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Dual-branch interactive guidance network for infrared small target detection
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Abstract: Objective Infrared small target detection (IRSTD) aims to accurately identify and segment dim targets from
complex infrared backgrounds and is essential for maritime search and rescue, early-warning surveillance, and intelligent
transportation. This task remains challenging because distant targets usually occupy only a few pixels, contain limited tex-

ture and contour information, and exhibit weak contrast against their surroundings. Meanwhile, sea-surface highlights,
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cloud edges, isolated thermal sources, and directional ground textures can produce target-like responses, leading to missed
detections and false alarms. U-Net-based models have become a dominant framework for IRSTD because their encoder—
decoder structures support multi-scale representation learning and their skip connections preserve high-resolution details.
However, two limitations remain insufficiently addressed. First, repeated convolution and downsampling may progressively
weaken the already sparse responses of small targets, whereas conventional multi-scale structures do not always preserve
fine localization cues while acquiring sufficiently discriminative context. Second, shallow encoder features contain detailed
spatial information but also substantial background clutter, whereas deep decoder features provide stronger semantics but
lose precise target boundaries. Direct concatenation or addition treats these heterogeneous features indiscriminately,
enlarges the semantic gap across layers, and propagates background noise into the reconstruction path. Most existing meth-
ods improve either backbone feature extraction or skip-connection fusion but do not jointly regulate target representation,
bidirectional cross-layer interaction, and structured clutter suppression. To address these issues, this paper proposes a
dual-branch interactive guidance network (DIGNet) , which integrates dual-branch multi-scale representation, cross-layer
interactive guidance, and direction-aware background suppression within a unified hierarchical encoder—decoder frame-
work. Method DIGNet contains four principal components: residual U-shaped blocks (RUB) and their dilated variants
(RUBD), a dual-branch interactive fusion (DIF) module, a grouped cross-spatial interactive attention (GCIA) module,
and multi-scale deep supervision. RUB is used in shallow and intermediate stages to construct an internal lightweight
encoder—decoder path within each block. This design aggregates features at different resolutions while retaining a residual
shortcut, thereby preserving local structures and stabilizing the transmission of weak target information. In deeper stages,
RUBD replaces selected standard convolutions with dilated convolutions. It enlarges the effective receptive field without
introducing additional downsampling, enabling the network to acquire broader contextual evidence while limiting spatial-
detail loss. The hierarchical use of RUB and RUBD therefore supports fine-detail preservation in early layers and context-
aware discrimination in deeper layers. At each decoding stage, the current skip-connected feature is first recalibrated by
GCIA and then fused with the upsampled decoder feature through DIF. Unlike static skip fusion, DIF explicitly establishes
bidirectional guidance between the two inputs through complementary channel- and spatial-interaction branches. In the
channel-interaction branch, projected decoder and skip features are correlated to generate a cross-branch weighting matrix.
Decoder semantics consequently select target-relevant channels from the high-resolution skip feature and suppress channels
dominated by clutter. In the spatial-interaction branch, mapped and normalized skip information generates a spatial gate
that constrains the decoder response, allowing detailed positional cues to correct coarse semantic reconstruction. The out-
puts of the two branches are adaptively combined using learnable coefficients and further refined with coordinate attention,
which preserves direction-sensitive positional information. This reciprocal design does not merely transfer encoder details
to the decoder; instead, it uses decoder semantics to filter skip information and skip details to regularize decoder localiza-
tion, thereby reducing cross-layer semantic inconsistency and background-noise propagation. GCIA is applied before and
after cross-layer fusion to improve the distinction between true targets and structured background responses. It divides the
input channels into groups and performs attention modeling within each group, reducing computational redundancy while
improving the stability of local statistics. A direction-aware branch aggregates features along the horizontal and vertical axes
to characterize directional patterns such as sea streaks, cloud bands, and elongated ground structures. In parallel, a
within-group interaction branch combines local convolution and global aggregation to estimate spatial saliency. The two
branches jointly produce recalibration weights that enhance compact target responses and suppress structured clutter.
Finally, multiple decoder outputs are supervised using a combination of Soft-IoU and binary cross-entropy losses. Deep
supervision provides direct gradient signals to intermediate reconstruction stages, while the joint loss promotes an appropri-
ate balance among target-region overlap, pixel-level classification, and background suppression. Result To verify the effec-
tiveness of the proposed DIGNet, extensive experiments were conducted on three widely used IRSTD datasets: Nanjing
University of Aeronautics and Astronautics single-frame infrared small target (NUAA-SIRST), infrared small target detec-
tion 1K (IRSTD-1K) , and National University of Defense Technology single-frame infrared small target (NUDT-SIRST).
DIGNet was compared with six traditional methods (Top-Hat, Max-Median, WSLCM, TLLCM, IPI, and NOLC) and eight

