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Fusion of dynamic features enhances remote
sensing building segmentation

Xiao Zhenjiu, Tian hao’, Zhang Jiehao, Qu Haicheng
School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract: Aiming at the poor segmentation effect caused by the large scale difference of objects, uneven spatial
distribution of samples, fuzzy boundary of objects and large span of scene area, this paper proposes a high-
precision remote sensing building segmentation algorithm enhanced by integrating dynamic features. Firstly, the
New_GhostNetV2 network is constructed, and the adaptive context-aware convolution is used to improve the
algorithm's ability to capture the features of the sample space. Secondly, multi-level information enhancement
modules are designed using ghost convolution combined with skip connections and feature branching strategies to
enhance the feature integration. Then CGA (cascaded group attention) is introduced to enhance the adaptability of
the model to diverse ground object forms through the calculation of independent attention within the group. Finally,
the feature fusion module is constructed by the dynamic depth feature enhancer to further enhance the ability of
model capture. The experimental results on the WHU data set show that the improved algorithm is 8.57% higher
than the baseline model F1-Score and 12.48% higher than mloU. Compared with other mainstream semantic
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segmentation models, the improved DeepLabv3+ has better sesgmentation accuracy.

Keywords: remote sensing image; semantic segmentation; feature enhancement; information integration
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X7 FIRAAL IR
S SR EN], KM DeepLaby3-+15 AU 7R
I BCHE T B SE 06 25 SR N . Precision S 82.32%,
Recall & 75.58%, FI1-Score & 81.64%, mloU N
74.35%. FiJR DeepLabv3-+% % 7] backbone £t Ky
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Fig. 6 Dataset sample and label chart example

A1 TR
Table 1 Ablation experiments results
Number A B C D Precision/% Recalll% F./% mloU/%
1 x x x x 82.32 75.58 81.64 74.35
2 J x x x 84.14 77.48 83.68 77.51
3 x J x x 84.45 76.96 82.94 76.23
4 x x Xl x 85.56 78.95 83.45 78.51
5 x x x J 86.54 79.45 83.96 80.48
6 x x V V 87.19 82.49 84.59 81.74
7 J V x x 88.94 84.53 85.61 82.48
8 J x v J 91.85 83.89 86.95 81.87
9 x V V V 91.25 86.57 88.91 82.36
10 J V J 94.45 88.86 90.21 86.83

Precision S 84.14%, Recall Sy 77.48%, F1-Score
83.68%, mloU K 77.51%. AH#FJFALAL . Precision
$EFT 1.82%, Recall 7+ T 1.90%, F1-Score $&Ft
T 2.04%, mloU &+ 7T 3.16%. "JLIFEH, FEAR
maPERE R ETEE T, 83T new_GhostnetV2 B 1774 T
HZMRHER, HINAR SC_FC #E—5 1R T 5]
MFHERIARE ST, 407 ER AL BT ARG o, AR
BT, HIk, XH—5] A CGA, @i =R ol
il (AL AU SRS o, 1T LU B EE 45 0« Precision
M 84.45%, Recall & 79.96%, F1-Score’y 82.94%,
mloU 4 76.23%. FILVEE], HHETIREAMBINA 1R
TR, 5l $lE | A MS-SGF module, iEidZEA A
A J2 R B R AR Bk #E AT 5580, DL Rl 5l A
DyMSLFusion kK #EATRHAE A& S0, 9200 45 A AL

T I deeplabv3+HHRURIRAT B i FE T
FE T M4 A New GhostnetV2 [RIFIIIA CGA,
A DLE B A BT R A . Precision $& F+ T 6.62%,
Recall #£ 7+ T 8.95%, F1-Score #£F+ T 3.97%, mloU
T 8.13%, ULHHREARGF M T IURIE S .
MS-SGF module 5 DyMSLFusionf& He [f] i fin A S 5
Alirp, AT LLE BIAH T LAY . Precision 2 F+ T
12.13%, Recall #& J& T 13.28%, F1-Scoref J} T
8.57%, mloU $£ T} T 12.48%, 1% MS-SGF module
AT MRSFHOR BB ZE B, ORREXRRIE U . 3
it 2R AT 5 ] LU A 1943 E. DyMSLFusion
SR REAE Bl B T DAAR G i A B 1 38 3 1) 1l
78, [FEFEERfE SR TTA, R mt i Thn
B OFORE o PR SIS R AT, AR TR HAT A
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PR RE
3.4 XEEiXEe

T LA Bt DeepLabv3-+15 1 Y 2R
B A G L AR T T AL AE WHU il 42
AT, X EE A 2% A UNet™ | SegNet™
DeepLabv3+"" Fll FCN'™ | X He Sz 4 San e 2 fizn .

