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Abstract: [Objective] Satellite remote sensing has merged as the primary approach for monitoring crop
phenology. This method has many advantages, including large monitoring area and convenient data acquisition.
However, high-resolution remote sensing satellites, which are essential for accurate observation, have a long

revisit period. Inevitably multiple dates are affected by unfavorable conditions such as atmospheric and cloud
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fog. As result, the data for high-resolution time-series crop phenology detection becomes sparse, failing to
provide sufficient images during the rapidly changing crop growth period. A new method is proposed to
enhance the accuracy of time series monitoring and achieve precse phenology detection. [Method] Paddy
fields and dry fields were selected as research plots. First, a time-series remote sensing data filling method wes
explored by combining with generative image processing technology. Then a lightweight super-resolution
reconstruction generative adversarial networks (GAN) was proposed for image reconstruction. Finally, the
reconstructed data were utilized to conduct intensive time series monitoring and phenological extraction of crop
growing season. [Result] (1) In terms of image super-resolution reconstruction, the proposed method achieved
values of 0.834 and 28.69 in structural similarity (SSIM) and peak signal to noise ratio (PSNR), respectively. It
can reconstruct heterologous remote sensing data more effectively than mainstream methods. (2) After time
series reconstruction, the revisit period of remote sensing images in 2 experimental areas decreased from 6.40 d
and 6.63 d to 5.70 d and 5.88 d respectively, and the spatial resolution increased to 10 m. (3) Regarding
phenological extraction, the extraction results of 4 smoothing methods differed from those of original data
extraction, and were superior to the interpolation-based methods commonly used for time series imputation.
[Conclusion] The proposed method can effectively fill the time-series of satellite images, enhance the
continuity of observation data, and enable accurate high spatiotemporal-resolution monitoring of crop
phenology. [Ch, 9 fig. 3 tab. 27 ref.]

Key words: phenology extraction; super-resolution reconstruction; satellite remote sensing; crop phenology
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Figure 1  Schematic diagram of the study area
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Figure 4 Various phenological indexes of paddy field extracted by Moving filter
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Figure 8 Schematic diagram of the phenological indicators extracted from MODIS data
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Table2 Comparison of the extraction results of phenological indicators in paddy fields after image reconstruction
ik Hedis 1 H 1 FARHW AR R B /d WA H 35 BARME R
RO 169(2023-06-17)  296(2023-10-23) 128 221(2023-08-09)  0.521 0.455
Moving . .
ABSRERTTE 168(2023-06-16)  294(2023-10-20) 126 201(2023-07-20) 0.515 0.449
b GEvei 173(2023-06-21)  295(2023-10-21) 122 221(2023-08-09)  0.582  0.522
RLOWESS . ;
AUFFEEAETTE 169(2023-06-18)  294(2023-10-20) 124 201(2023-07-20)  0.593  0.532
iy € 170(2023-06-18)  293(2023-10-20) 124 226(2023-08-14)  0.537  0.476
LOWESS ~ ;
ARUFFREATE 171(2023-06-189)  293(2023-10-20) 123 221(2023-08-09)  0.545  0.484
GPR RO 160(2023-06-08)  299(2023-10-26) 140 221(2023-08-09)  0.521 0.453
AR EHRFTE 161(2023-06-09)  299(2023-10-26) 139 221(2023-08-09)  0.493  0.409
=3 RGEEEREHYERERRNERIIL
Table 3 Comparison of the extraction results of phenological indicators in dry fields after image reconstruction
Jik i Z4 H ZRK HH AR I A WA, 1 44 R IRIE
b Gkvei 138(2023-06-05)  266(2023-10-17) 128 171(2023-07-05)  0.485  0.485
Moving . .
AR EATTE 140(2023-06-04)  265(2023-10-07) 126 176(2023-07-10) 0.500 0.500
Y aRvei 140(2023-06-04)  275(2023-10-17) 135 171(2023-07-05)  0.516  0.516
RLOWESS
AWSCEETE 141(2023-06-05)  269(2023-10-11) 129 176(2023-07-10) 0.533 0.533
Y G e 141(2023-06-05)  269(2023-10-11) 128 171(2023-07-05)  0.531 0.531
LOWESS
ARFRER T 141(2023-06-05)  266(2023-10-08) 125 186(2023-07-20) 0.535 0.535
KNNR J B 125(2023-05-20)  273(2023-10-15) 148 191(2023-07-25) 0.444 0.444
AIFFEEATTE  124(2023-05-19)  274(2023-10-16) 150 191(2023-07-25) 0.438 0.438

