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Abstract—The Steered-Mixture-of-Experts (SMoE) model is
an edge-aware kernel representation that has successfully been
explored for the compression of images, video, and higher-
dimensional data such as light fields. The present work aims to
leverage the potential for enhanced compression gains through
efficient kernel reduction. We propose a fast segmentation-
based strategy to identify a sufficient number of kernels for
representing an image and giving initial kernel parametrization.
The strategy implies both reduced memory footprint and re-
duced computational complexity for the subsequent parameter
optimization, resulting in an overall faster processing time. Fewer
kernels, when combined with the inherent sparsity of the SMoEs,
further enhance the overall compression performance. Empirical
evaluations demonstrate a gain of 0.3-1.0 dB in PSNR for a
constant number of kernels, and the use of 23 % less kernels
and 25 % less time for constant PSNR. The results highlight
the feasibility and practicality of the approach, positioning it
as a valuable solution for various image-related applications,
including image compression.

Index Terms—gating network, segmentation, compression

I. INTRODUCTION

SMoEs are gating networks that have been investigated for
many use cases such as data compression [1]–[7], denoising
[8], and light fields [6]. The core idea behind SMoE lies in
the simultaneous optimization of both edge-aware and smooth
reconstruction. By jointly considering these characteristics,
SMoEs exploit the synergy between them to capture and rep-
resent the complex visual cues that define an image transition.
This synergistic approach enables us to overcome the trade-off
between edge preservation and smoothness often observed in
previous methods [9], [10]. For image compression, the results
of Jongebloed et al. [3], [4] are competitive to JPE2000 with
room for improvement.

A major disadvantage of SMoE is the computational
complexity of the gradient descent optimization [5]. Recent
advances with SMoEs and auto-encoders (SMoE-AEs) [2]
provide vast speedup in optimization, but only for small
blocks and few kernels. To harvest the potential of SMoEs on
larger images, many kernels have to be employed, and their
parameters need to be optimized jointly. One critical aspect of
the SMoE network is sparsification (reduction of the number
of kernels). Global optimization of SMoE networks [3]–[5]
uses the L1-norm penalty to retain the most essential infor-
mation necessary for preserving edge sharpness and smooth-
ness, while discarding redundant or less significant details.
This sparsification strategy not only improves computational
efficiency but also enhances the overall performance of the
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reconstruction process, including edge preservation and noise
and artifacts reduction.

Another important aspect is the initialization of the kernels,
which heavily affects the speed of convergence. Kmeans [6],
[11] and Grid [4], [5], [12] are the most adopted strategies
for the initialization of the kernels. To our knowledge, no
work has been done on the pre-estimation of the required
number of kernels in the initialization stage. Without this
estimation, determining the appropriate number of kernels
can be a challenging and subjective task. Our hypothesis is
that automated initialization avoids manual parameter tuning,
making the overall process more efficient. Also, having an
appropriate number of kernels ensures that computational
resources are utilized effectively, preventing underutilization or
excessive computational overhead. In addition, by estimating
the number of kernels based on the characteristics of the
input data, the SMoE network can adapt to various images
or videos, resulting in improved reconstruction quality and
adaptability. This scalability and flexibility make the SMoE
network applicable to a broader range of applications and
datasets. In conclusion, pre-estimating the number of kernels
in SMoE leads to faster processing times and allows the
network to be more generalizable across different datasets and
scenarios.

Beyond SMoE, estimating the number of kernels is also
interesting in the context of other methods and models. By
precisely estimating the number of kernels and applying them
selectively to meaningful areas, the method preserves edge
sharpness, smoothness, and overall coherence. This leads to
visually appealing transitions that closely resemble the natural
behavior of image transitions in real-world scenes. Therefore,
it has the potential to enhance the performance, efficiency,
and adaptability of regression frameworks, such as kernel
regression, radial basis function networks, etc., in many areas,
such as image segmentation, denoising, and super-resolution.

