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network for efficient semantic segmentation
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Abstract: To address the issues of insufficient utilization of multi-scale semantic information and high
computational costs resulting from the generation of lengthy sequences in existing Transformer-based semantic
segmentation networks, this paper proposes an efficient semantic segmentation backbone named MFE-Former,
based on multi-scale feature enhancement. The network mainly includes the multi-scale pooling self-attention
(MPSA) and the cross-spatial feed-forward network (CS-FFN). MPSA employs multi-scale pooling to downsample
the feature map sequences, thereby reducing computational cost while efficiently extracting multi-scale contextual
information, enhancing the Transformer’'s capacity for multi-scale information modeling. CS-FFN replaces the
traditional fully connected layers with simplified depth-wise convolution layers to reduce the parameters in the initial
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linear transformation of the feed-forward network and introduces a cross-spatial attention (CSA) to better capture

different spaces interaction information, further enhancing the expressive power of the model. On the ADE20K,

Cityscapes, and COCO-Stuff datasets, MFE-Former achieves mean intersection-over-union (mloU) scores of

44 1%, 80.6%, and 38.0%, respectively. Compared to mainstream segmentation algorithms, MFE-Former

demonstrates competitive segmentation accuracy at lower computational costs, effectively improving the utilization

of multi-scale information and reducing computational burden.

Keywords: semantic segmentation; transformer; deep learning; attention mechanism
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Fig. 1 An efficient Transformer-based semantic segmentation network enhanced by multi-scale features. (a) Multi-scale pooling self-attention
module; (b) Cross-spatial feed-forward network module
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Table 1 Detailed settings of the MFE-Former, output size refers to the resolution of the output at each stage, and operation represents the

operations used in the j stage. Additionally, the parameter settings include the channel reduction ratio r and the pooling factor p; used by

each MFE-Transformer block

Bt LITHIPNAN A SR
1 128x128x48 Patch Embed, MFE-Transformer blockx2 r=1, {p,=8, p,=16, p,=24, p,=32, p=40}
2 64x64x96 Patch Embed, MFE-Transformer blockx2 r=2, {p;=4, p,=8, p;=12, p,=16, ps=20}
3 32x32x%260 Patch Embed, MFE-Transformer blockx6 r=4,{p,=2, p,=4, p;=6, p,=8, ps=10}
4 16x16x384 Patch Embed, MFE-Transformer blockx3 r=8, {p:=1, p.=2, ps=3, p,=4, ps=5}

240237-4


https://doi.org/10.12086/oee.2024.240237

THs, Z5 G TR, 2024, 51(12): 240237

https://doi.org/10.12086/0ee.2024.240237

Pi(jel,2,...n), o n ML),
P; = Pooling (X)) , 2)

AHr: Pooling;(j€1,2,...n) W j JZBACIRAE . 76
2 R AERAE D, SR T — 448 1y ik I 7
pi1=11,2,3,4,5), HI, XEARERNELHE T
FOVFBRIAEAN R R AR SRR . B/ Nt Ak A
T E TR AN MG B, MR rit i
PR A Bh T3 2 0 R SR AR R e . 4%
rr AN BB BRI A 1 TR . &0 Ak RAE s
Pz [ BRI /N T Xy, I RO AL A A
RUAR T EEIP IR, 45 TIHRRCE, WP,

L R e L
X3k, Ml DRI LI SUEE . s, A
REEGARNT P AT SRARARR O EAR S, A2
RS AR EHER S ROC R, B2 T4
TERY S [RI45H , ESRFFEFRORAE ST TRl , WShngk2s
MR IR R, SENE B s, 152X
Em R P
P;’ = DWConv(P;)+ P;, 3)
Hrfr: DWConvfUH 3x3 IREEG L. XI5 P’
AT AL R:, 15805 2 RUSRHER P
P= LayerNorm(Concat(P,", P,", -+, P;")), (4)
. LayerNorm HIA—1L)Z, Concat IPHERAE .
¥ 2 RE ARV E R P ik A3k BIERE I
Yo, irEsEAE R R, BRI AR