B EIVER o 53 AMARIE AN IR T BR i e S o T 8 R A TR A B[] 47 2 RN A S B 1T 7Y
ALAT I DA R 2 B2 SRR R AR Bdl . MODIS B4 #2 B 2SS 2 0] 1Y 22 5, RS o A B00E B0 IR 75 45 A
PhenoCam!*” 4 b A 54 547 58 i — 20 R 5T o



5 42 5 4 i RAF AR B Bl 0 PR B EOR LAY Y S b i B 665

JRAH BN WIRP R IR &
0.6 0.6 /\
05 F M\ 0.5 }[‘a 4\
04 r l \/ 04 F J &\l
2 } = %
03 ‘ i 03 i
2 [ 2 A
02 1 02 — %
0.1 pe=és "Aan‘ﬂyrf;/! w\“ﬁ&\ 0.1 BRegao e bgtety 3;(‘ ““"Yw
- SRl e %o % . D s St be %
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
I [ 7 51l IS 6] /7 51
~ JRIAR PR o SR R I 2 A IR H Y
R 2 MBRE30% / A BIME 30%. SR 1.
B9 JRAGHAE L F IS A B 52t AT
Figure 9 Comparison of time series curves between original data and reconstructed data
5 it

AWFFEAR T — T e T R AR HOR AW R OB 7 12: . 83 GAN P44 S5 I AR 01
PEARTHTF S TGRS, AR A R RGBS A ke SEURb 25 11 DA b 73 B3 TLAE Sentinel-2 5405 19 1
[EF5, R T —Fhi2 i fbAY PGT-GAN 4%, BN MRERE, LI PER s A i
ZAME R, XM 7E SSIM FI PSNR 545 R R4, X KB 7 1 B8 A A% A Bl 2k DX SO A4
TRE, R AR B R — 2k AROFFEE A7k ] DUl i — R e B RS B AR R IR
EARRE R R E A, HORR T ARG, IR EE S R DO N & 98 5 2% S R A TR
## . 7F Sentinel-2/Landsat-8 FL3CHUHEAE T X 5 A J5 0 B ) BOHG 0 AT T 5256, 45 SR 5 IR 4R W e $R IR 45
H IR E SIS R MODIS $E AR IEAT TR0, SRR AW e A R e i 1
FIEERPERE, T T 10 m o3 HERBE RIS ) 73 BEA . B 1025 5 18 B AR 00 PR3 E A i I 1) 2 91
A AR i R A R AR SR A T R AT T AT R, A A S AR A I 1) 91 s AN (E AT LS
BIEYIA R e Bepoks e 1k, dunl DR B v N2 3 R i b 3 T ) e S B A S 85

6 H& Sk

[1] SCHWARTZ M D, REED B C, WHITE M A. Assessing satellite-derived start-of-season measures in the conterminous USA
[J]. International Journal of Climatology, 2002, 22(14): 1793—1805.

(2] ZEE . BETid IS i PR g 25 A8 S X BRAGERSZ A ML I A 7 (D] AT - iAok, 2021.
LI Xuejian. Spatiotemporal Variation of Bamboo Forest Phenology Based on Remote Sensing Inversion and Its Influence
Mechanism on Carbon Cycle[D]. Hangzhou: Zhejiang A&F University, 2021.

[3] FU Y H, ZHAO Hongfang, PIAO Shilong, et al. Declining global warming effects on the phenology of spring leaf unfolding
[J]. Nature, 2015, 526(7571): 104-107.

(4] FEH0HY, 8, GENNARETTIF, 4. 2 RRAEMETT 50T b ARG A BT Y g L 5 ro BPE 4 (1], b R s R
2%, 2023, 53(10): 2217-2230.
XUE Huihong, SHI Feng, GENNARETTI F, et al. Evidence of advancing spring xylem phenology in Chinese forests under
global warming [J]. Scientia Sinica (Terrae), 2023, 53(10): 2217-2230.

