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B OE: MEEBGARE B EARTER GRS PR Z N, AR BRI R S U B SRR T Al
YA SRR A (), AR SO T — P R T 0 R A IR SR 7 5 FDF (frequency domain filtering distillation) .
T EER T o T T IR AT B Sl e X O A AR A T 0B, e A% e OISR b A 5 A MR AU, (W)
I TEOC s Sy, DT A RS IR T G i 25 T i R A 2 0 v A v A 7 T IR, Oy itk — 2 R R AR s TR AL
SIA T MY U-Lite /E A=A, HAESH O SHEEEH A B2 i #£ LoveDA (land-cover domain
adaptation) . Vaihingen 5 Potsdam 55 3 /M@ BEIREE L MLE G LR, FDF 197354 Rk Be 4 T+ A - 35 X Sl
BTN T, HHAMERE iR KU B 8T T s, AP 58I 220 AmloU - (mean intersection over
union) Fr#EZE (1.03) L TEEZEIE 715 CWD (channel-wise knowledge distillation) (1.25) FH#H B (Fourier)
WL (134), HEG 7 HALD7 i i 2.37% M PERE T e (RT3 A0 I5 T, FDF 4fi FIH R IK 16.63 ms/Bii,
S N AR AE AR AL 2818 TFVD  (intra—class feature variation distillation) FI{H B M- 2848 5 et 4 2.5 15 o X Se 4 v fifi
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1 SRR o E S K Ve R R B . S
PRl 55 28 A e 0 25 07 Y OCBEBR T (SRR
WKL+ SEAURRITE, 2023) . AR, REH
22 45 CNN  (convolutional neural network ) FE{E
HR R IRHE A 2T B8 T7, © R 40 HE 50 G
1R 5y BN 7% . PAFCN (fully convolutional
U-Net, SegNet., DeepLab, PSPNet
(pyramid scene parsing network) (Long 55, 2015;
Ronneberger 5%, 2015; Badrinarayanan %, 2017;
Chen 5§, 2018; Zhao %, 2017) MILATAEMIAIS
REM T BB BEE T Z SRR B SR . SR,
W MY (JLHZRRSEEARD) Wil )™ &
MG 1T 4b B ¥ 58 GPU - (graphics processing unit )
S5 PERE BE R BEUR, XF N A BB B TR

network ) .

rfm B HA . 2025-08-07; FIENZR: 2026-04-13

FELR, XEMYRREE BRI TN TR ARAE
WIRZ RS (L%, RAXRSE) M)
TS RE (FEE %, 2022). N T HEPERE
AR TR B 2 > 1SR BR 8 E AR W iR & b SR Th
AR SRR, W] iR AN R R e, W
TN FIREO TR I BRI R 45 95 . H
B, FIHZEME (GousE, 2021) R AR 45 408k Y
ST

Hinton % (2015) $1& H K A 7 27 A AR AR
L [A] Hh VE R E RS pR R, R SR A R A v
B BF BT R 2 iy 25 A W 4 L T4,
T IR B S Sk T AR AR A 1 A A R )
i o 3P A2 2 BT AR R Y SR AE RE S B4R IR A
R B R, BRI R . ROk,
Gotmare % (2018) KB, AR Y i Fpr & 32 2L
FE W 25 TR Z N 2F A SR AT 238 5, T FEEAE

HEETE . A 2 A5 8 TR ARSI O RO (45 . HNGIET2025001 ) 5 RS2 A SRR 2E 4100 H (455 :2024718335)
FE—EE BN T I 1 R 18 B R fef# %5 . E-mail: dengxs@csust.edu.cn
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PEHUZ 5 FAE AR XT 455 . Romero 55 (2015)
S, B2 RS RN, B
Xof e A [ 4 e ] B MR, AT AR DR TR AR SR B
EISER R, mAR b a2 2508 2 kg
TR MR R AR SR IRE ), (HIX ST B ) &
WRETRG G5, MEBS BRI 7> HIA
J b Jg il SO EIE 55 o LidE (2017) A Liu 45
(2023) BYBFFE R IL, ELHEA R T 70 2 H iRz
KD (knowledge distillation) Jy 12 b BRE L 43
FUE S5 Al RETCHE IR B BAR RO PR RE . X 2 K g ™A%
Xof 55 O M 2 Az [ 4% 22 Ti] A REURE R i P R fiE S 3
AW, I 2R R Z a5 BT SO B
(Yang% , 2022),

