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Abstract Herein, we propose a Transformer multiattention network (TransMANet), a network structure based on
Transformer and attention mechanisms, to address the issues of low segmentation accuracy, inadequate global feature
extraction, and insufficient association between the multiattention network (MANet) algorithm and image semantic
information. This network structure features a dual-branch decoder that combines local and global contexts and enhances
the semantic information of shallow networks. First, we introduce a local attention embedding mechanism that enhances
the embedding of context information and semantic information of high-level features into low-level features. Then, we
design a dual-branch decoder that combines Transformer and convolutional neural networks, which extracts global context
information and detailed information with different scales, thereby modeling global and local information. Finally, we
improve the original loss function and use a joint loss function that combines cross-entropy loss and Dice loss to address the
class imbalance problem often encountered in remote sensing datasets and thus improve segmentation accuracy. Our
experimental results demonstrate the superiority of TransMANet over MANet and other advanced methods in terms of
intersection over union on UAVid, LoveDA, Potsdam, and Vaihingen datasets. This indicates the strong generalization
capability of TransMANet and its effectiveness in achieving accurate segmentation results.

Key words image processing; semantic segmentation; attention mechanism; Transformer; high-resolution remote sensing image
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Fig. 9 Dataset presentation. (a) UAVid dataset; (b) LoveDA dataset; (c) Vaihingen dataset; (d) Potsdam dataset
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Table 1 Performance comparison of different methods on UAVid dataset

Vodel ToU/ % mloU /
Background Building Road Tree Vegetation  Static car Moving car ~ Human %

Segmenter™” 64.2 84.4 79.8 76.1 57.6 34.5 59.2 14.2 58.7
SwiftNet"" 64.1 85.3 61.5 78.3 76.4 62.1 51.1 15.7 61.1
ABCNet™ 67.4 86.4 81.2 79.9 63.1 48.4 69.8 13.9 63.8
SegFormer™" 66.6 86.3 80.1 79.6 62.3 52.5 72.5 28.5 66.0
MANet " 67.4 88.0 79.5  79.4 63.0 64.6 67.4 21.7 66.3
UNetFormer " 68.4 87.4 81.5 80. 2 63.5 56.4 73.6 31.0 67.8
TransMANet 69.9 88.7 81.8 80.7 63.6 67.7 73.9 33.2 69.9

@ ©

background  building iree vegetation static car  moving car human

10 UAVid 4 i nT AL 25 28 . (a) 546 8 (b)MANet; (¢) TransMANet
Fig. 10 Visualization results on the UAVid test set. (a) Original image; (b) MANet; (c) TransM A Net

Uﬁﬁ?i&ﬁﬁ%ﬁ%ﬁﬂ’]ﬂﬁf@ 2 NEi NN E IR F 20 DLFE W, TransMANet B 18 & & 9 mloU

B, TransMANet A] DL 57 45 #1437 E] LoveDA 5 4E (54.8%) , U HAE B B2 Ay 4380, BB T ALK

RO T A1 2 A 35t b BRON [B) 1937 5 19 40 B 55 . A Bt BB S oAb T  ToU B/ 4. 7 0 A .
%2 REIFTIELE LoveDA BIE 4 1Mk BE L%

Table 2 Performance comparison of different methods on LoveDA dataset

IoU /%
Model — - mloU /%
Background Building Road Water Barren Forest Agriculture

TransUNet® 43.0 56. 1 53.7 78.0 9.3 44.9 56.9 48.9
Segmenter ™’ 38.0 50. 7 48.7 77.4 13.3 43.5 58.2 47.1
SwinUperNet' ™ 43.3 54.3 54.3 78.7 14.9 45.3 59.6 50. 0
DC-Swin'™ 41.3 54.5 56.2 78.1 14.5 47.2 62.4 50. 6
MANet' " 46.5 57.5 53.2 79.3 18.3 47.0 67.2 52.7
UNetFormer' 44.7 58.8 54.9 79.6 20.1 46.0 62.5 52.4
TransMANet 46.2 59.7 60.9 82.3 19.7 49.9 65.3 54.8
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LoveDA M4 ) nl # Ak gt S an & 11 frows .

