as reference methods, which are
all iterative-optimization-based clustering algorithms. Among
them, H-K-means is a hierarchical clustering algorithm that
replaces EM-GMM with K-means to perform each cluster-
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Fig. 5. The comparison between each method. EM-GMM [6], K-means [7], H-EM-GMM [4], H-K-means and our proposed structure (IH-GMM) with
different termination evaluation index/criteria (e.i., AIC [12, 13], BIC [14] and E (M , i)) are compared with each other.

TABLE I
COMPRESSION RATE OF PROPOSED METHOD

Data Data Volume (KB) Compression
Set GMM Filtered Points Rate (%)
D1 2.2(+1.4,−1.4) 22.1(+5.5,−3.9) 9.7(+13.6,−5.6)
D2 3.3(+2.2,−2.5) 13.8(+22.3,−10.6) 23.7(+9.4,−15.1)
D3 3.6(+3.8,−2.7) 28.9(+19.7,−12.9) 12.3(+9.1,−3.3)

ing process. To compare the performance of all evaluation
index/criteria (AIC [12, 13], BIC [14] and E (M , i)), H-EM-
GMM and H-K-means are also improved with termination
procedures. All the algorithms are tested using a simulation
environment (D1: A Simulation environment in Gazebo) and
real-world data sets (D2: TUM RGB-D fr1/room [26] and D3:
ETH RGBD for Voxblox [27]) with same pretreatment. All
experiments are performed on a laptop with Intel 12700H.

For each depth map, a 0.1m*0.1m*0.1m voxel filtering
is conducted on points. The distance threshold of Euclidean
segmentation is set to be 0.3m and the threshold of points’
number to use EM-GMM (i.e., Nt) is 200. λH , λC , and λR are
initialized to be 1, 150 and 100 respectively by trial and error
approach. This parameter setting ensures that the algorithm
can maximize computational efficiency and minimize the
number of Gaussian distributions while maintaining accuracy.
When using EM-GMM and K-means directly (i.e., without
hierarchical structure), the number of Gaussian distributions is
initialized to be equal to the average number of the proposed
method. Distributions’ number of H-EM-GMM and H-K-
means is also predesigned similar to the average number.

The comparison between each method is shown in Fig. 5
in a form of Pareto Front [28]. The ranges overlie the bars
represent the 3σ bounds of data.

A. Compression Rate

The compression rate of proposed method tested on different
data sets is shown in Table I. The form of expression (e.g.,
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Fig. 6. Time allocation of proposed method.

9.7(+13.6,−5.6)) represents the mean (i.e., 9.7), upper-limit
(i.e., 9.7 + 13.6) and lower-limit (i.e., 9.7 − 5.6) of the data.

It can be noted that the compression rate of depth maps
is not only related to the number of points, but rather it
is also influenced by the complexity of the environment.
For example, D2 contains the smallest number of points of
13.8KB, but it still requires multiple Gaussian distributions
of 3.3KB for compression. Due to the complex environment
in D2, the proposed algorithm spends a larger number of
Gaussian distributions to achieve high compression accuracy,
thus increasing the volume of GMM data.

B. Computational Efficiency
As shown in Fig. 5, most of the algorithms are more time

consuming when compressing data in D2 and D3 due to higher
complexity of depth maps from real-world environments. EM-
GMM is the least computationally efficient, followed by H-
EM-GMM. Neither of them can achieve real-time processing.
H-K-means is the most efficient due to not using EM-GMM
for clustering throughout the entire process. The proposed
method achieves a speed of more than 50 fps (17.81 ms) when
processing D3, which is almost 79 times better than H-EM-
GMM algorithm. In D1 and D2, the improvement is 98 times
and 120 times respectively, which is more remarkable.

Main steps of the compression involve pretreatment, hierar-
chical K-means and hierarchical EM-GMM. Referring to Table
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I and Fig. 6, the pretreatment time is basically proportional to
the number of points. D3 takes the longest pretreatment time
of 4.68ms, followed by D1 and D2. The reason for this is that
voxel filtering is the most time-consuming part of pretreatment
and each point is traversed a relatively fixed number of
times. After that, it takes little time to process filtered points
with Euclidean segmentation, thereby having an insignificant
impact on the consuming time of pretreatment. EM-GMM
takes the longest time in all data sets, accounting for 53%,
56%, and 49% of the total time respectively. However, it has
a great advantage over the time spent by H-EM-GMM, which
uses EM-GMM to perform coarse clustering processes.