deep learning-based methods (ACM, RDIAN, DNANet, UIU-Net, RPCANet, MSHNet, SCTransNet, and LZSKNet)A.
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Three standard metrics were employed for objective evaluation: intersection over union (IoU) , probability of detection
(P,), and false alarm rate (F,). The experimental results show that DIGNet consistently achieves the best overall perfor-
mance across the three datasets. Specifically, compared with the second-best methods, DIGNet improves loU by 1. 75%,
1.77%, and 1.51% on NUAA-SIRST, IRSTD-1K, and NUDT-SIRST, respectively, while reducing F, by 1.29x10°,
4.97x10°, and 4. 04x10°. These results demonstrate the effectiveness and robustness of DIGNet in detecting dim targets
and suppressing background interference across diverse infrared scenes. Conclusion DIGNet addresses weak-target attenu-
ation and background-noise propagation by coordinating multi-scale main-path extraction, bidirectional cross-layer interac-
tion, and structured clutter suppression. RUB/RUBD preserve fine spatial evidence while expanding contextual percep-
tion; DIF converts static skip transfer into reciprocal semantic and spatial guidance; and GCIA suppresses directional
pseudo-target patterns through grouped cross-spatial modeling. Extensive quantitative, qualitative, ablation, statistical-
stability, and cross-dataset evaluations verify that these components are mutually complementary and that the resulting net-
work achieves accurate target reconstruction, high detection probability, and strong false-alarm suppression across diverse
infrared scenes. Future work will focus on reducing computational cost, improving adaptability to more complex environ-
ments, and enhancing infrared small target detection under limited-sample conditions.

Key words: Infrared small target detection; dual-branch interactive guidance network ; dual-branch interactive fusion mod-

ule; grouped cross-spatial interactive attention module ; multi-scale deep supervision strategy
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Fig.2  Dual-branch interactive fusion module structure
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Gl il
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c 1 : i Ee.LHW) T
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Fig. 3  Grouped cross-spatial interactive attention module structure
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AT Ay S 2 e £ LA

[, Sy 145 2 P Y 3 DX B RS, GCIA #E— 2P
FHRRER S 2R R AR EANEM,, I 57
) A S [E U ] T4 ARRIE . Hofa AT 5 o

X =Re'(XOc (M, + M,,))#(13)

T, Re™! (+) R b o HURFEMR S 0 JEL AR R A 2
HNAEH IR FR A Y BB PERGE . 85 7 W) 2N )
SCHENAZH S IRE B, GCIA BERSTE IR 5L
AR5 52 2% J3 1) 1] Iy A5 280 o) 45 K A 75 St i 7, I
HESRLLAMIN AR W EROR
2.5 MKREH

A [i] A S T DX o s SO e AR R A SR
AR K H Soft-ToU (soft intersection over union loss,
Soft-ToU loss ) i 2% (Rahman %, 2016) 5 —. 7658 X4
(binary cross-entropy, BCE)#i 4 (L) (Guo 45 2025)
15 W, IR0 22 RUBE M 9 TR e B o Bl
BERELN P, BAEHERS A Y, ] Soft-IoU #512K 5

SPOY + ¢
SP+3YY - 2P®Y+s#(14)

K, e BFIET, PE— M, 050 kA R fai s Xt
N A AL A A, DU 2 A

L= i)\k(cg“ +yLY)#(15)
K,k = OFRIREL A oy V- R A ZA I
B 7 CRE RS T U R o0 R 2 RN AR o 2 ke
FEAR 5, A2 o e 288 e H bR 58 2Pk 5 5
il 22 [ A B AP A