The objective of this paper is the sparsification of the pa-
rameters in the SMoE network, i.e. the reduction of kernels, to
increase compression gains and to reduce computing time, es-
pecially in the global optimization stage of SMoE. To achieve
this objective, we enhance the initialization stage of SMoE
by incorporating segmentation to automatically determine the
appropriate number of kernels before applying the SMoE
reconstruction, which is the main contribution of this paper.
The proposed segmentation provides valuable information for
estimating the number of kernels and for adapting them to the
content, resulting in the following advancements:

• Efficiency: By using segmentation to determine the mean-
ingful areas within an image, the proposed method opti-



mizes the computational efficiency of SMoE. It focuses
the reconstruction process on relevant regions, reducing
unnecessary computations in less important areas.

• Adaptive and Context-Aware Reconstruction: The
method’s ability to adapt to the content through
segmentation enables context-aware blending of edge-
aware and smooth transitions. This adaptability leads
to more visually pleasing and coherent transitions that
accurately capture the underlying scene.

Additionally, we provide a visual representation of the spatial
information captured by the kernels to facilitate the inter-
pretability of the reconstruction process, which is the sec-
ond main contribution. Finally, we further demonstrate the
superiority of our proposed method over the state-of-the-art
in initialization in terms of performance and visual quality
with a comprehensive evaluation.

II. LITERATURE REVIEW ON IMAGE SEGMENTATION

Image segmentation is a crucial task in the proposed
method, enabling the extraction of meaningful regions for
SMoE reconstruction, and thus needs to be analyzed and
reviewed in detail. According to the characteristics of SMoEs,
the output of the segment from a segmentation method should
fulfill the following criteria: homogeneity and efficiency. We
are interested in methods, which have a remarkable ability
to effectively group pixels with similar characteristics and
excel in capturing and preserving boundaries between different
objects or regions in an image. On the other hand, since
image segmentation is the integrated operation in the proposed
method, we do not anticipate explicit extra processing time for
this operation.

Most region-based image segmentation techniques achieve
homogeneity based on energy functions of adjacent pixels,
which can be edge-based [13]–[22] or entropy-based [10],
[23]–[32]. Edge-based methods primarily emphasize boundary
detection, while entropy-based methods focus on capturing the
internal homogeneity and texture characteristics of regions.
Some hybrid methods [9], [33], [34] are proposed to leverage
the strengths of both edge information and entropy-based
region characteristics to improve the segmentation results.
Because SMoE aims to partition the images based on the
difference between adjacent pixel values instead of internal
homogeneity and texture characteristics of regions, the edge-
based method is more suitable for this study. In addition, edge-
based methods are generally considered to be computationally
efficient, especially for simpler algorithms [16], [17], [20].
On the other hand, the efficiency of entropy-based and hybrid
methods can vary depending on the specific algorithm and the
complexity of the image [23], [26].

According to the analysis above, we select DBSCAN [20] as
the segmentation method because its energy function is based
on edges (the difference between adjacent pixel values), and
it involves local processing and analysis of pixel gradients
to identify edges, which can be performed efficiently. While
the selected method has demonstrated strength in terms of
homogeneity and efficiency, it is not without some limitations.

Fig. 1: The pipeline of the proposed method.

One notable drawback, especially in region-based segmen-
tation methods, is the issue of over-segmentation in flat
regions due to constraining the size of segments, leading to an
increased number of components, also called superpixel, and
subsequently higher computational complexity. The purpose
of constraining the size is often to ensure that the resulting
regions are meaningful and consistent with the intended appli-
cation or analysis [22], [23], [26]. By constraining the size, it
becomes possible to extract regions that correspond to specific
objects or regions of interest, while avoiding excessively small
or large regions that may be less informative or meaningful.
However, it can also suffer from over-segmentation in a flat
region, resulting in fragmented flat regions. In the next section,
we will describe our proposed method including the modified
DBSCAN (MDBSCAN) to solve this problem and improve
the overall performance of the method.

III. PROPOSED METHOD

The proposed method combines image segmentation to esti-
mate the appropriate number of kernels of the SMoE to enable
edge-aware and smooth reconstruction of images. The pipeline
of the proposed method is depicted in Fig. 1. The segmentation
is performed to obtain the segments adapted to the content of
the images. A fixed number of kernels is randomly distributed
within each segment. Then, the SMoE with regularization is
trained globally to reconstruct the images. We aim to use fewer
kernels to reconstruct the images while achieving promising
PSNR performance for the reconstruction results.

