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Abstract: Objective Building extraction from remote sensing imagery is a fundamental and challenging task in remote
sensing image interpretation and has been widely applied in urban planning, land-use analysis, disaster assessment, and
geographic information system updating. With the rapid development of high-resolution and very-high-resolution (VHR)
remote sensing sensors, buildings in aerial images exhibit large variations in scale, shape, texture, and spatial distribu=
tion. In addition, complex backgrounds, shadow interference, and spectral similarity between buildings and surrounding
objects further increase the difficulty of accurate building extraction. Although convolutional neural network (CNN) based
semantic segmentation methods have achieved remarkable progress in this field, existing approaches still face two major
limitations. First, many networks lack sufficient capability to model multi-scale building features, resulting in missed
detections or incomplete segmentation of buildings with large scale variations. Second, due to repeated down-sampling
operations and insufficient boundary supervision, the extracted building boundaries are often blurred or discontinuous,
which degrades the geometric accuracy of segmentation results. To address these issues, this paper proposes a novel remote
sensing building extraction network that integrates multi-level feature extraction and edge enhancement, named the multi-
level feature extraction and Edge-enhanced network (MFEE-Net) , with the aim of improving both overall segmentation
accuracy and boundary quality. Method The proposed MFEE-Net adopts an encoder—decoder architecture and is specifi-
cally designed to jointly enhance multi-scale feature representation and boundary detail preservation. In the encoding
stage, a lightweight multi-scale feature extraction encoder is constructed using a newly designed residual multi branch con-
volution block (ResMBC) as the fundamental building unit. The ResMBC introduces parallel convolutional branches with
different receptive fields, enabling the network to capture building structures and texture patterns at multiple spatial scales
while retaining the local modeling advantages of standard convolution. The residual connection further facilitates stable
training and effective feature propagation, allowing the encoder to generate rich and discriminative feature representations
with relatively low computational cost. To effectively utilize features from different encoding depths, an interlayer feature
fusion module (IFFM) is introduced between the encoder and decoder. Unlike simple skip connections, the IFFM jointly
models spatial information and channel-wise correlations, enabling adaptive fusion of heterogeneous features from different
layers. By enhancing feature complementarity and reducing semantic inconsistencies between low-level spatial details and
high-level semantic representations, the IFFM alleviates information loss and improves the robustness of feature transmis-
sion during the decoding process. In the decoding stage, an edge-aware enhancement module (EAEM) is incorporated to
explicitly refine building boundaries. The EAEM emphasizes edge-related features by enhancing boundary-sensitive
responses and suppressing background interference, thereby improving the continuity and clarity of extracted building con-
tours. Furthermore, a joint loss function with an edge-constrained auxiliary term is employed during training. This loss for-
mulation encourages the network to simultaneously optimize building foreground regions and boundary details, leading to a
coordinated improvement in segmentation completeness and edge precision. Result Extensive experiments were conducted
on two widely used public benchmark datasets, namely the WHU Aerial Building Dataset and the Massachusetts Building
Dataset, to evaluate the performance of the proposed MFEE-Net. Quantitative comparisons were performed against multiple
state-of-the-art building extraction methods using standard evaluation metrics, including Intersection over Union (IoU)
F1-score, precision, and recall. On the WHU Aerial Building Dataset, MFEE-Net achieved an IoU of 91. 13%, an F1-
score of 95.36%, a precision of 95.81%, and a recall of 94.92%, demonstrating superior performance in both overall
accuracy and boundary consistency. On the Massachusetts Building Dataset, which contains lower-resolution imagery and
poses greater challenges due to blurred edges and complex backgrounds, MFEE-Net attained an IoU of 75.46%, an F1-
score of 86.01%, a precision of 87. 84%, and a recall of 84.26%. These results indicate that the proposed network main-
tains robust performance under different spatial resolutions and scene complexities. Qualitative visual comparisons further
reveal that MFEE-Net is capable of producing more complete building regions with clearer and more continuous boundar-
ies, particularly in scenes with dense buildings, complex structures, and significant scale variations. Ablation studies vali-
date the effectiveness of each proposed component, confirming that multi-level feature extraction, interlayer feature fusion,
and edge-aware enhancement collaboratively contribute to performance improvements. Conclusion This study proposes a
novel remote sensing building extraction network, MFEE-Net, which integrates multi-level feature extraction and edge

enhancement within an encoder—decoder framework. By leveraging a lightweight multi-scale encoder, an interlayer feature
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fusion strategy, and an edge-aware enhancement mechanism with boundary supervision, the proposed network effectively

addresses the challenges of scale variation and boundary ambiguity in remote sensing building extraction. Experimental

results on public benchmark datasets demonstrate that MFEE-Net achieves competitive and stable performance, signifi-

cantly improving both segmentation accuracy and boundary quality. The proposed approach provides an effective solution

for high-precision building extraction in complex remote sensing scenarios and offers potential for practical applications in

urban analysis and geospatial information processing.