AR, T SCorEME 55 TP A KD J7 3 AN B
o B, Wang%E (2020) $2 i A9 NFRIEALE AL
ZEMATFVD (intra—class feature variation distillation) ,
SV SR 1 TR0 N o S QTSR e oy i e
B § UL R 5 Yang 55 (2022) BB FI O R
FHZE 1B CIRKD  (cross—image relational knowledge
distillation) W FJ 4 R R — X BOCHE, #F—2
AR Lin%e (2024) B9 SHBURRIR
7% 1% BPKD (boundary Privileged knowledge distillation )
HRK GG ERXK R, WERTE TR
FEIfsmAL T N8 — M. bAh, Zhang 55 (2024)
$ B9 I TR 2518 FreeKD  (frequency knowledge
distillation) 1 YK 8 SO 78 51 A Z8 18 T e
8 o A5 3R RO A RO T L s IOUOC B
£ COCO (common objects in context) H Fr Al 5
Cityscapes 15 Lo BT 55 34 i 0 T 90UA 25 W) 7
%o RIS, R (Fourier) ZE4M 7k (Shi 4,
2025) 38 3t 7E G A5 4% e g 1) AU 2 1R v A R A
ASHC, ARG BT A A R PR R S A AL
B TEEETINALS TP IS T REFRCR, k2
B 1A R AR A R AR R v AT A

SR, X SE A I vk i A7 7E LA P
JaBR o (1) BUAT J7 1438 it 3R 45 T 2 4 5% R 2
th v Y R R CRRAE ZE 4R, 41 BPKD  (Liu %%
2024) Ml Fourier 7817 % (ShidF, 2025) ¥jF#
ZRMGZMIE, XFh AR R RIRARL,
A ARAG T g A o 4 A AR 20 B R AR
(nihzk . O, Bif) e dseh Hisi i, X
3 AL E 23 UL R i T AR 4[] 240 7 SR R g
MR EVE T . BOAESE (2022) BEitRy BRSCOC

I i 22 18 C2KD  (context correlation knowledge
distillation) 77 325 18 32t 1) JH 50 Ui 4S5 750 24 B 6% iy 3 14
Z R bR SO RN AT 2810, BRI T
FARR 2R B SUE B R aE f, S
G5 L 2 R 20 1 2 T S 28 08 B TR OR TR A A
Uito (2) TEIEBGEARIE L HUES T, St as iy
U AR AR AR AL & 2 W B ZS R 40 5 R R, X
SEAR R AT B T O B W ih 2 5 40, (HIH]
ARSI T R 55 RS S (s)z .
B2 . AR IR EhAF) o X MR PR TR AU i R
BT, AR RO T BT,
e 7 TP W 8 R ZE R PR IR SCRY 52~ 80
WARMBCR T, 2RI, A TR
ZRMJ7 [ FitNets 281777 (Romero 4%, 2015)
() FFAEAL A . 38 JE 2218 5 i CWD  (channel-wise
knowledge distillation) (Shu%§, 2021) AYJEE C R
A ARLLIE 2518 )71 (Phase) (Yao %, 2025)
PR L I AR 7 B ELRE XS 5 ] 24 % B AR IER
R R R B, HBR BRI B A B
AT SCAM G, B R 58 0 7% S e JR T S e 1
PERIRTER T, HET B B A, TERM
B ZEM Yl it . ASERE I, XIITIELE
TR S PR AR AR E

BEXS bR R, AR SCHR Y — o I (6] 2 SR i
R AE Y B 5 7 6 41 1R 25 18 J7 ¥ FDF (frequency
domain filtering distillation) , B 51 A E T
T HE IR P AL, 7 L 23 ] v R R R #
FLOMASE R Y 25 AL M ATORURN P, T) A 40 o) oy o A
ESEFRAESI AR RIS A B E
ML, ATERBGEE T (1) B4 Al
i AT o AR P R DI, R A 1 R RS A S S 2R TR
AP REAALER; (2) AT AALATE SN A]
PSR, WAERRAR TR 2 RN A AU
X AL, AT R AR T A RSO B R
R R T RO RS E PEFZ AL RE T

2 kS EM

UMY 5 2% LR AU DL U=Net (14 G it 2 — i
H ERLEAL N HEAC B AL . ARG U=Net S H: 3 M7
&, W DCSAU-Net (deeper and more compact split—
2023) . ACC-
UNet (a completely convolutional UNet) (Ibtehaz I
Kihara, 2023). U-Lite (lightweight U-Net) (Dinh

. W
attention u—shape network ) (Xu %,
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XA AT AR U-Net Bl E5IA TRy, k2%
2 RO MR BR A RSB
SLHPIABT B (1) TR IG5 o) 1 B e
G BTN GRBUMBE R RAFALE 5 (2) URES

