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challenges, including strong speckle noise interference, substantial nonrigid target deformation, and a scarcity of
supervised training samples. To address these issues, we propose a semi-supervised tracking method that
integrates physics-aware spectral spatial attention and kinematic constraints. For the detection stage, we
construct a semi-supervised feature enhancement network based on an improved UniMatchV2 architecture.
Specifically, to account for the spectral spatial characteristics of SAR images, a Physics-Aware Hybrid Spectral
Spatial Attention (PA-HSSA) module is designed and embedded into the high-level feature space of the decoder.
This module utilizes its spectral branch to globally suppress wideband high-grequercy interference and its
spatial branch to locally anchor the shadow’s geometric structure. A dynamic weight generator is introduced to
adaptively fuse the dual-domain features, thereby generating high-quality prediction masks under extremely low
annotation ratios. For the tracking stage, we propose a spatiotemporal association framework tailored for semi-
supervised uncertainty. The framework includes a kinematic prior gate based on a Linear Gaussian State Space
Model (LGSSM) to smooth and correct jittery detection edges. Subsequently, a multidimensional cost matrix
integrating kinematic residuals and geometric consistency is built to resolve association ambiguities caused by
target maneuverability and deformation. Experimental results on measured data from Sandia National
Laboratories (SNL) demonstrate that the proposed method achieves a Multiple Object Tracking Accuracy (MOTA)
of 64.19% using only 1/32 of the labeled data, outperforming baseline methods by 6.73%. This method effectively

addresses the challenge of robustly tracking weak and small shadows in heavily cluttered backgrounds.
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Fig. 1 Geometric schematic of Doppler defocusing and shadow

imaging for moving targets in Video SAR
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Fig. 9 Physics-aware semi-supervised detection and tracking framework
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Fig. 10 Detailed internal structure of the PA-HSSA module
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Fig. 12 Improved spatiotemporal association framework oriented toward semi-supervised enhancement
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IDSW)) R E LAABAL FE 437 2R R A
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N T REHEVEAL FRATTHE A BRRR AN e i 2% (P A-
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()5 R0 LLSEEG . S PRIE PRI I A, B fr SE56
LM [E] 2 B I 2R 8 (UniMatch V2HESE)
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UL MR 2R A )X — B — AR . SRIR AR EE T A
N J71% (PA-Decoder) 5 3 77 12: (Baseline ) £ A~ [A]
EARBEHE LB (N1 /2811/32) FIMREE R, &
WA T e o M B B B AllSpark ™
FNSemiVLPIHEAT T #8 ) W] ALK L

I REL LR, B 2aEE13h AR
PR LB B RE AR E H, DL B 14 AN 15 ]
MALEE R, ATRAAS LR RO A5k .

T, VIR AR AR TA E RERE T
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52, BEEAIREFEARR YD, PERe 72 B b 2
K, WEI13HTR, fE1/2HFH FMOTARZ
1.02%, MAEL/16801/32LLB T, FETHIEE 5 5%
WRA7T%M6.73% . XAH MUY T, M E(E
SWEEZ N, PA-HSSAFRM 82 W HE 55 5% it

Fz 1 FEFRELLGI TR S EE A AN IRER M gExTEL
Tab. 1 Tracking performance comparison between PA-Decoder

and baseline under different labeled ratios

fRiD 3 5% MOTA (%)t IDF1 (%)t IDSW | FP{ FN{

1/2 70.93 75.55 12 102 227

1/4 69.48 74.82 10 101 247

PA-Decoder 1/8 68.20 68.57 11 109 253
1/16 65.30 65.36 16 98 293

1/32 64.19 68.13 10 149 261

1/2 69.91 75.91 6 115 232

1/4 69.05 70.56 11 83 269

HMETE 1/8 67.43 69.80 14 84 284
1/16 60.53 67.09 8 83 372

1/32 57.46 69.18 22 261 216

( ) IR EE

) Original image

RIVERE ) B S ¥

Hok, AU 2 G086 55 /N R R R
BORE, FEAEIH R A SR E 07 Ak T34 Sl A
%o B4R THEL 2B BB NG T, A30T7
1R 3 E T A M AllSpark, Semi VL 55 BH 5246 1

