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Abstract The task of crowd counting in the field of Single Domain Generalization (SDG) has still
faced the challenge of balancing model efficiency and generalization performance. It is because the
existing SDG methods for crowd counting typically rely on complex network architectures that
increase computational burden and limit real-world deployment capability. To tackle this issue,
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this paper proposes an innovative lLocal and Boundary-aware Lightweight Single Domain
Generalization model for crowd counting(LB-CountX), which effectively resolves the co-
optimization of efficiency and performance. Firstly, A lightweight network architecture CountX is
designed to reduce parameter significantly. Secondly, a Criss-cross Attention (CCA) mechanism
is proposed to enhance feature while maintaining low computational and stabilizing training.
Thirdly, a novel local-aware loss function employing dynamic weighting is designed to distinguish
local crowd from background, which always fails by traditional global loss functions. Finally, a
boundary-aware loss function is introduced that markedly improves boundary detection accuracy in
dense scenes with blurred crowd boundary. Extensive evaluations on SHA, SHB, UCF-QNRF,
and JHU-CROWD have been performed. The experimental results show that LB-CountX, in the
context of cross-domain testing from SHA to SHB, achieves a 60. 3% reduction in the number of
parameters compared to the latest single-domain generalized methods. It also reduces the mean

absolute error (MAE) by 8. 8%, balancing between efficiency and generalization can be obtained,

which is essential for real-world deployment of crowd counting model.

Keywords

perception; boundary perception

1 5

[l

NBEH B AN E B G i ) B 22 5%
PG O Z W T A e 4 U I AR 2SR
SCH WA G PR AR 2 . SR IR RIS
i Z AT — A SR, AR SR S s Bk
(SR SRR L B 22 B A7 G H 25 28 H .
RAE R R BRI THRE A SR TR R0R  (H R
BARRSERY R 4R AT AT 2 S EOE R Y o S e X —
() BAAE B A AR EE T 3R IC &

MR RZENBEH B 58 7 A AR — A =)
B, 3 A i I 2 4 -5 00 42 Al DA A [R) ciE 2 Ai
AFELBR R A, B T 7 R LR &
RO AE AL T S S AR K 25 M, 8K
P CH AR 5 U1 280 QR38O A7 825 o0 A 22
FoX o REERIERE R R RAEA 2K
SRURE S R E TR S I IEVE N EZ S d N EE v oL )
ML S B S 5N B

BE X VE R R Ak IR) R, 22 FUER N T BUE N
(Domain Adaptation, DA) Fl 4 7z 4k (Domain
Generalization, DG IS 1% . Cai 58 N4 H A3k
F 2 1 7 32538 3 A ] 2D B AR OC R T /55 R A
P /Nl ) 22 B, ORLA SR M kX B AR S s s
LA , T BOBE R 7E S Br 7 FH 38 8 B AT 8 I
B R AL A S PR

FHEEZ T s AR B bR s 1 DG 773k R 81

crowd counting; lightweight model; single domain generalization; dynamic local

WA EE . FE N Qin 58 AN AT
P Kim 28 AV Y LIDAR S C/r#] . Hopiy
Pk 02 B Ak SDG 3 5 A T 28R
FRXF BT A AR Cln A 38 R U — A6 Sfe 2 TR Y
ZALRE ST o X AR 1 S B L B T AR A
5 SR B R TR BRI S SRR N AR B

FE IR A ARSI, )R A SDG Jr ik
TERERLZ AP RE Dy TS T — 5 iy J L U Peng %5
R B MPCount (3 TF0AZ B B HERAE 844 Al
Du 25 A HE B DCCUS (I8 %) 43 5 1E A8 45 30)
J5 ¥ o AR 3K S T v At AR 30 B A A% R e 1
VGG AR WE Ry 4%, 3 307E A2 FR 375
S 7 52 B E R 2 . X 3k — S B PR) R, AR
ST BH AR T — iRl 3l 285 R A il LB
ML R 5% i A S0 A AR BB, 3 i R ek
I £ G BT R R pRET Ak SR T BRI R
PEREDMFI AL o A SR =B HT srk rT I 98 R AR
DU 77 1

(DARSCEIT T PRS0z (B Ge TR A
LB-CountX, iZHEZL 5| A T 28 L F & S L] CCA™
Ff th 22 ROBERFAE RS SRmG ARG T R A
RIVERBIRRR N . SCO0 25 %M, 7€ SHA—>SHB %
S SR SRR T 60. 3% M MAE #8454
iK1 8. 8% HIMUEFL .

() MR THR AL M AR CountX 12 1k
PERE A SCR T T A R AT T
BREAYTZ Ak o IR 28 A 1 4 Jg JER 0483 2 Yoy 3 X 3,



468 it A

Pl

L
&

Eitd 2026 4F:

SR T 800 SR U I, 2 AR S i ST
DXl R 20 A AL $2 T 7 AR X A IX 45
5 BEE ST, R B AR T A

(3) BAR SN A R BB e B T T A Az At
FE s 76 R R DI A G T L H S A B AT AL
HRETRD XoJ 4% A () N RS T30 4 7 300 A6 T ASORY] (i) Rt
S B A Y TS 0 v T R IR R 2 Ak
fi%e R, AR SCiE T BN 0 2k i — 2 P TR R
POPNSUE S ORAET I L C PN SRS walll W) IREN ViTE
HED , [R] B AR AL P AR 21— e 32T .

(DA SCHE Z A% HONBE T B8 is 46 1 it
T T 5 . 78 SHTech™ . UCF-QNRF" F1 JHU-
CROWDH -+ | iy S B0 25 5 50 43 e B A SCHE Hh 1Y)
J5 R AR AR B R A2 Ak ) B L M BE A RS A0 B 4
I A 7 B (DCCUS/MPCount) , i#f— 45
HEBH T AR SO IR R R R Mz AL PR Ry TR B T
— A A

2 MEXIE

BEX ARG ITER
UG A K TAESO) T 827+ %% B2 1 3 kG
o AH A a GO R T Tk — G ) 1 v R R4S A2 6
T (AR SRR A TS AR
BB A S B 2 HAT e e S R R AR IR
ZIRA NG A s SR, BUA WESE ik
R M R R A 2 W Huang 58 A
P Y IR R 1) A B AR T e AR A
ARG B o (H G AR R T BBk R 0y sz b .
WOz AR )0 TR ) s B AR G 20 E
Bl FESEBRN Y AR A A R B i A
[i) S Jo P A S A M L SR AR 01 L £ 5 R )
Wz ALRE 1. BT LR R AR RE TR
R PR AL, U T R A I B 93
DUKS B Rz AR ) Z [RS8 RS PE Y
J7 AN AR SCHAEE Sy A0 S B g FH $ AL
T R R T 56
2.2 ABHTERIE BIER

B H 38 AR TR T AR RO Az A e
T8 R 114 6 25 0 4 He A5 N Tl ) /A B 0 AR v
S PRTE A B AR R A S s AL (R,
i Wang 48 NV Y J7 BN B bR S8 L A
TE A B 2, Wu 25 3R Y 3l R AR
(MoT )i i 25 4 Y| it i) 3y i B8 7 s 2T IR 7

