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Abstract: Objective Infrared small target detection (IRSTD) is critical for numerous real-world applications, including

maritime surveillance, military search and rescue, early warning systems, and precision-guided strikes. These systems
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depend on the precise identification of dim, small targets within cluttered infrared backgrounds. Compared with conven-
tional targets in natural scene images, infrared small targets present several significant challenges: 1) extremely limited
spatial resolution, often covering only a few pixels; 2) a low signal-to-clutter ratio and weak contrast, particularly in
dynamic or noisy backgrounds such as sea surfaces and clouds; and 3) structurally complex and diverse backgrounds that
frequently induce false alarms. These factors may cause the target to be obscured by the complex background, leading to
false positives or missed detections, thereby making IRSTD a persistently difficult task. Existing IRSTD methods are
mainly divided into two categories: traditional methods and deep learning-based methods. Traditional methods are gener-
ally classified into three subcategories: filtering-based methods, low-rank representation-based methods, and local
contrast-based methods. Although these methods yield satisfactory results in specific scenarios, they largely depend on
hand-crafted feature extraction and manually tuned parameters, limiting their ability to capture the diversity and variability
of targets in complex scenes. Consequently, their detection performance and robustness are often inadequate in practical
applications. In recent years, deep learning-based methods have gained widespread adoption in IRSTD owing to their pow-
erful feature learning capabilities and have contributed to notable advancements in the field. However, an information
bottleneck remains in target feature extraction. Moreover, the static skip connection structures commonly used in main-
stream deep neural networks struggle to adaptively distinguish real targets from pseudo-target regions in infrared images,
further constraining model performance in complex backgrounds. To address these limitations, this paper proposes a novel
selective attention-based network (SANet). Method The proposed network builds upon the classical U-Net encoder-
decoder framework and incorporates two key modules: 1) a dual-path semantic-aware module (DSM) and 2) a selective
attention fusion module (SAFM). These enhancements are intended to mitigate the information bottleneck inherent in pre-
vious U-Net-based approaches and to address issues such as semantic misalignment and background noise interference
caused by static skip connections. The DSM improves the model’ s sensitivity to dim targets by improving its ability to pre-

serve fine-grained spatial details while modeling contextual semantics. Specifically, this module integrates standard convo-

lution (to extract local fine-scale features) with pinwheel-shaped convolution a dilation-inspired structure that expands
the receptive field in multiple directions without a significant computational burden. This combination enables the network
to jointly capture local spatial continuity and global contextual information, which is essential for suppressing background
clutter and enhancing target saliency. A classical spatial and channel attention mechanism is introduced following the DSM
to further improve feature representation. This mechanism performs fine-grained recalibration by adaptively weighting spa-
tial locations and feature channels, enabling the network to focus more effectively on regions with high target probability
while suppressing irrelevant background signals. Additionally, SANet addresses a major limitation of the original U-Net
architecture : the static and uniform nature of skip connections. Traditional skip connections uniformly transfer encoder fea-
tures to the decoder without considering spatial-semantic correlations, often introducing background noise and degrading
detection performance. The SAFM is proposed to overcome this issue. This module introduces a globally learnable scalar
parameter to perform spatially aware, weighted fusion of multiscale features, facilitating more discriminative information
transfer. Through this mechanism, the network adaptively filters the most relevant and representative features, thereby
enhancing its response to real targets while reducing false alarms. Result Extensive experiments were conducted on three

widely used IRSTD datasets NUAA-SIRST, IRSTD-1K, and NUDT-SIRST:

to verify the effectiveness of the pro-
posed SANet. SANet was comprehensively compared with a variety of current mainstream methods, including five tradi-
tional methods (FKRW, TLLCM, NWMTH, NOLC, and PSTNN) and nine deep learning-based methods (ACM,
RDIAN, AGPCNet, DNANet, UIUNet, RPCANet, MSHNet, SCTransNet, and I’SKNet). Four standard evaluation met-
rics were employed to objectively assess detection performance : intersection over union (IoU), normalized IoU, probabil-
ity of detection (P,), and false alarm rate (F,). The experimental results demonstrate that SANet consistently outperforms
existing state-of-the-art methods across all evaluation metrics. Specifically, for the IoU metric, SANet achieves improve-
ments of 1.93%, 4. 32%, and 2. 21% over the second-best methods on the NUAA-SIRST, IRSTD-1K, and NUDT-SIRST
datasets, respectively, demonstrating strong generalization capability and robustness across diverse scenarios. Conclusion
This paper introduces SANet, an IRSTD network grounded in a selective attention mechanism. Built upon the U-Net archi-

tecture, the proposed method incorporates a dual-path semantic-aware module and a selective attention fusion module,
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which enhance the model’ s capacity for faint target perception, key feature representation, and background suppression.