A. Modified DBSCAN (MDBSCAN)

DBSCAN constructs superpixels by grouping adjacent pix-
els together with an energy function. The energy function
used in DBSCAN is composed of the difference between pixel
intensities and a user-defined threshold that controls the size
of each segment. This constraint indicates that the boundaries
of text-rich regions be smooth, regular, and tightly enclosed
without excessive irregularities or fragmentation. However, the
process may result in an over-segmentation in flat regions
because pixels are assigned to different superpixels if their
sizes would exceed the defined threshold, even if the adjacent
pixels have similar intensity values.

A subsequent merging process can be employed in order
to address the over-segmentation problem caused by the DB-
SCAN algorithm. Such a merging process combines adjacent
segments into larger segments based on another user-defined
threshold. This merging has the consequence that texture-
rich regions may become large segments not considering the
detailed features therein, depending on the threshold value.



(a) DBSCAN (b) MDBSCAN
Fig. 2: Examples of DBSCAN and MDBSCAN segmentation.

The SMoE has the ability to represent constant pixels over
any sized surface. Therefore, we propose a modified DBSCAN
(MDBSCAN) that directly forms larger superpixels with lim-
ited pixel variations and also employs a merging process. We
removed the size constraint in DBSCAN’s energy function,
allowing segments to expand until the adjacent pixel difference
surpasses a threshold. The energy function is expressed as:

E(i, j) = d(i, j), (1)

where d(i, j) is the intensity difference of two adjacent pix-
els. Subsequently, MDBSCAN merges small partitions only.
This eliminates excessive irregularities or fragmentation in
texture-rich regions. Thereby, MDBSCAN solves an over-
segmentation problem in flat regions, and also avoids too large
segments – as well as excessive irregularities or fragmentation
– in texture-rich regions.

Fig. 2 illustrates the segmentation examples of DBSCAN
and MDBSCAN. It is obvious that the MDBSCAN eliminates
the over-segmentation effect by reducing the number of seg-
ments, but still preserves boundaries between different objects
or regions.

B. Global SMoE with Regularization

The regression function of global SMoE predicts the inten-
sity of a pixel with the given position. To start the regression
process, we randomly assign a fixed number of kernels for
each segment. Then, the following regression function of
SMoE, introduced in [1], is applied:

yp(x) =
∑K

j=1mj(x) · wj(x), (2)

where mj(x) = mj is a constant expert function to represent
the data in the region defined by the gating function

wj(x) =
πj · exp(− 1

2 (x− µj)
TΣj(x− µj))∑K

i=1πi · exp(− 1
2 (x− µi)TΣi(x− µi))

. (3)

The gate is a weighted soft-max function of K Gaussian
kernels with covariance matrix Σj , center µj , and coefficients
πj , which was introduced for sparsification in [5]. The L1-
norm is applied to shrink the coefficients πj towards zero.
That is, if the weight of the kernel is less than 0, we remove
the corresponding kernels in the gating function.

To aid the sparsification, the model is trained with the
following loss function, which includes the mean square error
between input data y and the regression yp as well as a
regularization term:

L =
1

N

N∑
i=1

||y(xi)− yp(xi)||2 +
λr

K
·

K∑
j=1

πj . (4)

The loss is minimized to obtain edge-aware and smooth image
reconstruction results.

IV. EXPERIMENTS

We demonstrate the performance of the proposed segmen-
tation process by comparing the PSNR values in relation to
the number of used kernels and the optimization time of
SMoEs with segmentation (SSMoE) and without segmentation
(SMoE) since the aim is to sparsify the SMoE representation
and to accelerate the optimization process.

A. Initialization

For SSMoE, we use DBSCAN and MDBSCAN to perform
image segmentation as a pre-processing step. Two different
parameters are used to control the number of segments in these
methods: the difference between pixel intensity (d) and a user-
defined number of segments (n).

For SMoE, two methods, namely GRID [5] and KMeans
[6], are adopted in the initialization stage. For the GRID
initialization method, the kernels K are evenly distributed on
a grid with K ∈ [100, 500] in 9 equidistant steps over the
128× 128 pixel images.

For the KMeans initialization method [6], the KMeans
algorithm is utilized to cluster an image with 128× 128 pixel
into K clusters and randomly select a location within each
cluster. On the other hand, for the SSMoE, we randomly
distributed k kernels in each segment, where k ∈ [1, 9] with 9
equidistant steps.