2.1

T 28 85 B 4 45 PEAR B X B 5K Uk RS AT sl 8
s FEFRREA BB T 55 Th IS T 28 P i
. LiufE NP4 E B AR EOT RS T
— PP B W A 2 R G L H AR [ ) A
DACHEERS  UE B T2 0 R AE R 2= 2 s b i)
AR

JUE R, 1 0 7 4 AR R i R AR R R R N
T HIPERE L AEH H AR 0 O AR A AE L X
P B AL U SR B AR Iz B o S s R R T
BORS . X —Jm PR B A T T ELBR AR 1 B
ZALBIEGE IR, RITE 58 4 TCvA AR L B AR SUEUE 1) 2%
PF T SRR 1) B5 5k fh e
2.3 AEBBTHMREZL

FETT AL 58 UK, PR 58 42 T R H Ak
BEIEAT AR B A Ak 380z A AR He s 1 3 B AL
Pkt . AT B A T 2 L SDG X — FivRE
], BAE B — PR AR AR 1 I hAsi 7y, iR A L
RN Rz ALRE J1 . SDG 45 R B 1 2 MM AT
55 v J B AN H 43 2R Zhang 5 Y
P&t 0 BRI A0 T s 1 S RV ik X
WA LT TRz AkEe ) . INIE—fb 4k As
W AR, B2 A D N 25 H
B ARG R 2 ) A AR e AR, B
D5 I MR Ab AR T TR A R
FHPERER I .

EEXF AN BUT 55 B SDG Jr ik EZ 2
Flf R gk . DCCUS J7 ik ok G2 > w4
VRN 25 R0 43 AL T I 2R A e iR iy 1 L o i
ROGCAZA B SR AN A FI R (5 B . 1 vk Al
e T ENEAT S5 1 id A2 HLD 2 MPCount
D7 BN W AFAE A AR R, — Rk e 5 R
i 25 AR T R, 02 M VR IR AN 2 3 A BT
K-Means R0 F I 23R Z R HEBEZ T,
MPCount 3R FH 2 5325 5 W i DR 2 O L -5
AR — O S BT 3800 43 2 AL A, X7
ARG e N A TSR R

YT IA SDG kYR T ESEN VGG M
LR VE SRy B T N 4, T E I 2 T S PR R T AT
PEo AXEHRAZGEHHIRE T REHRSDG AR
BRI ik . AR SGE G ASE R L]
Feoe ALY S AL THZ AL, A0t b ik i T 8h
AR B R i BN K . 7E SHA—>SHB 5
B P SE S BRI T 60. 3% [ BF MAE 45
FRIEAR T 8.8% . SZEGHFEPH , 1% )7 4F SHTech ™.



21

JEIWE D555« 75 Ry TR U ) 4 e G B A BB 5T

469

UCF-QNRF" 48 3Ly Bl 46 T 343k 2 /e iz 4k
PERE T IEZ FR 3755 T B St AR it T4
SF Y E % Ny
3 F i

AR SCHEH LB-CountX 5 , il i 148 4 ™)
AR5 B AR R o A S R T
RTINS 3R GRY T A E 2§ U N 0 I S i b uN .
A NSRS T BB BT TR M e, AE AR AR
BCRFNZ ANE 2 [ SBT3 0~ L 76 R4 B A

BR[O T ABHTEUSZ (ot o 4 1
P 1R LB-CountX B4A4 4 3% = A0 46
. B RO R E YN CountX, 45538 X
RN CCAM S RIYI G AR e M. R,
AWFFE R AE DCCUS ™I fith b E A7 ek , A B8 A
i AN A8 43 & (Domain Invariant-Branch, DI-
Branch) Fl £§ 2 38 4> % (Domain Specific-Branch,
DS-Branch) » 3% P> 73 373 51 T 3 U A 2815 2
MR EBE R . BJa . AR BT T 38R
PSR 2R 5 i FHEAR % 2350 T DR RN
D303 A R NRE 21 T FO AR )t

e ™

{ Tl b EIRE S

O T:, i SRS Li o

B . D km l :
P \‘. ® e fil 7 W[ wy [ |
f | . . | h‘\;f—l :‘-’ ‘:) 1(‘].-‘ g |

:H: ‘\Mmﬂéi.,‘ﬁl‘k ®-7 . 7

o TLllERAE/

ey

WA S

[ s ' \
| e |
|-" il 4 _LI
[ e . |
" kg /

Bl AR e

3.1 BREANEEASTEEHE

T L A N BT EO AR A — o R PR
A P J7 B MPCount™ ™ F1 DCCUS! ™ ¥4 4% i
TR RN VGG B a5 T M 4 S 3 Al
SRR e K HAEBEACRART , 7™ 5 1 29 S BRI FH l
i1k AW @it e, 5] A
ConvNeXt-tiny ™ 45 HAE hy 14 H w55 2408 T 9 4% 35
filt s I 51 A S L& 1AL CCA™ LA FHI 252
FEPE R RLZ ARPE . SCIRSE IR R % AR
S FRURE B2 1 [R) B RIS T 31080 A2 4, Sl T AR Y
RNZANE Z [ BT 0 P-4 R 8 e iz b
P B R ARt T AT R I T — DT
Uz A AR SCIR T T sl JR B B b1 2 Ay A
TR B A 2 > I e Xof Jey i DX 3k 118) 56 7 A
SUREOF alll 8

3.2 BEDEBEAMaFEMBKL
3.2.1 BhAJRFREIR

FENFEH R T o3 T ok A O i 22
YER A i e , ARk N F .

2

Eg/r:/m/ - H denpmz - deng, @)

1
Horp o NG RFINZRIEIR B den,,., 22 BT
(R FE I o den o, %o IV LS5 FE I

SRR BUAT 4 SR 0 R M LUK TR 3 J5) 38 5 X Js
AAREX S 1 AN SCHR H 2 25 SRy R I R A 2k
i 5 754 B3 1% [] B 5 32 22 Jag 1 JRp 305 A DX S RS AE
FH ORIFFE T 2 B L SR FH 2B A8 5 125 494 SR AL AR %) )
TS R ST HOR BE A R Jay o8 X OE A
Ay (Al 50O WA YIS B XS X — BB A7 ik
FIABHZS AL 38 1 B 2 A7 TR A 2] 2
FIT SRy #8 DI AR 7 A o DT 82 T R A A 2 .