Experimental results on multiple public IRSTD datasets demonstrate that SANet outperforms existing mainstream

approaches in terms of detection accuracy, robustness, and generalization, highlighting its practical relevance and broad

applicability. Future work will concentrate on model lightweighting and inference optimization to fulfill deployment require-

ments on edge devices. Additionally, we aim to investigate the model’ s adaptability under complex meteorological condi-

tions (e. g,

rain, fog, thermal disturbances) to broaden its utility across diverse infrared imaging scenarios. The source

code is available on https://gitcode.com/m0_61988291/SANet.

Key words: infrared small target detection (IRSTD) ; dual-path semantic-aware module (DSM) ; pinwheel-shaped convo-

lution; selective attention fusion module (SAFM) ; spatial dynamic weight mechanism
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FKRW (facet kernel and random walker) (Qin % ,
2019) . TLLCM (tri-layer local contrast method) (Han
Z: 2020) . NWMTH (new method top-hat) (Bai
Zhou,2010) \NOLC (non-convex optimization with Lp,
norm constraint) (Zhang %5 , 2019b) . PSTNN (partial
sum of the tensor nuclear norm ) (Zhang F Peng, 2019a)
1O PP I TR 2 2] B9 777 ACM (asymmetric contex-
tual modulation) (Dai %5 , 2021a) . RDIAN (receptive-

field and direction induced attention network ) (Sun Z§,

2023) . AGPCNet (attention-guided pyramid context)
(Zhang %5 , 2023) . DNANet (dense nested attention)
(Li %, 2023) | UIUNet (U-Net in U-Net) (Wu 4% ,
2023) . RPCANet (robust principal component analy-
sis) (Wu 5%, 2024) . MSHNet (multi-scale head) (Liu
%, 2024) | SCTransNet (spatial-channel cross trans-
former network ) (Yuan &5 , 2024) Fil 1.2SKNet (learn-
able local saliency kernel network) (Wu %5 , 2025) .
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Table 1 The objective metrics for different methods on the NUAA-SIRST, IRSTD-1K, and NUDT-SIRST datasets

‘ NUAA-SIRST IRSTD-1K NUDT-SIRST
i 1oU/% nloU/% PJ/% FJ/10° ToU/% nloU/% PJ/% FJ10° ToU/% nloU/% PJ% FJ10°
FKRW 2206 2808 81.77 1632 1039 1625 69.54 2437 1267 2173 7951 67.13
TLLCM 18.66 2771 8224 1695 1026 1824  68.55 2448 11.08 2382 7797 67.26
NWMTH 1577 1728 7112 5561 1894 1691 4926 2172 11.72 1026 5271 46.81
NOLC 2664 3568 81.62 1744 1239 2218 7538 2194 2387 3490 8547 5820
PSTNN 2240 2959 7795 29.11 2457 2871 7199 3526 2772 3980 66.13 44.17
ACM 6528 6567 9049 47.13 5884 5823 9192 2759 60.63 6094 9175 20.06
RDIAN 7066 7404 9392 4308 6337 6263 8855 30.18 7777 7946 9566 2636
AGPCNet 7569 7660 9648 1499 6629 6523 9283 13.12 88.87  90.64 9720 10.02
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SCTransNet 7546  78.06 9582 1880 6654 6636 9327 13.68 9301 9350 98.73  4.80
1SKNet 7290 7389 9392 4034 6738 6636 9158 1478 9352 9286 9757 529
SANet 79.10  80.01 9658 11.52 7170 6659 9327 11.88 9573 9543 9926  2.80
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Table 2 Quantitative ablation experiments to evaluate the impact of the core components DSM and SAFM in SANet
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NUDT-SIRST i 4E

DSM  SAFM
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N N 79.10 80.01 96.58 11.52 71.70

