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Abstract: To address the matching challenges arising from significant scale, viewpoint, and modality dif-
ferences between satellite and UAV images, this paper proposed an end-to-end cross-modal matching
method based on ConvNeXt, integrating a KL.-divergence mutual-learning mechanism and a triplet-atten-
tion module. With ConvNeXt as the backbone, the method introduced spatial-channel-directional triplet at-
tention to enhance robustness against geometric deformations (e. g. , scale and rotation) and to strengthen
directional-structure modeling. Meanwhile, KL divergence guided mutual learning between modal branch-

es to align the feature distributions of satellite and UAV images, alleviating modality shifts caused by view-
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point differences. On the University-1652 dataset, it achieves high bidirectional retrieval accuracy: Drone
—Satellite R@1/AP=89.40%/90.98% , Satellite>Drone=93.44%/89.33%. Compared with Con-
vNeXt-Tiny, it gains 2. 21%/1.80% (Drone—Satellite) and 2. 19%/2.73% (Satellite—>Drone) in R@
1/AP, with slight advantages over recent methods ( TransFG , GeoFormer ), and remains competitive
with several recent approaches. Ablation studies show triplet attention and KI. mutual learning contribute
+4.13 and +3. 55 percentage points to R@1, respectively. For efficiency, single-GPU inference (bs=
1) has 20. 83 ms latency and 0. 53 GB peak memory under a unified protocol; in single-image multi-target
settings, V-Rate@5=97.7% (K=5). In conclusion, the method ensures real-time performance, boosts
cross-modal accuracy and geometric robustness, is engineering-deployable, suppresses distractors in multi-
target scenarios, and suits UAV visual navigation and geolocation.

Key words: satellite-UAV image matching; cross-modal matching; ConvNeXt; triplet attention; KL di-

vergence; visual geo-localization
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A TCRNE DR IE ST AR Pk, SCHR 15 1) 5 [ 5]
AEAF B 51 AL, R KL 8O3 B 2 B0 AS fil
A ) 25 5 HE SR ffa T — 3.

L= T*[ D (piac // Pione ) D (Pone // pl) 1,
(16)

K P
it Dy (P Q)= D) P(e)log Q((”) WKL
=1 c

JE 5 S, T AR A P 5 QI A X 22 5
A WA 58 48— B0 KL B AE O 0527 22 57 UK,
(BSR40 2 o RS0 2o 5z 1) A% 4 4 8l 0003 A 1) 22
St /N7 AL
4.3.4 EWARBHAAL

B bR =K R A A I U A A A H s -

Loa=LoH A+ Lo+ AL,  (17)

HA B SR A, A T AR L, T4 =
JCA R S KL B2 S T S AR oA b A L
B 1 Ul B A1, R SOBRIA I Ay = A = 1, 9 1A
FOXPKE BE RS2, WL 8.

AT 55 AL HLE AT B 25 & o JE R 5 5 15
RS 57 XUE H b, 35 48 THE L 7 52 2% 5 A A
B I E R S iz AL RE

5 ERit 5 4R

RS UE AR SCEE Y Rl A KL-1E & ML Y
ConvNeXt HEZRTE T & 5 JC AL B A K R UL i
855 B9 A S50PE | FE A o 25 0 FR A 2 Universi-
ty-1652 FIFJE 7 RS I o S50 DAl 6 a5 A
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AR 0N 82 i N oV TEN I SR T R 2 DO B AN D 93
N REE S R
5.1 EWigHE
5.1 ¥EBENSB

Sk B E i 42 @l G KL-33 2 77 9 ConvNeXt Jt
Be 7 AR B B S b 50 WA ROME AR SCHE B S
P 1] 15 VS i B0 PR 4 University-1652 1 it 47 3F
fli o ZER A E 2 TR KNS AN
B s i 5 0l e s 2 My R, B
IR AR E A SRS ER . BRIk,