72 |
70 T
68 |
66 |
64 |
62 |
60 |
58 |
56 |

12 14 1/8  1/16  1/32
Labeled ratio
< PA-Decoder (A3 J71%)
= Baseline (FE#EJ51%)
P 13 AR B M B T I BRER B TR DAl

Fig. 13 Robustness evaluation of tracking under low-resource

MOTA (%)

semi-supervised settings
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(c) Baseline prediction results
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(d) Prediction results of AllSpark
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e) SemiVLJ5i% fI TN 25 F
PIPdlCthIl results of SemiVL

£) ARSCITERI TSGR

f) Pr edlctlon results of proposed method
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Fig. 14 Visual comparison of weak shadow detection trained with 1/2 labeled data
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FEOS I/ AR BUREAE, I T E )RR I
Z (B EATENR). M2, KTk
(BI14(F)) 15 2 T 9002 P R BEnL, RRIL M 1 XU
oA WEREAE AL 4 LA SR B R I 55 /0 H 5
SCREA ROR A HAMHI PR AN H AR 1S S
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MIETR T EL /28 bR28HE T Bz v AL AR EE -
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SCHT AR BT OZE (BI15 (e ) ) 5 D0 P . R
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E(1/32) IR BRI T, AR Z 290 S 5L
IDSWHUIE 2220, 1A L7 AR Re i 4 H AR e
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XARLE H AR A e B MK B 51 e = 4 -
s, fEE B8P aR 7 PEmE, JUHE
EREEY 5 WRITR, rwwmm iy 2

T, VAR ELNT 2261, FEHMOTA
B2 57.46%;: TPA-Decoder NMYAE &5 4 S ¥
FPREIEHITE149, BAELEATEMMOTA LIREF T
64.19% M mKHE. X — R EMVEREZIERM, AR
FFEAMH T HE A SOT A B A 25yt i e Lok,
B TR A 1) LA R AIE K OB T A% 0 R B 1

AT E AR i I B 2% #T%W&Tﬁmﬁm@%r

4.2.2 SHAEHFIEEIRRIMEREXEL

N T A THNG UE AR SCHE H = B AR A 48 e U
W28 AEAINS AR RE BREFAT 55 L e, A9k
H 5 R AU 0 A f B AR i
B SIREZRHEAT TR EL o O T B DRGS EL AR P 12
Y5 AFE, B SISt S R A 2 BB g
€, KM ARFE I ZR 8 m R 73 (1/2) « AR EF
W 2% (DINOv2-Base) LA S AH [F] 1) )5 Sifvia 3 27 P28 5%
PG| RO B SEB I B S dEHE R BRI T .

UniMatchV2: 25 B 2 =) S0 ) 5
%/E(Strong Baseline), ZMESL 2 AR 7 v 1) 2k

2K el 2 5 95 B0 1Y 9 A — Bk I 4

EH% 12 B AREUR 173 28 5 73 B S5 BRI

AllSpark: — P @ G AT 55 BEH D w2
PR UNE, 85I NIETETE L EH S %6 IR
ML SEng ,  AEJDTHE TS R OR 4 T R 585
JIRVRHIESR B RE

SemiVL: T G- 5 (Vision-Language)
FONZRAR R ATV I B e 228077l
KPR 5 A S B 1 SCSE B0 SRR T Y A /D R AR
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(a) gﬁUSeqi,‘équ Seq35@§$jlﬁ

(a) Ground truth trajectories of sequences Seql, Seq2, and Seq3

(b) Mtk

(b) Tracking trajectories of the baseline method

() ARSCTT IR I R B LZE

(c) Tracking trajectories of the proposed method
O R RHRAE R e R R R

15 BT 1/ 28 WR2HAR R T MR 125037 ST E S T LA xt

Fig. 15 Visual comparison of trajectory continuity in complex motion scenarios trained with 1/2 labeled data