66.59  93.27 11.88 95.73 9543  99.26 2.80
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Table 3 Quantitative ablation experiments to evaluate the impact of core components in DSM
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Conv PConv CBAM
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N x X 7490 7753 93.16 3574  66.99
J J X 7526 78.84 9392 2557 67.84
N J v 7910 80.01 9658 11.52 71.70

64.03 91.25 3456 91.28 91.09 9841 4.71
64.41 93.27 2845 9295 9256 99.05 6.96
66.59 93.27 11.88 95.73 9543 99.26 2.80
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Table 4 Quantitative ablation experiments to evaluate the impact of core components in SAFM
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VL TR FoR 4 S e R4 S o NFR A M xR AR S e

3.6 HEESEENH

AR SCXF SANet 5 35 4Pk B AT ACR M 20 50/
H A5 A I B Y (455 DNANet , UIUNet , SCTransNet
Il L’SKNet) 75452 8 52 7% J3 5 60 0 4 8 5 Tl 647 1
RGN AT, 45 NP 8 iR, Horf ToU #6545 R 1
3BT L5 5 . X FL45 R mT W,, SANet 7
34 B 4 HOAR T B I OF 3 ToU A
(82.18%) , i 1 T HAx Xt e oy i, M BE 4R T 1
IKF 3. 84%~4. 56%, Fo.53 L 1 H € A A T e
J1o FEBRIE P T SANet IS EURE N 12. 72 M,
TR 19.75 Go RS SF kb It e R &
e A5 , {H 55 UIUNet 1 SCTransNet #H Lt , it ik
AQb TR 3 P K AT B —E BRI

25 L FTiR , SANet 75 o I A 3 FIASE AU 5 JR i 22

90

Params/M & FLOPs/( e IoU/%l

or e . ® 82.18
70k 7827 77.62 78.34 77.93

60 54.43
50 F i
40+
30+
20

o

DNANet  UIUNet SCTransNet [.2SKNet
B8 SAMVEAE 34V bR L R HEREITAL

Fig. 8 Performance evaluation of five algorithms across

SANet

three metrics

8] S T R A AU o VAR L 5 R AT s DA A2
7 AESERE LG (RGN PERE , T3 7R S B FH v B



808

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

B R S P A

4 5

FFAFLT b/ FLBR A A7 1 1) R S5/ 7
SRR B PR A SRR T — R T it
ETE B9 BUII 920 5 /1N FLB A I 9 45 ——S ANt
7 AT e SR e P A2
b A S T /D LRI RATRE ) G
QESESIN iV ate SR T 2o

LT 25 | DSM B TR e 45 B 5 40 4
B ARV 15 (% B SR 906 7 1 e
TP SIS A 5T/ H R R0 L 5 SAFM
50 5 U0 i 30 5 SR B AU 5 U-Net T
A IR 4 S A A E AL &, B P 24 0
SO R 5 X 5B

TEZ AN TR LS s e it
19 SANet FE R RS FE 5 He k1L B2 Al i ) 7 i 4
O T BUAT 00005 2 Lt B 52 A 085 02
Wt Aok TSR A TR R A K S At
(R AL T 3t — 24 TR S AR L SRR 4
S99 1 S

2 % 3Lk (References)

Bai X Z and Zhou F G. 2010. Analysis of new top-hat transformation and
the application for infrared dim small target detection. Pattern Rec-
ognition, 43 (6) : 2145-2156 [DOI: 10.1016/j. patcog. 2009.
12.023]

Chen T X, YeZ, TanZ T, Gong T, Wu Y, Chu Q, et al. 2024. MiM-
ISTD: Mamba-in-Mamba for efficient infrared small-target detec-
tion. IEEE Transactions on Geoscience and Remote Sensing, 62:
#5007613 [DOI: 10.1109/TGRS.2024.3485721 ]

Dai Y M and Wu Y Q. 2017. Reweighted infrared patch-tensor model
with both nonlocal and local priors for single-frame small target
detection. IEEE Journal of Selected Topics in Applied Earth Obser-
vations and Remote Sensing, 10(8) : 3752-3767 [DOI: 10.1109/
JSTARS.2017.2700023 ]

Dai Y M, Wu Y Q, Zhou F and Barnard K. 2021a. Asymmetric contex-
tual modulation for infrared small target detection//Proceedings of
2021 IEEE Winter Conference on Applications of Computer Vision.
Waikoloa, USA: IEEE: 949-958 [DOI: 10.1109/WACV48630.
2021.00099]

