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Abstract: Objective High-resolution hyperspectral imaging is critically important across diverse application domains
including remote sensing monitoring, precision agriculture, mineral exploration, and environmental assessment. How-
ever, current imaging sensors face an inherent trade-off between spatial and spectral resolution due to physical constraints
and manufacturing limitations. Specifically, increasing the number of spectral sampling channels reduces the light energy
received by individual detectors, thereby decreasing the signal-to-noise ratio and limiting improvements in spatial sampling

density. Conversely, enhancing spatial resolution necessitates reducing the number of spectral channels to ensure sufficient
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signal strength. Consequently, existing sensors can only provide either high spatial resolution multispectral images (typi-
cally 3-10 bands) or high spectral resolution images with low spatial resolution (dozens to hundreds of bands) , making it
challenging to simultaneously meet the requirements for hoth high spatial and high spectral resolution. Method To address
the insufficient spectral reconstruction strategies and the lack of modality fusion mechanisms in existing hyperspectral and
multispectral image fusion algorithms, this paper proposes HMIF-SRNet (Hyperspectral and Multispectral Image Fusion
with Sparse Reconstruction Networks) , a novel fusion algorithm based on sparse reconstruction networks. The algorithm
adopts an end-to-end fusion architecture, achieving high-quality fusion through four carefully designed modules: prepro-
cessing, feature exiraction, core fusion, and feature reconstruction. The preprocessing module performs standardization
and scale alignment of the two modality data through bicubic interpolation upsampling and spectral response function map-
ping, ensuring compatibility in both spatial and spectral dimensions. The feature extraction module employs a dual-branch
parallel architecture to separately process HSI and MSI data, where the HSI branch extracts spectral-spatial joint features
through multi-layer- three-dimensional convolutions, while the MSI branch focuses on spatial detail feature extraction
through two-dimensional convolutions with residual connections to maintain gradient flow and accelerate network conver-
gence. To ensure the efficient utilization and precise preservation of spectral information, as well as the full complementar-
ity of bimodal information, we design two core innovative modules: the Spectral Reconstruction Unit (SRU) and the Cross-
Reference Unit (CRU). The SRU module addresses the problem of lacking effective sparse reconstruction strategies in the
spectral dimension by employing a dual statistical gating strategy and dynamic sparse reconstruction mechanism. It first
performs global statistical analysis on the fused features through global average pooling and global maximum pooling to
extract statistical features of spectral channels, capturing both average response intensity and peak response characteristics
simultaneously. This dual statistical strategy provides rich statistical information for subsequent weight learning. Then,
through a multi-layer perceptron (MLP) , it learns spectral channel weights that can adaptively adjust the contribution of
different spectral channels to achieve dynamic sparse reconstruction. Finally, combined with a spatial gating mechanism,
it implements adaptive spectral reconstruction through a dual-gating strategy that controls weight distribution at both the
spectral channel level and spatial position level, ensuring efficient utilization and precise fidelity of spectral information.
The CRU module tackles the lack of explicit guidance mechanisms in cross-modal fusion by implementing a cross-guidance
mechanism to achieve complementary fusion of hyperspectral and multispectral features. The module receives three inputs:
original F_hsi and F_msi from the feature extraction module (for computing global context) and optimized features F_stagel
from SRU (for subsequent fusion). It first computes global context features by extracting global descriptors from the origi-
nal HSI and MSI features through global average pooling operations, which compress spatial dimensions to obtain global
representations of each channel. These global context features reflect the statistical properties of the entire feature map and
provide a global perspective for subsequent cross-guidance weight computation. Through two-layer linear transformations
and nonlinear activation, it generates cross-guidance weights that reflect the relative importance of the two modalities on
each channel. In module collaboration, CRU utilizes the learned cross-guidance weights to perform channel-wise weighted
fusion of the SRU-optimized features and downsampled original MSI features. This design enables CRU to dynamically
adjust the fusion strategy for each channel according to different scenes, ensuring optimal balance between spectral fidelity
and spatial detail in the fusion results, significantly enhancing the interaction effect of cross-modal information. The two
core modules achieve progressive feature optimization through serial cascading. First, SRU performs dynamic sparse recon-
struction in the spectral domain on the initial fused features, adopting a frequency-division processing strategy that divides
features into high-frequency and low-frequency branches. The high-frequency branch preserves fine spectral information
through spatial attention mechanisms and dynamic sparse selection, while the low-frequency branch extracts main spectral
structures through global max pooling. The outputs of both branches undergo dynamic fusion and downsampling to generate
features with optimized spectral representation. This stage mainly addresses redundancy problems between spectral chan-
nels, adaptively selecting the most discriminative spectral features through the sparse reconstruction mechanism to provide
a high-quality spectral foundation for subsequent processing. Then, CRU implements cross-modal cross-guidance fusion by
first extracting global context from F_hsi and F_msi, generating channel-wise adaptive weights through a two-layer MLP