(DN 701 K Bir , BRAET 2T A
HL5 xR0 TR G

(2) M4k « A K K B9 Satellite Gallery
51§21 Drone Query 214 1 ;

() PPAG AT 55« B T K0 ZOKS B Ay 45k D i M e
2 1) T8 AL G AE 152 P o A7 HL o g (X 38
5.1.2 SBRRBEEAKKR

S0 7E NVIDIA RTX 3060 GPU & I
15, Bt FIHE Sl Py Torch 2. 4. 1, I 25 5 4 5 B0i%
B 2 TR
5.2 ISR

SRy A T PP R TR ) 5 S DL IRC B T, AR SCR
H LT EJdE b5 -

(1)Recall@K : 7 Top-K i ] i Pt Bt %) 1F #
L1 LA

(2) AP (Average Precision) : 2% {A& JC fi¢ 7

F2 XESHRE
Tab.2 Key Parameter Settings

SRR ZHUHE
Batch size 8
Optimizer AdamW
Learning rate 1Xx10"
Weight decay 0.05
Triplet margin m 0.3
Positional scale a 110"
Epochs 120
Scheduler CosineAnnealinglLR
Precision Mixed Precision (AMP)

g

(3) Top-1 Accuracy : F T2 45 & 43 15 591
%
5.3 HEAXR

Ry k20 B UE AR SCIT 4 H A R 0 A RPE L R
5] 2 W% A% Triplet Attention ALl 5 407 B /8 1 1
g AR BT B T I S DE TR P B D T A BT RR L AR S
7€ University-1652 % 4 5 L 47 T & G2 1479 fil
SCUS AT . A SE 5 2 T ConvNeXt-Base &
T W 2%, 7€ A [R] Y1 25 BE & (AN batch size (% 2] %
DAk & 558 ) T AT 45 1 A2 £ 43 BT, 0 DR DT AL 45
Al Pk o

Ry 56 0E BT £ 07 1 A AR B A U AR S0k
THIH Rl LG SE 50, SE g 45 2R 0L 3R 3.

3 HEXW AR IE (W@ Recall@1/Topl % )
Tab.3 Ablation study performance comparison (Bidirectional Recall@1/Top1%)

Bk AR Drone—Satellite Satellite—>Drone
ConvNeXt+TA-+PAU+KL(Full) 89.40/97. 38 93.44/99.43
w/o TA 85.27/95. 66 88.63/97. 74
w/o PAU 86.42/95. 88 89.17/97.90
w/o KL 85.85/95. 21 88.26/97. 34

AR ] 1 il S5 6 25 SR AT DU Y 45 155 B o) 1%
P25 VT JC P B 1 A A [ 72 /Y ok L B AR b
L/

Triplet Attention B He 7E /W 4> J7 ) | i) 3% 3
TR SIAZBG , Recall@] - ¥4
T4 3. 5 pp(Percentage Point) , ¢ B H 7E 22 #5 [&]
A8 Jag ¥ 23 TR AR AN 7 ) 1 AR AR D TR A OGS

VRN, S35 B i 17 A0k KO8 78 A 5 45 4 it 32 Y
15 N AE ST

37 SRR iR B R B 2 A AR TH BT A AR
R, {EL 3 o I O A 2 () o B L, A AR T T
FFAE B9 23 8] X 57 B8 0 o A AN [R] A 25 8] 75 B R 15
e 5E (1 Recal | & F, B0 Uk 1 HAE 25 40 £ X 5% Hh iy
THPES B
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K % TR

33 %

KL x5l A B 751 % LA 5 AL
PN 53 327 20— B0 F) 50 P AR 23 A, R ) 2 AR
drone—>satellite ¥ JZ [a] VT FC AT 55, 3¢ B 1 BT B
AR ROR o X U B KL B2 > ML ol AR —
FhA R RS — Pk 2 o T B, 1 o 5 A A5 0t 5
HZ AL fig

