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pivotal technology in computer vision. Often termed remote sensing image semantic segmentation, this task is fundamental
for interpreting vast amounts of geospatial data within the domain of Earth observation. lts applications are wide-ranging
and critical, including land-cover mapping, urban development monitoring, change detection, and environmental surveil-
lance. Early approaches to this problem rely on low-level features and classic machine learning, but they struggle with the
immense complexity found in very-high-resolution imagery. The advent of deep learning, particularly convolutional neural
networks, revolutionized the field. Models based on the fully convolutional network and U-Net architectures redefine
semantic segmentation as an end-to-end pixel-labeling problem. These models excel at learning hierarchical feature repre-
sentations directly from data. However, despite their progress, two persistent and critical challenges hinder their perfor-
mance. The first challenge is the information imbalance in multiscale feature fusion. The encoder-decoder structure gener-
ates high-level features that are rich in semantic context but spatially coarse and low-level features that are spatially precise
but semantically weak. Standard fusion strategies, such as symmetric skip-connections, treat these features equally. This
approach leads to suboptimal feature fusion where fine details can be diluted by overly smooth semantic information or to
that where high-level context is corrupted by irrelevant low-level texture. The second challenge is the difficulty in extracting
directional features. Man-made and natural structures such as roads, rivers, and building boundaries are inherently linear
and exhibit strong directional anisotropy. Standard square convolutional kernels are isotropic and ill-suited for capturing
these long, continuous structures, which often lead to segmented outputs with discontinuous lines and fragmented object
boundaries. This study aims to develop a novel deep learning architecture that intelligently fuses multiscale features while
explicitly enhancing the network’ s ability to perceive directional information, thereby producing accurate and structurally
coherent segmentation maps. In this way, the dual challenges can be overcome. Method In this study, we propose a new
network architecture, the selective attention with directional feature enhancement network (SADENet) , which is con-
structed on a robust encoder-decoder framework. We utilize a ResNet backbone to serve as the feature encoder. The core
innovations are encapsulated within two new modules integrated into the decoder path: the top-k cross-attention (TCA)
module and the directional feature enhancement module (DFEM). The TCA module is specifically designed to facilitate a
highly intelligent fusion of features. It employs an asymmetric cross-attention mechanism where the high-level feature acts
as the query, whereas the low-level feature provides the key and value. This approach allows for a context-aware selection
process where high-level semantic information actively guides the search for the most relevant fine-grained details. A top-k
selection strategy is incorporated to maintain computational tractability. This strategy prunes the attention matrix to con-
sider only the most significant feature interactions, thereby improving efficiency. DFEM is specifically engineered to

address the challenge of linear feature segmentation. It consists of a multibranch parallel structure where each branch uti-

lizes a pair of asymmetric 1D convolutions one horizontal (e. g., 1 X k) and one vertical (k x 1) to capture fea-
tures along cardinal orientations explicitly and independently. The module can model directional structures across a spec-
trum of scales by using multiple branches with varying kernel sizes (k =1, 3, 5, 7). Then, the features from these parallel
branches are adaptively fused using a position enhancement module. The entire network is implemented using the PyTorch
deep learning framework. As detailed in the paper, the model training utilized the Lookahead optimizer wrapping AdamW ,
with a cosine annealing learning rate scheduler and an initial learning rate of 6 X 10*. The models were trained for 105
epochs with a batch size of 8. We applied extensive data augmentation, including random cropping, flipping, rotation,

and mosaic augmentation. All experiments were conducted on a workstation equipped with an NVIDIA RTX 4090 GPU.
U-Net, Dee-

Result We evaluated our proposed SADENet against a suite of five representative state-of-the-art methods

pLabv3+, BANet, UNetFormer, and CNN and multiscale Transformer fusion network (CMTFNet )

on two public bench-
mark datasets: ISPRS Vaihingen and ISPRS Potsdam. On the Vaihingen dataset, our model achieved a mean intersection-
over-union (mloU) of 84. 68% and an overall accuracy (OA) of 93. 55%, outperforming the second-best method, CMTF-
Net, by a notable margin of 0. 94% in mloU and 2. 4% in OA. This superior performance was observed across all six land-
cover classes. On the more challenging Potsdam dataset, SADENet achieved an mloU of 86. 84% and a mean F1-score of
92. 84%, thereby demonstrating the best performance among all compared methods. We conducted comprehensive ablation
experiments on the Vaihingen dataset to validate the effectiveness of our proposed components. Starting from a U-Net base-

