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Abstract

Deep learning (DL) techniques for precise se-
mantic segmentation have remained a chal-
lenge because of the vague boundaries of tar-
get objects caused by the low resolution of im-
ages. Despite the improved segmentation per-
formance using up/downsampling operations
in early DL models, conventional operators can-
not fully preserve spatial information and thus
generate vague boundaries of target objects.
Therefore, for the precise segmentation of target
objects in many domains, this paper presents
two novel operators: (1) upsampling interpola-
tion method (USIM), an operator that upsam-
ples input feature maps and combines feature
maps into one while preserving the spatial infor-
mation of both inputs, and (2) USIM gate (UG),
an advanced USIM operator with boundary-
attention mechanisms. We designed our exper-
iments using aerial images where the bound-
aries critically influence the results. Further-
more, we verified the feasibility that our ap-
proach effectively segments target objects us-
ing the Cityscapes dataset. The experimental re-
sults demonstrate that using the USIM and UG
with state-of-the-art DL models can improve the
segmentation performance with clear bound-
aries of target objects (Intersection over Union:
+6.9%; Boundary Jaccard: +10.1%). Furthermore,
mathematical proofs verify that the USIM and
UG contribute to the handling of spatial infor-
mation.

1 Introduction

Deep learning (DL) models have shown remarkable per-
formance in the extraction of contextual features from
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synthetic images. In the early era, many DL models have
been studied to invent novel operators for effective fea-
ture extraction in segmentation tasks. A fully convolu-
tional network (FCN) deploys skip operators to compen-
sate for spatial information (Long et al., 2015). The U-
Net architecture includes convolutions in the contracting
path, transposed convolutions for upsampling in the ex-
pansive path, and skip connections to compensate for lo-
cality (Ronneberger et al., 2015). FusionNet is built on the
autoencoder architecture, including residual blocks that
effectively increase the depth of the network for a better
optimization (Quan et al., 2016). Moreover, advanced DL
models have been developed based on vanilla networks.
For instance, U-NetPPL was designed based on the U-Net
model with pyramid pooling layers (Kim et al., 2018). In
addition, based on the U-Net architecture, AU-Net was
developed with attention gates, which are substitute for
skip connections and generate attention-weighted feature
maps (Oktay et al., 2018). Recently, modern DL models
have been developed to improve segmentation perfor-
mance. DeepLab V3+ introduces multiple operators, such
as atrous separable convolution, spatial pyramid pool-
ing, and depth-wise separable convolution for a better
semantic segmentation task (Chen et al., 2018). More-
over, several studies have applied the attention mecha-
nism, initially designed for language processing, to DL
models and improved segmentation performance. Dual
attention networks (DANets) deploy a dual attention mod-
ule with a self-attention mechanism to enhance feature
representations (Fu et al., 2019). In addition, criss-cross
network (CCNet) verifies the state-of-the-art (SoTA) per-
formance in segmentation tasks using a novel criss-cross
attention module that precisely captures contextual infor-
mation (Huang et al., 2019).

Moreover, further studies have been conducted to en-
hance the boundaries of target objects in images for a bet-
ter segmentation. The efficient sub-pixel convolutional
neural network (ESPCN) was introduced with the pixel
shuffling method, which includes a sub-pixel convolu-
tion layer for a super-resolution that improves the peak
signal-to-noise ratio and results in clear boundaries of
segmented objects in images (Shi et al., 2016). The device
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Attention Boundary Spatial
SoTAMechanism Enhancement Information

FCN (Long et al., 2015) 7
U-Net (Ronneberger et al., 2015) 3 7
U-NetPPL (Kim et al., 2018) 3 7
FusionNet (Quan et al., 2016) 3 7
AU-Net (Oktay et al., 2018) 3
DeepLab V3+ (DLV3+) (Chen et al., 2018) 3 3
DANet (Fu et al., 2019) 3 3 3
CCNet (Huang et al., 2019) 3 3 3
ESPCN (Shi et al., 2016) 3
DLR (Marmanis et al., 2018) 3
RPCNet (Zhen et al., 2020) 3 3
TreeUNet (Yue et al., 2019) 3
Red-Net (Hua et al., 2019) 3
CA-Conv-BiLSTM (CCB) (Liu and Ji, 2020) 3 3
Ours 3 3 3 3

Table 1: Summary of key features of various segmentation models related to our approach. 3 marker in SotA indicates
the state-of-the-art models published within 3 years (2019-2021), whereas 7marker in SotA indicates vanilla network.

level ring (DLR) network was developed with a remarkably
improved multi-scale boundary prediction by ensemble
learning , which utilizes boundary probability maps (Mar-
manis et al., 2018). Furthermore, the remote procedure
call network (RPCNet) achieves the precise boundary seg-
mentation of target objects using a spatial gradient fusion
that suppresses non-semantic edges (Zhen et al., 2020).
Although these methods enhance the boundaries of tar-
get objects in synthetic images, the precise semantic seg-
mentation of multiple objects in aerial images is still chal-
lenging owing to the lack of boundary details and spatial
information.