BRI AITE Satellite—>Drone 5 Drone—
Satellite ’§ > J7 1] b (9 14 B8 22 PR AL/, 2 W] i 42
Yy B R Y S M S A O PR
P, LA 7E S R AL ) b 3 A AT 55 v B N HH
Wi
5.4 ZEXRESE KIS0

R R 5% 2 H R B S B0 R N BL A DT C P
fE 19 52 I, AS SCHE University-1652 %4 4 | 43
%) 7£ Satellite>Drone Y Drone—Satellite B />

D5 18] & #EAT X b S gy . S g [ At R/ R 8,
W ke {1,2,3, 41, HE& U 78K &% AR
e Bif AL 5 B & gk R 2 ) A AR IR, OF BE X
K BE X R A O TR R RE TS AN LS AR, LR B E
FEAXT

SCEGEE R R 4, L SAE 2 iR, B kA
W, Recall@1, Recall@5, Recall@10 L4 fz AP 4
BEHEETENGE ., X —-HEEWNMMES T
li] ¥ 88 — B

Satellite—~Drone Jy 1] : 24 2 ) 144 & 45}, Re-
call@l M 93.44% T B& % 91.58%, AP M
89.33% FREE88.47%,

Drone—Satellite J5 [a] : 24 2 )\ 134 52 4 B}, Re-
call@l M 89.40% T & &= 83.39%, AP M
90.98% T %% 90.08% .

% 4 Satellite>Drone £ 5 H kBT BRI F N

Tab.4 Impact of £ value on performance in Satellite = Drone task

R@1 R@5 R@10 Topl AP
k=1 93.44% 95.44% 96.01% 99.43% 89.33%
k=2 93.01% 94.72% 95.72% 98.86% 89.63%
£=3 92.01% 94.72% 95. 44 % 99.00% 88.61%
k=4 91.58% 94.15% 95.15% 98.86% 88.47%
%5 Drone—Satellite {F 55 1 k & X3 4 &8 19 %2 M
Tab.5 Impact of £ value on performance in Drone—Satellite task
R@1 R@5 R@10 Topl AP
k=1 89.40% 96.30% 97.29% 97.38% 90.98%
k=2 88.80% 96.31% 97.28% 97.41% 90.52%
k=3 89.20% 96.17% 97.18% 97.30% 90.80%
k=4 88.39% 95.75% 96.84% 96.99% 90.08%
X " @ sucleDrone 97;'_'_'\'_'\.
—l—Drone—Satellite 96 E
92 95 —@—Satellite—Drone -
§ o\\° - —l—Drone—Satellite |
90

1 1.5 2 25 3 3.5 4
Numbers of sampling &

(a) K TS R@ 1A 2T HL
(a) Comparison of the impact of k£ on R@]1 for two tasks

88

91

1 1.5 2 2:5 3 35 4
Numbers of sampling &

(b) kX FIESSR@SHI NN EL
(b) Comparison of the impact of k on R@5 for two tasks
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97.5 T T T T T 91 T T T T :
97*-—'\'\-. .\'/.\'
90 8
c\;" 96.5 © —@— Satellite—Drone
= = —— Drone— Satellit
® 96 —@ —Satellite—Drone | < ronemsatelie
e —l—Drone—Satellite 89
95.5
95 L ! . . L 88 ; ; ; ; .
1 1.5 2 25 3 35 4 1 15 2 2:5 3 3.5 4

Numbers of sampling &

(c) KX FESSR@10REZNEN N L
(c) Comparison of the impact of £ on R@10 for two tasks

Numbers of sampling &

(d) kXS AR S5 APRYSZIE R EL
(d) Comparison of the impact of k£ on AP for two tasks

B2 AXPIAT 55 R@K A AP B9 520 X L
Fig.2 Comparison of the impact on R@K and AP for two tasks