line scoring 81.25% mloU, the integration of the TCA module alone increased the mloU by 1.99 percentage points to
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83.24%. Similarly, integrating only the DFEM module improved the baseline by a margin of 2. 31 percentage points to
83.56%, which is even greater than the improvement gained from integrating the TCA module alone. This finding under-
scores the powerful impact of the integration of only the DFEM module on feature representation. The complete SADENet
model, which combines both modules, achieved the final mloU of 84. 68%, representing a total performance gain of 3. 43
percentage points over the baseline. This finding confirms that both modules are effective and contribute synergistically.
Visual comparisons of the segmentation maps further illustrated our model’ s advantages, thereby showing visibly sharp
building boundaries, continuous and correctly delineated road networks, and a superior ability to distinguish small,
densely packed objects, such as cars, where other methods tended to produce blurred or merged results. This finding con-
firms the model’ s practical utility. Conclusion In this study, we proposed a novel network, SADENet, which integrates a
selective attention mechanism and a directional feature enhancement module for the task of remote sensing image semantic
segmentation. The experimental results conclusively show that our model significantly outperforms several state-of-the-art
approaches on challenging and widely used benchmark datasets. The designed modules effectively address the key issues of
multiscale feature imbalance and poor linear structure representation, thereby leading to highly accurate and structurally
coherent segmentation results. SADENet provides a powerful new tool for geospatial analysis by fostering a highly targeted
fusion of features and enhancing the perception of anisotropic structures. The work demonstrates that substantial improve-
ments in segmentation quality can be achieved by carefully designing architectural components tailored to specific data chal-
lenges, thereby paving the way for highly reliable automated interpretation of complex remote sensing imagery.

Key words: remote sensing image processing; image semantic segmentation; selective attention; directional feature

enhancement; attention mechanism; multi-scale feature fusion; convolutional neural network (CNN) ; encoder-decoder
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based on selective attention and directional feature enhancement
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over union, mloU) . F1 4248 . B KK & (overall accu-
racy, 0A) . ¥ & (parameters , Params) Fll i3 &5 24
J& (floating-point operations , FLOPs ) .
2.2 SEHAT

AR SCHR H Y SADENet #5213 F PyTorch SZF
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L) ResNet-18 1E MB T W 2% . #L A3l 25 % FH Looka-
head 1% (1) AdamW AL A% , 0] 1R 27 1 R 6 x
107, el P AR 5208 U B2 S (W UG I T_0 = 15, &
WS T T_mult = 2) . YN EILIEFT 105 4, it b B
K/NHy 8. Kl sl sm el FEHEHLE Y B0 ks LA K
Mosaic {7 (LLA91 0. 25) o BT A7 S5 75 L %5 NVIDIA
RTX 4090 GPU Y T fFufi b4y KB BeR i
B B 1SR A BE R RO G, Il P 00 i 3 i
(test-time augmentation, TTA) #F— 542 S A MEBE

2.3 5YFHFEILER

(4 4t i i — fiff i &% 45 ¥ U-Net (Ronneberger 55 |
2015) . 51 A 75 i 4 F2 ) DeepLabv3+ (Chen 5% ,
2018) | 45 45 Transformer 14 B ) BANet (bilateral
awareness network ) (Wang 55, 2021) £ X 2 2% & &
It & i) UNetFormer (Wang %5 , 2022) DL M f5% #r /Y
CNN 5 Z B Transformer fili & % 4% CMTFNet (CNN
and multiscale Transformer fusion network ) (Wu 4§
2023). FRIME 2R TAOIES FihntiE LorE)
77 ¥ AE Vaihingen Fll Potsdam B35 45 L A PEANTERE L
B, 4R, B4 SADENet )7 B 7E P SR 4E |