470 22 W - S R S 2026 4F
K 2Ca-d) Frs , 5l A sh 25 R BBt 2k 5 » N4y WA 2Ce) Frn , B 0K B 52 R 1 2% B P 43 5) K1) 43

A 14 J i X A7 R 22 A 2 R AT
B AR
B2 R BRI R (8 BARSE B o = A B

Bk T A0 K bR

R H/K X W/ KAy D, B 5 13RS XY
LyBRZE . fela 5T 5 AR X sl i ARG 3h 45
SMECRCE . e

(el .IJ {’U’Ilb
2 shaS e s Bt

Z‘Dpd gt(')‘

|R | &
(2)
Horp, Ry RN kA R0 X35k | R 0% X 38 19 1%
R w, R YT B SR E ER 5 H/K X W/
KA Jry & DX 3l 2 5 A — A X300 1 ) AT T4
VER JRr i X RO T (9 Bl A AL EE L Do i TN 5 B2 14
D K FLSE R FE R A R B iR B R T TR
TR G 3 Jy 0 DX 3l ) i S [R] sPte $ o TR R 3
A o (R ASE U R A I %% 45 N FF i1 S I A A6 ASORY] [
R, R T BRGNS0 G A ST T ik
SRR
3.2.2 JHUESIR
FENBEB B o AR ] A 30 5 DR ™ G
AR ASASR T 250 ] i S DX A AN A
148 4= Ja i 2k Can 34 Jy fid i 22 RMSE) Fl 80 25 Jm)
TN R AT AR R — IRl R BB 2R 30 Bt DX 3k
P EE M . N A U0 SR DN ASORY ) 51, AR SCHE 4
SRR R, DAY SR AR R b 3N ih o A Y
BE o FEARWFIE P, A SO Canny 1 2% K i 5%
PRI S B R A5 B . AR SO R
B K b 3L 1 300 2% % TR 43 ) 5 L S % R TR RN
TG 28 BEEUAH R . X Py vk e AT R i ki 2%
5 AL IX 3 AR Ao A (5 B
Canny 1 Z 46 0 %ﬁ{%‘;&f)ﬂig@ HAER
55— 20X MG A 7 v 171 T Ak DL R AT I 7 5 5 —

HW

AT KV R L7 1) R BE 5 55 — 2D A BE T )
I HEATARS I AB I AR B R E A A 55 D A Al
FH e 1 VG B BT I St 17 40 255 56 1A K 5530
GO RINSG  A 55 N S RN GRS, WIAR B %
55i%% .

FH T SO BL A9 T R AR A A I 2 i
1o 0T PR AICRT R AL bR i A B T A B TE 0-1 2
5] B4 S8 76 FH Canny 4610 552 %% B B v A3
Gx Z W 22 H T AT 0-1 2Z 18] 1Y S5 BR B 47 ik 22 0-255,
A% 3CK SHTech A Il 4 4 %5 i RMR R fE Gt it .
Wl A it 7 o] DA H 40 2 5 % R MR A R 4T
AR AR T/ IMIE X3 IF B HAR Z A B E R
3.90, I, Canny £ 2 A5 5 v 26 U 25 = K 9 4
VERRIR EAR (AR O, = B{E R 20,

F T Canny 3 G A6 M 3%, A SC e
SRR

L}, lllllll 1 ur_y S/ » sz nda }(l ])

ij

|D1)1’d l]) Dé[(l ])| (3)
/\EF‘ S/ ndar _ZM/; ((((( dar\*(zj) M/ /;(Z ])%‘% ﬁ

Lannyﬁ(z%%’“ﬁ%ﬂ’]ﬁ;bp%ﬁf“@’me/i%/T@%
R B FE L D, i X8 7 S R ]

WL 3 e xt LG5 Rk & Al AR SCik iy 3l
SR R AT TR N RO . ET8)
AR BRI 3 B R (R TR A 2D B, S A Y
HS5%3.371,

Ze5E LI



21 IR 45 . BhAS R A LR i e i g B2 Ak A BRSO B R 5T 471

=

() MAER

(¢) ARy

(d) fil s

£

L ™

q -
¥ i
; - i |
_ it ”'f

(e) FLSEhR%E

H1EHE
/._._ E
e, 257

|J|"¢]ri|.

v 1 &
-» n_‘ . ;_’-
Ly s
“ ¥

(f) Canny$EiRe il ABEL S

(g) W

K3 RS

le8 W B S R g
Laf | :
12t b |
1 ]
Lot i 1
& : i
=08 |1 '
06 |I :
04t |} - BB (254) }
02t |i - FH{(3.90) i
oL :
0 50 100 150 200 250

EEAI
B4 HERGRENSIT

AR AN e AR A 040 2 eR B0E ST
Lot = L gtosa T Liocar T Lowndary T Lee T Loy (4)
ST AR SR BETF DCCUS ™ B 1 2k 75 2 A
B R W B BRR L, FNESSHR L0 P, 2545
I T ERIAN 5N /L,/U(,az 0.1, 2pew = 1.0,
Avonda — 1.0, A, = 1.0, A, = 1.0,
3.3 AR ER A SRR e ARGk S
Bkl BRI AR
FA € LI 3 WA KN grid, = h/ grid .. M grid.,. =
w/grid ;. VA AT s sh A SR R AL L
FOR i IN grid,.. DO:
FOR j IN grid,..DO:
stepls gl <crop( gl i, ) HHRHE P K
IR LS P PR R BT
step2: pred,,, < crop( pred,,.,, i, j ) #R A
R gt SR/ IN KT 0 2 2 P 2 5
step3: W <= SUm ( gl s ) HERYE PIAE F/N

SRAFE ST X £
-Yf€P4: Lmra/ + - Wmum X [:I ( gtpan-/npredpanh )

EtnP il
END FOR

END FOR
Byt . Cma/
Hik2: SRS
L NER i n Lanny Ko I 1 A% B B Loweons 1o 10 1
high yesnonas V8 5 31 T4 R A Bt L5 F T A5 2
Gl A ST L] prred,,
stepl: glupnom < normalize( gt )X} ELSCH B RIARZE
#HATIH—1k
$1p2: Myoundary <= Canny ( gl upnionms L0Wrestoras NG reshora )

(o P canny RN 5 R4 A A2 5

step3: Mypundary <= 10700 (M yary ) #5F 1 F AR B BEA T I
—fk

stephs gty <= Gl X Mbt)ull(/ury#i+%ﬁi%g GENPN:
UL

stepS: pred ., <= pred,.,, X Moy, #1005 BE & (1)
UNSUE

S1eP6: S pndary < SUI( M yynaary ) HIFE SR AN
stepT: L pouna <= Lisuna! S vownar B FEHA R IH — 1L
?ELH l':El H El)(;wu/
BiE3: BRI A
A W epoch,. s BESE a, B, v - WIUR ALY i
. base,, basey, base, Lk K 3t 5 A 1Y AL & 2 $4
Agtovats Atocats Avowndts Arec FI g
FOR each epoch up to epoch,,,, DO
Step: R 53 INGREEAE Ry Z24F 8k
IF epoch = epoch,,,. = epoch,.,, THEN
stepl: B gbase,: base, <~ base,+a
step2: B #basey: base,<—baseys 8
step3: B base,: base, < base,+y
END IF
FOR each iteration up t0 20£al i DO
#ICYN AT