Therefore, several architectures customized for aerial im-
ages have been proposed for improved segmentation.
TreeUNet was designed based on an adaptive network us-
ing customized blocks that calculate the lower triangular
matrix (Yue et al., 2019). The class-wise attention-based
convolutional and bidirectional long short-term mem-
ory (LSTM) network utilizes a feature extraction module
and an attention mechanism with LSTM modules for the
segmentation tasks of aerial imagery (Hua et al., 2019).
RedNet was developed to utilize a wide range of depth in-
ferences with a recurrent encoder–decoder structure (Liu
and Ji, 2020). However, despite the precise localization
of target objects by DL models, aerial image segmenta-
tion remains challenging for the following reasons (Mag-
giori et al., 2017a): (1) low resolution of images impeding
boundary or edge detection, (2) spatial information loss
hampering precise boundary segmentation, and (3) trade-
off between detection and localization by pooling layers
and convolution striding during the feature extraction
process.

In this study, to precisely segment target objects with ac-
curate boundaries, we designed two novel operators: up-
sampling interpolation method (USIM) and USIM gate
(UG). The USIM is an upsampling and merging operator

that allows DL models to signi�cantly improve boundary-
oriented segmentation performance using the preserved
spatial information of inputs and increased information
entropy. In addition, we applied the attention gate mecha-
nism (Oktay et al., 2018) to the USIM, which is denoted as
“UG.” The UG is a boundary-attention module that gener-
ates feature maps, including boundary-related attention
coef�cients extracted from input features, which are ex-
tracted by the USIM. We applied our operation in multiple
�elds (aerial image, Cityscapes image (Cordts et al., 2016)),
and we show an experimental analysis of the aerial im-
age with a signi�cant improvement of boundaries among
them.

In summary, the main contributions of this paper are as
follows 1:

• We developed two operators: (1) USIM , which is an
upsampling and merging operator with the preser-
vation of pixel values and spatial information and
increased information entropy, and (2) UG, which is
an attention mechanism-based operator highlighting
the boundary-oriented area of target objects.

• We mathematically and experimentally proved the
strengths of implementing the USIM and UG in any
SoTA model.

• The best-performing model with the SoTA model and
UG outperformed any segmentation models owing to
its precise segmentation of multiple objects with ac-
curate boundaries in aerial images (Intersection over
Union (IoU): +6.9%; Boundary Jaccard (BJ): +10.1%).

1Our code is available at https://github.com/kyungsu-lee-
ksl/USIM-GATE
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2 Method

This section illustrates the detailed descriptions of the
USIM and USIM Gate (UG) operators for DL models.

2.1 Modeling

To illustrate the de�nition and advantages of USIM and
UG, we utilize the symbols for the following operators;
USIM (~ ), Addition ( ©), Concatenation ( ¯ ), Hadamard
Product (element-wise product, ­ ), Matrix Product ( ± or
omitted), Activation ( ¾), and Pooling ( P ). In addition, the
name of the operator with italic form can be utilized as
the function e.g. F (i ) ~ F ( j ) ÆUSIM(F (i ),F ( j )).

Let M be a CNN model, and £ be the set of parameters
in M . Here, DL models consecutively produce the fea-
ture map using convolution operation. Hence, let set
of feature maps generated by M with £ in the segmen-
tation task be F(M ;£ ), and let the i th feature maps in

F(M ;£ ) be F (i ) 2 F(M ;£ ). Then, F (i ) 2 RH (i )£ W (i )£C(i )
,

where H (i ),W (i ),C(i ) are height, width, and number of
channels of F (i ), respectively. Here, we denoted the spa-
tial elements of F (i ) as f (i )

h,w where h Æ{1,2, ...,H (i )} and

w Æ{1,2, ...,W (i )} such that f (i )
h,w 2 RC(i )

, and f (i )
h,w,c where

c Æ{1,2, ...,C(i )} such that f (i )
h,w,c 2 R. Furthermore, the

USIM and UG are analyzed in terms of entropy, and the en-
tropy of feature map ( F (i )) is denoted as H : RH £ W £C ! R,
such that H (F (i )) 2 R (Shannon, 2001).