It is worth noting that the clustering time of D2 is longer
than that of D1 for both K-means and EM-GMM, but the
number of points need to be clustered is lower than that
of D1. The reason is that D2 is collected from the real-
world and is more complex. More complex point clouds
often require the algorithm to spend more iterations to attain
convergence, making the compression for data in D2 more
time-consuming. Another reason is that point clouds in D1 are
always discontinuous, making it common practice to undertake
Euclidean segmentation, decreasing the number of coarse
clustering processes by K-means. Moreover, D2 requires more
layers of accurate clustering to reach accuracy requirements.

C. Accuracy
The hierarchical generations of GMM maps are shown in

Fig. 7. As can be seen, the proposed method compresses the
depth map from rough to accurate.

To verify the performance of the evaluation index E (M , i)
defined in our method, we compare it with AIC and BIC
which are used to prevent over-fitting in Fig. 5. When using

IH-GMM structure, proposed evaluation index E (M , i) can
further enhance the GMMs’ accuracy, performing better than
AIC and BIC. Compared to extremely time-comsuming EM-
GMM, the reconstruction accuracy of proposed algorithm is
at most 4% lower, which is still at at a high level. Meanwhile,
more Gaussian distributions are generated by using E (M , i)
and it makes the the number of Gaussian distributions more
adaptive. In D2, at least 6 Gaussian distributions are used
for accurate compression of a depth map. In addition, due
to the consideration of the maximum likelihood function in
each index or criterion, the average coverage rates of GMM
maps are all higher than 95%.

To test the impact of voxel filtering on accuracy of GMM
maps, the proposed approach is used to compress point clouds
without down-sampling. By setting Nt proportion to the
number of points, the reconstruction accuracy of compressing
point clouds without down-sampling tested on three data sets is
92±5, 92±7 and 89±5 respectively. When processing down-
sampled point clouds, the reconstruction accuracy is 92 ± 5,
91±7 and 89±6 (Fig. 5), which is close to the results above.
This indicates that the voxel filtering has little effect on the
accuracy with the parameter settings in this paper.
D. Sensitivity

The sensitivity of algorithm to λH , λC , and λR is analyzed
in this subsection. Since the experimental results are greatly
affected by data sets, the experimental approach is used for
the analysis. As shown in Fig. 8, sensitivity analysis of N
and R (M , i) are performed by adjusting each parameter
individually around initial values. S(·) is the rate-of-change,
e.g. S(N) = (N −Norigin)/Norigin ×100%. When λH is larger
than 0.5, the algorithm will not lead to over-fitting. Besides, an
increase in λC leads to a slow decrease in N , while an increase
in λR leads to an increase in R (M , i). The ranges of most
variations are less than 2%, indicating the high stability of the
proposed approach with respect to the parameters.

E. Supplement
Currently, our approach only compresses point clouds trans-

formed from a single depth map acquired by the depth camera.
For applications in large environments or fields of views,
relevant experiments have not been performed.

When building GMM maps of large environments, the fu-
sion, filtering and registration of Gaussian distributions should
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be performed, which haven’t been tackled by current works.
For cooperative observation with multi-robots, the registration
of Gaussian distributions in different coordinate systems is
also necessary to build a global map.

Currently, many deep learning based methods are used
for GMM construction [29, 30]. Such methods tend to be
more accurate as their objective function can be adapted. The
large number of nodes also ensures that such methods have
high degrees of freedom. In this paper, the proposed method
improves computational efficiency and makes the number of
Gaussian distributions adaptive.

VI. CONCLUSION

In this study, we propose an integrated hierarchical approach
for accurate and real-time compression of map information,
which utilizes a Gaussian mixture model to compress depth
maps. With a hierarchical structure, computational consump-
tion is reduced sharply. Such structure enables the integration
of K-means and EM-GMM, using them for clustering points
in different layers of the structure. By efficiently generating
coarse GMMs with K-means and then refining them with
EM-GMM, our approach realizes the integration of the two
clustering algorithms. After each clustering process, a termi-
nation judgement based on an anti-overfitting and accuracy
evaluation index is applied to prune redundant distributions for
further accuracy insurance. Compared to existing algorithms,
our approach improves efficiency by more than 79 times.
Moreover, it can compress different depth maps with adaptive
numbers of Gaussian distributions to maintain high fidelity.
GMM maps have great potential in depth map compression
and map parameterization. In the future, we plan to explore
techniques for global GMM mapping with multi-robot collab-
oration, which can improve the robustness of path planning
for multi-robot systems.
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