X R S A T R KA 23 1 it
YR [e] 28 0 A A 18 L 91, DT B 2D T e P B S
SRR A 1Y 22 FE P 4 45 85 R AE Triplet 451 2% 1
O RPN A o B R A B RN LB S
o LA TR AL AR AR URE A o 2 A/ (T &
=10, N IEREAR R A R, BA B T TR
] 73 B, EL AT R PR 1S AL X 2 Py 2 A R Y
Bifig

R PR 55 7 B PR e R I S R L A
e AAE F L E B A= 1 E WA REES S,
VISP 25 N 220 1k 5 2 1) 40 i) v, AT 2R 45 B AR
14 B A 1 i
55 S5ExREEIL

58 A SOTA J5 i 7E University-1652 %% 4%
£ VTR BB XT LL 4n R -

& 58 i 1 2% 2] J7 % (Contrastive/ Triplet, 3
F VGG16/ResNet-50) K 7 [R . 7E Drone—>Sat-
ellite 5 ] , R@1 24 i 52%~66% ; 7£ Satellite—
Drone J5 i , R@1 £ y 64~75% , AP Z 1
52%~63% XH . 51 AFFIEE 8/ Fl 5 (40 GeM,
LCM,LPN)J& , ¥ R &R i 35 42 T : Drone—Sat-
ellite B R@1 #& J} 3 66%~76%; Satellite—
Drone i) R@1 # 7t 5 80%~86% , AP 42 Jt
65%~75% . Transformer & J7 ¥ (FSRA, Trans-
FG,GeoFormer, MFJRLN, IFSs) #f — & 4 & f
J& . Drone—Satellite ) R@1 ik 5] 86 %6 ~89% , AP
ik #| 88% ~91% ; Satellite—=Drone 1) R@1 ik #|

91%~93% AP A% 85%~89% .

R 35 % (ConvNeXt+KL 7 3 1) 78 B[]
YIHUE AL : Drone—Satellite J7 1] R@1=89. 40,
AP=90. 98 (% GeoFormer ] 89. 08/90. 83 43 J
TF+0.32/40. 15) ; Satellite=Drone J5 1] R@1=
93.44, AP=89. 33 (4% TransFG i) R@1=93. 37
BT +0.07; % GeoFormer ) AP=88. 54 #& J}
+0.79).

RAER SRR LT 2588
J7 s AH 543 30 AR B D AR R M R R Rk (n
MCCG"™, SDPL"“" 5 SampledGeo™ ) #f Lt A5 7%
E—E2 . Hrp, SampledGeo 2 T H - 5 i
B ConvNeXt-B ‘i 1, I 45 & KA 6B A 42 H
52 B g ms eI 2R B Boal >k W3 0935
A IFRS 1 MCCG 5 SDPL 43 51 A £ 432K
RA PG5 % 4L 57 IR IE 22 2] 2500 76 2 2 W 2%
Be B T O R@1 5 AP, AN, 48 3¢
T3 V5 AE S 29 BT AT PR R R O R R R, 1A R
N TENG B - Ol S TR AT AR E M
PeFh.

Zi I, 7€ University-1652 I+, 2 3C 77 & £
Drone—Satellite 5 Satellite—~Drone #§ /> J5 1] [A]
f B B = A R@1 5 AP, (R B M 07 o 9 5 B 25
Livae g DI Y S
5.6 MIAECATHAL 57
5.6.1 R ETHAASH

oy 1k — 0 B R BT B il G KL-1E & ) Con-
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vNeXt J7 1 903 5T 1Y 85 B S VL R OR , A 55 Y Top-5 K R &5 3R, B HE K8 FLS LT, i
SCAE University-1652 8048 48 i k17 7 BR R R HE 7R 1R UC T, &1 7R AL J 7R Top-5 i it (2 & I
AIAAL SIS o B3 AN 1A SO 7 B AE A B RUAT: LURLIIIR R TR

Drone

Satellite

Satellite(R@1—R@5)