Horpe wo o WRIWY g 200 P T AR A ih) | SREFI{E K
WIRERER . 25, EEISREER Q. K Vit
BB IR Attention

OxK"

K

Attention=Sof tmax(

)XV, (6)

Horfre VA F xS BT A . doRRE T K
WIEAERE . e, 2R AR

X.«= LayerNorm(X;, + Attention) , @)
Hrp: XuoWZ RESMAL A IR A5

3.3 B = B H iR M 2R IR
Transformer 3 # i | £ )2 J& %1 £% (multilayer
perceptron, MLP) YEAFIH 4%, (HHE23 (0] 5C R /Y
ARESARR, H MLP il 442 25 AR ORI
SR, N T RDGZIRIE, ASCHR T A5 A H 5 )
Y% R (cross-spatial feed-forward network, CS-FFN),
wmE 1b) i, HAEBEREMES 23 B3 (cross-
spatial attention, CSA) ZHi%, Rl FiANK
Xou=CSA(Conv(DWConv(Conv(X;,))) + Xin . (8)

|8, i <1 BRBEES MLP, 51445
MLP #i, 1x1 RG0S 2% 2] 54 H T 1AL
;AR RN AR R, AR
TS%, A, CS-FEN il i iR i & R S50k =
B, oS80, RN R A mgie, s
B IR

SRIG, SIABS A AR S e b i 4, s

(Q.K.V)=(X'W*, PW", PW"), ) [AEE R WE 3 FTR, BEES TR R
P
P, f
) P1‘ Yo
— Pooling, ’ DWConv }—A\ — y
P, ’ T/ ]
LK

(e {1

)
L1

Flatten&Concat

—-‘ Pooling;

P
oo
!

B2 %RERMHRM;

Fig. 2 Multi-scale pooling operation
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b T 38 IF L B NVIDIA GeForce RTX 3080 Ti i K #Y
i 55 %% o #XFF & F5Eh Ubuntul8.04 #:1E R 4 .
Python 3.6 #iian ¥ 45% . PyTorch 1.10 TR 2= I HELE
K H R R T IR UR EE 2 2] T H MMsegmentation HE
BRI GRAMERN 2% . el R, ELeH ThE
BB . BEBLIE RN (LLBITE 0.5 31 2.0 ZZ [A])
RN S VR B a7 v . X TinAEdR g, i
FH AdamW'™" I Ak 28 T BT B S 80, WA 2E I RN
2x10°, AN 107,
4.3 F4rigkR

N T RIA SO EHATIES R PEAL, AR SCRH B
T A FGUCR T O BE e AR . BEARUER S (overall
accuracy, adcc) 7 S WA A BT A7 T v i 4 A o
e, HBCRRA N

Z TP,

aAcc = n— > (12)
D (TP +FN)

i=1
oy TPERIRES i 2851 IE A 10000 45 5 1 1E 20 8
FN TR i J = B0 45 S g 08, n 2k
KL, SEIHERGR (mean accuracy, mAce) T
WU RUAE R0 R, LR 3Ras =0l

1< TP,
Acc=-S — 11 13
mace n;TP,-+FN,- (13)

-1 Dice & %0 (Mean dice coefficient, mDice) fig
S22 T 2 S5 VP B TP AR T 5 S DX 3 )
SRR, HACAREAN

2X|P;NG

1 n
Dice= -y -t 2 14
e nZ PI+IG (14

Hrp: PRMINZER P i KNG RES, GRAESE
PR i R ERES, IPNGIRRTINE RS A
SR ACERIR AL, PRG350 37 T 45 SR AN
FLAARZ TS i R R B, n 2R 8% F
Y22 3t (mean intersection over union, mloU) FH F it
SRS HARIS I B SRS 5 O A4 A 1 3S BE A
IHERZ A, HECEERIA AR