Key words: remote sensing images; building extraction; lightweight encoder; residual multi branch convolution; inter-

layer feature fusion; edge-aware enhancement

0 35

][l

T R A o T TR U A - R AR R
i, DU ik ) 775 QA ORI Pl 3 52 15 85080 , S
FAR L RRIBCG S rfe fit 7 E B S . @Y
P IR Ay 18 S AR A b ) — OG5, B RS
PR 2 HUH X IR R GO iU, 7E3 T R A
PP Ak R0 A S5 W 0 46 80 e 5L A 3z 1 g e
(Hosseinpour A5 00225 Li 45,2021 F 2 45 2026)
Bt & 155 70 PR (very-high-resolution , VHR ) #& JE& 52 1%
ARICAE 1 AW Th , ST 0 45 0 5 40 7 RRAE A
LEhnse s 2 3. AT, i FEESREIE S O RE
Kbt 155 7 T B 35 1 2R e e 18 b
TEAE R I B2 28 O 5 SR , X O Y
Gl i I R T A R PR A (A i R PG 4, 2021 5
Zhao 7%:,2020)

TERJE 5 2] FOR DG Z /i, 18 J3%aE o #IE 5
ML T N TARE LSk . IR Ir gl i
i 3 N AR i BRI B, DA TR B AR v S R
i AL Yy I PRV RAIE S B LA A S0y
Aii B 5 & LA KL G 4544 45 (Dornaika 75, 2016
Sun %,2015; Xie %, 2024; Zhu %5,2024) . BJ5 4
X B AR AR iy A SRR ] £ L (support vector machine,
SVM) , AdaBoost . FEHLER PRS2 HLAL AR 7 > 73 Fe i
A5G AT BENL SRR B R YR P R R
s RS B TTHEA T2 E , T 58 it SO RIAE 55
Turker Fll Koc-San (2015 ) il 1 SVM X5 2 i X I
133 2R LAWI 2D 5 o 8 SR A 16 X8k, Bifi 5 2545 Hough
5 e B B 2 2548, JF 51 A &A1 43 41 (perceptual
grouping) A JLAT 29 5T, % £ SR ) ML DU JE AR R AT 40
AGPA, LB ILE . Zhu 25 A (2020)
1 51 A L RO AR A 43 E) S 08 29 R (segmen-

tation prior) , 7E 2 FBfiAIL 3% (conditional random field,
CRF)HELL T X SR A Rt A7 2 R Ak, A AL
FETH T R o BRI IEGAR rh SR DX 2 ) — L
PSR SRS SR, T TR GE T YRR BT
e MR N T2 36, ELUE D[R] Ak 2 1 52 2 37 55 v 1)
Z REAF RS20 L RIK XK ETE R J )
I3 AT AN I PR R B B ARE T R —E Y
JRIBRAE

UTAEK , BEAE TR S o S BOR R PR UK i, B T 4
R 22 ) 2% ( convolutional neural network , CNN) [ 5
AR R SO HISURIRAS 1 8 2 g, I 32 1
hy i B YR ST IS Y IR R B2k (Feng 55,
2023; Varshosaz 45, 2024; Xie 45, 2020; Z= [H g 45,
2023) . AH ARG T3 THRRAE A9 J7 15, CNN
RERS I 2 2 B ARG 1 A 3 S B AR Th i 2 2
UCRHIEZR R | T o SO DGig (5 B s i) B
SCORF, WA R T X 52 2 iy B AR 1 F1 51 e
H£F CNN, Long % A (2015) #2 1 A9 4 %5 LI 2%
(fully convolutional network , FCN )3 B 1 ity 2] iy i) 5
RPIPA, it SO EUE S5 3R T 5 — M ZRHESE,
IR 12 BT R 73 B EOAR 0 U 4
e fE FCNHEZRRYSERL |, BIFSE & B S8 M 45 254
VIS B SOE B o3RI il AT 1 ke
Wik, Horp, U-Net R85 it it % - il a2
) R Bk BRI R AL K v J2 0 A B S RE =5 R 4
TG, WEIRTE T 20145 R A E ALK BE (Ron-
neberger 55 ,2015; 478 4¢,2023). Deeplab R4 J7
12 03 5 51 A A3 1l 45 FH (atrous convolution ) %5 i
25 0] 4x 7 35 b 1k (atrous spatial pyramid pooling,
ASPP)BEH , TE B AIRAFAE 18] 43 BRI 1 00 R 47K
W 25 JB% 52 B, 70 02 A 7 BT AR R AF 14 43 H M g
(Chen %,2017) ., BFXF i 3 HE & B AR th @ 50
RUEE 26 5% R S5 M S 2R iy Il b 98 # ik — P A2