() BARERIESS

(a) Target localization task

Drone(R@1—R@5) True-Match D False-Match

(b) SHLESS
(b) Navigation task

3 A5 ik UE AT AL A

Fig. 3 Matching result visualization diagram of this method
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5.6.1.1 T AN A B AF % L £ 4% 3, B A HE £ R B OS2 UL D (True-

B HL3E B 3 5K T AL A LSRR A i) 1
T 1R R FE R 8] Top-5 15k . 7] LE 3, B4
A 1 Top-5 41 3 34940 5% B 505 1w /9 TR 14 (o
HEARTE, Top-5 i HE=100% ). T Z VLAY,
H T University-1652 & 28 & 15k T A &, A 1k
Top-5H KA 15K BEAH , H A 4 5Ky T4 ik
(HEHE ) — &A1 45 20 1) 76 4 00l SCHE 1 AR B, {H O
AETal — bWy o LR R W, BT $2 J5 1 7E Drone—
Satellite 5 [0 B Fa i o B HEA WAL, 7 &
225 A0 A R A v BB A BT bR AR T R
UF R R UERE S B
5.6.1.2 TAMNRMES

AT 45 v Bl AL B 3 5k T3 R AR R A R
A, 22307 JC A HIL BT v DR E S i 5 A A
WIEME . BT RO 15k TR &l ITRAE
55 o HLBPk AR . BOAE Qb A SO IR TR AT S T
WRER ML) G 2R H L S DCJC 0T, 2 30 X 5 A S o
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EEMMIE T BARIFWHANE LSS
BEE
5.6.2 15 FSRA 4= LPN & & M7 ik 69 2 H 4R
Tk — 25 B AR SCT7 B 0 A e, 7E Uni-
versity-1652 ¥ 4 45 I ok B T HoA Bk 561
UAV Al Satellite # ¥ B & , 3F 50 R M &
FSRA 5 LPN #4717 Al AL XF b o X)L 45 S dn
B4 BT 7, H e i RE Dy A i RS, B A AE S B
SEVC T, £ HE /21 8 HE R 3R DL, B rp A R
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Satellite R@1—R@5
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Fig. 4 Qualitative visualization comparison results with FSRA and LPN
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ML 4 ) 45 F 0T DLW g2 2« 7E B bR E AT
FMGFMAT S M A R T AL LG T
R HbOKE B SE DS BCHEAE AT A L OF BE WA T
Top-5 HEJ7 9 & UL it . T FSRA 5 LPN 7F
[R5 o1 I (0 7 Al E I 71 S g

HEREHEA SRR EERaPrEL. X—
R H5E6 P E RS RM— 8, ZFWA T
EAAUTE S R /N LT B O ik
HLAE W HE 3 5 rp BAT o 4 09 A8 {1 5 58 B
A E

% 6 University-1652 F 5 =R & LTtk

Tab.6 Performance comparison with state-of-the-art algorithms on university-1652 (%)
Drone — Satellite Satellite = Drone
Method Backbone
R@1 AP R@1 AP

Contrastive loss'™ VGG16 52.39 52.39 63.91 52. 24
Weighted soft margin triplet loss™" VGG16 53.21 53.21 65. 62 54.47
TripletLoss (M=0. 3)"*" ResNet-50 55.18 59.97 63.62 53.85
Instance Loss-+GeM pooling™” ResNet-50 65.32 69.61 79.03 65. 35
Instance loss™’ ResNet-50 58.23 62.91 74.47 59.45
LCM (ResNet-50)" ResNet-50 66. 65 70. 82 79. 89 65. 38
LPN™ ResNet-50 75.93 79.14 86. 45 74.79
FSRA™' ViT-S 85. 50 87.53 89.73 84.94
IFSs™ — 86. 06 88.08 91. 44 85.73
TransFG™ ViT-S 87.92 89.99 93. 37 87. 94
GeoFormer ™" E—Swin-L 89.08 90. 83 92. 30 88. 54
MEJRLN"™! Swin-B 87.61 89.57 91.07 86. 72
SFDAM™! — 88.78 90. 51 93. 44 88.07
Sampled4Geo'™ ConvNeXt-B 92. 65 93. 81 95. 14 91.39
MCCG™” ConvNeXt(256) 89. 28 91.01 94. 29 89. 29
SDPL™ SwinV2-B 90. 16 91. 64 93.58 89.45
Ours ConvNeXt 89. 40 90. 98 93.44 89. 33