1 ¢ TP
mloU =13 Z(; FN+FP+TP’

Hrpr: TP ARRIEW IS R 258, FPAGER
TRTIUIN 45 SR IEZEBIHL, FN AR A TR T 25 5 1) 11
FINEL, mloU (HM R, RIS RIEREAR AT, BEAL,
K B FP 7 5 328 BB (floating-point operations per
second, FLOPs) IR S48 it (params) S i 517
IR, ENTMEBKR, BAEE IR, FragiitE
PRAS AL

4.4 XhFESZBFTET S

ARSCHE = A PR R A L EAT T 18 #1505
JEXT MFE-Former FISERTTE iR 0645 T HE ST iR
PR IR T ELA AT AN, AT T — R Bk
TR AB SRR B2y, LA %7 e AN R 43 X
PERE AT AL
4.4.1 ADE20K BEEELRE R

52 2 REMGAI N 512x512 439 R oPERESS S .
A% F U0 FCN., ResNet, PSPnet il DeeplabV3+45 5t
T CNN By 453 #I M 4%, MFE-Former (115 S 73 %l
WEEAR BERTE, 1525F MFE-Transformer 1Y H &
JIHLH], AR RS R B B UG P i KA R
5 RF Transformer 1 PVT-Tiny #1 ., MFE-Former
SR AR S BB AR T 1.1 M 2.1
G, mloU #IE 5 T 8.4%, 5t R % EdgeViT-
XS(27.7 G) #HH., MFE-Former(31.1 G) LLEE AL A 4570
TF A8 BB B T B ) mloUMdR & T 2.7%)-
MFE-Former FJZ4E{U R PoolFormer-M48 Y 20.6%,
{B 52 mIoU 475 1t PoolFormer-M48 & 2.4%., L5
SRR, 5 H A R I O LR
MFE-Former 4 —E M5 /1.

(15)
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%2 TR 4ZIHA £ ADE20K #0458 £ L g4 101k 4 R

Table 2 Model evaluation results of different segmentation models on ADE20K dataset

Method #Param/M FLOPs/G mloU/%
FCN'™ 9.8 39.6 19.7
ResNet18"" 15.5 32.2 32.9
PSPNet"” 13.7 52.2 29.6
DeeplLabV3+" 15.4 25.9 38.1
Vit 10.2 246 374
PVT-Tiny""" 17.0 33.2 35.7
PoolFormer-S121*” 15.7 — 37.2
Conv-PVT-Tiny*! 16.4 — 37.2
EdgeViT-XS"! 10.3 27.7 41.4
Swin-tiny ¥ 31.9 46.0 415
PVT-Large!” 65.1 79.6 42.1
Segformer-B1%! 13.7 15.9 42.2
PoolFormer-M48“? 77.1 — 427
Twins-SVT-S1* 28.3 37.0 43.2
Xcit-T12/164 33.7 — 435
TBFormer-T*" 205 24.3 42.8
SCTNet-B*! 17.4 — 43.0
MFE-Former (Ours) 15.9 311 441

4.4.2 Cityscapes ZHRAE LIS RN

2% 3 AR 5 e 0 )T Cityscapes B(dliE
FrgE R . 5 DeepLabV3+ (MV2) il EncNet A L ,
MFE-Former 4 5 #0¥% 18 B B I AR T 316.4
G F11509.4 G, [RIEF7E MR 7 LB H 4, mloU
SRS T 5.4% N 3.7%, FW] MFE- Former £ A1 7E
PREE S ER B R I, BRI EMITENE. 5
RTFormer-Base 1% % (16.8 M) Al lt., MFE-Former Rg
PLAR A5 01 8509 mloU A5 B2, #F — D HIESE T MFE-
Former 7E15 U HITS5 i HAT RAFAE .
4.4.3 COCO-Stuff BB LIEE BT