2.2 Upsampling Interpolation Method (USIM)

The schematic description of the USIM is illustrated in
Fig. 1, and the procedures of the USIM are described
in Algorithm 1. In line 7, [ x] indicates a greatest integer
function such that [ x] Æmax{n 2 Z;n · x}.

USIM is designed to simultaneously include a merging
and an upsampling operator to replace the operators such
as concatenation and addition blocks. To this end, the
USIM alternately arranges the pixels of two input feature
maps into the output feature map (merge), which has
twice the height and width of input feature maps (up-
sample). Therefore, the USIM using two input feature
maps (F (i ) 2 RH £ W £C and F ( j ) 2 RH £ W £C) generates the
feature map ( F (k ) ÆF (i ) ~ F ( j ) ÆUSIM(F (i ),F ( j ))), such

Figure 1: Schematic description of USIM which upscaling
two feature maps ( F (i ) and F ( j )) and combining them into
one.

Algorithm 1 USIM operation
Input: F (i ),F ( j ) 2 RH £ W £C

Output: F (k ) 2 R2H £ 2W £C

1: Let spatial element of F (i ) and F ( j ) be f (i )
h,w and f

( j )
h,w

2: And h Æ{1,2, ...,H } and w Æ{1,2, ...,W }

3: Then f (i )
h,w , f

( j )
h,w 2 RC

4: Let spatial element of F (k ) 2 R2H £ 2W £C be f (k )
h0,w 0

5: And h0Æ{1,2, ...,2H } and w 0Æ{1,2, ...,2W }
6: Then f (k )

h0,w 0 2 RC

7: Then

f (k )
h0,w 0 Æ

8
>>><

>>>:

f (i )

[ h0Å1
2 ][ w 0Å1

2 ]
(if 0 ´ h0Å w 0 mod 2)

f
( j )

[ h0Å1
2 ][ w 0Å1

2 ]
(if 1 ´ h0Å w 0 mod 2)

8: Return F (k )

that F (k ) 2 R2H £ 2W £C . Here, the USIM is channel-wise op-

erator and thus f (i )
h,w , f ( j )

h,w , f (k )
h,w 2 RC . Note that, the USIM

is a binary operation such as addition and multiplication,
not a trainable operator like convolution. In addition, the
following equation is used for the backpropagation:

P gap( f (k )
h,w ;2) Æ2(f (i )

h,w Å f ( j )
h,w ) (1)

, where P avg(x;s) is global average pooling operation of x
with the size of s. In addition, Equation (1) implies that
the USIM is a linear transformation, and thus the USIM
performs the same role as identical mapping (He et al.,
2016). Therefore, the USIM as an identical mapping has
the advantage that previously extracted features can be
delivered as preserved and that the forward and back-
propagated gradients are well transferred, improving the
gradient vanishing problem.

2.3 USIM Gate

As illustrated in Fig. 2, using two feature maps ( F (i ),F ( j ) 2
RH £ W £C), one output feature map is generated by the
UG. In the upper stream, F (i ) and F ( j ) are merged by
concatenation ( F (i ) ¯ F ( j ) 2 RH £ W £ 2C), and the merged
feature map is upsampled by the deconvolution, which
is denoted as deconv : RH £ W £ 2C ! R2H £ 2W £C . In con-
trast, in the lower stream, F (i ) and F (i ) are merged and
upsampled by the USIM such that the feature map ( F (i ) ~
F ( j ) 2 R2H £ 2W £C) is generated. Therefore, two feature
maps(F (m) and F (n ))are generated by the deconvolution
after concatenation and USIM operation as the following:

F (m) Ædeconv(F (i ) ¯ F ( j )), s.t . F (m) 2 R2H £ 2W £C

F (n ) ÆF (i ) ~ F ( j ), s.t . F (n ) 2 R2H £ 2W £C
(2)

Here, F (m) and F (n ) are utilized as a gating vector and
a target pixel vector as illustrated in the Attention Gate
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Figure 2: Pipeline of the USIM Gate (UG). The Attention Gate generates the output computed using the Hadamard
product of spatial attention coef�cient ( ®) and the feature map generated by USIM ( F (i ) ~ F ( j )).