that reflect the relative importance of the two modalities on each channel, and then performing weighted fusion of the SRU-
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optimized features and downsampled F_msi. The final output combines the spectral fidelity of SRU optimization with the
spatial details of the original MSI. Result Comparative experiments with 10 mainstream fusion methods on the CAVE and
Harvard standard datasets demonstrate that HMIF-SRNet achieves optimal results across all four metrics: PSNR, ERGAS,
SAM, and UIQL On the CAVE dataset, PSNR improves by 4. 41dB (relative improvement of 9. 4%) compared to the
second-best method SSRNet, reaching 51. 1244dB, ERGAS decreases by 9. 5% to 0. 4726, SAM significantly reduces by
32.0% to 2. 0143, and UIQI improves to 0. 9832. On the Harvard dataset, which represents more complex real-world sce-
narios, HMIF-SRNet maintains superior performance with ERGAS decreasing by 4.44% compared to the second-best
method SSFCNN and UIQI reaching 0. 9422. Ablation experiments further validate the effectiveness of each core module,
showing that the introduction of SRU and CRU modules brings significant improvements across all metrics. Conclusion
Through lightweight network architecture design, the algorithm effectively reduces computational complexity while main-
taining excellent fusion performance. The visualization results intuitively demonstrate that HMIF-SRNet produces fusion
images closest to the ground truth, with the smallest error distribution, demonstrating exceptional robustness in real-world
scenarios. These results fully validate the effectiveness of the dynamic sparse reconstruction strategy and cross-guidance

fusion mechanism, proving that the proposed method achieves superior performance in spectral fidelity , spatial detail pres-

ervation, and overall fusion quality compared to existing techniques.
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2.1 HiR&E

A SCHE T CAVE 040 42 Fl Harvard /55 06 3% EHE
B4 B PE A HMIF-SRNet £57 (1) i 5 PERE . CAVE
B AR 2 v G 5 Rl A8 A A v e 1 B 32
MARTRE S EE EUE W w B R PR i, B
A 314G BE (400-700nm , Y 23 352K 10nm) 1
512x512 23 [a] 5398 . Harvard 861 EG80E E J2
1 Harvard K277 B HLAILGE 50 56 25 #4 A 19 L5 3 5
IS MG BRI £ 5 27 DA ) S 5 i s G R &
15 R AN T aR A A0, BT 31 40
I Bz (420-720nm, S35 73 HF 2 10nm) A1 1392x1040
2 PR

R TR SE BRI FH 5 b O R AR S O, A
SCR I Wald PSR g g il Bods . AR
W S0 = o HER O EE BB A S 2 7% FL{H (Ground
Truth) , 38 35 2 Hr AR AR SRR SRR A B 20 R
TS IR, S T RIS o i — B, P B s A 2
KA R T SRAE P F =8, B A5 1 25 0 it S5 1 1
4t — , ) CAVE %48 £ (19 LR-HSI 43 B % N 64x64x
31, Harvard 2035 4 A LR-HSI /3 9E M 174x130%31,
1 o PR 22 5k LG8 1R = Gk ER S CIE
1931 b o (8% UL L oK 20 1746 #1531 3 38 1 RGB
BG4 5 TR R HGAR R 9 2 (8] 20 BE . 3PP
A= Oy G T i G R Rl Ul s v 52 4
TR, WA T SEG 48 S A AT ek e R
2.2 W®AE