RREAY, PRECH A — K T REEZ G . REE
& K IO Bk R B A AR T, R e g, AR
BB ES GEMBRW 2.1797), AR
e 1R

R VIRE I
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I Llask
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Fig. 1  Flowchart of middle-layer distillation experiment

o AR BT A 284 B B () IR e /M 120 0 2% 1R
PR N EAEAR A A5 SR e R UL 2.2745)
INGRTE MR, A T8 S AR AR, B AT 58 Ji i gk
AR Lo FI T

21 FBAEEFESHBEHER

2.1.1 BImRERIBAEIERE

O —27 A AR ZE R 1 s AR FEAE U-Net 45
PR RY () 55— R BRI 424, 2 AL R AR R T A5 25
1) 3 A A UL I R A 30 2 R A R B A, T A
PLURE % B 2% A= 1B A T 58 43 H W 1R . Romero 55
(2015) WF5ERM, AR A B v A 2 4 Ak A
HEBEAGS, A5l Af 2 (logit distillation)
(Hinton 5%, 2015), I A7 &4 42 It 27 AR B AU AR

&b
He JJ o

2.1.2 SuE iRk R IR

2 Ll 25 T o A BBV R R B R AIF B AR F 7 B
PRES BRI LR (S B, (HU IR 2% T X Lo 0 3R
HI4HTT FIME TS . Zhang 55 (2022) WFSRRBL, /N
S rb ) R A R AR BB 8 1% 3o 10 5 R 0 B A A R
FEAG B, BRI g b 1 A A Ay,
Ty ¥ ORI rp (g a7 5 | A 2R A A Sk B
TFE. BI40, FitNets Fl Phase 77 VE7E B AE/E T AT
SRR AE I A . FitNets 75 DCSAU—Net 2 i £
HIRSE4938 35 mIoU (mean intersection over union )
22 51.62%, IR ILLRIRNS52.13% (#£1); Phase
7E UNET ZUf A2 A F mloU X N 52.08% (#£2) .
FitNets J7 152808 4 JRIFAE, Phase J7 1 28188 45 i AH
PIRERRAE (AR S syt ), X SEZE R, X
PO R A A B = A oy i, P RE R HERER
FEME RN Z —
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1 FitNets 5 iR BHE
Table 1 FitNets distillation results

g R A A 2R AR PA/% mloU/%
DCSAU-Net U-Lite 64.43 51.62
ACC-UNet U-Lite 66.32 53.94

LoveDA

UNET U-Lite 64.88 53.21
FLLR AT Y U-Lite 64.46 52.13

TE = JICHL A B A IR T S R BE B A A ) 28 TR 4 2R 5 PA AR R M
iE

2 Phase TR IBHR
Table 2 Phase distillation results

oGS A 7R AR PA/% mloU/%
DCSAU-Net U-Lite 64.77 52.62
ACC—-UNet U-Lite 64.80 52.26
LoveDA
UNET U-Lite 64.39 52.08
LA AT Y U-Lite 64.46 52.13

T IICHLAY S A IR T R R HE AR AU ZR 1M A5 1 s PA 1R 2
=,

i e R ), A SR o A e
Ve RN AR IR 7 15 o 1% 07 100 P s el B A 3
(Nussbaumer, 1981) FFHFE MG AL, i@t 5
WG e 5 o3 A, #G I S TR A IR LA 43 5 A A 4
SRS 3= RN AN P DO A
FR R o3, R dE SR 56 I 5 18 O [h)
S FARGEAAE D 5 T Ah R DX S0 4 55 i O 8CHE
NG A FERAET AR A s i i R B
HP O AR DX I U R A L = R o3, AS T ik E
TETCTT G I ANBAN S AT $E T, A Al (i 25
FRFIEVE A 25 R B S 5 o

M A Rahaman 45 (2019) 4 4 9 451 315 fi & 2
o i EZY T 4 e s P o o N S RV ot R (1 71
Gy, HARMUARRAE XS 2 0 3 HAT S0 i & ik
D, o 2R T Hi 5 o A A v B R 1 Y
AR EEHE BTN, w] AR T 22 1t
AR ENE 5 A MERE

2.1.3 SEiFERERRIE

AR SO AR R Hp 7 G 5 e )2 B RRAE ] ] R
FIR N FeRO™, Ho ¢ X H. W43 5 0 FRAE 8 18
BOAFIEZS M RSF R s e, A AEREIC N S, #
AR A T

PR 30U R A1 5 2 A R AIE A 38 T 5 RT3l AN
—H, Ak e () Wix1t B (L (1)

SRR (30 (2)) 58 i A R AR X 20 il

(R E 5 R X5, FOMRIEX AR, FFhR
SPXFFEAE R

F' =g(8) (1)

F" = Resize(F', size(T)) (2)

S=F (3)

BRI 16 153 2K PRBCUR R DL IR 2 XoF TS i bR
HAEHL AR FFT (fast Fourier transform) , 1521
Uil A OE 2 AR R A Y 2 EOE T (X (4)) F
s (0 (5)).