5.6.3 5 MCCG #= SDPL # & 1 5T A4 2 1
Ry ik — 2L R AR ST ik T AR R AR SR
2 2z 8 Bk RE 2 R, B MCCG[40] 5 SDPL
LA TP A28 T 50 B0 B30k R A SE PEXT LE o X EE
5 RANEL S ez, Horp R HE O i RS B AE
S ELSEUCEL, /41 A HE R N R VTR, & AR
7N T Top-5 a3 45 H G 1 WA TR o
ML S AT B A IE 3 OGRS T A SOy
¥ 7 Drone—Satellite 55 Satellite—~Drone ¥ 4~ /7
m ¥R fe ekt BSC VLG, H B D T iR I
Begi , S R T AR A TR B B — B

55 JLAn] RS A 5 ) A A o

TERE— 5 AR AL I, = PR 1%
oy i BT AR 4y DT E G M R B S DT T HE 44 R I Y
00, X 2 WL IR 5 BT 82 A8 A A7) 2 X B B S R
P I I8 — € S0, L H: 25 52 B 5 G 25 A IX
B, S EE R L R e, S BUR R AR A RRE
SN AR SCO7 TR A 22 BORE A R AT BE AR 45 55 o
i AR Bl W] 2 b 3R AR HAT — 2 /YOG IR N
Mo R S5 T AR Al 45 5 0l A 28 R AE 12 i el 2 A
ARG RRALE] , DLIE— 2 PR T3 5 2% O IR PR BT 1 5
EEe
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Fig. 5 Qualitative visualization comparison results with MCCG and SDPL
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SRR ARAS T R R A O AR R NS
o) o A A A Bl 256 < 256 4 A AR R
S/ t00E R w5 TR R R A 2 (BRI 1) LG
TTA . [E % ANN i & 5 [ @ R IR 48 5 ) o 2%
6 b5 7€ W5 b batch 1% B T Il & : bs=1 (¢ 5 43R
5FPS)Y bs=8(k 5 # it 1 ) ; PeakMem Jy CU-
DA it g {8 & A7 , % “bs=1/bs=8(GB) "% i .
Z 5 % WAy 7 ¥ A 55 MobileViT-S (cvnets inl

k) , TF-EfficientNet-BO, RepVGG-A0, Con-
vNeXt-Tiny 5 Ours, #£ UL 3 7. #F 2258 6 (1) )2 |
AT I UL /NS 8 H b i 2 7E 2
48 FPS, <1 GB WA LR YN, ik 5 3% 6
AH—ZRh kg R R

MNE 7 A5 <11 M S8 & E N,
RepVGG-AQ L 3R f I 13. 02 ms; TF-Efficient-
Net-BO 5 MobileViT-S i 77 & ] fi% ik (Peak-
Mem@bs=1 #J 0.06 GB, @bs=8<<0.25 GB) ,
k03 490. 1 FPS 5413, 6 FPS, R4
SENF PR A TR I, ConvNeXt-Tiny 25 Hi 4 5 3 28
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Tab.7 Comparison of lightweight baselines and efficiency
Laten- PeakMem@bs Through- Drone—Satellite Satellite—>Drone
Params ) FPS@ -
Method M GFLOPs - cy@bs=1 =1/bs=8 put@bs=8 R@1 AP R@1 AP
/ms /GB /FPS /% /% /% /%
mobilevit_s
. 7.00 3.71 49.2 20. 33 0.06/0. 25 358.7 37.83 42.79 50.36 36.23
(cvnets_inlk)
tf_efficientnet_b0O  7.06 1.05 53.5 18.71 0.06/0. 22 413.6 34.54 39.57 46.93 31.29
repvgg_a0 10. 88 3.98 76.8 13.02 0.08/0.11 490. 1 37.70 42.85 47.79 34.51
convnext_tiny 30. 85 11.67 71.6 13.97 0.19/0. 26 289.8 87.47 89.37 91.44 86.96
Ours 91.31 40.18 48.0 20.83 0.53/0.61 124.8 89.40 90.98 93.44 89.33

