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Abstract. Boundary-aware high-resolution segmentation aims to partition a high-resolution im-
age into regions in terms of both semantic information and low-level visual features, which has
been applied to the discovery of fine-grained objects of interest, for example, cloud/shadow de-
tection in remote sensing images. Their computational cost, on the other hand, has to be carefully
considered due to the quadratic time complexity of their naive implementations. Such limita-
tions to practical applications motivate us to try to improve the efficiency performance from a
practical perspective by distributing independent computations into multiple CPU threads. We
therefore present a multi-thread implementation for our Permutohedral Refined UNet to achieve
global boundary refinement for cloud/shadow detection. Specifically, the bilateral/spatial fea-
ture generations, a part of filter initialization, a part of filter computation, and CRF iterations
can be computed in parallel, which allows us to distribute such computations into multiple CPU
threads. The left computations still run sequentially. We then evaluate the efficiency perfor-
mance of our multi-thread implementations in statistics, and find that a significant efficiency gain
is achieved by our multi-thread implementations. The source codes are publicly available at
https://github.com/jiaclobel/perm-refined-unet-efficient-impls.

Keywords:  Boundary-aware segmentation, high-resolution images, cloud/shadow detection,
multi-thread implementations, efficiency improvement
1 Introduction

Boundary-aware high-resolution segmentation aims to partition an image into regions in terms
of semantic information and low-level visual features [1, 2, 3, 4]. Such visual techniques can be
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applied to fine-grained object discovery in a straightforward way, for instance, cloud/shadow de-
tection in remote sensing images [5, 4]. Our prior research, including Refined UNet [4], v2 [6],
v3 [7], v4 [8], and the Permutohedral version [9], has achieved visually significant boundary-refined
segmentation performance, demonstrating the effectiveness of boundary-aware applications.

Prototypical SeqCompute MtCompute MtFt + MtCompute
276.11+1.94 s 198.48£2.24 s 120.86 £0.74 s 114.97£0.62 s

Fig. 1. Visual inspection from the global perspective. There seems to be no visually significant differences but
time consumptions differ significantly. This confirms efficiency gains from our multi-thread implementations.

Unfortunately, such visual techniques bring expensive computational cost when boundary-
refined results are produced, leading to limitations to practical applications: the CRF inference, for
instance, requires computations with quadratic time complexity if explicit boundary-sensitive terms
are applied [2]. Such limitations to practical applications, especially in a GPU-unavailable context,
motivate us to try to improve the efficiency performance from a practical perspective by distributing
independent computations into multiple threads. We therefore present a multi-thread implementa-
tion for our Permutohedral Refined UNet to achieve global boundary refinement for cloud/shadow
detection. Specifically, the bilateral/spatial feature generations, a part of filter initialization, a part of
filter computation, and CRF iterations can be computed in parallel, which allows us to distribute such
computations into multiple threads. The other computations still run sequentially. We then evaluate
the efficiency performance of our multi-thread implementations in statistics, and find that signif-
icant improvements exist. This confirms efficiency gains from our multi-thread implementations.
The source codes are publicly available at https://github.com/jiaolobel/perm-refined-unet-efficient-
impls.

The main contributions are as follows.

1. Potential efficient treatments for the implementations of Permutohedral Refined UNet: Pre-
sented is a multi-thread implementation for our Permutohedral Refined UNet to achieve global
boundary refinement for cloud/shadow detection, which is demonstrated to be efficient in a
GPU-unavailable context.

2. Significance evaluation in statistics: The efficiency significance of such treatments is statisti-
cally evaluated, and the efficiency gain is confirmed if p < 0.05.



The rest of this report is as follows. Section 2 investigates related works. Section 3 intro-
duces our multi-thread implementation for the Permutohedral Refined UNet. Section 4 presents the
experiments, the results, and the discussions supporting our claims. Section 5 concludes this report.