BSRAG I SRR SR . 5 iRE A RORE, H
OETEERL T PR AR 4%, Bt iR APA-HSSA
AL [F) ) P AT 25 e 5 2 S T LT 208K, B 1 TER XS
SAREUEAEIR ERHE A FIRH SR AT T IR A

JE B RNR2FT/R . B iE R T 18 A
R TS AR ATUSE A2 B T 1) P08 BR AR, DA A
ST BRI SR 1) B AR B

T, I8 ST T VAR SR A B R SR
L Ak A R PR LALSpark A, R
HAEARBEG EIhRIE R, (HESARY = M E
Ae R EIRL, MOTAMUN25.83%. #x3 i 1in i
TETHERSTIN RS 4, wH AT a 7. X
FEH, B WL L PR A T AL S B SN Tk X
Oy EOABE R S B S SO, 3R ALK K ST S
WHNEFR, AT RS E, AR TE
PRATS ARATIE ) AT 2

Hk, BT BREG B a5 ATEE DL

* 2 TRIFHESF JIERESNLEIES LHIRER AL
Tab. 2 Tracking performance of different semi-supervised
learning frameworks on the SNL dataset

T MOTA (%)t IDF1 (%)t IDSW{ FP{ FN}{

AllSpark 25.83 53.43 28 371 471
SemiVL 41.77 54.33 27 149 507
UniMatchV2 69.91 75.91 6 115 232
Ours 70.93 75.55 12 102 227

e ISR R R

RSARFEE B E ik %= R . SemiVLEARTI N T4
BE-TEE W, HEREIR AR, MOTAX
RNA1. 7%, 5 ANSpark;= 4 (K & TCJF M EAH,
Semi VL &= EHRAE T ISR AR IAS07, 2FTH
TiE R . RAFEFEET: BARSAREUE R &
gUAE R, (AT S AU T B 75 5 KRR+
M A R BENL BN, X5 Semi VLI 25 BT 4 8 11 o
B A PR E SCRFE (IR A R . a2 anT) It e
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RGP LR EAR TR ZE . X E RS ZE 7
T BB 3 UK 2248 B 52 1 SCAR IR 5 UG H g
PSRRI AT X 55, AT TS BB & H
FRIGEA U, A BRI . &5, A
SCOTVEIEE VBN ER 7 RdEAE, 7E AR
SRG F P AMHI R 7 B ST R S . AH L TR
#EUniMatchV2, ASCHTHE #7775 MOT AR T
270.93%. HEUARIINE, A EEZHAIR
SR TR L. XA JIHER T, JEIEPA-
HSSARLEL G| NP EL) R, ACH 30 H] 128
AANSpark f I (8 St HERE, X EH5E T SemiVL
M U B (R BE = 55 B bR RRIE . R TEIDF 1R A5
FHA L Baselined -, HIX 3 BF T A ST 15K
iR T2 AT iE SRS R R AE B bR, WERH T
PA-DecoderfEAbFE 4. JEFFaSARY it B 4%
AR BIZEAFI TT

4.2.3 52 EBMSRSARAZ RS EXTEL

R T PP A ST B EMAISAR
AT P D0 1 AR A R 56 I ) B R R WL ) T A
SARBIMGRFA HME S EA R, R ZiEE Y
AT LU A0 S it 4 M B BR R SRE AT TR R B, I
HURT R e AP EE . — & T LA 3 2R
PRAESE, BARBCA RIS IR ERHE L FairMO TR
F TR B K Byte Track U LA e HiE T AR tEig
HEBOC-SORTEY, 5 — &4 XM ANS AR KF
PR B & AL, BEET RMAE MK
FEAE S 2] I GNN-JFLEFI 5 T B RHE R 7R I Graph-
based Tracker® . N T &MEZELEMRE LR, ik
XTSRRI TE100% 42 A br 2 508 T d#E 47 U 25,
T A S VAT FH 50% 1) BB AR 28 40 ds o FE T
E BT LLah R AR 3R