[5] RICHARDSON A D, KEENAN T F, MIGLIAVACCA M, et al. Climate change, phenology, and phenological control of
vegetation feedbacks to the climate system [J]. Agricultural and Forest Meteorology, 2013, 169: 156—173.

[6] MO Fei, ZHANG Jian, WANG lJing, et al. Phenological evidence from China to address rapid shifts in global flowering
times with recent climate change [J]. Agricultural and Forest Meteorology, 2017, 246: 22-30.

[7] SULLIVAN M K, FAYOLLE A, BUSH E, et al. Cascading effects of climate change: new advances in drivers and shifts of
tropical reproductive phenology [J]. Plant Ecology, 2024, 225(3): 175-187.

[8] G, RSO, KA. AR B 58 M T SCHE [l (7] JE 872412, 2024, 28(9): 2131-2143.
XIE Zhiying, ZHU Wenquan, FU Yongshuo. Key issues of remote sensing-based vegetation phenology monitoring [J].
National Remote Sensing Bulletin, 2024, 28(9): 2131-2143.


https://doi.org/10.1002/joc.819
https://doi.org/10.1038/nature15402
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1360/N072022-0348
https://doi.org/10.1016/j.agrformet.2012.09.012
https://doi.org/10.1016/j.agrformet.2017.06.004
https://doi.org/10.1007/s11258-023-01377-3
https://doi.org/10.11834/jrs.20233088
https://doi.org/10.11834/jrs.20233088

666 WroIL R R K A R 2025 4E 8 H 20 H

[9] MILLER-RUSHING A J, WELTZIN J. Phenology as a tool to link ecology and sustainable decision making in a dynamic
environment [J]. New Phytologist, 2009, 184(4): 743—745.

(101 FREE, S RUE, REIT. YOO Tt (7). A 32ARiE, 2015, 34(11): 3237-3243.

ZHAI Jia, YUAN Fenghui, WU Jiabing. Research progress on vegetation phenological changes [J]. Chinese Journal of
Ecology, 2015, 34(11): 3237-3243.

[11] THOMPSON D R, WEHMANEN O A. Using Landsat digital data to detect moisture stress in corn-soybean growing
regions[J]. Photogrammetric Engineering and Remote Sensing, 1980, 46(8): 1087—1093.

[12] CAPARROS-SANTIAGO J A, RODRIGUEZ-GALIANO V. Analysing long-term spatiotemporal land surface phenology
patterns over the Iberian Peninsula using 250 m MODIS EVI2 data[J/OL]. Science of the Total Environment, 2024, 954:
176453[2025-05-04]. DOI: 10.1016/j.scitotenv.2024.176453.

[13] XU Wenfang, MA Hanqing, WU Donghai, et al. Assessment of the daily cloud-free MODIS snow-cover product for
monitoring the snow-cover phenology over the Qinghai-Tibetan Plateau[J]. Remote Sensing, 2017, 9(6): 585[2025-05-04].
DOI: 10.3390/rs9060585.

[14] HERMANCE J F. Stabilizing high - order, non - classical harmonic analysis of NDVI data for average annual models by
damping model roughness [J]. International Journal of Remote Sensing, 2007, 28(12): 2801-2819.

[15] KOVALSKYY V, ROY D P. The global availability of Landsat 5 TM and Landsat 7 ETM + land surface observations and
implications for global 30 m Landsat data product generation [J]. Remote Sensing of Environment, 2013, 130: 280-293.

[16] ZHANG H K, ROY D P, YAN Lin, et al. Characterization of Sentinel-2A and Landsat-8 top of atmosphere, surface, and
nadir BRDF adjusted reflectance and NDVI differences [J]. Remote Sensing of Environment, 2018, 215: 482—494.

[17] ONOJEGHUO A O, BLACKBURN G A, WANG Qunming, et al. Rice crop phenology mapping at high spatial and
temporal resolution using downscaled MODIS time-series [J]. GIScience & Remote Sensing, 2018, 55(5): 659—677.