2 Related Works

Boundary-aware segmentation has been constantly considered and explored [2, 3, 10]. Typi-
cal solutions try to improve their boundary-aware performance by introducing particular boundary-
sensitive modules or processing [10, 11], by adding boundary-sensitive terms to objective func-
tions [12], and by iteratively performing boundary refinements [13]. Such solutions provide confir-
mations of the validity and prospect of boundary-aware segmentation.

On the other hand, efficient implementations come to our attention after boundary-aware per-
formance has been fully achieved. Neural variants try to reduce their time consumption by deploying
their computations on GPUs in practice, while formal researches take steps towards efficient data
structures or approximations. For example, formal researches apply efficient permutohedral lat-
tices [14, 2, 15], Gaussian KD trees [16], or approximations [2, 17]. Fast approximations for bilat-
eral message-passing steps are done by applying Taylor expansion [18], trigonometric range kernel
approximation [19], linearization with fast Fourier transformation [20], fast high-dimensional fil-
ter [17, 14, 16], and bilateral grid [17, 21, 22]. Such approximations are used to significant reduce
the time complexity.

In particular, our efficient implementations of Refined UNet are constantly considering end-
to-end formulations on GPUs, in order to achieve efficiency gains in practice. This includes Re-
fined UNet v2 [6] / v3 [7] using the guided filters, Refined UNet v4 [8] applying the bilateral grid,
Permutohedral Refined UNet [9] with the Eigen library in the CRF inference. Such efficient im-
plementations provide a particular insight to improve the efficiency performance of boundary-aware
segmentation, which motivate us to pursue efficient treatments to accelerate the CRF computations,
and then to give our multi-thread implementation in this report.

3 Multi-thread Implementations for Global Permutohedral Refined UNet

In general, our Permutohedral Refined UNet follows an iterative mean-field approximation for
CRF inference, in the form
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where the unary potentials y,,(x, = [) are partially given in terms of the prior probability from our
pretrained UNet backbone and the pairwise potentials, bilateral features f,,, together with the label
compatibility y are given in our prior researches.

Such an iterative procedure has a nearly linear time complexity in terms of the image size N
apart from the O(N?) bilateral message-passing step. This bilateral step remains a challenging bot-
tleneck for the efficient application of the CRF inference, especially in a GPU-unavailable context.



Fortunately, the pixel-independent property of such a mean-field approximation can be found from
(1) because the iteration of Q(x,) does not depend on its spatial neighbors Q(x,1). A sequentially
efficient implementation of such an approximation can be given by distributing computations into
multiple threads in the multi-thread CPU context.

The sequential computations of the CRF inference of our Permutohedral Refined UNet can
be partitioned into the following parts: feature generation, filter initialization, Q initialization, and
mean-field iterations (message-passing steps, compatibility transformations, local updates, and nor-
malizations). In the mean-field iterations, filter computations can be performed in a partially parallel
way: the filter blurs inputs in a lattice structure, which is hardly converted into parallel computation.
Other computations, including the feature generation, the Q initialization, and the left computations
in the iterations, are straightforward to convert into a parallel implementation because of the pixel
independence. Specifically, the distributive properties of such computations are as follows.

* Feature generation: The feature generation takes the form
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and naturally can be computed in a multi-thread way, because f,, is independent of its spatial
neighbors and the pixel-independent property therefore holds.

« Filter initialization: The filter initializations can be partitioned into distributive and sequen-
tial steps, in the form
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We can see that the filter initialization can run in part in a multi-thread way because the

permutohedral lattice can be spanned pixel-wise, but the conversion from the sparse lattice
to the dense structure should be performed sequentially.

¢ Q initialization: Also, the Q initialization takes the form
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and likewise can run in a multi-thread way.

* Message-passing steps: Splatting, blurring, and slicing take the forms
q%mhf = q%m],c + Bnd “qnc (6)
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Likewise, the filter computation can also run in part in a multi-thread way at the splatting and
slicing stages because the pixel-independent property holds; multi-thread blurring is still in
progress as its blurring step is dynamically dependent on the lattice scales.