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

FUEE R AE AL 5 Rl 5 W% . DeepResUnet # ResNet
1 U-Net P02 1) Zi % i &8 3, 52 B0 7 %t S04 3
TRIZUCRAE A4 B, 3 9 10 266 68 1 50400 Jmg 5 40 5
AR B9 i 48 BE 71 (Onojeghuo %5, 2023) ., CFF-Net
(cross-hierarchy feature fusion network ) 75 fif ith B R
JFE 51 AT 3G s AL B, 2 B ml [ B 0f v ] R A
Tie 24y Y RRAE AR AT 0, ] 40 Ak ) 28 T 45 5 5
FLSEhRAE Z A i 5k 22 , T E— 20 3 THE S 2
i (Qian &5 2024) . MFFNet (multi-level feature
fusion network ) if 12 2 FEA% 46 FLZ5 14 fill- & AS 7] )23 1K
R BRFEAS B P86 RIRZ T BN S &7 1
A AT e 5 4 JRy i SCRIBRE T, AT G A 3
P IO o Bk 5 ik AR (2 LR 4F,2022) 0 I
Ab , EGAFNet (edge guidance adaptive fusion network )
i35 TG 5| AR ROEE JBH S N A
e, T gt 5 fetth i A b 2k A U5 B4Rk F
L3 0 2R G 22 RUBERRAE , T4 TH SR W) i 2 5
JER 1% 175 B JEE AR BE & 2 BB T (Yang 45,2025) o S
R VEAE 22 RUEE RRAE AR Bl 205 R D TR
o7 R R, (H R AR 5 3o AR 220 E TR Y
B INBUINACR G, X G ik 5% [y B 5 o R A 22 [
F18 225 18] 5 28 38 3 AH OGP AT AR X A7 BR

SRR BT 45 B 28 I 25 1918 L5380 5 %
A DATE PR R e B PR A HIT 3 R i RRAE Rl 5 T3t
0 348 5 R T Ty AL A5, A SR S s ) 40 1 AU LAy 45
Fy ek Ty e BT RAFAYIEE . it — D Hg a2
P02 14 4 Jra it SIS EVERIBERE ), I AF ok B TR
3381 2 A5 1) Transformer 155 89 9% 75 | A 1155 AL AR 5 451 35
(Chen % , 2021 ; Dosovitskiy, 2020; Li %% ,2023) , {1l
DPENet (Chen %, 2023) . DSFENet (Xia 5%, 2023) .
BuildFormer(Wang &5 2022) %7 % H Transformer
1 CNN BUBAR AT 42 Jay 5 Ja AR S A S L, e ¢ 5
I SR G R S PR . SR M7, Transformer 2875
Vo AR A 2% TR R AEREAS R AT IR AV
UL W B 25 5y 7 A 3 U4 [R) (Chen 55, 20225 Fu
45 2024; Hu %5 ,2023; Pan %,2024) . Mamba fH T
T AR I B A OC 22 Y [w] I RE A8 DR AR T3 42
R VT AR R B A Transformer F— R AE AT
% (Ma %%,2025; Wang 45 ,2025; Zhao 5%,2025) . #
BBt , R CNN 5 Transformer 8% 3 Mamba 45 5 1
512 AT LATR] i SHe 228 S 52 A% 1) 4 Jmy ARy e A, {5
BT R Patch 1Y 4b L7 AR S B IR AR =5 [A] L

R[G5 K 1 SEME 25 5 5 B0 RUEE S s A K 454
(AN e D F R E K JF5 1R H bR F8
Wio AL, CNN I R iR IR 5 55 T Patch 1942 Ry
FHETERIEIE A By S ot , T s | kil 25 5+
SEANERERRIVE SR GlsEwi o S/t