B. Regularization

After pre-training 100 iterations, the regularization term in
Eq. (4) is applied for all experiments. Although the segmen-
tation process provides the global structure information of the
whole image, the variety of the texture and shape of each
segment may require a different number of kernels to process.
Therefore, regularization is still introduced in SSMoE to adjust
the number of kernels in each segment. For each experiment,
we exponentially increased the weight λr of the regularization
term, where λr = α2 and α ∈ [0.1, 15] is increased with 50
equidistant steps to avoid fading out kernels too quickly. After
each step, the model is trained for an additional 50 iterations.

C. Results

Figs. 3(a) and 3(c) show the PSNR values over the number
of kernels and the optimization time, respectively, for SMoE
and SSMoE with regularization for three test images. The
results are difficult to compare as the regularization sparsifies
the kernels, resulting in a different number of kernels. For
a fair comparison, i.e. a similar number of kernels for all
methods, we also provide the results without regularization
in Figs. 3(b) and 3(d).

It can be seen that the proposed method with MDBSCAN
segmentation achieves a 0.3-1.0 dB gain in PSNR for a
number of kernels larger than 200 and for an optimization
time larger than 0.3s. SSMoE also outperforms SMoE if we
apply regularization to further compress the density of the



(a) PSNR vs. no. of kernels with reg. (b) PSNR vs. no. of kernels w/o reg. (c) PSNR vs. optimizat. time with reg. (d) PSNR vs. optimizat. time w/o reg.
Fig. 3: Comparison of SSMoE with DBSCAN and MDBSCAN, and SMoE with GRID [5] and KMeans [6] initialization.

kernels. Note, that we applied two settings for MDBSCAN
and DBSCAN. For a larger number of segments (d = 20 and
n = 100), SSMoE with MDBSCAN also outperforms SSMoE
with DBSCAN.

Figs. 3(c) and 3(d) demonstrate the significant improvement
of SSMoE in terms of optimization time. SMoE does not adopt
segmentation to estimate an optimized number of kernels dur-
ing initialization, resulting in a large number of initial kernels.
On the contrary, SSMoE employs segmentation to determine
an optimal number of segments, which implies that the initial
number of kernels is optimized based on the content of the
images, i.e. redundant kernels are reduced in the initialization
stage, resulting in less computational time for optimization. To
achieve 34 dB PSNR, SSMoE with MDBSCAN uses 22.6%
less kernels (24.8% less time) and 13% less kernels (16.9%
less time) compared to SMoE with KMeans for lena 1 and
bike 1, respectively.

A visual comparison is shown in Table I. The amount of
kernels for SMoE distributed within flat regions is higher than
those for SSMoE, which indicates that SSMoE can model flat
regions of the image with only a few kernels while distributing
more kernels in the texture-rich regions.

V. CONCLUSION

The proposed method presents a novel approach that in-
tegrates image segmentation into the initialization stage of
SMoE for enhanced image reconstruction, which has never
been investigated before. By leveraging segmentation to de-
termine meaningful areas and estimate the number of kernels,
the method achieves improved initialization, adaptive and
context-aware reconstruction, and efficient processing. These
advancements contribute to the field of image processing,
providing a valuable technique for various applications such
as compression. Future research directions may focus on

SMoE SSMoE

KMeans GRID MDBSCAN DBSCAN
PSNR: 33.39 PSNR: 35.67 PSNR: 35.95 PSNR: 34.95

K: 350 K: 350 K: 348 K: 365

KMeans GRID MDBSCAN DBSCAN
PSNR: 32.49 PSNR: 32.98 PSNR: 33.60 PSNR: 33.06

K: 350 K: 350 K: 325 K: 370

TABLE I: Visualization and comparison of the kernel distribution
for SSMoE and SMoE. Each red dot represents the center of a
kernel. The segmentation for SSMoE is colored for comparing the
kernel distribution. This visualization corresponds to square markers
in lena 1 and bike 1 of Figs. 3(b) and 3(d).

addressing potential challenges, such as estimating an adaptive
number of kernels for each segment based on the content
and shape of segments to further optimize the number of
kernels, and broaden its impact to other related tasks in image
processing and computer vision.
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