SR T A T UE T B 5 I R AR SRR T

T 5 1 8 7 P AR BE 2 ) 7 e i) 10 AR SR M B ik
HEATXF LS8 o HARA G - 3 4r e Bl A (PCA)
(Turk F1 Pentland, 1991) | 5 J& (@ & 164 F1 5 @b &
(IHS) (Starovoitov 55,2007 ) FB-GAE 71 56 ik gl &
(CNMF) (Yokoya %5 ,2012) . %5 [H] £ £ 9 2% (SpatNet )
(Wu % ,2024) i8N 4% (SpecCNN ) (Wang 55
2020) IR 24 (2% (SpecRNet) (Han %5 ,2018) )
i 2% [a) il 45 45 TR 4% (SSFCNN) (Zhang %5, 2021) |
1% 2% [a] 5% 22 M 2% (SSRNet) (Jia %5 ,2023) . Z R
AL UM 4% (MSDCNN) (Chen 45 ,2021) 5% 22 I}
45 2% (ResTFNet) o X 867840 R T M a0 ik 5
215 R R A U Se E R R DS R B IR R
TR BEERHE SR OB S Rl 5 g .l 5 iR EE
AN TR B A 5 2 A R By B 1 7 i b AT RGNS L, T
PLE WL HMIF-SRNet 76 @il A i T HRRCR Az
L fiE 1 5 D7 T R 25 A 1 RE
2.3 EIERR

PG 0T o TPAL 2 Al 1 il ik PR B R R O 4
b, T ARl G BUR TR — Bk 23 R 40 DR
DL 5 B GBI PE DT T R IR, O T AL
JIT 4t 7 71 SRNet M H 5 H A LA 5 ik i kg
T AT BT 0E (E 15 W L (PSNR) |, 6 % A1 w5t
(SAM) , A0 X 42 J&) 4k %1% 22 (ERGAS) , 38 K55
AL (UIQD) P9 2 i I B DA a7

TE X BEFEF7 1, ERGAS 1 SAM A4 (B , 45 51
Jo B g 5 1 PSNR R UTQI o {8 88 i, 245 SR o 1 i
4 o X EEFEBRAL IR BT — B 2 4R B PG HESR
FHF 41 F A e 1 5 i S A D ik I RE IR 4
2.4 EERE

HMIF-SRNet 2 %5 & 1 3¢ .

%1 SRNetZ#HIEZE
Table 1 HMIF-SRNet parameter settings

31 (X} CAVE Fl Harvard 035 42 )

i A EE
R
FREEA T
e A
B B

CAVE: 64x64 (LR-HSI), 512x512 (HR-MSI)
Harvard: 174x130 (LR=HSI), 1392x1040 (HR-MSI)

=8
3(RGBi@IA)
SRUCRU P45 B A T I

WMAS R E IR
FRUEL FUEE , T A TR B 25 > BT R AT )

IR S, RS BCE N AE 507k, PCA
E I BN 100 xS H0E R B R 5 22 ST
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®2 JIGSHEE

Table 2 Training parameter configuration

URi&T: Adam flAb #,2 2 SRKE 4 0.001
PR 501> epoch , T 70 75 43 i 8
Pk e AL Y1715 25 (MSE) #i&

R AR AT 45 101 epoch [ UAS B KL
BEALFR T BEE A 0, B RS 56 ) 5

RIK 95% DL Y o, BE R 3K 2O
B, GRG0 A o B . CNMF S e 0% oh 8, 1%
{62 7% Yokoya %524 3% B9 5T (Yokoya %5, 2012) , 1%
{EIE T — M b 5 00 W0 03 3 ik, R 6% 1A ik TR NS 32
TR, THS 2K FARE RGB 2| THS {67 25 [A] A8
e, TC T H SN S BRI 2] J5 vk, SSRNet
K 843D AR A FHEm i KL 64, ZECE K A Jia
2ot BT (Jia 25, 2023) B e A% & 1E 25
PE4E FRIFAE . SpatNet K H 6 )2 2D B, fREH
EH 32, % Wu 52 B4 25 AV RRAF SR B e 77
FiC  (Wu 55, 2024) . SpecCNN fif 5 FHAZ R/ K 3
B 1D A AR A B 64, Z S EE B S % Wang
deep B BT SE (Wang 55 ,2020) , 38 A5 6% 4E 3 1945
fE2%>] . SpecRNet 1% 6 115 5k 2= e, FrfiF 38 18
32, EAE Han 5554 B 25 027 F (Han 55 ,2018) .
SSFCNN 3R FH 2 43 SC 4549, 61 3 S M3 (8] 43 52 45 4
JZ , FRE A G K 90 R 64 0132, %L E K H Zhang
S5 2E K T Al SE 58 I i 4 A (Zhang 45, 2021)
MSDCNN R H 34 RS 32, A Z 4 )26 R
fEMIEEL 64, 27 Chen 5535 2 RUE 1T (Chen
45 ,2021) o ResTFNe £ 75 6 4~ 5% 22 5L Al 2 4> Trans-
former )2 , FFIEZEE 128, & BC & V- T 3158 AASFI
G TERE . THRlSZEG J2: v, Baseline K FH 4 )2 FEfilt
BRUZ (3x3 E B FHEiE B £ 64 ) , JC SRU A1 CRU
B, T B OB A 350 o
2.5 XWHER
2.5.1 CAVE¥#ise