Dai Y M, Wu Y Q, Zhou F and Barnard K. 2021b. Attentional local con-

trast networks for infrared small target detection. IEEE Transactions

on Geoscience and Remote Sensing, 59 (11) : 9813-9824 [DOI:
10.1109/TGRS.2020.3044958

Deng L Z, Zhang J K, Xu G X and Zhu H. 2021. Infrared small target
detection via adaptive M-estimator ring top-hat transformation. Pat-
tern Recognition, 112: #107729 [DOI: 10.1016/j. patcog. 2020.
107729

Gu A and Dao T. 2023. Mamba: linear-time sequence modeling with
selective state spaces [ EB/OL]. [2025-07-21].
https://arxiv.org/pdf/2312.00752.pdf

su A, Goel K and Ré C. 2021. Efficiently modeling long sequences with
structured state spaces [ EB/OLJ. [2025-07-21].
https://arxiv.org/pdf/2111.00396.pdf

Han J H, Moradi S, Faramarzi I, Liu C Y, Zhang H H and Zhao Q.
2020. A local contrast method for infrared small-target detection uti-
lizing a tri-layer window. IEEE Geoscience and Remote Sensing Let-
ters, 17(10): 1822-1826 [ DOI: 10.1109/LGRS.2019.2954578 |

Han J H, Moradi S, Faramarzi I, Zhang H H, Zhao Q and Zhao X J.
2021. Infrared small target detection based on the weighted
strengthened local contrast measure. IEEE Geoscience and Remote
Sensing Letters, 18(9): 1670-1674 [DOI: 10.1109/LGRS.2020.
3004978 ]

Kirillov A, Mintun E, Ravi N, Mao H Z, Rolland C, Gustafson L,
et al. 2023. Segment anything//Proceedings of 2023 IEEE/CVF
International Conference on Computer Vision. Paris, France:
IEEE: 3992-4003 [ DOI: 10.1109/1CCV51070.2023.00371 ]

Kou R K, Wang CP, Luo Y, Zhang Y, XuZ L, Peng Z M, et al. 2024.
Multiscale small-target detection techniques in single-frame infra-
red images: a review. Journal of Image and Graphics, 29 (9) :
26252649 GEA W, FAN-, B, k55, g, ZHU],
8. 2024, FAMTZLARANR 22 R/ FARIGIN B AR Z3A . v [ [ 52
EE 244, 29(9) : 2625-2649) [DOIL: 10.11834/jig.230788 ]

LiBY, Xiao C, Wang L G, Wang Y Q, Liu Z P and Li M. 2023. Dense
nested attention network for infrared small target detection. IEEE
Transactions on Image Processing, 32: 1745-1758 [DOI: 10.1109/
TIP.2022.3199107 ]

Liu Q K, Liu R, Zheng B L, Wang H K and Fu Y. 2024. Infrared small
target detection with scale and location sensitivity//Proceedings of
2024 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Seattle, USA: IEEE: 17490-17499 [DOI: 10.1109/
CVPR52733.2024.01656 ]

Liu Z L, Wu'Y Q and Zou Y. 2019. Multiscale infrared superpixel-
image model for small-target detection. Journal of Image and Graph-
ies, 24(12): 2159-2173 (XA, R—4, 4855, 2019. ZRE
ZLAMHR R R B /N ARSI . b [ R I 22 4l
24(12): 2159-2173) [ DOI: 10.11834/jig.190068 |

Pan P W, Wang H, Wang C Y and Nie C. 2023. ABC: attention with
bilinear correlation for infrared small target detection//Proceedings
of 2023 IEEE International Conference on Multimedia and Expo.
Brisbane,, Australia: IEEE: 2381-2386 [ DOI: 10.1109/ICME55011.