COCO-Stuff %4 4 4 & Kk A COCO £ #i 4
HSCAR B RIE S B 4], SEER s FI A5 RN 4 PR .
TR T 2 R RS A2 [RIRHERL S I, MFE-
Former A b H A R 28 X 2 FT Transformer 5275
BAs TSR . 52801500 DeepLabV3+4H
., MFE-Former 7 mloU | 4% & T 8.1%. MFE-
Former () 2 i & A1 & #0377 5548 B B0 5k
MaskFormer 1) 38.7% F1 58.6%, 1E K& 2> 2 BRI
THE B [F I 4 T mIoU(0.9%), 238 T 38.0%
mloU, SZEG45RKM], MFE-Former #5RI7E (R 55 401K
TR, PERERIME R

4.4.4 BRBZEENHT

ARF5TE ADE20K , Cityscapes fll COCO-stuff =4~
B IR 2T, REBCEROR . R R
HERR . EIER 3 R1F-1) Dice REUE TN TEH5
BEXF BA AR SE I FARF PR s s S BT Segformer-
B1 5 A1 Hl SCTNet-B BEAYHEAT XS L 73 #7, SE4a 45
% 5 B/, 7F ADE20K ¥4 I, MFE-Former (1}
mloU %% Segformer-B1 #£15 T 2.0%, #{ SCTNet-B #%
=T 1.1%. [ B}, MFE-Former £ adcc. mAcc Fl
mDice L5375 T XF HBIRL . JXAEFE Cityscapes
B4 4 I SCTNet-B ) mDice W% 5, {H MFE-Former
TE mloU, adAcc Ml mAce b YR AL, U H ZAE
mAcc LIt Segformer-B1 =i} 4.3%. 7 COCO-Stuff 4§
PE4E I, MFE-Former BERIAE 224 CHEPE BB bR L3
fiF Segformer-B1, E4&AiL, MFE-Former f mloU .
adcc. mAcc. mDice t Segformer-B1 4351 i 2.1% .
2% 0.6%. 0.2%. SEEZIRFN], MFE-Former #7!
TES R MR RSB B LT, #EA RN
IR ZR LA R 53 DX S o B T R R 4 f

4.5 AT
AICHE MFE-Former 5 15 5256 rh 2 UL 4 HL
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S G T Segformer-B1 45 7 1 PoolFormer-S12
FLRI/E ADE20K 46 4 [ SE g0 45 R AT T nl A Ak
JER, nE 4 FrR . i—%1H MFE-Former %% 4L
H o8B b o AL A4S B 575 8 K, Tl Segformer-
B1 il PoolFormer-S12 JUJ HH B 1K 75 S5 35 BE MG R 55
S W AE —FR 43 5 AL . AN, MFE-Former 7EARFEA
Y xas R T S ARG RS, SO TThkE A, i
Al PR Ak ) S A5 AR TR RS . 5 51 MFE-
Former A% HEGH MK AW . R RN L 3€ 37 b E 47 X
Sy F143E), 1 Segformer-B1 il PoolFormer-S12 7 iX

WG XSl (1) 43 ) A AR R A FUR SE 2 Ry [R) . X 2RI
MFE-Former {EAL 5 2% b5 M 22 H bk i BA
SR A HER VRN SRR . 7RSS A Segformer-B1 Fl
PoolFormer-S12 $igfAfi_E- i 1A 5 EIAEAE RIME,  ELXT b
A B ARIE5E%, i MFE-Former RERS IE # b5y
RS LR, SCELH S RIS MR El SX)
Eb A L, MFE-Former S 56 45 S 4 A4 (1) 43 HIKS BE
B, A/NERR S EIRCREL, ARSI
EINEM . XL FIETF MFE-Former £F 22 R RRME
PR 23 Al G et R fe7EAb 3 & o HE e