BT AR ST X AT T 2 M LD 2 B 1R rh
TR AR 0 22 RO RFIE (R B DA S D 250 B sm Y
[, B 1 T —Fh Rl 2 JURRE SR B0 i G 1 5 1Y
T SRS B R Y PR HUN 25 (multi-level feature extrac-
tion and edge-enhanced network, MFEE-Net) . Z M4
K gmtthas - AR 2R St T MR
1) 22 ROBEREAE B2 B 3= 1 X 4% 5 FLURTE 2 5 8 L e B
i Z B T2 [BURHAE fil A L8 (interlayer feature
fusion module, IFFM) , A R4 fill 5 2 fift i o 72 v 119 55
FRRIE s 05 51 A T 1 2RI 5 AR R (edge-aware
enhancement module , EAEM ) DA AL EE 509 1) 10 2% 46
JEAR B, IF R FHIR S 450 2K pR BSOS W 28 BEA TN 25, LIATE
LY 73 B0 RAR PR FD 2 5 . T H& 4% o1
BRanr

DR T — i i A 22 R St 4% 1 245, LA i
WITAY5E 25 2 75 A& B (residual multi branch con-
volution block , ResMBC) A #%.0> B TT , 7E PR35 FHL R
2% ey P B A ) [R5 | A T4 T 22 ROBEFRRIE B AL
i, ST T G i By BOW R S 4 4 5 SO B L
HRIERE

)it T — MR AR Al G AL IFFM, 3R 2
s () {5 B 5 30 T A OGP, A R T TR TR RUBE R
fiEZ R ELAME 3D 115 BB R 51 UARILRL

3) I 1 — Bl S B SR AL EAEM, 3 i
TEARAS B Bk AL A SRR IE R IR IR AR I R 7
Tl A SRR B R S T ) E A
X3k 5 32 B B B ) DAk , O s o 4 R il
SRS FNFE AN 34 B 1 ]

P T —FhRG ZJUR ISR IS T G s
18 2 A5 S 4 B 45 MFEE-Net, 7 22 I 1
WHU Fl Massachusetts 3 8 &2 550 4 1 X 43 #1 5k s 4
AT TS LS AR 2 R bR ERIUE TR
PERE , B 1 S A Rk

© h[E KR KL AR



TR, RBA, TEX, HHE, B, HHEEH
nﬂAz—EzﬁﬂEkﬁl'ﬁm%iﬁﬂ%EE’J@@ SRR IR X 4%

o e o e o e e e e e e e e e e e e e e

‘ 64 X HxXW

LoSSinam
+ = Loss
LoSSeqge

2

IFFM  <----
1

i i i
: : |
1 1 1
: :
fs’ ﬁ;‘
H W
H W BlZX %=
H 256 X 7 x 8" 8

128>< X —

IFFM 47 IFFM <

REAMSEERERE —» HER

EURIE Rk S

5o ENE R

BT - M2 R iR 2 Ry ]

Fig. 1  Overall structure of the network

1 RFAE

1.1 MEEAFEZEN

AR SCHTHE (A Rl Ay 22 A BB 10 % 100 i 1)
SR AR 8 S 2 I 2% MFEE-Net 1 %% {4 25 44 41
LR o 145K LT U-Net B9 2 B 25 — A5 2%
SERY . RS AS R AR SO T A ResMBC A5 HRL ) AL, H:
AN A KN B RS SR BGE B R T i 2 RS
TR MRRD SR AR FH IR BE 1T 43 85 46 AR L sl 1 244
S50, It BL5]AJZ BRI G A B IFFM X b5
TR 2 AR B AN TR R AE AT 78 43 Rl A, 4G o
TIETA] B AR S o R, B A 51 A 3 5 S R 1 5 A
EAEM XA [ RUBE (4 R RAF BT A 5 (0 B S i 445 B
PEATHEGER | LUHE 5 X 45 XT38 B AR Tl S b 4%
FR R P IORS B
1.2 YmALE3FNfRAD=s

AR B P g A HER R B AR T SR 25 R
P 14 ) o S B3R5 % AR SCE TR 286 1) 2t A 2 BT B
BT T —Fh e i 9 (O R AE BRI T2 1 R 2%, 32 58 oy 3
A H1IT ResMBC Block #4) A% , EL A 25 #4) 4n 1 2 T 7R .