T R BT R O AR LSRR LA R A
SCHE CAVE Btdis 48 1 UEAT 1 4l 9 22 12 A METEAG
SHy . 223501 T HMIF-SRNet 5 10 Fhxf H 75 B 78
PUAS SRR PEAG 75 An BB PEREXT L. R 3 I LI
tH , HMIF-SRNet 7£ PSNR .ERGAS .SAM F1 UIQT 4>
Febr L YHUS T g 3, Horh PSNR AH EL R AR 7

% SSRNet #£F+ T 4. 41dB (FHXF 2T+ 9. 4%) , ERGAS
B AR T 9. 5%, SAM Jf /> 1 32. 0%, UIQI # J+ =
0.9832, X8I E APERESR T FE /0 IR T sh M 57
AR W R SE S5 | A LA R R ET iR
D7 BAE G A LR s ) A0y i X T
HAR,

P 4 1 T AR T B SRR 2 PR 2 T3S E T
FE HEAE AR T A A58 , TN EDUL A LS A BRI T
AN AR B R AE L PR RO 22 7 1B 57k
FH TR A 7 B 1) 48 T 722 6 B 4 A3 i, TR A R0k
HEEIE 2Ot R T E A2 AR MR B
B R LB 25 () 4015 (R4 FVRE A Rl 45 o o TR
FETER BRI o TR~ ) 05 k3l il it K ) R AIE 2 )
il 77 R 1) ity 00 £ R s I 2 0 T B R, L (R
A7 A 25 BRI 2 R B AL D T A A7
JR B . HMIF-SRNet il 1 5| A SRU A (1) X H 45
THITE M, 3 N P A8 A S i, 4 1
TOAR GG B s CRU B 838 1o 52 5| 3 ML 52 9
HSIFI MSTRHIE (1) [ 385 3 fil &, 787042400 P AP LS 1Y
FAMEE . A% OB P RV P AE AT AR
FVBERS B RS T B 3T, s 3ok 1 8h &
i 5 2 SR RN 5SS | el A ML A 5 o BEAIR
JCIETCAR 3 OG5 -2 AR AR — Bk, 78 AT AR AL
JERBUERS B F AR S T W 4R T, e e AR
SCHE A B AR AT A RS e PR RN S PR N R T
AT Y B R 5, Ay i i 22 0 ik UG a5 4 4k 1 i
— 35 R RN SR R SR AL T AT S A B AR AR T 5

AT RRAR AT 235 SR AT LA ULk 56 E AN ]
ARG 2000 EUR G AR 55 T I PR RE 22 5, 8
i = A HA R B A G R 22 5 1]
ZEAAIT , RE AT 0BT M S B AL 48 5 vk BIVR 22 )
J5 15 P B SR B B A5 1 R R AR T I
2.5.2 Harvard 8454

Zi4 Harvard BUia 42 0 AT R B, B S s X R vE
GRS EOR . RS R A T R R
FLARZR SRy B, TR 32 27 2] O i 3 ol R it R 2 A
1k, W 4 T 7k HMIF-SRNet 7E PSNR . ERGAS . SAM
FTUIQI VU 1 45 b5 4 3K e ft , Herp ERGAS A IR AL
77 ¥ SSFCNN [ % 4. 44% , UIQT £ TH 2 0. 9422 3%
— MY UE T ) A it F R W AE LS s rh
ARME, A S 22 ik ml A (8 S2 bR i FH AL 7 AT
LTy
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R3 SEBETWHEIL (CAVEHIESE)
Table 3 Comparison of Experimental Data from Multiple

Models (CAVE Dataset)