% 3 & Cityscapes #(#% & £ e44EA 174 45 R (FLOPs #94X /2 1024x2048 5 ## & T #47)

Table 3 The model evaluation results on the Cityscapes dataset (the FLOPs test was performed at a resolution of 1024x2048)

Method #Param/M FLOPs/G mloU/%
FCN'™ 9.8 317 61.5
PSPNet” 13.7 423 70.2
DeepLabV3+“ 15.4 555 75.2
SwiftNetRN"? 11.8 104 75.5
EncNet*! 55.1 1748 76.9
PVT-Tiny""” 17.0 — 717
MLT®" 20.1 — 77.4
RTFormer-Bas™ 16.8 — 79.3
SFNet(ResNet-18)*" 12.87 247.0 78.9
DDRNet-39"" 32.3 281.2 80.4
PIDNet-L*™ 36.9 275.8 80.6
MFE-Former (Ours) 15.9 238.6 80.6

% 4 5 COCO-stuff 38 & £ 56 3 09 8RB AT b8 (RJB 512x512 #r A #8569 BE479K)

Table 4 Compare with the state-of-the-art models on the COCO stuff dataset (testing was conducted using an input resolution of 512x512)

Method #Param/M FLOPs/G mloU/%
PSPNet?” 13.7 52.9 30.1
DeepLabV3+” 15.4 25.9 29.9
LR-ASPP®™ — 2.37 25.2
MaskFormer"” 41 53 37.1
TBFormer-T"" 20.5 375 37.9
SCTNet-B*? 17.4 — 35.9
MFE-Former (Ours) 15.9 311 38.0

k5 Z=#42% £ ADE20K. Cityscapes #= COCO-stuff 4% %& b #95-%] M 44547

Table 5 The segmentation performance metrics of 3 models on the ADE20K, Cityscapes, and COCO-stuff datasets

ADE20K Cityscapes COCO-stuff
Method
mloU/% aAcc/% mAcc/% mDice/% mloU/% aAcc/% mAcc/% mDice/% mloU/% aAcc/% mAcc/% mDicel/%
Segformer-B1 42.1 79.6 52.7 56.3 78.5 95.8 834 85.4 — — — —
SCTNet-B 43.0 80.2 56.1 57.2 80.1 96.4 86.6 88.3 35.9 67.1 485 47.9
MFE-Former(Ours)  44.1 81.0 56.1 57.4 80.6 96.5 87.7 87.5 38.0 69.1 49.1 48.1
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4.6 HELZNLS
4.6.1 RNREREAL R

FERFSE MPSA PERE A SEH6G T, 3t £k 5 i Xo) 55 75
M) RIA H BE W . N T PSS R it Ak 7 vt
MPSA PERER BRI, ASCRITT T — RIS,
WATE T PURPAR R RS R B . RS AL A |
SR 22 RUEE S AR B | SR T2t Ak A0 LA
KR 2 REEEE A R BRY . AN [R5 AN ] 26
RN AL G5 R4 6 iR .

M 6 TR, SRHZ RE R 2 R)E
SER A S A5 SR B B AR 2 RO A ) 7
7, Hopb b r ik A TN gk S8, R FLOPs
1 mloU YENIHAGTERR , PHTE ADE20K BlifEd#H1 T,
AR BEINT 0.4 G TRV S FUCE, ARG 43 31

L,:
=}
JELIE] E
Ground truth
Segformer-B1

PoolFormer-S12

MFE-Former(ours)

PR T 2.3% R 1.6%, For Ut 2 RS AL TE KT
FAMRIR, WAk TEEMIEUEE . ZRET
YAy i Ae A g th R L R, AR
B, 22 RUEP-3 it (b BE S AT S oA A AR H MR N 7
2 U R R, JF R 5 5 5 A
T, AR R A U REAZ AL T
4.6.2 AFIEALE TN