—> WEZSIERE ---» LXK
J RV RFAE R A B

EAEM TDLIEENIE IR R

I
1
I
1
1
| IFFM
1
1
I
1
1

MetEf - , ResMBC Block H #5543 2H A : 55—
G RREER] o B RRR B R 2 ST
FH (multi branch parallel convolution) - Horp R B]
318 A B T 4 M 2 R A O ek 7 ) 4% 1) i 1
B 2 ST AT B AR 2 AN W] R S AR (g
BBEHR L IXITHR 111 K& Ix1 BRI E ]
RRAE 704 5 00 265 1Y) 2% 52 BT 1 [ 1) AR 17 19 2 20
o H, DWIx11 B 5 DW11x1 45 B &R 32 Y
A ERA RS DWIXIT B EET
SR ) B BE B bR SO, 1 DW 11X 4
UM T AR BT M S5 RS B . A ALA
REAE AR AT T4 SE L T RO —4E 1
(RO TE R AF 5 1o SRR 174 ] P 3 i 1) 6% 8 2 350
WK SREE 5 SR Rk BE
TEREARIERE BTt I R AR B H000 28 2R FH 43 B Be
AZREIE A, AT R A FE R B, S —F
B 3k R AT G 1 A FUREH X i A G AR A T )
A RHE G, SR U2 SO 5% FER .
TR TS 2 AR R ] ) TR AT 3 B A AR R IR
B, BRI R HIR /N 3x3 58 1Y &R
¥, I MR i #4it 5 H — 16 2 (batch normalization,

© v [ I 5 B A A B



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

| REEALER | LYBITER |
i Fin : Fin

'
¢—‘ I v
DWConv ' Split
]
1

3x3

1
:DWConv DWConv DWConv DWConv

ESa [ 3x3 1x11 11x1 1x1
FATHBR ' V
%«—- ¢
BN+ReLU
DWConv
1x1 *\4
' . F f [ © FRETbEE
o Fou e o immEEmm__ |

K12 ResMBC Block 254 /4]
Fig. 2 Structure of the ResMBC Block

BN) 5 £k P % Wi 3% 05 PR L (rectified linear unit,
ReLU) , LU SRARFIE F IR B8 1 e ) 250 8, 48
BB Lk ResMBC Block Sy 27 55T 44 42 DU J2 4 fiE
SR, Hoh AR 45 A& — S T T SRR AE
% R /I Dl 2x2 1 die Kb AL JZ e P 4 ResMBG
Block o SVASRYF, G idh 3 147 AIE B2 HC I £ Xof 12 Jse
QAT 2 PR i, 7638 A0 H 46 25 0] 43 B2 1Y [
If 3R T SCRIRBE T o Sl b b LA B n sk 1
B

TEMRRS Y B, AR SCR Y T — P 2 b RS
W, 30 2o % 2 i HEARRAE I R SR R GE X
RS, AL 5 AP Bei G, £
B S R (442 AR AR fil 5 B8 TEFM DL
RN GIARG R EAEM . Ho, 1 U4~ B Bt
BJH —> FRFERIES — A IFFM B B, 53531
B ST RRE BT Y 23 (8] 3 B3, JF b8k A gt
i TR AN R 29 2 RO AR . IFFM A
Puim o # Gy J2 25 [ A0 5 TR J2 T SCRAIE B9 1

FHIER R M e B 5 — 2k . 7E RR Sl b, A
SRR T WL A AR (B X R A PR A7 RUBE K
52, Wit E e — TR ] B ARUZE X SRR AR
PEATAIE . RBREE AT o S RUZ A B R/
3 RO TR TRIE Al o3 B 5 AR, DR A 48
B MU FEA U — 02 BN MIZ P 5 0 ST R
KU Re LU, LARE 95 F5AIE 2 15 RE 1 A5 9 28 Il g i
P o TEMRAS AR 09 B Jm — B B, 51 EAEM B
Rl B 2 GORAE A T D G A5 e AL, 45 5 R
VAR (B8 R RS o BT A R il
b SR R AL R O B [ IR i 1 2% ) i 4R
it S E5 A0 AR IKRE
1.3 REFHERL SRR IFFM

FA R it g S A AR TN R = 9 AN TR
RO RFRFAEAE S, T s AR SRR AE =22 18] B AR S , A
SCBEH T T 2 A 52 TR R A TFFMU B
AR B R R Rl G R v [ I A A (R B 5 Tl
TE 2 JEE 1008 SOOI, T S B 22 JOBE AR Y FH 1
7 B 5 AN R R DD T RO 22 S A A —
FOH R 5 B . TFFM A 38 IR 454 an &1 3 firs
Ry s (A 5 REAE I A R s ] A ) — Ak =
BB A, AR ) R B B, AR A 2R 1 4
B3 5 M ) 85 )RR ALE A 7 225 (B 8 B8 b A9 RS, 2%
HATFIH P A 23 6] DI, O Jis G ik 52 4R .
R SUBCGIBE T B RS RRAE o BB, 7EREAE SQHK By
B, i A 1 A L AR (R R A 2 R AH SG
715 I 285 3R o 3R L AME B TCARRRAE
MR THRFIE R IR B — Sk . dRfm, 1623 [B] B 1
— AR B B, X Rl E S AR IE R T G — WA 5 1 — 1k
Ak, DARGSE FRAIE 73 A3 10— 25 8 5 5 SR AR £