SEIG 25 RARE,  AH BT I Sk i As0E B P
AN R AN A IS B T BRI & AR AR, AR SO
I T R A A I S RO A

B, PSSR IS AR Ak

(358 I X L o 368 FH) Y 2 BRI 9% p ek A4 oo
W SCEE, ERRBE S A SRR R E IR k. k3
i, BT AR B Fair MOT HE DL IE N 98 e 5
T3, MOTA }30.19%, HF41#(IDSW) &
K202, 2% B HARFAE P2 B35 76 A FES AR PG A T
Il P ) ARSI AR Byte Trackf1OC-SORT
BEARIK G R B SR IS B MO T A4 Fr AE53% ~ 55% X
8], (AR T AR ERIT0.93% . A EEE
PA-HSSA R 2S5 e g )y, AEAAE FH — 2
BHE A F TSI T RE I B R T, TER] TR
SAR PG AR VE 41 ot ) R AR AR 1) 0 B

HK, 58U8E SR e T ASO
W v B BHE R 20% . GNN-JFLAIGraph-based
Tracker J7 3@ 1 51 N B 45 1) SR ¥ 48 BF 52 18] 16 #0 41
KFZ, M HEREAS 7RI (MOTA
T E60% LA LX), SR, AR EAEEH—
PAREFAR T, KRS T X s 4 5B
L HREEFISOTAMRE . X — M AT PA-HSSA
PR A IR e 77 R H T a5 00 & T i o
RIPARA, ARSI TAERT RS B B
] G o R A R IR R B R LT 450 . X PR E
REESE S SR A 5 i IR T R R AN,
T R ARG 5 A4 6% P () B S B 1 5 B PR B T o

B, BHEA R TR R s R S
PRERE M. B0 55/ 52 8l o R A ), AR ST
ITER AT B (FN) RIEPRAR 2 227, 2B A RE
) —2F, UEB T H A RS e LL 58 H bR I B
i, {Efr mEPLlESEMIDF el b, 46
LGSSMXF ek M2 Ml , ARSCTTIEIER T
75.55%. X, AHELT B Ao 4R 4 45 A oG
BT, 5INE IS 3 2R 2 A A i 5 A &%
N RIS AR SR, MM ER 24 T4 N 4Ee H
b B0 B4 R — B

4.3 JHRASCIY
N T RNRFASCTHRHER B A% A F ) 51

R 3 ANFESERSEBERREAESNLEIESE EH M RERTLL

Tab. 3 Performance comparison between the proposed method and mainstream fully-supervised tracking algorithms on the SNL dataset

T PR (%) MOTA (%) t IDF1 (%) 1 IDSW | FP | FN |
FairMOT 100 30.19 33.60 202 55 460
ByteTrack 100 54.94 48.78 2 96 431
OC-SORT 100 53.24 48.98 4 103 442
GNN-JFL 100 60.70 63.60 43 237 385

Graph-based Tracker 100 63.50 64.20 46 292 220

Ours 50 70.93 75.55 12 102 227

E: IR R R



496 Tk

(gL

H15%

BREE 50BNV, FRATIFEL /27 AR 28 HH o g 1 2 M
B&E N, o BlE P A-HSSA VR SpLIFl 2 4t
KR R BOHAT 1 AR FE B I0H B 47 o
4.3.1 S UF I EIHLHI A0 ERL S A

P A-HSS A BB ) 4% .00 JEAELE T ) i AT 3k 25 e
55 2 S AR 0 40 B L M SR AR e B — 4 PR R I SR
(1 =y PR A o

N B AEIX — W R b EE A, FRAITEAE A
PR MR T, M T AT 3R AR R Y b kv
B (Baseline, Joi & JIHLE]) EAT X EL o AN RS
73 3¢ (Freq-Only): ORI PA-HSSAH HSIS AN
AT, BRI BB EA RS U
X (Spatial-Only): {NfR B S IBURENERAE, #5500
By L S ENAREAL KA. TEEPA-HSSA (Full):
17 B 20, 5 X S T o A AR AL