472 b2 - S/ R 2026 4F
step4 Lo = Lot * Agiorar* baS€ #HYh 512512, MK Bt SHTechA/B #idis & Ik
SHpOs Lot = Lt R bises REIEUAR 42 B HACKR AR 2R FH 1024 X 1024 335
SfepG: Ll;uum/ - E/mmzd . /1/,0“,,1[ M basey j(/J\
1epT: Lo = Loe + Lo+ Lo+ Lo+ N _
e o 4.3 KRITFAHER
global Y2 AYARY N N y —_—
stepS: EHHIIZHC AR SCR PN B0 A8 A 46 . 7
END FOR 44 %$ 5% 22 (Mean Absolute Error, MAE) #1347 i
END FOR %2 (Root Mean Squared Error, RMSE) .
XL R PR SCAnR
4 = B IR IR
S MAE = C.—C; 5
N{m‘t ; ‘ ( )
4.1 HIE&E RMSE = ! i|cv—cfﬂz (6)
AT 5T R F A AT AR 1 B 50 A 30 N 51

7 B B8 UF . SHTech™ % 4 4 0 & 482 ik
(SHTechA) 1 716 3k (SHTechB) K 1% , H
SHTechA #43HLA 5 0 A TER g 3 m 146
DU s UCF-QNRE 4004 A B 3K (1, 535 7K
K&, B EsEEm AR R. JHU-
CROWD -+ "8 4fa 42 W] >R H 5 MPCount ™ 4 [7]
MRk . T B B2 R FA AR T AL ) S 3 br v
T3 ARG R L 1.

x1 BUEEEFHENA
YGRS B AR jmﬁ##z BNV
(FE XD /K
SHTechA™ 482 586 X 868 501
SHTechB™ 716 768 X 1024 124
UCF-QNRF!" 1535 2013 X 2902 815
JHU-CROWD+ -+ 4372 1450 % 900 262

4.2 XWIEE

P B T BB BE , SR T B 1 R SR 1)
Fa AR 5 2 [ e RST FK - BG . N Zrad BEoR
1801~ epochs (51~ epoch 43, 7 100 R IE O B L AL T
%, B A OneCycle 2% 2] SR8 B 3R BE (e K 2% > %
0. 0001, F /N2 20,000 01) , K T 1552 9% JF [&] 1)
AR R I AR R R T E o B R 2. R
BEHBE S DCCUS 5 —2L.

S B 6 1 & ok P 5K NVIDIA
GeForce RTX 3090 GPU (24 GB W47/, #E 3
55 3 F Python 3. 8 fil PyTorch 1. 11. O #E42 . Il %
b BL 1 & batch size 4 1, 5 FH 8~ TAEL R dE47 4%
PEhn . £ X% UCF-QNRF %38 5 19 25 3 9 5 4
P o B E B BE R 43 B AG I 5F m (1024 < 1024 %, 55
RO DL dkE e 5 FF Wi 1 . SHTechA/B, JHU-
CROWD++#¥a 42 #8547 320X 320, UCF-QNRF

Hrp N, R i B . G325 IR IRHR I
T A BERC . GO Fan 5 1 SRR (0 B 52 A bR 1
4.4 LWERSH

T BRI (9 2, o ST 4330 e T
A H bR 58 8 95 5 (A SHTechA, B: SHTechB. Q:
UCF-QNRF) . DA fil DG 43 5i14% Fe taki iy Ak 12 1k
. B DCCUS F MPCount 4 #4345 F i 1
FFUNRARAT AN L% L 7 v s 38 B 5 | R iR
SCHik

F2ME 3G R LM, A EEZA B
£% FEARS KT A>B(+1.0 MAE) . A—>Q
(+1.9 MAE) #1 B>A (+10.4 MAE) . B 1E
B—>QH Q>BALSs FERENE A T (FZIH A 5
AU AL FEON A AR RRAE 2 2] B ) 2R S8 55) . (0
LAy P e MR S R e A P A G BEAR A, AN
AR FR R A A B R R B  ATH S 80 T 52 ik
(I HEREFE T, 783 B0 E T BT 88 7 vk A Rk

F A ML R B AR AR THU-CROWD+ 1
B G 0 AR E R 43 5 28 Horh SD (Stadium., R H
Y1) SR (Street, #i8) - SN (Snow , F) Fil FH(Fog/
Haze, % /38 ){CR IUFp LRI 5 . 5 F MPCount™™
HE 2R 1) PR 7 A SE B0 25 R W, AR 7 4 SR—>SD
FFH—>SN HFRAT 55 WS T fe b vk RE$E 7t
FESN—>FHE55 LSt 1 7. 6% 4T HRARTE
SD—>SRATL45 b i1z ALtk RE S I T 24w fe e 45 4
B AR SR FE 2 B0 0 A 1 5 5 )y e EL o P AR
(PEDL 4. 59000 .

AR 28 S CAn ] 5 Btz it — 2 30 UE T A 7 i
B A SrE  E QA B—>A.SR—>SD 1 A—B g4
SRS o BT AR AE R R B . AR
SCH e BT B 2 SR R i IR AIL A B e e



21 AT 545« A JRy R A LB ) e R LRy A AR TR TR R AT 473
R2 E=NBEFEEE L MAEFI RMSE 88 SR &R LL &R
S—>T A—B A—>Q B—>A B—~>Q

Fik DA DG MAE RMSE MAE RMSE MAE RMSE MAE RMSE
BL X X 15.9 25.8 166.7 287.6 138.1 228.1 226. 4 411.0
DMCount®” X X 23.1 34.9 134.4 252.1 143.9 239.6 203.0 386. 1
SASNet™! X X 21.3 33.2 211.2 418.6 132.4 225.6 273.5 481.3
ChfL® X X 18.7 29.1 122.3 218.0 121.3 200. 8 197.1 357.9
MAN! X X 22.1 32.8 138.8 266. 3 133.6 255.6 209. 4 378.8
RBT N X 13.4 29.3 175.0 294.8 112.2 218.2 211.3 381.9
C*Mot® NG X 12.4 21.1 125.7 218.3 120.7 192.0 198.9 368.0
FGFD™! N X 12.7 23.3 124.1 242.0 123.5 210.7 209.7 384.7
DAOTH! N X 10.9 18.8 113.9 215.6 - - -
FSIM®! NG X 11.1 19.3 105. 3 191.1 120. 3 202.6 194.9 324.5
IBN#! X NG 19.1 30.8 280. 2 561.0 125.9 202. 3 183.5 317.4
Swi! X N 20. 2 30. 4 285.5 431.0 126.7 193.8 200. 7 333.2
DG-MAN®! X NG 23.9 37.7 215.6 399.7 156. 2 291.5 263.1 4422
[SWH X NG 17.3 28.7 129.1 238.2 130.7 225.1 182.4 325.8
DCCus™® X NG 12.6 24.6 119. 4 216.6 121.8 203.1 179. 1 316.2
MPCount!'” X N, 11.4 19.7 115.7 199.8 99.6 182.9 165.6 290. 4
LB-CountX X NG 10. 4 18.2 113.8 202. 8 89.2 162.9 177.5 333.3