x1 HEFNEHEE

Tablel Structure configuration of encoder

24 7201 AT WAL i
WAZ 3 - - HXW
DW Conv layerx2 3 64 - HXW
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ResMBC Blockx2 256 512 Rk (2x2) H/SXW/8
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He TFFM, ToU . Fl-score . precision 1 recall 43 7 2 Tt
0.47%.0. 26%.0. 49% K 0..04% , UEW] T IFFM 5 H
AT LA 80 B G A 2 A T2 0 R R AT 38658 1
5 B IS Sl s ROTAR R B . R Mg LIl
TN 2 B B s AR EAEM )5, ToU  F1-score | preci-
sion il recall 43 il $2& F+ 0. 53%. 0. 28%. 0. 52% Il
0. 05%, B UE T EAEM B ] LA %06 #5090 14 14
G AT B E AT R R R, DT AR T I £ % T AR

YRR ARSEORE B o Je )5, AE R I 4% L [R] IR o
IFFM A AT EAEM B B 80 1) 45 1) 56 B 2544 , ToU |
Fl-score , precision Fl recall 15 2| | f L AEH , 70 51 A
91. 13%.95. 36%.95. 81% I 94. 92%, It B ) ) 2%
SHEAUH 6. 39M, TEBH T A SCRT 4R Y il 22 S
TEBE I 11 G5 3558 1 I 265 ] LAAE S/ INI S 8008 1 52
IR 5 A A S B BORS

x2 BREMIRBER

Table2 Results of module ablation experiment

) £ 454 LloU(%) Fl-score(%) precision(%) recall(%) ZHR(M)
FLL 45 (ResNet34) 89.57 94.31 93.95 94.67 48.54
FEL M 2% (ResMBC) 90.21 94.86 94.92 94.79 4.57
SEL M 2% (ResMBC)+EAEM 90.74 95.14 95.44 94.84 4.96
FHZE M2 (ResMBC) +IFFM 90.68 95.12 95.41 94.83 6.32
HZEM 2 (ResMBC)+EAEM+IFFM 91.13 95.36 95.81 94.92 6.39

E PR B 51 e A

2)F 2K PRSI Rl S 6

N EUE T IR 5 45125 R B L) R AL o X
S R FE R FEAS A Y L) R RO SN ST S
BRI TR bR . SERREIR ISR 3 PR .

ATRLE M o B () SBCTEDRS 0 265 1 1 RE 48 A ™
AT REREW . e, U UK R L, BT
BT (HPa=0), W49 ToU ., Fl-score , precision I
recall 731 8 90. 77%.95. 16%.95. 41% F1 94. 91%.
X LS IR T, 25 0 25 (SO SE S A AL -4
SR, i T2 X T 2 A MBS, I ER R RER IR B B
RS . HIK G TEB NG Bh Kk ek B L, )5 L B o
BRI , R ZORE BE B AR TE, 2« = 0. 61, 4%
A BE A B i , H ToU \F1-score Fll precision 43 5| A
91. 13%.95. 36% F195. 81%. 15 W1 7E 3 4 A AL T 43
e, JE40 I pR RIS B A5 % pRBRE 1K B8y, 3[R
FETHR 20 TR S RSP RE
2.4 XEEIE

N T PEAG AR SCHE S 1 MFEE-Net I (14 2500
5IA B T E o HI S TE WHU fit 25 528 @ 30
Y B s 4L F Massachusetts # Y EE 4 [ EFT T 4
U HR IR R HE SR o X b I 25 45 28 L T
FCN {9 15 X 43 &) 5 7% . U-Net (Ronneberger 5% ,
2015) | DeepLabV3 (Chen % ,2017) fil HRNet (high-