AT LN TR R AL P LA O T 22 R it
PRBRAEAE S — B B i PERE, SCmas Rnge 7 s, 3
H R FR AN RS AL RS RRAE R A RN EE . FR
FTNLE, RS (16, 24, 32,
40), HARTT LIS/ R ANIE RS R, (H xR
WU RFRARE R BE ) = AR SRR, S BOER B
TR, CHETHEUNIILER (A 4) B, AT LIRSS MERE
FAGKBA, M HRBEE R 8 B, HA b i e T

B4 REAE*xA ADE20K 3438 & b o8| 25 R TAAL

Fig. 4 Visualization of segmentation results of different algorithms on the ADE20K dataset

A6 TR TR

Table 6 Experiment results on ablation using different pooling methods

ik rarS FLOPs/G mloU/%

ki 30.7 40.8
Z R R 31.1 431

EH AL 30.7 425
ZREY-HHt 311 44.1
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IRFIBAEPERE, MAEEET 8 WY LLRSEI AT 2 N
W, AROEARNZ BRG] TR, X
5 1 AT AN R BRI A RS RLRE ST, ik TR
PUIJRIFREFE A RE ST 5 T ELIFAT R =it e A i)
B ] DS 2 S e MR A v e, (BT T AR
VEY R, BORPEREA B R L, HI iy a0
TERUBFUBMRRT R LE A0 4 (BCE . %508
SRR, Gl BRI AT A B AR R RO, R DA
ARERIHAHHAEOL T, S FITERE
4.6.3 B2 IRITER SIA RIS - I m

5 TR AR AL Rl X T 5 JR ¥ 20 SR a8 7 S
MEZ A HOBOC R BT 2 . N 1 B kR 25 (A 4R A Rl
TSR AR A H. 73 SOMIE 1 52 5.3 32 H R F B 245 i) A
NEERBIARNE, ARLEBCE T MR AU
2R |« ASCAS IIE 18 52 573 SRS S 25 6] 0
1, SEERESRANGE 8 P, Ak 8 FILIE T, dShngs
23 () 50 R Y L AN 5 o B s ) T 5 ) A T
mloU $&J1 1 1% {CASNE B 5oy S sy, i F
BOA R B 2= IE R BRI G, Se= /i e il
SRR, WO EEBA DI RART,, 5| AR =S W E T
AR 8 35 H5i 1 7RI 219 LT SCfs SR IE T
SEYAE RN, P 2 TR AR Rl 2 R SRy

RILE Gl B ARG MG Y B AR Al
4.6.4 BEATEEINSHEEE

MSHN i CSA Bl kN, AT
58 CSA HUE S N TR SE0 , i 2ok O e 2
BN DIPHAG R AR RE RS2, 55 n ke o fr
o M NBHR 16 B, W T SECRERNTE SIE R
B, AR ARELAR I 2 B B R T AR A o) B 245 B RE
71, FEERGIE Uy EIVERERR L. N 4 5 NiIX
8 M, BEIEMT 04 M, TFABERESEMT
0.7 G, {HPEREI WA H BT, R N, Ui N
IR NN 25 B b AR B RS TR R, IR S B NS4k
it M NBER 8 B, AU TR R, B
AT R AT, BB E R PR RO A A
PEZ BA R T eV, HAE 2 PG bs LA
T N 4 F 16 ENL. RIL, ARSCRAERADE N
BN 8 MER CSA BLHLAERIATL & .