T = FFT(T) (4)
S = FFT(S) (5)

WU PR R T, A O IE DT R AR
W M, (X (6)), HAHB RS RIER LK
L (X (7)), RBUN, iy m il B
%0 3R e AT B 0k 45 R s (L (8)) A
™ (X (9)).

Lo FEDAFE e S s,

M, = AL IE T B X8 (6)
0. REAE 1] v i FLAh X 35,

L=RXmin(WH) (7)

S"=8S"QM (8)

TV =T"" Q@ M (9)

AT P B 6 AR e IFFT  (inverse fast
Fourier transform) ¥ 2 2% [a] 8§ 45 fiF & 15 5] §™"
(X (10)) Fnr™™ (X (11)), FEREEIE—1
2 [0, 1], fEIs~ (X (12)) S (X (13)),
HHEAXWT

S"™T = IFFT(S™) (10)
Tll"FT - IFFT(TL]) ( 11 )
S™T — min (S™FT
S = max (S"" )m—lnrr(lin (S?m ) "
IFFT _ . IFFT
T min (T""") (13)

max (T""") = min (T™")

A TR RRE E 3 7 1% 22 MSE - (mean square
error) ZEMAMI o B Ly, AR 40 2% iR B, NV
IR ST RS, AR AT

N=CxHxW (14)

1 C woH

SIS N (s ) (1)

c=lw=1h=1

2.1.4 SHEERE R [Ei%EL

TERRZE R T, FDF J5 12 649 H AR 2 4 B
BISJAHIY . W R WAL 55 2 00 B A ARAE R AR L 1

Ly, =
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FEAf A . Gl ARAE, NS S AU X SRR
HEIGREBRRRRE R REMK, HHEREE
A G e B BE . 2 A% Al v Ak ]
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JI R 2 S A AR B, AR R i 2 A
55 9K S i PG e A A A A A R I
BV A o SO e R R R A BT R ) AR Gy, R
Fh S0y PR BB RE R PR E

ZEAERHIE

FUTRFAE JFAFAE

il EEL 2 4
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IR e AR
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Fig. 2 Frequency—domain filtered loss function flowchart
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BORSMETR e, AR SCETT T — ik T I PR 45000 dak
e IR TV o TR RS SRR . R R
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L P 5 AR N 2R A DG BT, [R] I S B IR L6 75
Ji i VT A5 % THTRE B R AT BE X MR R Y g A
i

TERARSCB A, 1 Yoo M i SR 44 A A ek g
AR . AR I (x,y), HBUERE R N

F(u,0) = F {I(x,y)}, FI{- )R _HEEHA LN
A, RIEEEE LR P (w,0) = | Fu, v) |20 lic3
WA L (Parseval) 5EFH (Proakis A1 Manolakis,
2007), 75 BRAGHABH AL AR ST, H

2 1
;“(x,y)‘ = Tx WMZVP(u,v) (16)

KXrf, HxWRE AR BB, H. Wi B EG
S P

AR LA TR M (u, v),
RoFZ28Re [0, 1] FRTEBI AN FEHZ R
SPRYEE B (BUE S B 0—1, X R 0%9—100% A
KAL) . WS B Y RE R LN

E(R) = EP(u,v)XM,A(u,v) (17

zP (u,w)

1 3RS T4 0 B AL EC 100 5K T 46 EHE
PEATHIRGE T 0B e RN (B 3—5) %
B, 3 B R I A ek e o 4R v AR X . R
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o X —IGR T w453 138 6 IS e & Ry
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Fig. 3 LoveDA Dataset energy mask distribution curve
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Fig. 4 Vaihingen Dataset energy mask distribution curve
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Fig. 5 Potsdam Dataset energy mask distribution curve