ARSI BT 5 PACRNE DT L AT XS L -

22 il

LN

KR s 1 mALTERE

1 Vaihingen #{#EE L REAEHIIELER

Table 1 Experimental results of different methods on the Vaihingen dataset

/%

eS| - mF1 mloU 0A
%7 TR & 5 N (3952 i< K L N RS GBS
U-Net 96.29 94.75 82.87 88.99 84.04 60.18 89.39 81.25 90.21
DeepLabv3+ 96.64 95.40 83.16 89.14 85.15 60.56 89.90 82.08 90.78
BANet 96.58 95.32 83.27 89.54 88.29 61.12 90.60 83.18 90.83
UNetFormer 96.80 95.49 83.61 89.36 87.62 61.09 90.57 83.14 90.99
CMTFNet 96.74 95.70 84.23 89.76 88.31 61.18 90.95 83.74 91.15
SADENet(A<3) 96.95 96.00 84.99 90.32 89.34 61.20 91.52 84.68 93.55
TE IR R R R % 5 e L4 R
F2 Potsdam HIFEE FREFENLKRER
Table 2 Experimental results of different methods on the Potsdam dataset
1%
F1
eS| mF1 mloU 0A
%77 3 T 5V N (7 ¥ S LI S fREE GER

UNet 92.66 94.89 86.17 87.71 95.36 57.57 91.35 84.36 89.94
DeepLabv3+ 93.15 95.43 86.45 87.78 95.21 57.86 91.4 84.42 90.07
BANet 93.54 96.23 87.06 88.45 95.45 58.70 92.15 85.62 90.89
UNetFormer 93.78 96.20 87.52 88.44 96.17 58.65 92.42 86.14 91.21
CMTFNet 91.21 96.62 87.32 88.39 96.21 58.78 92.31 86.35 91.36
SADENet(A<3) 94.57 96.86 88.17 89.78 96.83 58.89 92.84 86.84 91.54

TE IR AR SRR 4 9 e L4 2R

1E Vaihingen (35 4 I, SADENet Y mIoU ik 5|
84. 68%, HLIK AR J7 s CMTFNet i Hi 0. 94% ; S 40K,
B (OA) 15 93. 55%, o CMTFNet 15 HH 2. 4%, & B
R, WG R E , SADENet 7 fiT

6 A2 ) b M BOAS dee A P BE |, e ) S AR AR R A e 2
S ik E] 84. 99%, H HAh kA B W AR T s AR R A
51 Ik #] 89. 34%, HL IR A U5 5 CMTFNet & H
1. 03%, £ TA S /N B AR BIRBIRE TT . 18
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PRUE R, TEAB G )y vk 3R LU 1 AN 35 7K 3k
A A28 91 F , SADENet 4154 #2 71, 43 51l 35 3|
96. 95% F196. 00% , 7 B J5 i iy 4= i 4

1E Potsdam B354 b, SADENet [/ REHUE T fefd:
PERE , mloU ik 5] 86. 84%, i 48 { H. CMTFNet 1 i1}
0. 49% , (HAE A ol i B B e, A
TS AEREARZE S |, SADENet 353 89. 78%, Lt H:
b 75 325 v D 1. 33% ; 7E AR R A Bk 28 ) L ik #)
88. 17%, H A% 3T (1) UNetFormer 5 Hi 0. 65%, X L&
5K W T SADENet 7540 3 H A & 2 e #LAUE IR
(R Iy BAT BB L

16 BARTEFR |, SADENet i) mF1 43 7€ Vaihin-
gen Fll Potsdam 45 45 iK% 91. 52% #192. 84%, #
BT HAL T . X R T T AR A R = A
J (precision ) B9 [A] B PR IIE 5 A 012 (recall) , SEEL T
TP A 43 FI P BE

S PAT I VA L, SADENet A YA B AR fig
UG THT R AE 452 ) 3 R BL 0, FR R AE
HA I SRR A0 2850 CAII B A B R AR
F) FEA B, R T TCA # DFEM BLHLY
AR Bl 5 FE 653 57K T Vaihingen Fl Pots-
dam $HE 4 AT IRALZE 5 . DAL b e LI B b

ke I o I estice: [+ ) v [+

JRIE ] BLSEAE U-Net

DeepLabv3+

BANet UNetFormer CMTFNet SADENet (430)

[¥15  Vaihingen (854 195545 LT Ak

Fig.5 Visualization of the segmentation results on the Vaihingen dataset
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Fig. 6 Visualization of the segmentation results on the Potsdam dataset
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) (E 75 347) o ey X3l AR X) Hb 435 S 1 0 Hb iiF B
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KA 507 T L AR R . X sl s IR T
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TELPELE AL EE (K755 147) % F HA PR
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BUNTREORTE 3 U-Net