Li=1-

3 XWERSHH

3.1 HiRESXWRE

Yk DIGNet 75 AN [ 35 5t T B A7 841 52 4k
BB, AR SCHE = AN IR L AN B bk i £ s 42 1
175255 : NUAA-SIRST (Nanjing University of Aeronau-
tics and Astronautics—single-frame infrared small tar-
get) (Dai %, 2021) . IRSTD-1K (infrared small target
detection ) (Zhang %5 , 2022) FIl NUDT-SIRST ( National
University of Defense Technology) (Li%,2023), =
ANEEHGAEAE F AR JUBE X bl B2 B 5 02 A B Tl L
H B 25 5 BRISH 4 1T b DT AL S R A 55 /)N H AR
95 S AR SR 5 A PERE . Hoh IRSTD-1K 4%
4: 130 73 Yk 4 5 4, NUAA-SIRST #1 NUDT-

SIRST 4% 1: 14 3 I 2R 5 MR o Ay i ALK
B4 — %N 512 x 512, I Thrife b ab 3, 2k
W BOR FHBEAIL B L4 5 BERLER BT FBEAL 5 1
OB A5 8 5 SR, AR e A R ) 52 2 S ISR AL
SRS s KB B A T BERLIG 3 , SO0 5
11 RGF S WA o DAL 2% S Adan, B 46 2 ] 3
0. 001, ALFZEIH K 1 x 107*; K A warm-up AY A 5%
1B KRG, /T 10 4> epoch T, Bl J5 4% iteration 2 5
W LR K/INK 4, Y1145 800 4> epoch FF- 4 TR & kG
FE o HERRETLLO. 5 A Ak W R, AR SRR
FE 256 x 256 4if A T4 4. 052 M S48, 32 1 17 A 4K
(32-bit floating point, FP32) Fl [ 2 1 & K & (auto-
matic mixed precision, AMP) #fE # 3 & 73 51| by 36. 0
FPS#137. 6 FPS.
3.2 iFfEIERR

g Y AT VPRSI 1 RE AR SCHESE S PR T
= ANTIZ A8 19 46 AR (Zhang 55, 2026a) : 38 1L
(intersection over union, loU) . £ % (probability of
detection, P,) IR % (false alarm rate, F.)o
3.3 EETME

F LG T DIGNet 58U E W5 A =L
Bl e e i A R A 6 R &4 7k (Top-
Hat (top-hat transformation) (Bai %% , 2010) . Max-
Median (max-median filter) (Deshpande %5 , 1999) |
WSLCM (weighted strengthened local contrast mea-
sure) (Han % ,2021) , TLLCM (tri-layer local contrast
method) (Han %% , 2020) . IPI (infrared patch-image)
(Gao %5, 2013) . NOLC (non-convex optimization with
Ip-norm constraint) (Zhang %5 ,2019) ) 5 8 PR i 2%
27715 (ACM (Dai 4, 2021) . RDIAN (receptive-field
and direction induced attention network) (Sun %% ,
2023) . DNANet (Li, % ,2023) | UIU-Net (Wu %,
2023) . RPCANet (robust principal component- analy-
sis) (Wu % , 2024) . MSHNet (multi-scale head) (Liu
&5 2024) . SCTransNet (Yuan %, 2024) . 1’SKNet
(learnable local saliency kernel network ) (Wu 4§ ,
2025)). MMAKFE  DIGNet 78 ToU P, Fl F, %445 1
BIgOG T s LR, U L Re S AE B T H AR i
i ge

{18 ] B A 2804 1 8 S i e 1 . 5 U Dy A
[t , DIGNet 7£ NUAA-SIRST. IRSTD-1K FI NUDT-
SIRST =A™ 4di 4 1 ToU 43 BI4E F 1. 75, 1. 77 Al
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H 5NN BRI RS2 Z B 5| S W%

%1 NUAA-SIRST.IRSTD-1K #1 NUDT-SIRST #{#E & F AR 77k EMIE+R
Table 1 The objective metrics for different methods on the NUAA—-SIRST, IRSTD-1K, and NUDT-SIRST datasets,