BT Lk br, ASCHE T 4TRERRE N
B, LLRGEVFAG UG O/ B L BE X 28 IRV RE RS2 R

(1) FDF (fi%): 1R 295% et . Lo 81
i E LRSS AE B, X R R 10%—
17.3% (RIEEAEEIEE) . (2) FDF (). fRE
27 98.86% Mg, Gi—E RN 50%. HHHTE
5 B AR B 5 M 8 B 22 () BRUAS P . (3) FDF
() : PREEZ99.65% EER, Gi—E RN T5%.
UL 2R A ) T AR B B 2 A Al T . (4) FDF (5%
). B 100% HIRER, B R N 100%. 2% 5I1E
S FEL XS MR, AR A T RS g B . % ik
H 5 FitNets A o 5 g5 200 5 #ERR R /Y
X 2R AN 3% 3 s o X R Enl DLES BCE 4 L —
B R B K E IR AT He A, TR SR T R 4
[i] P T A R 2 5
3 BBAINSHERIMEXER

Table 3 Correspondence between energy levels and

mask sizes
fEgUN ARRRBER LB/ R F (R) 1% filiik
SLAk 100 100 SEREAE LR
= 99.65 75 JEIE SRS 7
oL 98.86 50 ST A O B
ik 95 10—17.3 FHAE

22 KEE

221 ESHmEKEE

S E R AR RS BBRR R 2. NI,
LR AR A I Zhad 72 P 75 B de /MBS T 45 S 5
HARREREZ R ES, %255l b g
EHAE R Rgk (L) (MaoZE, 2023) #E4F
i

1
L= HxW z

h=1lw=

K, CE () FoRs U %, HFW 5351
K EMG R R BRI SRS, HRHIEL, vy, B E
(h, w) Z5H] e B HMI (one-hot) 5%,
Z, . SRR 2 A (logits), o (+) £oR
softmax PREY .

2.2.2 FNBEIBEER K]

TE R FH AR SCHRE H B4 i e Ak 7 208 TR AR 0
Ve, 2R AR AL B AR RS 2 [A] s e e S
R B9 LA DA S NSO RS RS B9 i . R,
T SURARP R REL (L) FAESS IR 5288k

C E(yh,u,mo-(Zh.u‘,c )) (18)
1
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Lo,=0—=A)L,, + ALy, (19)
K, L2 (18) & MR ZE Jsc XUtk
FH T ff O 20 Az 1580 2 ) JEAR 1 o S 43 E B
Ly A2 W00 107 3 400 2 A, T JOUASE B N 2 A
LAY 28 3o 0 Sl B S ) T e R AR RS A, A
I (15), BAES] 27 R BRI 5 5 2 isE AU
PR B OCHEZS M 15 B s A R 2R IR LR ALE &R
B, VR 200 A Y R A RS N A AR AL
ZRTTRRRR B o AR, 2 A AR R ) T A
DI ZOMARAE s A EER /N, D0 AT 55 4 2% 2R A 7

=
3 SLEGIRE
3.1 SLIHIESE

3.1.1 LoveDA

LoveDA ¥ #8545 H Z=i~F (2018) ##E, BIE
VAW — 2 B T B R A PR R
FKEEHGE NV . SRR AmME . HK. AR
W, T SRR 5987 5K 0.9 m Ar HEER AT 2 IF
SR, HIE 1024 152 Ex1024182 K, X1V 166768
MR Z NG, 15 e L8k
oL RS TEMS. KR, TEHL . ZRAK. Al b
KIHERIX, WE6 (a). NEEAMLRAE G
— I ARGE, SRR R IR 2 256%256,
I 10005k . 400 5K, 400 5k K 4r MY ZR4E . BRAIE

JF B & b

B CE X KAk

£ ALE .
3.1.2 Potsdam

Potsdam %41 £ H [ P £8 52 W & 5 3 Jf e 25
ISPRS (International Society for Photogrammetry and
Remote Sensing) a2 & A0, AL 385K 5 cm 439
FRIML BB B R DSM (digital
surface model) . H—1LEF R AR AL (normalized
digital surface model) , JGIEHE LT, &, ¥, T
ZLOMYR B, A R R X E T bR
635: ANiEJLRM ., EH . MEMBE . FIA, K
LA, K6 (b). ZAHRRRZHE 1 #H 8T 5k
REEJG . 315 608 5K 256 15 F x256 8 R (152 144,
400 5K . 104 5K . 104 5K BN 2R 5 | B b5 |
MR, P LSRR SR A R FR DR AR L A 7%
ACR .