5 & &

AT R BUAT T SCo3 51 W 2875 22 ROBEE A5 B A A
RIS R, 1 TR T2 R
TIE3 55 A4 e 280 o3 %) T 2% MFE-Former, 511
1 22 RUBE LA 11 32 TR T R BRI i85 2 ) i 25t ) 45 A

AT RACE T AMGEE 090 a5 5o e ADE20K #48 ) S A0R B Kl sk R
Table 7 Experiment results on ablation with multi-scale pooling ratio parameter settings and experimental results of parameter setting for
ADE20K dataset
WAL T py R FLOPs/G mloU/%
4 — — — 16 315 42.3
8 — — — 64 30.9 425
16 — — — — 256 30.6 41.9
24 — — — 576 30.5 41.3
32 — — — 1024 30.5 40.9
40 — — — — 1600 30.5 404
16 24 — — 47 31.1 43.7
16 24 32 40 43 311 441

% 8 £ ADE20K %4 & b 2355 a2 & /) 04 TR ) 40 3T
AT EY I Bk K e
Table 8 An ablation experiment was conducted on different

components of cross spatial attention on the ADE20K dataset

£ 9 J& ADE20K %4 % bxt CSA 483k & 498 A5 N 44
AHAR BHATO I SR F
Table 9 Ablation study on the hyperparameter N in the CSA module
on the ADE20K dataset

Setting #Param/M FLOPs/G mloU/% N #Param/M FLOPs/G mloU/%
NGNS 7S ] 15.8 30.3 43.1 4 16.3 31.8 43.9
A INE T 52 433 15.8 30.3 43.3 8 15.9 31.1 441

WM =R ER 15.9 311 441 16 15.8 30.8 43.3
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Multi-scale feature enhanced Transformer
network for efficient semantic segmentation

Zhang Yan, Ma Chunming, Liu Shudong, Sun Yemei"
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An efficient Transformer-based semantic segmentation network enhanced by multi-scale features

Overview: In recent years, advancements in deep learning have propelled the field of semantic segmentation forward,
resulting in the development of numerous innovative algorithms. The approach of employing extensive datasets to train
deep learning models that automatically extract features has become the predominant method in semantic
segmentation. Since Dosovitskiy introduced the Transformer to image vision tasks, many scholars have attempted to use
Transformer models to address semantic segmentation issues, achieving notable results. In visual Transformers, the
sequence length obtained after image encoding is much longer than the sequences in natural language processing. This
leads to the need for large-scale matrix multiplication operations in the multi-head self-attention mechanism layers,
significantly increasing the computational burden. This is also the main challenge faced when directly introducing
Transformers from the NLP field to the computer vision field. PVT proposed a solution to reduce the computation by
shortening the sequence length through a single pooling operation. However, the relative importance of different
elements and positions in the image varies, and a single pooling operation cannot fully capture the multi-scale features
under different receptive fields, leading to the loss of some information in the original sequence. Moreover, the
traditional feed-forward network uses multi-layer perceptrons to enhance the model's representational power, but its
fully connected architecture results in a large number of parameters in each Transformer block, and it is not adept at
learning spatial relationships. In response to the aforementioned issues, this paper introduces an efficient semantic
segmentation backbone network based on multi-scale feature enhancement, named MFE-Former. The network mainly
includes the multi-scale pooling self-attention (MPSA) module and the cross-spatial feed-forward network (CS-FFN)
module. The MPSA utilizes multi-scale pooling operations to downsample the feature map sequence, achieving a
reduction in computational costs while efficiently extracting multi-scale contextual information from the feature map
sequence, enhancing the Transformer's ability to model multi-scale information. The CS-FEN replaces the traditional
fully connected layers with simplified depth convolutional layers, reducing the parameter count of the initial linear
transformation layer in the feed-forward network, and introduces the cross-spatial attention module, enabling the
model to more effectively capture interactions between different spatial regions and further enhancing the model's
expressive power. The MFE-Former achieves mIoU of 44.1%, 80.6%, and 38.0% on the datasets ADE20K, Cityscapes,
and COCO-Stuff, respectively. Compared to mainstream segmentation algorithms, MFE-Former can achieve
competitive segmentation accuracy at a lower computational cost, effectively improving the issues of insufficient
utilization of multi-scale information and high computational costs in existing methods.

Zhang Y, Ma C M, Liu S D, et al. Multi-scale feature enhanced Transformer network for efficient semantic
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