NUAA-SIRST IRSTD-1K NUDT-SIRST
Methods

Ut P, 1 F, ol Ut P, 1 F, | oul P, 1 F, |
Top—Hat 7.14  79.84 1012 10.06  75.11 1432 2072 78.41 166.7
Max—Median 417 69.20 55.53 7.00 6521 59.73 420  58.41 36.89
WSLCM 1.16  77.95 5446 345  72.44 6619 228  56.82 1309
TLLCM 1.03  79.09 5899 331 . 77.39 6738 2.18 6201 1608
IPI 25.67 84.63 16.67 27.92 81.37 16.18 1776 74.49 41.23
NOLC 17.70.  89.69 16.41 2046  82.82 49.64 18.61  85.61 18.19
ACM 65.28  90.49 47.13 58.84  91.92 27.59 60.63  91.75 20.06
RDIAN 70.66  93.92 43.08 63.37  88.55 30.18 7777 95.66 26.36
DNANet 76.34  95.82 15.23 66.50  91.58 18.31 91.96  98.94 9.28
UIU-Net 77.17  95.44 14.34 65.34  90.91 15.01 90.43  98.94 7.72
RPCANet 53.93  95.44 149.2 62.09  89.35 48.61 8779  95.98 32.03
MSHNet 73.88 | 95.82 19.25 67.17 92.52 12.60 76.95  95.77 20.52
SCTransNet 75.46 ~ 95.82 18.80 66.54  93.27 13.68 93.01 98.73 4.80
L?SKNet 7290  93.92 40.34 6738  91.58 14.78 93.52  97.57 5.29
DIGNet (Ours)  78.92  96.95 13.05 69.15  94.28 7.63 95.03  99.15 0.76

TR TR R R RS R, P RILFORRALES R T IREBIHL,, | SR VB

L SUANA SRR F, 50 BIREAR 1. 29%107° 4. 97x 107l
4.04x10°0, X —L5 LKW, Friseitny XU 358 il
B 5520 5 2 () AL AB A2 T 72 43 R 523
M B AR 2478 5 T RS AR A R BE

Kl 4 7R T ANFELTAMIN AR 5 278 = A4
P& £ I B9 ROC (receiver operating characteristic,
ROC) Mk, i — L0k T B 42 i 1Y DIGNet J5 ¥ 1Y
Pl . PTLUE R KR ZH0(E 1 & T, DIGNet
A ROC [T £ 4R 2 T ol ) b 3k | 36 W A 4G
RN R [ U T AP A, R HOR TR
X S, DIGNet B 7 T 30 & A i %, o f 7
SR X o LA B AR TR RE S . X — e
TE T T4 69 GCIA i DIF B He RE 6% A 25 b 346 7 59
H AR I 540, MR AR 62 A LA PR
24N LB R SE AARI .
3.4 REEBEMMEEILER

Ry i — 25 PEA DIGNet 75 M 5 T30 4 41 A9 &
P, AR SCFE NUAA-SIRST 4 4E & 43 5 i A =
S BE 1Y v A R S L B 0=101,20 1 30, %815 M

(signal—to—noise ratio, SNR) 73 % S~ 5.35. 3. 69 A
2. 76, 3K H 1oU FlnloU A1 o

P 2% 2 T A, B 2 M 7 i B BN, 45 ik MERE 1Y
HY IR [ R R [, 15 DIGNet 76 = Fh I 75 444 F 1R
LR A5 5, H loU 43 51134 51 78. 97%.75. 74%
F1 73.61%, nloU 43 J] ik B 77.61%. 73. 66% Fl
71.05%. JUHAE 0=30 Y5 S 25 F T, DIGNet 1Y
ToU Fll nloU 4J5 43 5L R L J7 i 42 F+ 4. 84 F1 2. 48 1
A5 . M o=103K % 30 Af , DIGNet £ loU Al
nloU 4351 T F% 5. 36 F1 6. 56 4~ 1 43 s, AR R i £
JE (ARSI P B L 3% B BT 38 7 I AE R 75 T T 2L
A RAF R

SE ARG DUA RE , 2 BH T 48 7 10k A A M s T 4
TEA R E RN
3.5 EMHEIFMA

KI5 7R TR ZEA N H R AN 7 75 #E NUAA-
SIRST (& 5(a) . (b)) .IRSTD-1K (& 5(¢), (d)) 1
NUDT-SIRST (] 5(e) . (f) ) B 5 L9 e PEXT HE o
o, 268 A CURNEE (7 HE 43 A ZR IE B R 21 1Y
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ROC curve on the NUAA-SIRST dataset