3.1.3 Vaihingen

Vaihingen £ 48 52 7 [ [E PRk 52 W 2 5 18 8
25 T HEE URRIETERE (ISPRS 2D Semantic Labeling
Contest) , 1% 335K 9 em 43 #ER [ ELIE 5248 TOP
(true orthophoto) J [A] BB () DSM . nDSM, St
R IE AL, Sk, ELLAN SR B, XA T E
S P A T SR E BRI AR N . B O AR T 6 36
R S BB, R WA R, W
K6 (c)o ASSCRHIME BT 11K IR E T J5 R A
F2561RF 256 1R K, ARG 84 sk Rk, Hrp
638 5K T UIIZR, 1135KHITHAE, 113 5kH T,

COes COHkk EEws D b 0 R0k i

(a) LoveDA ¥i#li4E
(a) LoveDA Dataset
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(b) Potsdam %5 5
(b) Potsdam Dataset
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Fig. 6 Experimental Dataset

32 ZLBSHIEE

SEEAE DL AR PR T AT BME RS
Windows 11, Python 3.10.15. PyTorch 2.5.1, CUDA
12.4; B# {F BC & & AMD Ryzen 5 5500 CPU Fi
NVIDIA GeForce RTX 4070 Super GPU,

KA S B E R 4, Tl St b 1
KN (Batch Size) W N 4. & Kl 2k J W
(Epochs) B 100, MBS % I8 T %6 4 ML
R A2 R (U-Lite) BEPRAU SRR . A
RUOE ALY Adam I 1B 4 (Kingma Fl Ba, 2017)
(Z %80 hB=09. B=0999, £=1x10"), FH K H
10 B 27 ] R B (Warm—up) .

F4 XBNGBSHIGE
Table 4 Key training hyperparameter settings

2 e HRZERIN
AL FE RN 4 4
2R {0.0003,0.001,0.003/  {0.0003,0.001,0.003}
SN ERHEY] 100 100
ks Adam Adam
SRR S UTILE 10 10
FRIBIVRALE A b {0.1, 0.2, 0.3}

e 2 YN Sk H =2 M R AT U Sk,
. (18) FrR. 2#3J3RAE 10.0003, 0.001, 0.003]
B PN EA T A% 2 LA 2 de A 1
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AR ZE IR I S5 2 A= RS R0 9 5 9 2 R B e
W (19). MR ERE HRRWZEBMACE, &
SEgXFeE ) (JERR L, S 10.0003, 0.001,
0.003f ) FIZEBPRANEAL (F£ {0.1, 0.2, 0.3}
JEEIN) #HA7 TR A 4E Z (Grid Search) o

3.3 EEEMrIERR

TEWE o EUE 55 b, UERA ML PP AG A A M e 2
i S B O A B DG BEER T o S T 4x T HL
AT AT 2 5 R RE Sy, ARSCRA T
1R EUER R PA (pixel accuracy) . “FH4I32 I b mloU
(mean intersection over union) X P Fj 25 #L (1 ¥4
PR
PA g 8¢ IEA 73 S A5 SR B0 BT A (5 R 0
A LEB, AR ER 2 B R e SRR 3, B
(R IR o BRIy, Al
PA = e (20)
Py,
K, pix, WIEWH SRR R, piv, WITAIR
ES 18
mloU 1 i o 3 AUk A B ofE B2 i FE b, 3
HEREIPAELN& H AR DY 0 FISCR , RSN
AT AT A T R RISy, AUl
1 . TP,
“ﬂOU::(k)><§£(TPi+ET{+-FNi) (21

i=1

A, kRFEGEE, TPES i KA HEIES] (True
Positives) , 1:1\11.7\'511:%r ISR (False Negatives ),
FP &R i 2B IE A (False Positives) o

3.4 SLIGHERY

% F e 2 G A 35 8 R UG BT A6 R AIE 4
BT AR T K B AR, MR R &L
B BRI IR 55 F )5 S2 IR R IR oY, AR
0K B 2 AR ST ek iR AL B R N T
S BT 55 . X BE BRI T U-Net 2244 E 1748
b, FERFFEAGTAE 2R, I T ab
RS T . HARBIRISHN 3R 5 s .

FO6RIR T 44 LS BRI [ 86 5 i PA
JomloU, Horr, U-Lite B 78 65 485 8% 1% 19 2 % i
(0.88 M) FNVF iz (3.30 GFLOPs), m A
MR R AR L, JF B LG5S
Bom R BRI A I 35 250 . X PP R RE 25 HE R
PHITR R A8 i AR AR T WA 4 1 23 ) —— o 5T
B RABEAL (ZLUMAEARY) B S0 TRk 2 T 4% b A A