R3 MEREBHHALEER

Table3 Results of loss function ablation experiment

WEIZE  ToU Fl-score  precision  recall
@ (%) (%) (%) (%)
0 90.77 95.16 95.41 94.91
0.2 90.85 95.24 95.52 94.97
0.4 90.95 95.30 95.67 94.93
0.6 91.13 95.36 95.81 94.92
0.8 90.83 95.22 95.56 94.89
1.0 90.70 95.12 95.35 94.90

ey LSRR TIRe ZU RIS

resolution network ) (Sun 4§, 2019) , % F U-Net 2 F
({55 1% : MSL-Net (multi-scale level network) (Qiu %5,
2022) . BOMSC-Net (boundary optimization and multi-
scale context network) (Zhou %5 , 2022) . MM-UNet
(multi-module UNet) ( W] 2% 7 #1478 %, 2024) |
BEARNet (buildings edge-aware refined network) (Lin
4 ,2023) . MSRF-Net (multiscale receptive field net-
work) (Zhao 4§ ,2023) Fil EGAFNet ( Yang 55, 2025) ,
PL M T Transformer 4= J5) 5 B B 7 1. Seg-
former (Xie 4%, 2021) . UNetFormer (Wang 45 0022)
1 MSHFormer (Zhu %5, 2025) o A 3CJir 2 1) MFEE-
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XZ®, RBA, FEX, SHE, 918, Hi#
S & RFFIER IS D5 IG58 1Y 18 B R B T FR BN M 4%

Net & T3 F U-Net B2t 5 i, b 5 R —
KL HA BRI AT LA

1) WHU fiit 25 5248 @ SR BE S 0T LE 55 3

AR ST $E B9 MFEE-Net [ 2% 55 4% X} L % 4% 78
WHU i 25 S8 S B 4R 19 2 i S0 00 25 SR 1k 4
FiR o AT LAAE H 7 WHU i 2 SR 0 0 Ko 46
b AR 4% 1 ToU | Fl-score | precision Fll recall
Bk E] T AL, 310 91. 13%.95. 36%.95. 81%
K 94.92%, 5 WK AL M 2% MSL-Net A b , ToU ., F1-
score , precision fil recall 43 42 T+ T 0. 73%.0. 36%
0. 71% 12 0. 12% , iX F T, A SCHr 2 1 1y 48 AL A R
U 1) 22 RUBEREAE S HURE ) Rl e 401 4 g 0T L 12
FARTE T PR IBOAE L ROR T i N 28 A 1 Ik
AR ST 55 P A ek BE

g E— 2 W 78 MFEE-Net 75 3% 8% 15 6 51
PIBE T 55 R SEBRAICR , AR SCHE WHU it 25 5e A5
SRR F g T rT AR EE AL QiR S TR .
FEE S 55 AT PR s, 5 s OQUE X Bl 7 K ot

RIS

(a) ARG

(b) FL9IbR s

(¢) U-Net (d) DeepLabV3 (e) HRNet

(f) Segformer

*4 WHUMZHGENVBEEEEWELEER
Table4 Quantitative comparison experiment results on

WHU aerial imagery building dataset

loU  Fl-score precision ( réeall
MERE g @ )

U—Net 88.46 93.84 93.73 94.02
DeepLabV3 88.42 93.85 94.59 93.12
HRNet 88.71 94.02 94.41 93.62
Segformer 87.03 93.07 93.41 92.73
UNetFormer 89.66 94.57 94.82 94.34
MSL—-Net 90.40 95.00 95.10 94.80
BOMSC—-Net 90.15 94.80 95.14 94.50
MM-UNet 90.11 94.80 95.35 94.25
MSHFormer 89.10 94.20 94.80 93.70
Ours 91.13 95.36 95.81 94.92

T L7 M B9 e L ML

(g) UNetFormer ~ (h) MSL-Net (i) EGAFNet () ASCuridk

K5 WHU fiizs S S B S AN R I 2% T A0 Ak 25
Fig. 5 Visualized results of different networks on WHU aerial imagery building dataset( (a)original images ; (b)true labels; (¢)U-Net;
(d)DeepLabV3; (e)HRNet; (f)Segformer; (g) UNetFormer; (h)MSL-Net; (i) EGAFNet; (j)ours)
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AR A DR T X R T — A R T o R HL AR R
A /NRUER SR, PO AR R B AP B 22 5 o il
FIADGIEAIE R B (BAEM) DL RS T 3 25 Wi
AR 2K RIS, JIT 418 190 265 RE 8 7 A [] RUBE A S0 22 1)
S ST SO AT ) 30 % 2 R, e i DX ] ) 2 — X
P, AT S XS 9 28 S0 i S R IX 0 o A EE