ROC curve on the IRSTD-1K dataset

ROC curve on the NUDT-SIRST dataset
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Fig. 4 The ROC curve for different methods on the three datasets

*2 AEEHABRFRETENFENERER
Table 2 Performance comparison of various methods on
NUAA-SIRST dataset under different Gaussian white

noise levels

=10 =20 =30
Fk SNR=5.35 SNR=3.69 SNR=2.76
IoU nloU. ToU nloU IoU  nloU
ACM 67.36 68.01 68.55 64.59 62.18 62.11
RDIAN 7091 75771 69.27 7042 65.99 66.41

DNANet 77.01 7427 7056 68.77 68.59 62.89
RPCANet 6544 67.83 50.58 55.11 44.46 4881
MSHNet 73.54 7121 7091 6840 6877 64.12
SCTransNet  73.61 74.81 70.81 7131 68.51 68.57
L2SKNet 7229 7273 7106 71.12 64.14 64.19
DIGNet 7897 77.61° 75.74 73.66 73.61 71.05

T PR R R AR g R, FRILF RIS R . o FoR
M P T B SNR R (=M 1

His Jmkeid BAr ik, Sk E AR keER
FE S NAE L AR D Ry, T AL TR 2 1Y
DERENS A RO IX > S HAR S 5 T, 3R 4G
AR AT, A AT Tk, DIGNet 75 H A5 44 [
TR E Ay T R A i e 5 (a) R
MSHNet ,SCTransNet A1 L’SKNet %5 7 AT AL LE TR K,
11 DIGNet RE A% ERAAS I H A5 , HAGI 25 RS T
5 LSRR A SO T, BRI HAE H bR PR A0 23 RS
JET5 L BAT S AIRCR

AN, 6 Fh i 3D Wi R T m] R AL 2 R ik — 2D
BnE TORIF e Z M A PERE 22 57 0 TR 27T S kA
T A3 RE ek AR BRI TE H AR BT i i iy e
(BB AFAETS SO BR B WA 73 Bt el 1 i 7% 25
[, A2 T, DIGNet 78 EL 52 H AR B IR T3

A5 B FP A BRG] ERE X AR E AR X B
SER (400 ) 8 7, L A ) 1 43 A 5 L S RUG R SRy
. X B DIGNet RE S 7E 3G 5% 55 /) H bR & 3 1 1
[ s, B A A b A ) 52 2 S T, DA LA T A Y
R 65 P R 7 A
3.6 HRERSCIG
3.6.1 DIGNet AZ CN AL 1A 3501

R BIE DIF A1 GCIA WA GBI 8 A 20k, AR
X 7E NUAA-SIRST ., IRSTD-1K I NUDT-SIRST = 4~
s BT R T Rl S5, 4 R S Al A R
(UNet) X5 A DIF {5 A GCIA Pk K 5% % DIGNet
PUZH S5 . 3R 3 AT, sk 5] A DIF 3 GCIA J7 ,
BT AE = AN RO 4 F 0 ToU 2975 242 71, 1360 4>
B A R/ N B AR FRIERAE . o DIF 3R
N FE T fin i 5 )24 AE 22 55 B AR e 7, GCIA WIFES
T S5 TP RN R AT R T R B T S AR (HL
o fe P s A T 38 55 g 4 2 ) A — o A

4 DIF #1 GCIA [A] B 5] A}, 58 % DIGNet K15
THRARMZEAERE . S5ARBIRIA H , HAE NUAA-
SIRST.IRSTD-1K I NUDT-SIRST 114 ToU 43 542 7}
2.74.2. 00 F15. 91 A4 5, F, 730 5l HH 20. 62.10.78
4. 73K ZE13.05.7. 63 F10. 76(x10°) , {HIFTF
YR, 7R IRSTD-1K I, SE AR F, R 7. 63X10°
o, W& = T GCIA B 11 7. 61107 {H 5 e [F] i
ToU 1 68. 42% 427} % 69. 15%, P, 1 93. 28% 42 71 &
94.28%, X —IL WL T HARH R 5T Sl 2
[F1] B B AR - GCTA SN B T4 i) 45