(ZFEBIRY) U-Lite (P fE. 453 ACC-UNet 1517
(1R R A 45 B3 T8 R O JiE ACC—-UNet 52U ER A
WIEE 1/4, SEEWD R 1.1 M,

®5 HESH

Table 5 Table of model parameters

88 2% A 28 SR 7 M85 5 /GFLOPs
U-Lite 0.88 3.30
DCSAU-Net 2.60 26.32
ACC-UNet 1.10 15.48
UNET 33.05 220.77

xo HESERBE

Table 6 Model segmentation accuracy

e S o 25 5741 PA/% mloU/%
U-Lite 64.46 52.13
DCSAU-Net 67.94 56.25
LoveDA
ACC-UNet 68.65 57.26
UNET 70.35 57.90
U-Lite 76.01 53.78
DCSAU-Net 78.61 58.34
Vaihingen
ACC-UNet 76.80 56.10
UNET 79.07 60.88
U-Lite 76.77 57.25
DCSAU-Net 77.21 58.96
Potsdam
ACC-UNet 74.95 56.29
UNET 79.05 61.36

4 SLERETR I

SRy T A T VA SR R 35 N TR 2R A T 1 A B R
AR L) 53 FUAT 55 rh MR S LA 3, AR Sk R
TERET LAY DCSAU-Net . ACC—UNet #1 UNET 1
SRR U-Lite fE WP EEBRL, H
T3 MBI BT — AR A G, IFHAEI DA
[F) Y e SRR AR LR AT 1Tz Ik, DA IR
PR A R
4.1 SUEIFIE A EHR KIS

4.1.1 BEEHMILE

RRFE AL IE T AR AR RT R 2 A BT
RS2, ARSCERAEA R e 90U N b7 2818 55 5,
P AR IR R R AR 740 T AR RIE T
FOWRAER) AT AL, AT RBR/)N, A 5 252K B
JEH
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Fig. 7 Visualization of frequency—domain filtered features
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Table 7 Ablation experiment results and accuracy statistics of the FDF method under different energy levels

ik SEH APA/% APA bRifE2E F AmIoU/% AmloUbRiEZ:  HARARPRBUEEL  FEARMILT IR B AL
FDF (584 ) 0.38 1.08 0.36 1.46 5/18 4/18
FDF () 0.55 0.69 0.66 1.19 7/18 4118
FDF (1) 0.45 0.40 0.77 0.52 4/18 5/18
FDF (%) 0.00 0.86 -0.30 1.67 2/18 6/18

MPERESE 25 0 Hr K FE, FDF (5) RUBRETERT
A lCE B, LR AR AR T R o W
HAEPA BT IR 5] 0.55%, H A5 bRk
R PR T IR B Y N et FHEMRBE K
R AR R AE A [F I 5 | A B sh, B F A
A2z ) 2 5 HR HIPE R . M2, MEEE
TRERARHT, P2 AmloU 3 T {8 (-0.30%),
TR MR 0o T R AE 2 3 SR N S 4 1A
AU AR IR BE

M E M S B k A, TERe MR E M
SR A VA T SRR B OCHE, AT ok W 5% APA Al
AmloU A A5 E 22 K JE4T VP4l . W52 7 BT /R, FDF
(@) ME AR T 145G, APA 1
B 22 F1 AmloU ARIEZE O T FDF (th), KB
HAEAFE = N RN, BARIFmeE
Bk

4.1.2 ASEIE3TLE
AW SIS AE 3B N 3 2H B —2¢ A= AR A

HEPILT, Gt T Ak (L8, fufifts
T RAlSE 5 i 5 i) FEAS TR A BUE R B d A PA
B8

TERAR M Hreb, N 8 R, A B 0.3 I 3545
TREZMEMEE TS (321K), EWHZSHLE
TEARMFFAT 55 h B S LE A ERE . A BL0.1 0,
BAAEBEEC 28 Wk, 5 A BR03 AL, (HHS)
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Fig. 8 Sensitivity analysis of models to the distillation