Z &, % 7 (40 U-Net, DeepLabV3 Fil UNet-
Former ) 7552 500 % JE1 )7 T AT T i — 2 PRAR, 7E R
JE 22 SEOR R A SR 5L 5 b SR SR i B
THHRAEERNEL . K58 =I5 ER T —
NGRS . U-Net . HRNet L&
MSL-Net 7 1% 3% 5t Hh X AE 4 370 2 45 +6) 1) 2 11 g ) 4
XF A FR e L) o8 B O R A S S R R R A R
SegFormer H T2k F 2 AL RS 25 4544 , 78 L R AL
(U DOE IR ER EUSNINL /R DAL EPS - S 3 €7 Ve
RS S R INBA AN . AL T TR
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MFEE-Net #1558 1) i 20801 5 FRAE 241 1k fg
REAS B SE B MERM I S B ST G A8 I, e IR
SO RBOR 5 S b — B

2)Massachusetts 235 P B8 4L X} bS5

5450 T B EUIRAY Massachusetts 2 37
PR L& i X LR g A W LUE R TR
B TR T MFEE-Net 5 45 (1) ToU B A%
BEARNet, recall fI T 5z 1 89 /7 7% MSHFormer, {H J&
£ F1-score Fl precision ¥ 45 L3S T B LRI, 7
355 86. 01% Fil 87. 84% , H. 5 1.1y BEARNet 1
AT T 0. 92% 12, 92%, (4B H 5 785 A 2 1k
PEIUT i SRR ) . B E R, Fl-score
VE R Z5 5 A A A 4L BBUTE BB 1) T X954 , RE A% [
I 5z A U 7 A (] 32 5 4 BORS 88 22 (8] 18 -4, A SC
JIF R M 2R AE AR b U B LA R R W HAE IR
P& T 55 h B3 MR A B 25 5 PR e . I
Ab, 5 24T 3 B BE T B 22 25 1) HRNet DL K
F F Transformer ) SegFormer 1 UNetFormer #H F¥
Jr T AR A WUE P e As IR U R A
e I RE L

N LR 7R T 2 P 2 AE B oy PR 1 G4
(1) 2 SR 4 BURE T , X Massachusetts 2040 52 1 A 2t
B o3 FIRCR AT T ORI S B, WK 6 BT s . 7R
6 55— 173 5 I O TEIX S , 3 2 T

0,5 Ji Bl o i 55 v AR AL, HLH S5 R I 25 ol

5 Massachusetts EF Y EIEEEEXT L LW ER
Table5 Quantitative comparison experiment results of

Massachusetts building dataset

ToU Fl1-score recision recall
L (%)

U-Net 69.46 81.98 85.28 78.92
DeepLabV3 65.13 78.83 82.93 75.20
HRNet 67.70 80.74 84.34 76.67
Segformer 65.22 79.71 83.65 74.57
UNetFormer 71.83 83.60 85.33 81.95
MSL-Net 70.90 83.00 81.90 84.10
BEARNet 75.82 85.09 84.92 85.27
MM-UNet 73.42 84.72 86.39 83.21
MSHFormer 73.60 84.80 82.50 87.30
Ours 75.46 86.01 87.84 84.26

T LT AN B 51 B e
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(d) DeepLabV3 (¢) HRNet

(c) U-Net

() Segtormer

(g) UNetFormer ~ (h) MSL-Net (1) EGAFNet G) Ascrik
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Fig. 6 Visualized results of different networks on Massachuseltts building dataset ( (a)original images ; (b)true labels; (¢)U-Net; (d)
DeepLabV3; (e)HRNet; (f)Segformer; (g) UNetFormer; (h)MSL-Net; (i) EGAFNet; (j)ours)
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(g) UNetFormer (h) MSL-Net

K7 AP E R
Fig. 7 Visualized results of building edge extraction((a)original images; (b)true labels; (¢)U-Net; (d)DeepLabV3; (e) HRNet; (f)
Segformer; (g) UNetFormer; (h)MSL-Net; (i) EGAFNet; (j)ours)
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Table. 6 Comparison of parameters and inference speed

for different networks

e S
U-Net 17.26 37.12 88.46
HRNet 29.53 30.97 88.71
DeepLabV3 15.31 86.37 88.42
Segformer 7.7 73.25 87.03
UNetFormer 11.72 115.21 89.66
MSL-Net 6.0 101.44 90.40
BOMSC-Net 192.32 - 90.15
EGAFNet 44.6 25.62 89.3
MSRF-Net 12.62 - 90.16
Ours 6.39 105.32 91.13
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