background building road water barren forest agriculture

FI11 LoveDA P4 i Al AL 25 2R o (a) JRUAR 4% 5 (b)MANet; (¢) TransM ANet
Fig. 11 Visualization results on the LoveDA test set. (a) Original image; (b) MANet; (¢) TransMANet

R T HE— A E 5L AP TransMANet B9 A 501, % TR R, Iri AR 200 LA T 91. 0% M F
Jt 45 7 vk 5 HiAth 58 2F J7 ¥4 #E Vaihingen #il Potsdam % SE, I HA M g E 201 A S L . 7E Potsdam
PagE Lk fT T A . 7E Vaihingen 5048 45 T A9 5256 2% B4 LS g ik 4 frok o TransMANet i i
R 3R o T J7 A AE Vaihingen M 34 4515 T T B i BT Transformer B M 2%, 41 UNetFormer, 1188
AR M FE Y P14 80(91.3%) \OA(91.5%) FimloU i T 3% T CNN ) ABCNet. TransMANet 7& % 4~ 2%
(84.9% ), T HAth £ F CNN Fl Transformer 1) % oy E g R R R A S T 93, 1% M FL
% ,mloU L b M 28 =/ 2. 2 /oy sl JFHAEAS 204091 720 I OA F187. 3% iy mIoU.

# 3 AR A Vaihingen #0450 ME6E H 4

Table 3 Performance comparison of different methods on Vaihingen dataset

F1/%
Model Impervious o ) n Mean OA /%  mloU /%
surface Building Low vegetation Tree Car F1/%

LANet'*" 92.4 94.9 82.9 88.9 81.3 88.1 89.8
DeeplabV 3+ 91.6 94.1 82.5 88.0 77.7 86. 7 89.1 77.1
SwiftNet'*" 92.2 94.8 84.1 89.3 81.2 88.3 90. 2 79.6
ABCNet ™ 92.7 95.2 84.5 89.7 85.3 89.5 90.7 81.3
MANet'" 93.0 95. 4 84.6 90.0 88.9 90. 4 91.0 82.7
UNetFormer " 92.7 95.3 84.9 90. 6 88.5 90. 4 91.0 82.7
TransMANet 93. 4 95.9 85.6 90.7 91.0 91.3 91.5 84.9