TE RS R 45

*£3 WOEBREIEE EMAEFMRMSE & &3 tLER

S—>T Q—>A Q—B

VRS DA DG MAE RMSE MAE RMSE
DMCount®™ X X 73.4 1351 14.3  27.5
SASNet™ X X 739  13.0 221

ChfLB X X 68.7 118.5 14.0  27.0
MAN®I X X 67.1  122.1 125 22.2
FGFDPY NG X 70.2  118.4 12.5  20.3
DAOTE? NG X 67.0 128.4 11.3  19.6
FSIM™ NG X 66.8 111.5 11.0  19.7
IBN®#1 X <1059 1746 16.0  25.5
sw X <o 102.4 168.8  19.0  32.9
DG-MANF! X <834 136.0 22,1 34.7
DCCUsH? X <674 112.8  12.1 20.9
MPCount'? X < 655 11001 123 24.1
LB-ComntX X < 633 107.3 140 25.1

T IR R i 2R

PTG T AT RE DR 5 10 1) N 5 L ARG FE
R AR SR 7 TR B A AR B X
BESLI AR FE M IESE T AT A AR R R AR A [+
I AR T TR B A7 5 T BT RO
4.5 SHE KRR EXT L

AR Yang %5 N 7 AR 2 B OCRE
TR R T T R 7 A QA QA H AR
AR LAl 7 9B a 2R (E I A s e Al H
PRBCHE AR Bz AR PR RE » DRI R A 9 AR T S

¥, Hod ISW.SW I IBN % 55 MPCount 4[]
(AR A (AR SEBLAN 15 185 2% MPCount Ji30)
K I B MAE 8 bR 4h o 33X = AN AR AR FE HA PEA 15 A
RSB R . X DG-MAN J7ik
T B2 0 stz A6 OF H A sy i
WA BARA 4 DG-MAN #ERITE 17 1) A B 5 2L
05 % AR SCARX DG-MAN BRI gE 47 K £ ik . 78 M
LRI I I b ISW —RE (0 A g s e

Wi 6 s » ABF 5% LB-CountX F 5 75 #5575 55
R IE SRR Z [ S T AR, RARA DT
T DA THE PR H] S 25 T ISW/SW/IBN  (HIZ Ak PEfig
Xk, 5407 £ DCCUS fMPCount
TrEAR L LB-Count X JEHH ARG EE . 1) FER 2
B U A 1/352) HEFRHUE 43 IR T 0. 4 F5 AN
14. 54 3 3) #F A—B B 3 3k b B4 % fE MAE.
XS5 B0 A IO UE T AR A AR R AL R A R
(4 RIS s A B T T BT B A R
WE 7 s 88 —AT e A7 7E A—>B A4
AT R AL S A = AT A DA T AR B A B 4R
TR . AT AR S R AT DUE L A H T
ISW.SW I IBN =~ J7 ¥k o A J7 i (4 K ) 445 SR 5
Moo TR RFE T AR SCHRE HH 1 B 285 Jey 0 S R 408 2 i A
BN R Horh 2 28 Je B R G2 i 1 A R B
5 2 X Jy 5 DX R AN A B T S R AU [
BRGNS BT TR X AR 1 SR A



474 22 R N I A= SO 2026 4
%4 JHU-CROWD-++##EEE Figiiz W fis B @R XTI L & R
S—>T SD — SR SR — SD SN — FH FH — SN

Jrik DA DG MAE RMSE MAE RMSE MAE RMSE MAE RMSE
BL X X 42.1 79.0 262.7 1063.9 48.1 129.5 343.8 770.5
MAN®! X X 45.1 79.0 246. 1 950. 8 38.1 68.0 445.0 979.3
DAOTE NG X 45.3 88.0 278.7 1624. 3 42.3 73.0 151.6 273.9
BN X NG 92.2 178.0 318.1 1420. 4 109. 7 267.6 491.8 1110. 4
Sw! X N 110.3 202. 4 312.6 1072.4 131.5 306. 6 381.3 825.0
[swh! X NG 108.1 212.4 385.9 1464. 8 151.6 365.7 276.6 439.8
DCcust X NG 90. 4 194.1 258.1 1005. 9 54.5 125.8 399.7 945.0
MPCount"?! X N 37.4 70.1 218.6 935.9 31.3 55.0 216.3 421.4
LB-CountX X NG 45.8 89.5 179.1 549.1 29.1 45.7 106. 2 228.2

T LR R B 4 2R

(2) MR (b) HSARE
K5 RIE H sS4 n vl 4k 45

24 ® DG-MAN

22

20 ISW

i SW
@ BN @
<16
=
4 14 e
5 DCCUS 4‘
B MPCount
:{_! 10 O oun
Al LB-CountX

5 10 15 20 25 30 35
SZHHM
(a) BYI-F AR iR %

(c) DCCUs (d) MPCount

30

&
S

te) LB-CountX

‘:»qk .D\)“
(o i

\g;"'o \.»8 <>°
w24 HEEL ]
(b) HERRN [a)-F 140t iR 2

K6 AN R LA ff BRI (] X6 LE

N 320 SR8 00 ST 98 WA R A P — YRR 1A S

TR EARR NGO T 2 AL RE ST AR

RORGMEL T 25 Bz A M BB AL 1
ZA KRB LR ERE R B T A SR A

NVIDIA GeForce RTX 3090 GPU -4 |

‘\

1800
1600
1400
1200
1000
800
600
400
200

Frbnife

e, &5 AR TR R A X R 22 (MAE) FR b5
MTFEA . HK BRA L
R S0 T DG-MAN 250 K, (B 45 M 4 73

EWUR T RAUERE



23 JEIT 74 BhaS JRR AL

SRR % e 2 A AR RO e 5 475

(a) Image (b) GT (c) SW

(d) IBN (e) ISW (f) Our

F7 oz (AR AN [R) i 4R T AR L

x5 BEZUEBZERREREXLL (EERTRML)

Tk MAE ZHE /M HEHLEF ] /ms FeMis WK/ G TR /G

ISWH! 17.3 14.4 36 9.1 18.3
sSwi! 20.2 14.4 36 9.1 18.3
IBN®7 19.1 14.4 36 9.1 18.3
DG-MAN®! 23.9 3.945 120

DCCcusH? 12.6 32.6 151 121.2 242.3
MPCount' 11.4 33.0 1670 56.0 112.1
LB-CountX 10. 4 13.1 10.9 21.9

JEiRJE MAE $845 b RURE L T DG-MAN k. FE Sl bas Bt 5 71X — . AR 051 A

e » FEAFEER [B] T s Sk B S s e T
BRCRIENS b R A I AR U B B AE
HEFERSCRS MAE $8 45 2Z [0 52 80 T e - 3
A AR AS T YA AR OR R e AL S 1 IR )5 FE ff
TR EORE R L FE43 B0 UE T T 7 ik e A B A R B
SRR AT B =& Z [ i P R P AL g