R T RBSE B AE A A, FEk AR RIS 42
FAERCE BN, 5 SO BRRPE Fe broks B2 1A
W& 7 fr7s o Precision (k). Ay Fil A 1E A
AEIUERR, ATLAF W, Precision S —> Epoch J
R E T, ARSI A U8, (ARG RIS
¥R, E)58 (50 4 Epoch LAJ5), Precision # T
FAa, RS RST 0.94 (7K. Recall (B82k). #
TN BYAE SEPRIEFEAS b IE B 000 1 L ] . Recall 7ETI|
AR EA, IFFET R (29 30 4 Epoch ZJF)
W sh# /N, BAAREA 0.88 2241 17K Fl-Score
(JKZE): F1 43402 Precision 1 Recall [ ¥#FIEH4{H
HTLRE TR R, 2R F1-Score 7RI %%
WA ST, RS UE AR AR BB B, eI

5 T 0.9, mloU (¥ 28): mloU (Intersection
over Union) J&if LA HIBR iy - FahR, A=
SRR A SR S B AR Z R ESRE, HT
PEAG 4> IR A RE . mIoU Hh 28 7E 43 A B R IR
3, BAEN G IZEE ST i, m&iEn
0.86 BY/KFE. Bt R RIZE S 7E Precision. Reacll.
F1-Score Fil mloU $&#5_L ARCRISIE T HAh A4 250

ARSCR B 7 1 DA R a3k e 2 L S I 245 A AH
(] () 0 E AR AT () 3 BISCR AN ] 8 Bz, XPAN[] Y 358
AT RS AL, #1785 FCN. Unet, SegNet.,
DeepLabv3-+Al i Bk R EIRE 1. nTLLAE W,
FCN W] LS 30 o 3] 0 B4R 3R 9 0 1), AHR R T4
PRI IRETT LA, X TAEA S Rl A AN A 5
ARMESL B R A1 0 IRCR . UNet 45 AT IR 47 1 £
RARGURE, (HJR X F R S5 FRE 218 8 )
A, ARMELE IS 73 HEREE . SegNet BRIV 11t
TR, (HHICHAN L TR 244 . DeepLabv3+
AT Z RE R UFE R, HRIERK, TR
A AN BFRREA 5 SR 2 RUE

22 BEFEAEAILER

Table 2 Precision comparison results of various algorithms

Arithmetic Precision/% Recall% F./% mloU/% Timel/(min/Epoch)

UNet 87.85 86.87 86.95 82.64 4.0

FCN 86.46 85.76 84.63 79.62 4.5

SegNet 89.39 88.68 87.25 83.46 3.5

DeeplLabv3+ 82.32 75.58 81.64 74.35 5.0

Our Methods 94.45 88.86 90.21 86.83 25

10r BEARH B % R 1O 408 RE 1 DL Bl , B

09 TEFRRE SR . 3 BB R A A A (5
§ VW RARFEILRLLF. WTLAFR M, R T PR IS T IR R
I S mloU $29F T 12.48%, AIE T I LRI T
S sl 4.19% ~ 12.48%. SCERZEIRE], ASCHT BT HAD
i; 04r —— Precision ik
S oaf T Reaall | fPE 8 B, RIS A Bl A A 2 Sk I
< o2f mioU AT LAA S AT 4rBI45 . e 8 LIRERT R, FCN,

3« Unet % T H AR R 2 5 K I T AR 4

1 10 20 30 40 50 60 70 80 90 100
Epoch

B 7 BCHAER S AT

Fig. 7 Accuracy diagram of evaluation index of the improved model
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AR New GhostNetv2 [ 25 1 i 45576 GHERE (5 B
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FERUFrE] . ikl 8 EHENT/R,, TEFEAR M FI
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Fusion of dynamic features enhances remote
sensing building segmentation

Xiao Zhenjiu, Tian hao”, Zhang Jiehao, Qu Haicheng
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Accuracy diagram of evaluation index of the improved model

Overview: Due to the complex and variable characteristics of objects in remote sensing images, such as shape, size,
texture, etc., objects may overlap with each other, and at the same time, they are affected by environmental factors such
as atmospheric conditions, cloud cover, and changes in lighting, which leads to a decline in image quality and increases
the difficulty of accurate segmentation. Modern deep learning technology has enabled semantic segmentation models to
show strong robustness and recognition ability in complex scenes, but due to the differences in regions and application
scenarios, there still exist problems such as insufficient capture of complex scene details, insufficient capture of long-
distance dependencies, and difficulty in integrating multi-scale features, which makes the research in the direction of
semantic segmentation very important. Aiming at the poor segmentation effect caused by large scale difference of
objects, uneven spatial distribution of samples, fuzzy boundaries of objects and large span of scene area, this paper
proposes a high-precision remote sensing building segmentation algorithm enhanced by integrating dynamic features.
Firstly, the New_GhostNetV2 network is constructed, and the adaptive context-aware convolution is used to strengthen
the discriminative ability of geometric deformation and the recognition ability of strong correlation features, improve
the algorithm's ability to capture the local spatial features of samples and the global long-term dependence relationship,
and realize the preliminary learning of sample images. Secondly, multi-level information enhancement modules are
designed using Ghost Convolution combined with skip connections and feature branching strategies to solve the
problem of key information loss and feature ambiguity caused by subsampling, enhance feature interaction and
integration, and effectively reduce boundary ambiguity and segmentation errors. Then, the feature fusion module is
constructed by the dynamic depth feature enhancer. According to the spatial position correlation of the feature, the
feature mapping is self-adapted by channel and cross-scale to further strengthen the model's ability to mine and capture
global key features and local fine-grained features, and improve the algorithm's attention to small objects. Finally, a
cascade grouping attention mechanism is introduced to adjust the proportion of low-level and high-level features layer
by layer, effectively suppressing background interference, and gradually optimize the segmentation results, so that the
model can better cope with the diversified features in the image. Experimental results on the WHU dataset show that,
compared with the baseline model, the improved algorithm is 8.57% higher than F1-Score, 12.48% higher than mlou,
13.28% higher than Recall and 12.13% higher than precision. Compared with other mainstream semantic segmentation
models, the improved DeepLabv3+ has better segmentation accuracy, effectively improving semantic segmentation
performance.
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