NPT R O vk S HoAh oy ik AT O T S R AT s AT T, RiE BT T 0 ERE B . A
(Parameters) fl 7% /512 A (FLOPs) X Lb, an 3 5 i It MANet, T # J5 7 AN S Ko F 7 s i B BCER A B
TR M ECER T G R 2% BT B T TR A B A D B S K S0 T Ly EDORS BE AR B R B R
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Table 4 Performance comparison of different methods on Potsdam dataset
F1/% "
Model Impervious o i . eazl OA /% mloU /%
Building Low vegetation Tree Car F1/%
surface
LANet'?!! 93.1 97.2 87.3 88.0 94.2 92.0 90.8
DeeplabV 3+ 92.1 95.3 85.6 86.5 94.8 90.9 89.2 84.2
SwiftNet'™" 91.8 95.9 85.7 86. 8 94.5 91.0 89.3 83.8
ABCNet™” 93.5 96.9 87.9 89.1 95. 8 92.7 91.3 86.5
MANet " 93.4 97.0 88. 3 89. 4 96.5 92.9 91.3 87.0
UNetFormer'” 93.6 97.2 87.7 88.9 96.5 92.8 91.3 86.8
TransMANet 93.7 96.9 88. 3 89.6 96.9 93.1 91.7 87.3
£S5 SEEAI R X REH LT XUFEE  mloU 2 5 0. 8 A 43 w5 X 43 32 i 1)
Table 5 Comparison of parameter number and A LB FERESEEE , mloU# & 0.9 | /04, kL
calculation amount L X A LG K T R b, G e ke R K
Model Parameters /10° FLOPs /10’ T IE MG  ToURTF 7 1. 3 T4 BRI 4. 2 5 43 A1,
Segmenter 6.7 268 35K 5 D 5 T LS o A A AR K 5 4
SwiftNet 1.8 o6 T A BSOS  mIoU 35 #0721 F 4, 15
ABCNet™ 14.0 62.9 K F TSR B RIS, ToU 4T T 7.7 T 40
[27] S 1l
SegFormef 13.7 63.3 2 LRI A BLH DO TR A B R T 4 R AR R
MANet 9.9 L6 FCH L R X EHER T AR
[16] —_— . S N i = N
UNetFormer T 100 R TRIR T AE UAVIABOIE 42 1 A7 18 i 55 %0 19
S [23] " \ -
framsbRer T s Sk, 5 MANeUHTEG B FFE 4545 0 o6 50PT DL B 42
Swinbperyer o0 ot TFmIoU It H & /NP 1 L A0S 3 6 4 ALK L ToU 42
pesmn 0 18 T 2.3 SR AR L LT 52 28 I T Dice 45 4T
ANt 23.8 22.0 Dbl A 20 i 3 SR 1 5% S -5 I, At ke
Pecplabys - o o S X8 o1 50N A 52 ¢ B o ik — B (8
TransMAN 27.2 112.5 RO ) o o o
rans VAR TREREE I ALEUS R T S B R
4.5 HEhZLIg T S AR E B Y o BRGNS B AR A,

TS UE T LR B3 S A A AR A 4 R
PROBCRY A %M, 7E LoveDA | UAVid, Vaihingen Hl
Potsdam #4468 F AT 1M AL S5 o BRA 40128 R 0D
ND, R E I APLENE @, o3 3 a8 Il
TS

%6 &R T 1E LoveDA B4R 4 b A7 18 fll 52 45 1Y
gh L 5 R EH] . 5 MANet M H , il A R 30 9 7 ik
AHLE AT L 35 3 & mloU, Ji H b #5718 % Al A%
AR, B T R i A T e AP R AT D T G

NEMF ) 40, WA — 5T, mloUE T 7 1.3 °
Gy mi OASETE T 1. 278 43 i s B Al T 0043 52 ik B 24
XER PR, it 50 R IE B, Fe s A — 2 B, OA & 5t
T 0.7 H 3 R 28R A RS 4% AT DL G b Al
PR B B MO E B, 6 R W AR 48 br 2 A AN [R) 22 B 1 42
CARD NN Y RN =R i A S T O [ o LT = AT
AN, ToU 43 A4 T+ 17 3. 1 E 43 45 .6. 5 | 4r 45 Ml
1.5 A4 , mloUF T 3.6 B ,OATF T 1.3
H A m o

#6  LoveDA H¥E 4 I 171 fh 52 56
Table 6 Ablation study on LoveDA dataset
Model loU /% mloU /%
Background Building Road Water Barren Forest Agriculture

Base 46.5 57.6 53.2 79.3 18.3 47.0 67.2 52.7
Base+@ 45.7 57.6 54.8 80.0 16.5 47.4 65.8 52.5
Base+©@ 46.4 60. 2 56.4 80.7 18.4 48.9 63.5 53.5
Base+® 45.5 58.9 57.4 80.2 18.7 48.1 66.5 53.6
Base +DO® 46.2 59.7 60.9 82.3 19.7 49.9 65.3 54.8
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Table 7 Ablation study on UAVid dataset

ToU /%
Model — . . . mloU /%  OA /%
Background Building Road Tree Vegetation Staticcar Moving car  Human