Method PSNR ERGAS SAM UIQI
HMIF-SRNet 51.1244 0.4726 2.0143 0.9832
PCA 20.6981 1199138 0.4317 0.4680
[HS 33.4427 31.2882  0.2081  0.9655
CNMF 31.9477 36.9965 0.4068 0.9551
SpecCNN 42.8136 0.9547 6.8421 0.9254
SpecRNet 42.9414 0.8536 53146  0.9343
SSFCNN 45.7169 0.6417 4.1447 0.9428
SSRNet 46.7185 0.5224 29624  0.9639
MSDCNN 43.7856 1.0973  7.2122  0.8652
ResTFNet 41.4571 1.1422  8.4196 09147

2.6 HELEIE
2.6.1 CAVE%ise

T AT E HMIF-SRNet H A2 05 He 10 4 2%
PE AR TR T RGEVEMTHRISE S . 3 5 Ry
T T S 5 235 R V7 A b JRe L 1 45 ISR 2 5 X6 5
REMY DTERFR .

IS 25 SR ] DUOULEZ 2|, FE i X 26 ( Baseline ) 7E
A 48 b L 1 R B4 AR, PSNR 24 50. 1273dB,
ERGAS }y 0. 5082, SAM 4.2. 1462, UIQI 24 0. 9811,
XIGUE T %O BHR I e . 5] AOGiE St

FLIT(SRU) FIZE X 5| 5 5.0 (CRU) J& , SRNet BRI #E
fir 48 bn b B B 42 JE, PSNR iR A+ =
51. 1244dB, ERGAS F£ ik 2 0. 4726, SAM Jif /> &=
2.0143, UIQT#2 7} % 0. 9832, X F W] SRU IZh A/
i H A SR W R CRU 19 28 L5 | LA 2 7t 7%
TR ORI S Rl A i
2.6.2 Harvard 0¥E4E

BT IR AKIE HMIF-SRNet £F Harvard 03B £E |
BRI A B, AR T R G0k 3 Rl
SEES . ANFR 6 TN A Al SR A5 A SE g 45 L AT
LI gLz, 3 il X 2% (Baseline ) £ Harvard 208 £E |
i) 22 3 PSNR Jy 26. 3128dB, ERGAS 4 35. 0828,
SAM 4 0. 1913, UIQI 4 0. 9334, 1% B6F8 5 Jiz e 1 3
fith 2R A8 76 Ab B Harvard Z0HE 45 & 226185 R P I %) k2
GEPEREACE o 51 AOGIEE 5T (SRU) Fizg 5|
FHIE(CRU)JG , HMIF-SRNet #5550 75 Y6135 £ 5 i 5
MG B br LA WA T (EA5 I B R, R
SR PSNR A R % (M 26. 31dB [ % 25. 73dB)., {Hi%
FIALET R 1 OISO B B 5 32T : ERCAS B35
%36. 17,SAM 3k /D 2 0. 15 (F#IE 20. 2% ) , UIQI
FTFZE 0.94, X F W HMIF-SRNet 7£ Harvard % 3%
AR RN SO B AR A, SO0 T R
PG S BRI Cangp Bl ) 6% 4B ) B T
PR L. PSNR 00T Ra 3 23 U5 T I 28 £ T i
23 [ RO O LRI AR SE RIE T OG5 48 B2 i B

X

.H.

| |
PR 3t 3 Mk i

(a) GT, (h)HMIF-SRNet, (¢) PCA, (d) THS, (e) CNMF, (f) SpecCNN, (g) SpecRNET, (h) SSFCNN, (i) SSRNET, (j)MSDCNN,

(k) ResTFNet

El 4 BEREGISE RS (a) GT, (b) HMIF-SRNet, (¢) PCA, (d) THS, (e) CNMF, (f) SpecCNN, (g) SpecRNET, (h) SSFCNN,
(i) SSRNET, (j)MSDCNN, (k) ResTFNet
Fig. 4 Comparison of Model Detection Results
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CERTT T

(a) GT,(b)HMIF-SRNet, (¢) PCA, (d) THS, (¢) CNMF, (f) SpecCNN, (g) SpecRNET, (h) SSFCNN, (i) SSRNET, (j)MSDCNN,

(k) ResTFNet

5 ARG 25 SR X b R ALK I 45 SRS ELIET (a) GT, (b) HMIF-SRNet, (¢) PCA, (d) IHS, (¢) CNMF, (f) SpecCNN, (g)
SpecRNET, (h) SSFCNN, (i) SSRNET, (j)MSDCNN, (k) ResTFNet
Fig. 5 Comparison of Model Detection Results Comparison of Model Detection Results