(Drone—>Satellite: R@1 87.47/AP 89. 37; Satel-
lite—=Drone: R@1 91.44/AP 86.96) ., Ours A %f
ConvNeXt-Tiny JE 2k, 76 W ] K5 2 1 i — 25 hill
K« Drone—Satellite 1 R@1 i 87. 47 42 & %
89.40 ( +2.21%) , AP 1 89.37 & JF = 90. 98
(+1.80%) ;Satellite—>Drone i R@1 4 91. 44 4%
b %= 93.44(+2.19%) , AP H 86.96 #& J+ &
89.33(+2.73%). [FAfff+F48.0 FPS 5 20. 83
ms(bs=1) , I 2 17 0. 53/0. 61 GB,

gi b AR ES BN B E R R
bs=1% 48 FPS W& fH .17 0. 53 GB 1) 5 i} 7 $2
T, X R@1/AP ¥ F ConvNeXt-Tiny, I 5

2024~2025 AR K Ty R Fr a7 s A IR/ b
M2 B, 7] 3% MobileViT-S/TFE-EfficientNet-
BO 55 B8 A2 A Y, DL Ak RS 2 e BB 5 Ak s A
1% 5 S0 M IR E AR SOy BRI L R A
Bt . BT A SR TE bR I FE R — B8 5 3 i A
[F) 4 B2 R AR (BLRCRT L TTA L[ @
ANN S5HFAELERE ), PR TE T XF H i 2 P4
5.8 BSE A FAEESWT

S E A B A BEE , TE G — i 3 3 T Hp 2L
T X (A, A )E{(0,0.1), (0. 2,0.5),(0.5,0.5),
(0.5,1), (0.8,1.2), (1,1) 47 T MK R, 45
LS,

R MEAMA MG TR (HEIR, %)

Tab.8 Weights A4, and A, their impact on retrieval performance (end-to-end, %)

Drone—>Satellite

Satellite—>Drone

A . R@l  R@5 R@10  Topl AP R@l  R@5  R@IO  Topl AP

0 0.1  86.51 9569 97.06 97.23  88.61  92.15 94.86  95.44  99.00  87.20
0.2 0.5 8.95 9514 96.79  96.96 88.04 91.01  93.72  94.86  99.14  85.05
0.5 0.5 8.8 96.29 97.34  97.43  90.60  92.15  95.44  96.15  98.72  88.52
0.5 1 89.60  96.38  97.37  97.48  91.16  92.87  95.01  95.72  99.43  89.30
0.8 1.2 8.52 96.09 97.19  97.31  90.26  92.30  95.29  96.15  98.86  89.53

1 1 89.40  96.30  97.29  97.38  90.98  93.44  95.44  96.01  99.43  89.33

MF 85 Hr Al £+« Topl 5 AP #E5E 1Tt , i 4 fie 1 35 A9 IX 6]

(DXH KL REFERM. HAa=0H
Awi= 0. 11}, Drone—Satellite ) R@1=86.51%,
AR B 2. 89 ; Satellite—=Drone [ R@1=
92.15% , iR EAK 1. 29% . KW KL B2
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Fig. 6 Qualitative results of single-image multi-target cross-modal matching
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