Base 67.4 87.7 79.5 79.4 63.0 64.6 67.4 21.7 66.3 86. 1
Base+ @D 68.8 88.2 81.5 80.2 64.3 64.1 69.7 32.8 68.7 86.9
Base+ @ 69.6 89.1 81.3 80.7 63.8 63.4 68.7 24.7 67.6 87.3
Base+® 68.6 89.0 80.8 80.2 63.4 59.1 63.0 23.9 66.0 86.8
Base+DQ® 69.9 88.7 81.7 80.7 63.6 67.7 73.9 33.2 69.9 87.4

# 8 14 943 R T AE Vaihingen 1 Potsdam %
PR LRI Rl S g A5 R o T IS 101 5% pR B Y 0 2% 1
Vaihingen #0454 L8 bR A —E F2 94T, ML
MANet, T Jay & 13 5 77 i ABLE] A P24 1Y & A T

T8 45 W3 , 7 Vaihingen 1 Potsdam %% 4 | 19 mIoU
SR TE T 0.9 | 4 R0, 1 43 a5 . MANet,
X4y 32 fi 5 4 78 Vaihingen # Potsdam $#5 48 [ 19 OA
rEETE T 0.5 H 4 A0, 3 H 4

#8 Vaihingen ¥di 4 b 14 fil 92 50
Table 8 Ablation study on Vaihingen dataset

Model SRl Mea 0N /% mloU /%
Impervious surface Building  Low vegetation Tree Car F1/%

Base 93.0 95.4 84.6 90.0 88.9 90.4 91.0 82.7
Base+ @ 93.0 95.8 85.8 90.7 86.9 90.5 91.4 82.8
Base+ Q@ 93.4 96.0 85.7 90.7 89.1 91.0 91.6 83.6
Base+® 93.2 96.0 85.5 90.7 88.7 90.8 91.5 83.4

Base + Q@O 93.4 95.9 85.6 90.7 91.0 91.3 91.5 84.9
#9  Potsdam FE 4R b 1Y fil 5L 59
Table 9 Ablation study on Potsdam dataset
Model L Mea A% mloU /%
Impervious surface Building  Low vegetation Tree Car F1/%

Base 93.4 97.0 88.3 89.4 96.5 92.9 91.3 87.0
Base+ @ 93.1 96.7 88.3 89.6 96.5 92.9 91.3 86.9
Base+Q© 93.5 97.2 88.0 89.7 96.4 93.0 91.6 87.1
Base+©® 93.6 97.0 88.2 89.5 96.3 92.9 91.6 87.0

Base+DO® 93.7 96.9 88.3 89.6 96.9 93.1 91.7 87.3
5 gk W s /N FURR 25 R ) ORGSR, i 4 B 05 1 19 2%

2 —Fh 3 T MANet (1 12 8% S 5 Lo E) 5 3k
TransMANet, N T fif 936 BUb 245 W 2% (19 IR SRR A 15
SUAE BRI T GURRAE 23 1) 4055 RO Y 1n) B, 3R TR
B S AL, AT ARG RN SCF B A L FEE
TARGAFFIE I A B . 8 T e CNN 2 4 )5 -
TR BT 1 ) B, ¥ 31 T % T Transformer 5
CNN (1) W53 32 fife i 2 , 0] DA G b 45 B 42 Jsy 1) SO
JRi s b S0, R B B AR AT AR L e L RS
T 0 2 RS Dice 51 % pRBCEX A 19 452 % pREIC, 1 I 4%
TN 2 T B 2 B 28 1) DT 2% i 2 R BB 4R 1 2 )
AN [R) R B v o B MR . KR SC IR 25 R R
Fr 5k S MANet BIAE 2 B4 DAL, A 0
PE R 43 FIRCR A R SOfF BB AR ) 5 5 A B A A
Fb, BT B B B A TR AR A AR T, LN X R A4

SERYIL 2% 2% TR LR, T B A AR L A 4 450 2
R, Ji Seoks el k9 2 45 0 30t — 2 01k 2 £ e A £t
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