R4 SEBITIWHIEITLL (Harvard 2B E)
Table 4 Comparison of Experimental Data from Multiple
Models (Harvard Dataset)

Method PSNR ERGAS SAM UIQI
HMIF-SRNet 25.7296 36.1655 0.1526 0.9422
PCA 16.6204 69.7402  0.1855 0.3975
[HS 18.7864 52.6927 0.1589 0.8496
CNMF 16.9849 120.7184  0.2907  0.7882
SpecCNN 20.4688 78.7332  0.3193  0.8348
SpecRNet 24.8537 40.5178  0.1974  0.9204
SSFCNN 25.4002 37.8446  0.1851 0.9266
SSRNet 24.8908 40.0576  0.2026  0.9185
MSDCNN 22.7127 413174  0.2199 0.7312
ResTFNet 20.7590 49.1743  0.3007 0.8830

x5 HESIBIEXLL (CAVE #iEE)

Table 5 Comparison of ablation experimental data

(CAVE dataset)
Model PSNR ERGAS SAM UIQI
HMIF-SRNet 51.1244 0.4726 2.0143  0.9832
Baseline 50.1273 0.5082 2.1462  0.9811

o X FRH SRU (1 ) 25 74 i 7 4 5 W% A1 CRU [958
X 5| ML 7E Harvard B0 5 A T T B RE R
FLRE  RERAE TS A B — ety TR A, iR

X T A BT AL B 1 ' R I % Ml MR
X S

K7 J 7R T Harvard £ 42 71 Rl 52 55 19 W] 4146
X EEEE A i = AR s R AR (8 G R R R
ZEWLF A, LWL SR T 4% OB E Harvard 58
e B R . AT RS, S5 nT DL i 22 21 A
[FIASTER L G Xt Rl IO 2 P I R

3 & it

ASCER R B S 52 LG R RO 20k
T8 R il 45 3.9 ——HMIF-SRNet, A R it ok T 506
RSS2t E GRS T 2 0Bk, T
RGBT i B v S 44, HMIF-SRNet £ 7% T
AP FRAESR I AZ.O A (SRU AT CRU ) FRRAIE H 4
PUASBY B, Hir SRU FITCRU P42 0 BT R B 7l
T A M Al S T e R T I BR Y R BR A
R T T RLA BRI 2 (B 4y B 5 s AR L Y
AR T o TS, i E E# T (SRU) i 2 AR
B AL AW | A N 3 T DGR I G Y Rk
RET7, 30 T IUAE 8 SR G 4R - A R A
. HRER G, 38 X 5| 5 B0 (CRU ) SR WL ] 1 5
FIHLH R ASE R HSI 5 MSIAEZS 22 (6] i B AME , A
BUSR T A AN 5E— 8 Z P G . L5
gE LRI HMIF-SRNet 78 2 A TR 4 LA 1T

11
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HA—

(a)

(b)

IR 3t 5> hit i

(c)

6 IHRAIZE RS LI ((2)GT; (h) HMIF-SRNet; (¢ ) baseline)
Fig. 6 Comparison of ablation detection results ((a) GT;(b)HMIF-SRNet ; (¢) baseline)

#6 SHERISEIERT L (Harvard $IE4E) Mefg.
Table 6 Comparison of ablation experimental data (Har-

vard dataset)

Model PSNR ERGAS SAM UIQI

HMIF-SRNet 25.7296  36.1655  0.1526  0.9422
Baseline 26.3128  35.0828  0.1913  0.9334

HARVERE , JEHJRAE B0 5 (U Harvard 304842 )
JRILH T sLE AR . O D EIAE AN
W% T PSNR,ERGAS . SAM 45 H 5 b5, 12 TH T 5
IS -

BN QO ) S S 4 L NG A E I SRS A )
AU B TAEZEE T RS S IR, IR 1
GRS AR R R T BES % AkHF
G2 AT DAAEIE A b 400 An o] b o] R AR R B 222
R 18 AR 45 4 DR R S S R LR

HE— A

(a)

(b)

IR 3t > Rt S

(c)

Fig. 7 Comparison of ablation detection results ((a) GT;(bh)HMIF-SRNet ; (c) baseline) )
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