weight coefficient A
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Fig. 9 Sensitivity comparison of methods to the distillation weight coefficient A
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Fig. 10  Attention maps and prediction result maps of the U-Lite model based on the LoveDA Dataset
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Table 8 Cross—dataset performance comparison of knowledge distillation methods
o LoveDA %4 Vaihingen 454 Potsdam FU(H4E
ik PA/% mloU/% PA/% mloU/% PA/% mloU/%
T:DCSAU-Net 67.94 56.25 78.61 58.34 77.21 58.96
S:U-Lite 64.46 52.13 76.01 53.78 76.77 57.25
+IFVD 65.27 53.10 76.60 55.11 76.72 57.11
+CWD 65.12 51.43 76.49 55.34 78.17 58.58
+Phase 64.77 52.62 76.21 54.82 77.87 58.71
+Fourier 65.67 53.79 76.66 55.09 75.55 54.88
+FDF (ours) 65.84 53.81 76.35 54.44 76.25 55.62
T:ACC-UNet 68.65 57.27 76.80 56.10 74.95 56.29
S:U-Lite 64.46 52.13 76.01 53.78 76.77 57.25
+IFVD 65.30 53.32 76.19 54.52 77.91 58.21
+CWD 66.66 54.03 76.15 54.63 76.62 56.63
+Phase 64.80 52.26 76.23 55.19 77.53 58.47
+Fourier 65.56 53.26 76.38 54.27 76.61 56.37
+FDF (ours ) 65.31 53.27 76.03 54.27 77.76 58.00
T:UNET 70.35 57.90 79.07 60.88 79.05 61.36
S:U-Lite 64.46 52.13 76.01 53.78 76.77 57.25
+IFVD 65.01 52.90 75.90 54.19 75.90 56.78
+CWD 66.28 54.54 76.63 55.09 76.84 56.22
+Phase 64.39 52.08 76.08 54.26 77.64 57.68
+Fourier 65.07 53.00 76.70 55.31 77.00 56.90
+FDF (ours ) 65.90 53.70 76.61 55.17 76.58 57.14
T = IOHACT R AR AR 1 e A2 5, TARR BRI, SARRAE AR, ours FRFA IR Jr 1, R FDF () L
x99 EBAEENELZNBERFASREMS
Table 9 Accuracy gain and stability statistics of different distillation methods relative to baseline
ik FEAPA%  APARRIER P AmloUs% AmoUBRIEY:  IRORIFREUARL  HRRIE T IR0

IFVD 0.34 0.62 0.62 0.61 1/18 5/18

CWD 0.80 0.63 0.82 1.25 6/18 4/18

Phase 0.42 0.40 0.40 0.56 5/18 2/18

Fourier 0.39 0.73 0.73 1.34 4/18 5/18

FDF (ours) 0.55 0.69 0.66 1.03 2/18 4/18

T IR SFACA I TR bR i doe R 45

FR10 FHBHERRERFER IS
Table 10 Inference latency comparison of distillation TR 52 1A P R 1
methods .
1K A SHII s frif. X—
Fourier 4291
IFVD 46.58
CWD 2.99
Phase 6.51 5 é:plf ib
FDF (ours) 16.63

P
TN

7
i ENES

PR, FDF J5 ik U85 T H R4
AEEE . BARTERR O SRR BEE M X7
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R X TRE R R A AR B N H] T 592 PR
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Distillation method for remote sensing image semantic segmentation via
frequency—domain filtering

DENG Xingsheng,LI Qian

School of Aeronautical Engineering, Changsha University of Science and Technology, Changsha 410114, China

Abstract: With the increasing deployment of remote sensing semantic segmentation models on edge devices, achieving an appropriate
balance between segmentation accuracy and inference efficiency under limited computational resources has become a critical challenge.
This study addresses high-frequency noise interference in front-end encoder features during knowledge distillation and aims to design a
reliable and efficient distillation framework for remote sensing semantic segmentation in resource-constrained edge computing
environments.

This study proposes a Frequency Domain Filtering Distillation (FDF) framework. In the Fourier domain, a central square mask is
applied to the teacher and student features, enabling selective transfer of structurally meaningful low-frequency semantic knowledge while
suppressing irrelevant high-frequency noise components. For the distillation architecture, U-Lite, a lightweight network with compact
parameters and fast inference that has been validated in medical imaging tasks, is used as the student model to ensure edge-device efficiency.
Comprehensive experiments on three widely used remote sensing semantic segmentation datasets (LoveDA, Vaihingen, Potsdam) are
conducted to evaluate the proposed method.

Experimental results indicate that FDF provides competitive performance gains and stronger training and inference stability for remote
sensing semantic segmentation. Specifically, FDF substantially reduces the risk of performance degradation: the standard deviation of
AmloU is only 1.03, which is lower than that of CWD (1.25) and Fourier (1.34), and it avoids the maximum 2.37% performance drop
observed in other distillation methods. In terms of efficiency, the FDF-based model requires only 3.3G FLOPs of computational overhead
and reaches an inference speed of 16.63 ms/frame, which is about 2.5 times faster than the IFVD and Fourier methods.

The proposed FDF framework effectively mitigates high-frequency noise interference during feature distillation for remote sensing
semantic segmentation models, and its integration with the lightweight U-Lite model further ensures model efficiency. By balancing
segmentation accuracy, model stability, and inference efficiency, FDF provides an effective, reliable, and efficient technical solution for
deploying remote sensing semantic segmentation in resource-constrained edge computing environments.
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