« Compatibility transformations, local updates, and normalizations: These steps take the
form
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and naturally can be computed in a multi-thread way, because it is straightforward to find that

the pixel-independent property holds.

Please kindly refer to https://github.com/jiaolobel/perm-refined-unet-efficient-impls for more
implementation details.

4 Experiments and Discussions

We verity if there are efficiency gains by distributing computations into multiple threads for
our prior Permutohedral Refined UNet for cloud/shadow detection. The typical test case used in
our experiments is from the Landsat 8 OLI dataset [23], and the visual results are illustrated in
Figs. 1, 3, and 4. Specifically, we evaluate the significance in statistics: running these variants on
one typical case ten times and then performing the paired sample t-tests implemented in SciPy [24]
to see if there are differences; efficient gains are acquired if p < 0.05. Also, we use the visual
check to verify if there are significant differences in the boundary-refined performance. In particular,
Prototypical refers to the original sequential computation, and SeqCompute the multi-thread CRF
inference apart from feature initialization and filter computation; MtCompute includes partial multi-
thread filter computation on the basis of SeqCompute; MtFt+MtCompute introduces multi-thread
feature initialization to MtCompute. All the experiment results are illustrated in Figs. 1, 2, 3, and 4.
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Fig. 2. Evaluations with respect to time consumptions. (a) Time consumptions in terms of the multi-thread
modules. There are significant differences between SeqCompute and MtCompute (p < 0.05) and between
MtCompute and MtFt + MtCompute (p < 0.05). (b) Time consumptions in terms of the numbers of threads.
There are significant differences between the implementations with the adjacent numbers of threads (p < 0.05).



We can see that there possibly exists no significant difference from the visual perspective from
Figs. 1 and 3. This confirms the boundary-refined segmentation effectiveness of such variants.
However, we can find significant differences both between SeqCompute and MtCompute (p < 0.05)
and between MtCompute and MtFt + MtCompute (p < 0.05). This confirms statistically significant
efficiency gains from our multi-thread implementations. Such efficient gains, in our opinion, are
possibly attributed to the computational multi-thread distribution in the context of the permutohedral
lattices.

We also evaluate the visual and efficiency performances in terms of the numbers of threads.
We can see that there possibly exists no significant difference from the visual perspective from Fig.
4. However, we can find significant differences both between the implementations with the adjacent
numbers of threads (p < 0.05). Such efficiency performances, in our opinion, are possibly attributed
to the computational resources (8 physical cores in CPU) and thread scheduling on our hardware.

Prototypical SeqCompute MtCompute MtFt + MtCompute
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Fig. 3. Visual inspection from the local perspective. It is used to further confirm that there seems no significant
differences with respect to the inclusions of multi-thread modules from the visual perspective.



# threads = 2 # threads = 4 # threads = 8 # threads = 16 # threads = 32
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Fig. 4. Visual inspection from the local perspective. It is used to further confirm that there seems no significant
differences with respect to the numbers of threads from the visual perspective.

5 Conclusions

In this report, we aim to improve the efficiency performance of our prior Permutohedral Refined
UNet from a practical perspective and therefore present the multi-thread implementations given by
distributing CRF computations into multiple threads. This distributive computation can be devel-
oped since the pixel-independent property of such a mean-field approximation holds in the iteration
of Q(x,) independent of its spatial neighbors Q(x,+1). Specifically, the CRF inference of our Per-
mutohedral Refined UNet can be partitioned into four parts: feature generation, filter initialization,
Q initialization, and mean-field iterations, and most of these parts are straightforward to convert
into a parallel implementation, other than partial message-passing steps. Also, the efficiency gains
are verified from the experiments. We can see that no significant difference exists from the visual



perspective, but there are significant efficiency differences in terms of both multi-thread modules
and the number of used threads (p < 0.05). This confirms efficiency gains from our multi-thread
implementations. Such efficiency improvements are possibly attributed to the computational multi-
thread distribution in the context of the permutohedral lattice. In the future, we would like to further
improve the efficiency of our Permutohedral Refined UNet by enabling other high-performance
computational techniques.
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