S0 5 AR AR, @A S S 44 S
PIfERE BT, FRATTAT LA I DL R 4516

T, ARy S0 I A R BE A RG] TR
L, (HAFTEREAEANT IS . 6 EE AR AT A, I
B G, BRI EL107, WAF T FFTX
RRAEI b () 6 s B AR E R . ST, [EAS
RN, ZE MR EHE H232 B 2252,
FHEAMOTANT e fE. KR, fE6kZ A
JURTZIR I LT, i AR AT @ e 2= 5 8
§5/NA SR I G A0 Wl FE P, AT 25 R 401K
ML Hbro HIR, 00 KRR T HAs A
B2, (A28 AT, ZMERR T2
(SO i O i Z e o R A e e el 1 Ml N = s
REE AT Hh S e PR RS, Bk ERER. (HEIL

IR, Rt 149, RUESL T UK S 218
MDA IX 7 315 B 5 5 B AT A AUE 45 R AS [F) R
R IR 5, SERES SRR

B, P Eh AU RS2 Bl 1 P BE I B A T
SEREP A-HSS AR AL I i 2 25 BUE AR il SE I T
BUBHFE I H & NS, RAHS T s fIMOTA
(70.93%) FH AR B &2 (FP=102), X—4 3R A
AEEMYEE L SARAHLHE AR R T 408
53 S 1) B T e PR AR, R R S ek gy SR M
THEGE, BRI HERIKT . XUEH T
TR E ) 5 = Ay B S OR R B S LA 25
FIZ AR E T B Pl i, SR 7RISR &
Bk

4.3.2 SUEXBKABIRBRUIE DR

FE RS BRERT B O 1 SR AR SCHR H K 2 iy
TERR & SR SRS AR BT A G T VR s, JAT7E
DRI A A D0 5 — BRI SR N, o Bl SR IRAS et
1T VXS E Rl SRR B E T PR SR Y SRR S 2
(o=

&4t 5 — P & Hi0E (Baseline): WH &ML H
PRERER S (ISORT) i &, MU E TG E S
ML B PR B PR S, ) P ) 5 M Sk kAT il
SBILAC .

AL E YERL G HEHE (Ours): 5] AFETLGSSM
Wiszh =1, R EiEsiEkE. Biikn
BOAME  TUAT— S0k AR I TR AZ 5 5 B 2R S AN
HRE.

SKIRAIR MRS R, TR, BTN
SRR 1 s RIS, HRA B R RE—

* 4 SIFHIER A BOTHRLSCIE

Tab. 4 Ablation study on spatial frequency feature fusion

ik MOTA (%) t IDF1 (%) t IDSW | FP FN
FEE ST 69.91 75.91 6 115 232
IO REN W 68.46 72.60 11 107 252
TIRER 68.63 69.90 13 149 206
B ARG 70.93 75.55 12 102 227

e IR R R L.

®5 RGEE—EESATSHEXKRMIRER T RERTEL

Tab. 5 Tracking performance comparison between the traditional single metric and the proposed multi-dimensional association strategy

WARES MOTA (%) 1 IDF1 (%) t IDSW | FP | FN |
LR 3PN S 69.39 52.45 28 104 227
EZ PRET 70.93 75.55 12 102 227

e IEEE R R R
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(¥ R227), XAFAFIRAT AT AHEBRAS MRS B 1
P, AUREITAL IR 1A 2 . X LR s T
DL RS 18