in the AU-Net (Oktay et al., 2018). In addition, F (m)

and F (n ) are linearly reshaped using �at : R2H £ 2W £C !
R(4HW )£C function. As shown in Fig. 2, the linear trans-
formations and the activations ( ¾1 and ¾2) are com-
puted to �at (F (m)) and �at (F (n )) using the weights terms
(Ã 1,Ã 2,Ã 2 R(4HW )£Chid ), and the bias terms ( b1 2 RChid £C

and b2 2 R4HW ) as the follows:

F (l ) Æ¾1(Ã T
1 �at (F (m)) Å Ã T

2 �at (F (n )) Å b1) (3)

® Æ¾2
¡
ÃF (l )Ã T

0 Å b2
¢
, s.t . ® 2 R4HW (4)

, where ¾1 and ¾2 are the ReLU and sigmoid activation, re-
spectively, such that ¾1(x) Æmax(0,x) and ¾2(x) Æ 1

1Åe¡ x .
Here, the sigmoid activation is used instead of the soft-
max activation since the consecutive usage of the softmax
yields sparser activations. In addition, Chid indicates num-
ber of hidden channels (16 in this paper), Ã 0 2 R1£C is
weight term indicating 1 £ 1 convolution, and ® indicates
the spatial attention coef�cient. The spatial attention co-
ef�cient ( ®) is resampled to the shape of [2 H ,2W ], and
the output of UG is the Hadamard product of spatial atten-
tion coef�cient and the feature map generated by USIM.
In summary, the UG is computed as follows:

F (k ) ÆUG(F (i ),F (i )) Æ®­ (F (i ) ~ F ( j )) (5)

3 Theoretical Analysis

As a motivation for USIM, we pointed out entropy decreas-
ing in upsampling. As illustrated in Fig. 3, the mechanism
of USIM alternatively maps the pixel values of input fea-
ture maps one by one into a new feature map. Intuitively,
we can consider two mechanisms of USIM; [Fig. 3 (a)]
diagonally arranges the pixel values, or [Fig. 3 (b)] lin-
early arranges the pixel values. If the pixels are arranged

as [A,A;1,1], in a second manner [Fig. 3 (a)], less pixel in-
formation and more duplicated values pass more often
in some receptive �elds. To avoid the issue, we arranged
pixels as diagonal (See [A,A;1,1;B,B] and [A,1;1,A;B,2] in
the blue box in Fig. 3). In addition, we conducted simple
experiments. The results demonstrated that the USIM
in a second manner exhibits the coarse boundary in the
predicted segmentation maps, not as intended, and this
is because of the frequent duplicated pixel values in the
receptive �elds, thus decreased entropy. Therefore, the
USIM is designed in a �rst manner, as illustrated in Fig. 3
(a).

It is antecedently studied that if the entropy after con-
volution and merging operation is increased, better fea-
ture extraction can be possible (Biesiada et al., 2005). To
demonstrate the increased entropy by using the USIM,
Shannon entropy (Shannon, 2001) and pixel-level entropy
(Wang et al., 2018) are used. The Shannon-Entropy of
the feature maps( F (i ) and F ( j )), USIM, concatenation,
and addition operator are formulated as H (F (i )), H (F ( j )),
H (F (i )~ F ( j )), H (F (i )¯ F ( j )), and H (F (i )©F ( j )), respectively.
Likewise, the pixel-level entropy of feature maps, USIM
with pooling operation, and addition operator are formu-

lated as H ( f (i )
h,w,c), H ( f ( j )

h,w,c), H (P (USIM( f (i )
h,w,c, f ( j )

h,w,c))),

and H ( f (i )
h,w,c Å f ( j )

h,w,c), respectively. The convolution oper-
ation is denoted as conv.

Lemma 1. The pixel-level entropy and Shannon entropy
of a merged image by USIM is compared to others af-
ter being resized as half ( P ). That is, the pixel-level

Figure 3: Mechanism of two versions of USIM
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entropy of the original image
³
H (max

¡
f (i )
h,w,c, f ( j )

h,w,c)
¢́

,

a merged image by an addition operation
³
H

¡
f (i )
h,w,c Å

f ( j )
h,w,c)

¢́
, and a pooled image after being merged by USIM

³
H

¡
P (USIM( f (i )

h,w,c, f ( j )
h,w,c))

¢́
are compared with the ran-

dom variables ( f (i )
h,w,c and f ( j )

h,w,c)) of pixels at i and j of two
images. In addition, Shannon entropy of the original im-
age

¡
max(H (F (i )),H (F ( j )))

¢
, Shannon entropy of a merged

image by the addition operation ( H (F (i ) ÅF ( j ))), and Shan-
non entropy of a pooled image after being merged by

USIM
³
H

¡
P (USIM(F (i ),F ( j )))

¢́
are compared with input

images (F (i ) and F ( j )).