DeepLabv3+

(TS 23 T ki Gk MR, T PR R S 1T A1) 0 3
Pe, MIHLZ T 1525 T DFEM &8 7 [ M AE 1
5 K JEIBE 11, SADENet fig i /8 i i 22 e o Y
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TEAN/N HFRPER b (8 755 247 ) AR B AR50
5 et s, HoAth Iy 3 A7 6 ™ 55 1) P 14RY 3% 1]
R MELLIX 43 B 2240, S BOB S B o 117 SADENet
D) Jr B M R ) 20T 43 BERE D L 3X A T TCA B
I R R AL AL A T O R R E AN A
— 0 A RE A 3 BT b ST 4 Ok

TE4 s Bz m b (755 347) , 08 T R4
13K 28 T BRSO 10 S SO e, HL A R A A £
FE A It T W B IR i A . SADENet W BE 45 f
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v

25 LTk, ik s n] Ak 4 SR AT e P —
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Fig. 7 Visual comparison of segmentation results using different methods on typical challenging scenarios
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SADENet T4 52 4 B 1 2R P n] H R T H 5

] PEREAE B SRASLH (DFEM) . S T 3B SR AE LR M b )
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®3 FAEAFENSHEMIHTEEREITLE
Table 3 Comparison of the number of parameters and

computational complexity of different methods

Tk Params/M FLOPs/G
UNet 31.0 28.5
DeepLabv3+ 41.1 55.7
BANet 14.0 38.5
UNetFormer 13.7 47.0
CMTFNet 30.1 33.1
SADENet (4<30) 12.3 53.5

T UL P SRR 5 B R A4

JE# A1, SADENet (149 05 8 1 0] Ok i 5 BE . FEAR X
12.3 M S50, BRI A X 7 i b i RS T
— R A N AR R A T SR RN N A
FH B R T HAE A7 BRIA BT I E s .
It , SADENet 1 R A4 37 27 - AF B 2010 fie /MK
FLOPs, Tfij & 76 A5 7 S g Mk (I IR S 80i ) T3
W (i B (E FLOPs ) F123 #I R RE (B kG ) =8 2
], SEBL T —FiokS Wb i P . 2 AE DFEM
B b AT 1) P 1) R R O, A MR R T

B 0 S 1 P —— R 133 30003 D i 3 P 808 K
1 Hb 53 e 25 RE % 7 AE die KOk BRI 25 1 AR R 245 4
A

TEAD AL B R P2 4 5 i S0 B 7 S i)
(855 147) , ZFh L I i AE A HI K A AR 1E 22 45
Fams, LT R SRR . AR AR
SCHR H Y SADENet RE % /4 5048 B I B EL 20 ST 19 4
)45 % 3515925 T DFEM i ki b i 3147
(227 M TR, A SUFRR T BN TS TR 7 0] I RRAIE
AT B 4 412 T A5 44

[, 7 A B 5 8 A5 4 S 5 4 1 o
BF (Il 8 55 247 ) , oAt 7y iwfe LA IX 4 S22 1) /N H e
SHOL B . T SADENet W] G845 i H 08 J5 45—
AN ST B AR AR R, R BT L RS A0 5 k) 4y R
AE T o X — PR3 T AR SCRL R TCA e 2 1t
)42 Js 1R 3¢5 DFEM A 22 ROBE B0 (RE I 2
/INEERAZ B 43 32 DR T AR A 50

g5 b, X A R BB IE SE T SADENet §
% S B T 25 SR ) S R R A A
PELL B /N B An 3851 e 7 ,MWT’E,«B’J@@%
PRI S5 R 3 T v ] ek

ln

[lHEERZS U-Net DeepLabv3+

ﬁ‘
S d

TN HA. A A

BANet UNetFormer CMTFNet SADENet

K8 AT XAk M) 55 30 5 ) 23 U4 RN L

Fig. 8 Comparison of segmentation results for linear features and boundaries by different methods
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Table 4 Ablation study results for different modules on

the Vaihingen dataset

BRI S mloU/%
Baseline (U-Net) 81.25
Baseline + TCA 83.24
Baseline + DFEM 83.56
Baseline + TCA + DFEM (SADENet) 84.68
85.0| mloU sctEPERERL _= 7100
Tl RERE k=3, mloU = 84.68% _.~~
84.5F 180 &
‘gi(
S i &
5 84.01 60 =
e 4
83.5F 440 ?;7:'
=
83.0+ 420
825 1  § 1 1 1 i 0
1 2 3 4 5 6
top-k ZHH

K9 top-k ZHEBLEIMERERITHE 52 2% FE (52 1)
Fig. 9 The effect of the top-k parameter on model performance

and computational complexity
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