B, g —WRIKHE B By E st b
FILH ™ E B . Baseline /5% IDF14Y_N52.45%,
HLAEBE R 28V B A D e o XS IR AE SR AR T3
MR TR, Erm i AR B S AR AR BE ML B LR B
AR o AR KK I 25 4 5 5 By B N il
SRR, R A R ARIT B A RN H AR, BUE T
HARTE AR S BUR O m e I R A= BE R T2 . X 100 A
— [0 25 ) B B TGV 4E R I AR UE PR BRI

FILLZ R, ASCHEH 2 a4 SRS S BL T BR
ERfRE IR KR, B, Wil g NEs Rk E
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Wi e BT 2% A 2 8] b PR T s s, Hil T
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0. X —HLHK IDSWM2S KIRFFEE12, 308
BT AR R . R, B R AR THABILTE
IDF1fe45 F, M52.45% 8 42 75.55%, X F I
)T JUAAT— SCHEARAN 1) BA 52 T AR AR A (1) 3% 22 PEAE
BN . 7E H bRk A2 5 2 B AR R AL B T BUAL
BN IR ZER, ZARTUT G, Bk
BRI AR R D) ¥ 25 ) B B AR AE TR 22 R BRI T
k.

i LRTIA, ARSI 2 4E R PHLHIE L EA
B ERM TR, S LA X E 2
W, ARRHER T T MRS ARSS /N H bR B 78 B
554y —5hE

4.3.3 ST ERREEAIXTEE

o, WEE R R RS
FATBEANE 7 % (A 2 Ak ooy 5 R )l % 1 H
TREEGEEFEIRE R, BEABERMEMRES. R
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g 7S SRR i, R 2SI ST IR
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T EAMILI A REFE 5R M F5 15 5  A RIGHE I 7 101 |
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44 TR IR WILBIE
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Tab. 6 Comparison of different denoising mechanisms in the feature space

WARES MOTA (%) t IDF1 (%) t IDSW | FP | FN |
TR TR 63.77 69.86 17 139 269
PA-HSSA 70.93 75.55 12 102 227

E: IR R R
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Tab. 7 Tracking performance comparison between PA-Decoder and Baseline under different labeled ratios on the CASIC dataset

fRRD 9% W% MOTA (%) t IDF1 (%) IDSW | FP | FN |
1/2 51.41 71.74 0 36 153

1/4 47.04 69.06 1 61 144

PA-Decoder 1/8 43.96 68.31 0 64 154
1/16 42.42 67.72 1 71 152

1/32 39.33 63.12 0 49 187

1/2 48.84 70.25 2 54 145

1/4 44.73 58.08 4 66 145

FEHET Ik 1/8 40.62 60.97 4 105 122
1/16 39.07 65.01 1 72 164

1/32 30.59 62.38 1 103 166
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Fig. 16 Visual comparison of weak shadow detection trained with 9.91 FPS EH% l34:§8,81 FPS, 1@%2% E‘JEEﬁ‘ﬁﬁ
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Tab. 8 Comparison of model complexity and runtime efficiency of tracking frameworks under different training paradigms

Jiik ZRiE RBHE (M) EE E (FPS) MOTA (%) 1

FairMOT Fully-Sup. 20.35 14.31 30.19
ByteTrack Fully-Sup. 98.94 4.58 54.94
OC-SORT Fully-Sup. 98.94 4.43 53.24
AllSpark Semi-Sup. 118.18 15.70 25.83
SemiVL Semi-Sup. 89.32 14.04 41.77
UniMatchV2 Semi-Sup. 97.53 9.91 69.91

Ours Semi-Sup. 97.80 8.81 70.93

R TEEREETHERESRE., STHESHRMMEREXE

Tab. 9 Comparison of model complexity, runtime efficiency and Detection Performance under different module configurations

T Zh s (M) PR A (M) MBH(M) K (FPS) el B (FPS) it £ % (FPS) MOTA (%)
HIFE R ) 86.58 11.04 97.62 10.24 401.73 9.91 68.46
EIIEE S 86.58 11.04 97.62 10.32 379.56 9.86 68.63

PA-HSSA 86.58 11.22 97.80 9.25 340.67 8.81 70.93
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