Lemma 2. While the entropy of a merged image by USIM
is without resizing, the merged image by the addition op-
eration is resized as the same size as the merged image
by USIM. That is, Shannon entropy of the original image
(max(H (F (i )), H (F ( j ))))), a merged image by the addition
operation ( H (intp (F (i ) Å F ( j )))), and a pooled image after
being merged by USIM ( H (USIM(F (i ) Å F ( j )))) are com-
pared with input images ( F (i ) and F ( j )) and a resizing op-
eration.

Therefore, we can induce Theorem 1 from Lemma 1,
Lemma 2.

Theorem 1. Shannon and pixel-level entropy of USIM
are increased than those of the original feature maps and
addition operator as the following:

• H (F (i ) ~ F ( j )) ¸ max(H (F (i )), H (F ( j )))

• H (F (i ) ~ F ( j )) ¸ H (F (i ) ©F ( j ))

• H (P (USIM( f (i )
h,w,c, f ( j )

h,w,c))) ¸

max(H ( f (i )
h,w,c), H ( f ( j )

h,w,c))

• H (P (USIM( f (i )
h,w,c, f ( j )

h,w,c))) ¸ H ( f (i )
h,w,c Å f ( j )

h,w,c)

Theorem 1 deals with entropy only in upsampling. For
theoretically analyzing our approach, we try to verify the
change in entropy when using the convolution operation.

Lemma 3. The pixel-level entropy of a resized image af-
ter being merged by USIM is compared to the pixel-level
entropy of the merged image by others.

Lemma 4. While the merged image by USIM is without
resizing, the merged image by the addition operation or
the concatenation operation is resized as the same size as
the merged image by USIM. The entropy of the generated
images by the convolution operation after being merged
by each operation are compared.

Therefore, we can induce Theorem 2 from Lemma 3,
Lemma 4.

Theorem 2. Shannon entropy of USIM with convolution
operator is increased than the that of a convolution after

concatenation operator and a convolution after addition
operator as the following:

• H (conv(F (i ) ~ F ( j ))) ¸ H (conv(F (i ) ©F ( j )))

• H (conv(F (i ) ~ F ( j ))) ¸ H (conv(F (i ) ¯ F ( j )))

Theorems 1 and 2 imply that the generated feature map
by the USIM operator contains more Shannon and pixel-
level entropy than the feature maps generated by other
operators. Therefore, it is concluded that the USIM can
provide increased information and entropy for better fea-
ture extractions. The detailed mathematical proofs and
the comparisons of entropy are illustrated in Appendix A.

4 Experimental Analysis

In the experiments, we compared the USIM and UG to
other operators, and the performances of our best per-
forming model with the UG were compared with those
of other DL models. Table 1 lists the DL models used in
the experiments. In this section, we only used the aerial
image for experiments. A performance of the Cityscapes
dataset is illustrated in Appendix B.

4.1 Dataset and Metrics

To evaluate the USIM, UG, and other DL models, we uti-
lized four aerial image datasets of Inria (Maggiori et al.,
2017b), WHU (Liu and Ji, 2020), Korean Urban Dataset
(KUD) (Kim et al., 2018), and LoveDA (Wang et al., 2021).
Here, Inria and WHU are binary building datasets, and
they were utilized to validate the novel performance of
the USIM and UG as compared to other operators. Mean-
while, KUD and LoveDA are multi-object segmentation
datasets in aerial images, and they were utilized as bench-
marks for the DL model with the UG and other SoTA
models. In addition, to evaluate the segmentation per-
formance, four metrics, namely, precision (prec.), recall,
mean intersection over union (mIoU), and boundary Jac-
card (BJ) (Fernandez-Moral et al., 2018), were mainly uti-
lized. Because prec., recall, and mIoU are not suf�cient
to measure the �ne segmentation performance, BJ, which
measures the boundaries of objects, was utilized. Fur-
thermore, the implementation details, training environ-
ment, description of datasets, and image distributions,
including k¡ fold ( k Æ10) cross-validation, are illustrated
in Appendix B.

4.2 Qualitative Results

Fig. 4 illustrates the qualitative results. The segmenta-
tion results by the best performing models in each group
are illustrated, and ours indicates the TreeUNet with UG.
The results illustrate that our model segments multi-class
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