P AL TS SL0R B, 10 DIF 38 1o 25 J2 0 ] 58 1 4 58
55 H AR S A5 B 28T H b i Aot (1) 7]
BF, R nT RE AR BE 0 5 H b O AH T 9 T 501 B
[H I, 3564 B DIF 1 GCIA 28K K 7E IRSTD-1K |
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Fig. 5 Visualization results of different detection methods on the three datasets
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Fig. 6 Visualization results of different detection methods
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®3 TEHFSERITM DIGNet %0 4A 4 DIF #1 GCIA KT
Table 3 Quantitative ablation experiments evaluate the impact of the core components DIF and GCIA in DIGNet

R NUAA-SIRST IRSTD-1K NUDT-SIRST
DIF GCIA IoUT P, 1 F, 4 ToUT P, 1 F, | ToUT P, 1 F
76.18 94.28 20.62 67.15 93.94 10.78 89.12 98.08 473
N 77.41 96.94 16.31 67.62 91.92 9.00 94.30 98.40 2.88
N 77.83 96.18 22.07 68.42 93.28 7.61 92.40 98.61 2.31
N N 78.92 96.95 13.05 69.15 94.28 7.63 95.03 99.15 0.76

LR FOR B R4, TR BRI B VIR S AR FOR R AR, T R MR, | R

/NG

R4 AREFTHAREIEREMEREXT L

Table 4 Performance comparison of different backbone

x5 GCIAEEHRSLIETE GCIA F 45 AR

Table 5 Quantitative ablation experiments on the number

feature extraction modules of groups in GCIA
- - 25 i THEG loU P F
BOR AL I{Hfj;)ﬁﬁ% WUl P, 1R | kit oU T o 1 .
16 79.78 95.57 16.79
o} H AR . : : X .
XHHUAEAL  Conv Block  DConv Block 77.95 95.04 21.48 9 740 96.95 e
Rl
AR RUB RUBD 7892 96.95 13.05 o1 D66 95.80 NI

T L SRR Bl 4
/N

o TARRMEEOGELF, | fRRME

FEOT MR ERAE T R S 2 ROERHMIER G . Mk
', RUB/RUBD F e 41 &8 i B N U JE G i —
e i A B 25 3 2 I 28 I 4 AR P [m] AR SRy S 4 1
B2 REE FFSUF B IR R 23 18] 73 B 32 1 [ i
P KA RO B, DI 8 58 19X 4 X6k 55 /0N H b i R AF
REJT A RN 52 28 S i 4
3.6.3  GCIA B 7 4155

43 BF GCIA A3 2550 G X R I e f S iy, A
SCAE NUAA-SIRST 246 46 oF G 43 i & 0 16,32
ed, HA Sk 8 AR AR 5 R MK SR, A
[F] 3 £H B0CFE D33 T A A R A 0 AR 56 Rl o) )
A7 2 B S TR E 24 G=64 i), A5 70 BUAS 4t o 119
IoU, {0 P, 5A%, H F, f 5 24 G=16 B, ToU R I
U ARG 3 R A i e A FR . AHELZ R, G
=32 BARHUS 5 ToU, (HARAS T fie s 19 P, AR AR Y
F, 7 HAna il 5 s g il Z ) R 8 AR 2r G
A PR, AR OB GCIA B 1Y 43 41 8K G ik
32,
3.6.4  DIFXUn &2 B AL A A RobE

kg it — 2 B IE DIF L) 38 BT A R,
A SCAE NUAA-SIRST B4l 4 143 45 A58 505

TE O TR R e LA R, T RIS R st T1EE
(EMEAOBF , | AR NI

], o, U—S FRoR R I MERSRHIE U 51 3 BEBRFRAE
S HEAT I A i 6 , S U Fom I H B ER R S 29 5 i
T REAIE U A 225 TR 7 5K P i — 3 S s SR P i 5 ke
S5, DAGRE 5 B L X0 o A A REAE o DU 2H SR IR 4F
SRl A S R B — S AR AN A L)
KA PR

H1 3% 6 AT, AR AT A2 B GO0, F At F U
—S 8k S—U ¥ REHE 5 ToU If-FEAK F,, P8I #5477 17

#*6 DIFNEZEHGHERIE

Table 6 Effectiveness of the DIF bidirectional interaction

mechanism

SGBEE S U—S S—U IoUT P, 1 F, |

GO0 7620 9695  17.40
GO1 N 7721 9542 1417
G10 ) 76.94 9657  14.37
Gl1 N N 7892 9695 . 13.05

VLR OR TS5, F Rk R AR A R R &
ARG X FRA A M AGRKFHES | F 5w, 1R
FAAMAMYF, | RN
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H 5NN BRI RS2 Z B 5| S W%