$31% /5% 34] /2026 £ 3 A

silig, #EE, Hid, BB, AHE, FE, BEE, KE
ETREEES LI B RN

2023.00406 |

Pan X Y, Jia N X, Mu Y Z and Gao X R. 2023. Survey of small object
detection. Journal of Image and Graphics, 28 (9) : 2587-2615
(e, BIEEL, BICRE, mZH . 2023 /N H AR BT 57 £33
k. E R4 EE AR, 28(9): 2587-2615) [DOI: 10.11834/jig.
220455]

Qin Y, Bruzzone L, Gao C Q and Li B. 2019. Infrared small target detec-
tion based on facet kernel and random walker. IEEE Transactions
on Geoscience and Remote Sensing, 57(9): 7104-7118 [DOI: 10.
1109/TGRS.2019.2911513 ]

Rahman A and Wang Y. 2016. Optimizing intersection-over-union in
deep neural networks for image segmentation//Proceedings of the
12th International Symposium on Visual Computing. Las Vegas,
USA : Springer: 234-244 [DOI: 10.1007/978-3-319-50835-1_22 ]

Ronneberger O, Fischer P and Brox T. 2015. U-Net: convolutional net-
works for biomedical image segmentation//Proceedings of the 18th
International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: Springer:
234-241 [ DOI: 10.1007/978-3-319-24574-4_28 |

Sun H, Bai J X, Yang F and Bai X Z. 2023. Receptive-field and direc-
tion induced attention network for infrared dim small target detec-
tion with a large-scale dataset IRDST. IEEE Transactions on Geo-
science and Remote Sensing, 61: $5000513 [DOI: 10.1109/
TGRS.2023.3235150 ]

Sun Y, Yang J G and An W. 2021. Infrared dim and small target detec-
tion via multiple subspace learning and spatial-temporal patch-
tensor model. IEEE Transactions on Geoscience and Remote Sens-
ing, 59(5): 3737-3752 [ DOI: 10.1109/TGRS.2020.3022069 |

Wang H, Zhou L P and Wang L. 2019. Miss detection vs. false alarm:
adversarial learning for small object segmentation in infrared
images//Proceedings of 2019 IEEE/CVF International Conference
on Computer Vision. Seoul, Korea (South) : IEEE: 8508-8517
[DOI: 10.1109/ICCV.2019.00860 |

Woo S, Park J, Lee J] Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision. Munich, Germany: Springer: 3-19
[DOI: 10.1007/978-3-030-01234-2_1]

Wu FY, Liu AR, Zhang T F, Zhang L. P, Luo J H and Peng Z M.
2025. Saliency at the helm: steering infrared small target detection
with learnable kernels. IEEE Transactions on Geoscience and
Remote Sensing, 63: #5000514 [DOI: 10.1109/TGRS. 2024.
3521947

Wu F Y, Zhang T F, Li L, Huang Y and Peng Z M. 2024. RPCANet:
deep unfolding RPCA based infrared small target detection//Pro-
ceedings of 2024 IEEE/CVF Winter Conference on Applications of
Computer Vision. Waikoloa, USA: IEEE: 4797-4806 [DOI: 10.
1109/WACV57701.2024.00474 ]

Wu X, Hong D F and Chanussot J. 2023. UIU-Net: U-Net in U-Net for

infrared small object detection. IEEE Transactions on Image Pro-

cessing, 32: 364-376 [ DOI: 10.1109/TIP.2022.3228497 |

XuMZ, YuCL, LiZX, Tang HY, Hu Y P and Nie L Q. 2025.
HDNet: a hybrid domain network with multiscale high-frequency
information enhancement for infrared small-target detection. IEEE
Transactions on Geoscience and Remote Sensing, 63: #5004115
[DOI: 10.1109/TGRS.2025.3574962 |

Yang D G, Han T H, Hu L and Bai Z Y. 2024a. Research status and
prospect of single frame infrared dim small target detection technol-
ogy. Journal of Signal Processing, 40(5) : 887-906 (4% &5, i[RI ,
5%, FIERT . 2024, BAWTZLARE /N BARG I E AR IR e
WSS AR, 40(5) : 887-906) [DOI: 10.16798/j.issn. 1003-
0530.2024.05.008 ]

Yang HR, MuTK, DongZ Y, Zhang Z C, Wang B and Ke W. 2024b.
PBT: progressive background-aware transformer for infrared small
target detection. IEEE Transactions on Geoscience and Remote
Sensing, 62: #5004513 [DOI: 10.1109/TGRS.2024.3415080 ]

Yang J N, Liu SL, WuJJ, Su X Y, Hai N and Huang X L. 2025.
Pinwheel-shaped convolution and scale-based dynamic loss for
infrared small target detection//Proceedings of the 39th AAAI Con-
ference on Artificial Intelligence. Vancouver, USA: AAAL: 9202-
9210 [DOI: 10.1609/aaai.v39i9.32996 |