WE 8 iR ﬁﬁ”—ﬁmTA»Bﬁ%%
TR AR B L B AT R DU AT R TE B> A B 4R
TR EE R . ARSI TR ARSI A TR A
DL K o B BE ¥4 T DG-MAN. ¥ 3k — 4, DG-
MAN [ B TR 5 2 5 5 A i ——— 3 () A 32 o
] LI o ] B B R R A e . SR ZE A HETTHEL
55 AR BB o i AR ER A 22 55 7
BB I AEEAR M . B ES &
O B IR A R UETAﬁLEEﬁﬁi
SCAN L 13 Jir 7 A U B 1A () 388N % B A AE I d
25, M Z T LB-CountX 4375 J5 & Fi i H sk
TV AL T 5 0% B 4 by 3 7 Ak B ol B 2 A IO

*%%ﬁLﬁ@ﬂﬁ%‘ﬁﬂﬁﬁﬂﬁ%%ﬁ%
SO A RS 0355 AT B A RO M . a4
Nm%MMSﬁﬁﬁ&%RMEU&W@S%rﬂ
WAL 25 S 25 A PRl P T4 T PE B A s8R
REPI T TS B T Sl A1

(d) Our

ta) Image (b} GT

K8 DG-MAN FIZA S 2 (LB-CountX) X Lt

(c) DG-MAN



476 22 W - S R S 2026 4F
4.6 HRESCIG TIHk . FRAF EAE R AR5 R A ConvNeXt-

KORGEI T AW B LI A5 R L d
Xt EE TR T AR R BT A R . S
BRI PR RS TS T B 3%

tiny R RAT S FEAH U JS = A2 G i R AT
2 ROBERAE Rl S5 e 2 i o DL R A B 5 PR 1Y
BERETMLE.

£ 6 LB-CountX HmhsiigxtLt

GRS A—B A~Q
FRERA A GERD) ISREEA AU MAE RMSE MAE RMSE
NG 11.6 20. 2 124.1 219.3
NG NG 11.0 19.9 121.8 214.1
NG NG NG 10.7 19.9 125.8 218.7
NG NG NG 10.9 20.5 125.6 223.9
NG NG N NG 10. 4 18.2 113.8 202. 8

M 6 2B 45 0T LU H AR SC I 5 o A5 A A
SHTechA $#i4E iz btk e A5 AL LER
1 BCHE AY ShAS JR AL RIS T S AR SCY
FL MBS R RN 587 5 12 MPCount ™ AH22 0. 2 M, X
WAL 1 A SO A I 2 AL AU
4.6.1 ZXFEET

T 28 B AL CCA™ el 3k 23 [l 15 .
D7 T B AR ARSI A ZALH S — 25 1% T
B AR ) i B B iR )RR e M . 26 6 50045
T INAZ X ER G AHRTE A>B I A—>QAE
% LR A SEAR 2] T —E T I HNE 91
AT ZE SR F A b TR AL TR
Tt i 10 frzs . 78 SHTechA™™ | )1l k45 5 a] )
F il CCA R NALE 2 )5 R I Zhad # H )
55 AAREEE 19 AR 700 REE 75 AR X [ A A
YR B B g oe A i Rk 4 . (i
CCA S U B SIHLHI Z 5 - 1A SRR ) i S 8
g PR B B 7 A R R A5 ), S B T AR S 8 i
A RIGOR . QR 9 Fras , I AR B 2 5 Rl 45
SRR UL, ASCHE 5| A CCAZE XL HEE Sl
il o RO IR (437 A il 2Rt AT 2 T 42
T AR AR SR8 X ek 56 734520, R 1 SRy 1X sk
X PR 2P R LA BRI RE i Ol T iE— 2042
THz Ak R 28458 CountX 32 Ak LA Be Jay i IX 3 56
TR BT T shaS RN %, AN N7 S
() [ H HASERI ME fE
4.6.2 B REREAIRAEH

32 6 1T Rl B0 245 S B L 3l 2 R R AR Ok
1) 51 A AR 78 A—>B AT 45 L 1) MAE #8 #r 2 7+
0.3 /5. B E T 3 45 J5) 3 X 38 6 F 4% 2 A 455 8
CountX Z b $e FH HA EEAEH . SR %R 7E

23 64.0
(c) SEMEEIR (d) ZEEH

CEREMERID
E9 22X s

(a) A% (b) FEhR%

e SR 22 S R A )P S ek iR 22

o — AN (R ERAD)
500+ - SEXEEN
400+ q t\\__
:'Ejlmn' ! G ot WIEESSS
8 (T ———
=200+ - :
1ot 4
(] oo : - . : ; .
0 25 50 75 100 125 150 175
=AU

B 10 Rl R AN A S X 2 1 19 MAE X} L2

A—>Q1E % (UCF-QNRF" ¥t ) FEfER M~
B A3 A A S Bl 8 IR R SR N i 2k 5 DA EE
A IE SR PRk B AR ph 58, 768 = o HE
ROHEBEN S FRRE M B — . EATEE
(RS2, AT IRAR A3 AT G P 11 B T I SR L IR R A
RE T ST 2B s P R EE T RSNz
ferEBE . X PIORS B3R T+ 5 45 b s PR AR Uk Bl i AL
i, UESE T S AR A EGIALE A A . A
Jri RN P R $E T T e A AR Y CountX X Jmy 5 IX.
B S o (R AR R AR AG DU AR 20 K SR A AR AR
) R0, Sy i — A5 4R TR A7 A Rkt AR s B A 4G
W BT i BN e I i SR UE B T A R



23 JEIWE D555« 75 Ry TR U ) 4 e G B A BB 5T 477

¢ | Pl
(a) FAEG  (b) HEhRE (o) &

R (d) RER A
CESGERID
BT shASJarB i 2 1 52 M
4.6.3 WFEGENHIRAEH

R 6 2 T30 IR R G A0 S R 458 2 ) 3
SCEGA AL o AH PE BRI 452 SO T R TG
B ZIRAE A>B RS LB T etk RE Ry 4R
Tho BEAh MR Rl S50 i AT IR ZE S 5 B
RHABE 2R R AL I A HHE 320 S8 448 SR S o0 o v T
TEF R NREY SR R . WA 12 Fros Al Ak
ZERIRM L PN R R TR RN Y
A B4k BRE ST o NN Bk — 2 PR T 1A R A 2 A
NP A RIERE -

(b) JSREE  (c) 1 (d) i

CEXFERS)

K12 3 BB R i 5

4.6.4 WA BIAS R AN i FLB I %

6 LY R W NI T B AL I 45 B CountX
SIS X TEE S CCAM BB 3 25 a3 B 4
R AN B R o A — 25 1) T S 56 25 SR AR IE B
THRBFERGSEM. R6 a4 A LR
BRI T A A>B R A>QIES FIEE T &
HEPERE R . SCHRACRAE I T CountX B 7E UK
Iz AT Tk B T — AR 18-

4.7 BEBEENHR K MK NG

T T RN LI B A SRR O A A R
SEEEOAT TR SR . IZBRE T A R TE
o B RN O B A 1 R A B . B A X L 16 i 32
PIFRRSE I S22 31, R S 82 5 i A A