Yy EA SRR . Hed, GO1 Y ToU 1 76. 20% 2 71
£ 77.21%, F, 111 17. 40 & % 14. 17; G10 4 ToU $2 7}
3 76.94%, F, [ 2 14,375 ¥4 J7 18] 6] B g A
F, G128 A MR RE , ToU 35 5] 78. 92%, P, N
96.95%, F, #E—2EF 2 13. 05, AH LA BRI E
ML) 28 B AN — 20 4 15 ToU i 3 i il g 5, (7]
Bf b e T LSS HAH ORI P, R R, S5 R, U—S
()18 Sl 3H i 0 5 S—U Y23 18] & 0 29 B HAh
YER, 35k 1 DIF 2R XU 28 B AL A 0bE 5 ab
Z
3.6.5 EEHHRAEZ BRI S b

S VEAl DIGNet 76 [R5 3 A 1932 1L fig
A 343 ) L NUAA-SIRST . NUDT-SIRST #1 IRSTD-
LK VR IR E e AR U 2l I B e A Bl 45
ML, HE A I AR O s ekaE N . RTAH T
A [ 5 KR AR R B R 1Y ToU L P, by AR 488 T [l i
IREE RN T BRI

R 7 DIGNet BEHIEEERE R THEIEE (IoU/P,)

Table 7 Cross—dataset performance and performance
drops of DIGNet (IoU/P,)

Train/Test ~ NUAA-SIRST NUDT-SIRST IRSTD-1K
NUMSSIBST 000 a3 151378 (235353061
NUDTSIRST 5050078 (0000000 (56400575
I oSy @rssnsis) (000000

T R R R e LA 2R

HH 2% 7 AT AT, A5 AR A () s 3 e ) A e A
5 50 A T A 1 IR [ 2 BT e, i A
SAEAR AR B bR RO 8 S g A A8 o A 7 T
TETEW] 22 5 . Hod U NUDT-SIRST b Il 45 8 9F
iR 2 IRSTD-1K I HERE T B d5oh 8.3, ToU M P, 3
AT B 60. 40% F125. 75%; A L2 R, LLIRSTD-1K
g I 2548 IF7E NUAA-SIRST b3, P 30148 bR/
TR 0.53% il 1. 88% , K I H A 4P 1T RE 1. b
Hh, ZEE ARV E T P, R BRI /N T loU, %
A3 O B % s DX SslOKS 6 43 510 44 52 e 3 8 R T H
bR & BRE FT 10 RE )
HE— A3 Ar 2 B, AN [ R I — H AR U2 A 0 5
WPEREZE S, AR S HARRUE  HAR—3 5ot HLBE LA
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Table 8 Performance and stability comparison of different methods over eight independent runs

Methods Meirics IoU P, F
Mean + Std 66.91 + 1.36 92.11 £ 1.50 47.48 + 17.46
95% C1 [65.77, 68.04] [90.85, 93.36] [32.88, 62.08]
Acn Median [TQR] 67.01 [2.12] 92.21[2.75] 45.31 [24.51]
p-value (Shapiro-Wilk) 0.3647 (V') 0.2309 (v') 0.7839 (V')
Mean + Std 74.20 +2.08 94.20 +1.73 22.53 £9.44
95% CI [72.47,75.93] [92.75, 95.65] [14.64,30.42]
DNANet
Median [IQR] 74.73[1.13] 94.29 [2.84] 18.35[13.55]
p—value (Shapiro-Wilk) 0.0324 (x) 04196 (V) 0.1166 ()
Mean = Std 79.01 0.86 96.28  0.53 14.82  2.02
95% CI [78.29, 79.72] [95.83, 96.72] [13.13, 16.51]
DIGNet

Median [TQR]
p—value (Shapiro-Wilk)

78.95 [0.46]
0.3429 (V)

96.18 [0.58]
0.5180 (V)

14.54 [2.31]
0.0704 (V)
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Fig. 7 Performance evaluation of five algorithms across three

metrics
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