YuZT, WanJ, Qin Y X, Li X B, Li S Z and Zhao G Y. 2021. NAS-
FAS: static-dynamic central difference network search for face anti-
spoofing. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 43(9): 3005-3023 [ DOI: 10.1109/TPAMI.2020.3036338 ]

Yuan S, Qin H L, Yan X, Akhtar N and Mian A. 2024. SCTransNet:
spatial-channel cross transformer network for infrared small target
detection. IEEE Transactions on Geoscience and Remote Sensing,
62: #5002615 [DOI: 10.1109/TGRS.2024.3383649 ]

Zhang L D and Peng Z M. 2019a. Infrared small target detection based
on partial sum of the tensor nuclear norm. Remote Sensing, 11(4):
#382 [ DOI: 10.3390/rs11040382 ]

Zhang M J, Li X L, Gao F and Guo J. 2025a. IRMamba: pixel differ-
ence Mamba with layer restoration for infrared small target detec-
tion//Proceedings of the 39th AAAI Conference on Artificial Intelli-
gence. Philadelphia, USA: AAAI: 10003-10011 [DOI: 10.1609/
aaai.v39i9.33085

Zhang M J, Wang Y C, Guo J, Li Y S, Gao X B and Zhang J. 2024a.
IRSAM: advancing segment anything model for infrared small tar-
get detection//Proceedings of the 18th European Conference on
Computer Vision. Milan, Ttaly: Springer: 233-249 [DOI: 10.1007/
978-3-031-72855-6_14]

Zhang M J, Yue K, Guo J, Zhang Q M, Zhang J and Gao X B. 2025b.
Computational fluid dynamic network for infrared small target detec-
tion. IEEE Transactions on Neural Networks and Learning Systems,,
36(8): 14777-14789 [ DOI: 10.1109/TNNLS.2025.3548984 ]

Zhang M J, Yue K, LiBY, GuoJ, Li Y S and Gao X B. 2024b. Single-
frame infrared small target detection via Gaussian curvature

inspired network. IEEE Transactions on Geoscience and Remote

809



810

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

Sensing, 62: #5005013 [DOIL: 10.1109/TGRS.2024.3423492 |

Zhang M J, Zhang R, Yang Y X, Bai H C, Zhang J and Guo J. 2022.
ISNet: shape matters for infrared small target detection//Proceed-
ings of 2022 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. New Orleans, USA: IEEE: 867-876 [DOI: 10.
1109/CVPR52688.2022.00095 |

Zhang TF, Li L, Cao S Y, Pu T and Peng Z M. 2023. Attention-guided
pyramid context networks for detecting infrared small target under
complex background. IEEE Transactions on Aerospace and Elec-
tronic Systems, 59 (4) : 4250-4261 [DOI: 10.1109/TAES. 2023.
3238703

Zhang T F, Wu H, Liu Y H, Peng L B, Yang C P and Peng Z M.
2019b. Infrared small target detection based on non-convex optimi-
zation with Lp-Norm constraint. Remote Sensing, 11 (5) : #559
[DOI: 10.3390/rs11050559 |

EEEN
SR , 22, PRI, 041 SO , T Z0F5E 07 18 R 2050 B b

i GRS SR o

E-mail: zhangyingmei@jxufe.edu.cn

M0 B VER o, PR, A5 A S0, F2 A5 T ) Sy i
KSR TR LS 2~

E-mail: xiaoqin@jxufe.edu.cn

[0 SR R e o 1 e e 52 | Pl L D A WA NS E B T rat RS
&AL EE . E-mail: baowangtao29@gmail.com

W BB AR S, WS ) A B R AL B
AL S 154> . E-mail: yangyong@tiangong.edu.cn
TARHEL 5 PR A A S0, 2 ZFSET ) R RS AR BN
AR SRS . E-mail: wanweiguo@jxufe.edu.cn
BN, 5 AR, EENEETT I LLAN N FARAS TN 5 R
AbPR ., E-mail: 3014815803@qq.com

AR, L R WFTE A TS 10 O R RS 5 TR 2
>J . E-mail: zouxueting0113@126.com

[ S I B o 2 1| S IS DN 3 A RS T R
Hl, E-mail: 13647037937@163.com