RENERE. HE TSR EN R, AU 4% 32/ BRI
IGT RN

RT BB FEBBREIG K P& K /NEE

ZH A—>B A—>Q
[ RN MAE RMSE MAE RMSE
16 11.7 23.5 117.8 209.6
32 10. 4 18.2 113.8 202. 8

4.8 FiExl5

MPCount"* 4§ i >4 5 I A7 43 A7 B 56 T K-
Means FEE 1 55 73 RORZHR . Ry 1T WIA SOy
AR A3 AT I T K-Means 328 (1) 138k %1 4343 5%
AR, AR SO0 SHTechB" i 124 %5 418 48 2547+ 33l
Gr s T I o ik BE O 3. B SHTechB it
B BB EUR AR R A E 5 O BRI
st o3 A S AARARL , BB 3 A A . B A AR
A CRE — 5K AR T AR YRR E B8 0 3 (DS-
Branch) Z J5 AR A5 SR AE . LRI R AT 22 9F
PHEGE K HERE o[ 1. 512 1 B g S E Ay 2548
N TR R X — SR T DCCUS™, B fm
il if PCA (Principal Component Analysis) 3= i 4343
WO b A 0 (R 1] e 2 P N2 2 4
43 9 2 7% i Compoent1 1 Compoent2, fifi | Python
T HAFT AT AL . anE 13 7, AT AL S IR RIUR 3%
B TR o0 A B2 AR OL T BRI OR RE A 0 H i
AT 872 St U IS S HE A O R TR R R e
AR ) A 72t o3 EARORAT K

PCA

1.0

05}

Component 2

-1.0 -0.5 0 0.5 1.0 1.5
Component 1

13 SHTechB" il £ %) 43 7 dsk ol ¥4k
5 % it
AR SCET X B ez b AR RO RS AR 1) S

B 3 ORI P R A Pk A L R TR R
ZACHEZL LB-CountX. 156, CountX 2w AL I AH



478

it

Eitd 2026 4F:

LSBT Bz A AR B0 AR HL D S 8 .
HRBIARZ N FE B CCAFE T HHER LRI

FasE T4
Jei s AR TR B A R
G I B ORCE H k

ﬂﬁ@@iﬂﬁuﬂMﬂ@ATmT
TR S AN T AR E
% SHTechA.

SHTechB.UCF-QNRF fl JHU-CROWD %t i 45 11

RPN

2t LRI AL i 2 BH L LB-Count X 7 I,

/D 2 80 I PR A PR Y[R B SEER T B
MAE F1 RMSE P 68 . in i #E 30 T sl iz b A BE i
B IAE S PR3t rh S

¥

"lg:j ﬁﬂ]?{:dm‘,%;é,fi;g_ %Z/é—'— e

TAZ P af A

Aaid

HXR B ETEINL

[1]

2]

[3]

(4]

(6]

(7]

[8]

(9]

=

=

% X B

Shi X, Li X, Wu C, et al. A real-time deep network for crowd
ICASSP 2020-2020 IEEE

International Conference on Acoustics,

counting//Proceedings of the
Speech and Signal
Processing (ICASSP). Barcelona, Spain, 2020: 2328-2332
Wang P, Gao C, Wang Y,
encoder-decoder framework for real-time crowd counting.
Neurocomputing. 2020, 407: 292-9
Huang Z-K, Chen W-T, Chiang Y-C,
in bad weather//IEEE/CVF International
(ICCV). France 2023:
ICCV51070.2023.02130

et al. MobileCount: An efficient

et al. Counting crowds
Conference on
Computer  Vision Paris, 10.1109/
Kong W, Shen J, Li H, et al. RestoCrowd: Image restoration
coadjutant learning for hazy-weather crowd counting without
weather labels. Pattern Recognition.2025, 161(3): 111291
Zhang Shi-Hui, Zhao Wei-Bo, Wang Lei, et al. MSIANet:
Multi-scale interactive attention crowd counting network.
Journal of Electronics &. Information Technology. 2023, 45(6):
2236-2245

(BRINE, B4k, £4%, etal. MSIANet: 2 N SE H.IE R ) AR
R 5 fE B AR . 2023, 45(06): 2236-45)

Wang Z, Li Y, Wan J, et al
augmentation for object counting problems//Proceedings of the
ICASSP 2025-2025 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP).Fukuoka, Japan, 2025:
1-5

Cai Y, Chen L,

Diffusion-based data

Guan H, et al. Explicit invariant feature
induced cross-domain crowd counting//Proceedings of the
AAALI Conference on Artificial Intelligence. Washington, USA,
2023, 37(1): 259-267

Guo M, Chen B, Yan Z, et al. Virtual classification:
Modulating domain-specific knowledge for multidomain crowd
counting. IEEE Transactions on Neural Networks and Learning
Systems. 2024, 36(2):1-15

Tan X, Ishikawa H. Dataset-Level Directed Image Translation

for Cross-Domain Crowd Counting//Proceedings of the 2023

[10]

[11]

[12]

[13]

[14]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

IEEE International Conference on Image Processing (ICIP).
Kuala Lumpur, Malaysia, 2023:400-404

Qin X, Wang J, Chen Y, et al. Domain generalization for
ACM
Transactions on Intelligent Systems and Technology. 2022,
14(1): 1-21

Kim H, Kang Y, Oh C, et al. Single domain generalization for

activity ~recognition via adaptive feature fusion.

lidar semantic segmentation//Proceedings of the IEEE/CVF

conference on computer vision and pattern recognition.

Vancouver, Canada, 2023: 17587-17598

Peng Z, Chan S-H G. Single domain generalization for crowd
IEEE/CVF  Conference on
USA,

counting//Proceedings of the
Computer Vision and Pattern Recognition. Seattle,
2024: 28025-28034

Du Z, Deng J, Shi M. Domain-general crowd counting in
unseen scenarios//Proceedings of the AAAI Conference on
Artificial Intelligence. Washington, USA, 2023, 37(1): 561-570
Simonyan K, Zisserman A. Very deep convolutional networks
for large-scale image recognition//International Conference on
Learning Representations. San Diego, USA, arXiv preprint
arXiv:1409.1556, 2015

Huang 7Z, Wang X, Huang L,

attention for semantic segmentation//Proceedings of the IEEE/

et al. Ccnet: Criss-cross

CVF international conference on computer vision. Seoul,
Republic of Korea, 2019: 603-612

Zhang Y, Zhou D, Chen S, et al. Single-image crowd counting
via multi-column convolutional neural network//Proceedings of
the IEEE computer
recognition. Las Vegas, USA, 2016: 589-597
Idrees H, Tayyab M, Athrey K,

counting, density map estimation and localization in dense

conference on vision and pattern

et al. Composition loss for

crowds//Proceedings of the European conference on computer
vision (ECCV). Munich, Germany, 2018:532-546

Sindagi V A, Yasarla R, Patel V M. Jhu-crowd++: Large-
scale crowd counting dataset and a benchmark method. IEEE
transactions on pattern analysis and machine intelligence. 2020,
44(5): 2594-609

Huang Z, Sinnott R O. Improved Knowledge Distillation for
Crowd Counting on IoT Devices//Proceedings of the 2023
IEEE International
Communications (EDGE). Chicago, USA, 2023: 207-214
He T, Xia Z, Chen 7J,

Conference on Edge Computing and
et al. Target-agnostic source-free
domain adaptation for regression tasks//Proceedings of the
2024 TEEE 40th International Conference on Data Engineering
(ICDE). Utrecht, Netherlands, 2024: 1464-1477

Wang Q, Gao J, Lin W, et al. Learning from synthetic data for
crowd counting in the wild//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,

Beach. USA, 2019: 8198-8207

Long

Wu Q, Wan J, Chan A B. Dynamic momentum adaptation for
zero-shot cross-domain crowd counting//Proceedings of the
29th ACM international conference on multimedia. Chengdu,
China, 2021: 658-666

Liu Y, Wang Z, Shi M, et al. Towards unsupervised crowd



21

JEIWE D555« 75 Ry TR U ) 4 e G B A BB 5T

479

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

counting via regression-detection bi-knowledge transfer//
Proceedings of the 28th ACM international conference on
multimedia. Seattle, USA, 2020: 129-137

Zhang Y, Li W, Sun W, et al. Single-source domain expansion
network for cross-scene hyperspectral image classification.
IEEE Transactions on Image Processing. 2023, 32: 1498-512
Xu Q, Yao L, Jiang Z, et al. Dirl: Domain-invariant
representation learning for generalizable semantic segmentation//
Proceedings of the AAAI conference on artificial intelligence.
Vancouver, Canada, 2022, 36(3): 2884-2892

Jin X, Lan C, Zeng W, et al. Style normalization and
restitution for domain generalization and adaptation. IEEE
Transactions on Multimedia. 2021, 24: 3636-51

Pan X, Luo P, ShiJ, et al. Two at once: Enhancing learning
and generalization capacities via ibn-net//Proceedings of the
european conference on computer vision (ECCV). Munich,
Germany, 2018:464-479

Pan X, Zhan X, Shi J, et al. Switchable whitening for deep
representation  learning//Proceedings  of the IEEE/CVF
international conference on computer vision. Seoul, Republic of
Korea, 2019: 1863-1871

Liu Z, Mao H, Wu C-Y, et al. A convnet for the 2020s//
Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. New Orleans, USA, 2022: 11976-11986
Song Q, Wang C, Wang Y, et al. To choose or to fuse? scale
selection for crowd counting//Proceedings of the AAAI
conference on artificial intelligence. 2021, 35(3): 2576-2583
Canny J. A computational approach to edge detection. IEEE
Transactions on pattern analysis and machine intelligence.
1986, (6): 679-98

Ma Z, Wei X, Hong X, et al. Bayesian loss for crowd count
estimation with point supervision//Proceedings of the IEEE/
CVF international conference on computer vision. Seoul,
Republic of Korea, 2019: 6142-6151

Wang B, Liu H, Samaras D, et al. Distribution matching for

crowd counting. Advances in neural information processing

ZHOU Li-Fang, Ph. D. professor.
Her research interests mainly focus on
pattern recognition and medical image

processing.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

are ¢

systems. 2020, 33: 1595-607
Shu W, Wan J, Tan K C, et al. Crowd counting in the
frequency domain//Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition. New Orleans,
USA, 2022: 19618-19627

Lin H, Ma Z, Ji R, et al. Boosting crowd counting via
multifaceted  attention//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. New
Orleans, USA, 2022: 19628-19637

Zhu H, Yuan J, Yang Z, et al. Fine-grained fragment diffusion
for cross domain crowd counting//Proceedings of the 30th ACM
International Conference on Multimedia. Lisboa,

2022: 5659-5668

Portugal,

Zhu HZ, Yuan J, Zhong X, et al. Daot: Domain-agnostically
aligned optimal transport for domain-adaptive crowd counting//
Proceedings of the 31st ACM International Conference on
Multimedia. Ottawa, Canada, 2023: 4319-4329

Zhu H, Yuan J, Zhong X, et al. Find gold in sand: Fine-grained
similarity mining for domain-adaptive crowd counting. IEEE
Transactions on Multimedia. 2023, 26: 3842-55
Mansilla L, Echeveste R, Milone D H, et al. Domain
generalization via gradient surgery//Proceedings of the IEEE/
CVF international conference on computer vision. 2021: 6630-
6638

Choi S, Jung S, Yun H, et al. Robustnet: Improving domain
generalization in urban-scene segmentation via instance
selective whitening//Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition. 2021: 11580-11590
Yang M, Li Z, Zhang J, et al. Taste More, Taste Better:
Diverse Data and Strong Model Boost Semi-Supervised Crowd
Counting//Proceedings of the Computer Vision and Pattern
Recognition Conference. Nashville, Tennessee, USA, 2025 :
24440-24451

Wold S, Esbensen K, Geladi P. Principal component analysis.
Chemometrics and Intelligent Laboratory Systems. 1987, 2(1):

37-52

ZHANG Xu-Bo, M. S. candidate. His research interests

rowd counting and compute vision.



480 it A

2026 4%

Background

Domain generalization for crowd counting (SGD Crowd
Counting) represents a broader research area within crowd
counting, which aims to enable models trained on a specific scene
to effectively generalize to other unseen crowd scenarios. This
capability is particularly crucial for real-time, low-latency, and
accurate crowd analysis in practical applications such as intelligent
traffic management, public space planning, and the supervision of
densely crowd areas.

Significant advancements have been achieved internationally
in addressing domain generalization challenges, with methodologies
primarily categorized into single-domain and multi-domain
approaches. Single-domain methods involve training models on a
single dataset and subsequently applying them to multiple unseen
scenes, though research in this area remains relatively limited.
Conversely, multi-domain approaches train models on multiple
datasets and attempt to generalize across diverse unseen
environments. However, existing single and multi-domain crowd
counting methods often overlook the requirements of low latency
and real-time inference, as the latest models tend to employ
large—parameter architectures that result in slow inference speeds,
thereby restricting practical real-time deployment.

To improve the practical application of single-domain

generalization models in crowd counting, this paper proposes a
lightweight framework, LB-CountX, with the design of dynamic
local and boundary perception losses to mitigate these limitations.
A dynamic local perception loss is designed to co—optimizes global
context and fine—grained density estimation, and a boundary
perception loss based on Canny edge-derived density maps to
which
improving accuracy in densely crowd environments. Extensive
evaluations on SHA, SHB, UCF-QNRF, and JHU-CROWD
show that LB-CountX achieves state-of-the-art MAE and

sharpen crowd margin localization in dense scenes,

RMSE with significantly fewer parameters and faster inference,
making it ideal for real-time deployment in unseen environments.

The primary objective of this research is to advance the
development of lightweight, single-domain generalization methods
in crowd counting, providing both empirical evidence and
theoretical insights to inspire future research and facilitate broader
practical applications.
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