[18] SONG Guanggin, WANG Jing, ZHAO Yingyi, et al. Scale matters: spatial resolution impacts tropical leaf phenology
characterized by multi-source satellite remote sensing with an ecological-constrained deep learning model[J/OL]. Remote
Sensing of Environment, 2024, 304: 114027[2025-05-05]. DOI: 10.1016/j.rse.2024.114027.

[19] GUO Xiaojie, CAO Xiaochun. FIND: a neat flip invariant descriptor[C]//PRICHARD B N, GILLAM P M. Proceedings of
the 2010 20th International Conference on Pattern Recognition. IEEE Computer Society, 2010: 515-518.

[20] ZHANG Kun, ZHU Changming, LI Junli, et al. Reconstruction of dense time series high spatial resolution NDVI data using
a spatiotemporal optimal weighted combination estimation model based on Sentinel-2 and MODIS[J/OL]. Ecological
Informatics, 2024, 82: 102725[2025-05-05]. DOI: 10.1016/j.ecoinf.2024.102725.

[21] WILCOX R. The Regression Smoother LOWESS: A confidence band that allows heteroscedasticity and has some specified
simultaneous probability coverage[J/OL]. Journal of Modern Applied Statistical Methods, 2017, 16: 35603179[2025-05-
05]. DOIL: 10.22237/JMASM/1509494580.

[22] SUN Chenrun, XUE Zhaohui, ZHANG Ling, et al. Local peak Savitzky-Golay for spatio-temporal reconstruction of landsat
NDVI time series: a case study over the Qinghai-Tibet Plateau [J]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2024, 17: 13439—-13455.

[23] ZHANG Xiaomo, SUN Xin, LIN Zhulu. Improving soil moisture prediction using Gaussian process regression[J/OL].
Smart Agricultural Technology, 2025, 11: 100905[2025-05-05]. DOI: 10.1016/j.atech.2025.100905.

[24] GONG Zheng, GE Wenyan, GUO Jiaqi, et al. Satellite remote sensing of vegetation phenology: progress, challenges, and
opportunities [J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2024, 217: 149—-164.

[25] VERBESSELT J, HYNDMAN R, ZEILEIS A, et al. Phenological change detection while accounting for abrupt and gradual
trends in satellite image time series [J]. Remote Sensing of Environment, 2010, 114(12): 2970-2980.

[26] SHI Hua, XIAN G. Assessing gap-filled Landsat land surface temperature time-series data using different observational
datasets [J]. International Journal of Remote Sensing, 2025, 46(12): 4559—4582.

[27] RICHARDSON A D. PhenoCam: an evolving, open-source tool to study the temporal and spatial variability of ecosystem-
scale phenology [J/OL]. Agricultural and Forest Meteorology, 2023, 342: 109751[2025-05-05]. DOIL: 10.1016/.
agrformet.2023.109751.


https://doi.org/10.1111/j.1469-8137.2009.03083.x
https://doi.org/10.1016/j.scitotenv.2024.176453
https://doi.org/10.3390/rs9060585
https://doi.org/10.1080/01431160600967128
https://doi.org/10.1016/j.rse.2012.12.003
https://doi.org/10.1016/j.rse.2018.04.031
https://doi.org/10.1016/j.rse.2024.114027
https://doi.org/10.1016/j.ecoinf.2024.102725
https://doi.org/10.22237/JMASM/1509494580
https://doi.org/10.1109/JSTARS.2024.3432797
https://doi.org/10.1109/JSTARS.2024.3432797
https://doi.org/10.1016/j.atech.2025.100905
https://doi.org/10.1016/j.isprsjprs.2024.08.011
https://doi.org/10.1016/j.rse.2010.08.003
https://doi.org/10.1080/01431161.2025.2505254
https://doi.org/10.1016/j.agrformet.2023.109751
https://doi.org/10.1016/j.agrformet.2023.109751

	1 研究区概况
	2 研究方法
	2.1 数据情况
	2.1.1 原始时序遥感影像数据获取
	2.1.2 遥感影像超分辨率重建数据生成

	2.2 评价指标与对比方法
	2.2.1 超分辨率重建评价指标
	2.2.2 物候指标提取与对比方法

	2.3 技术路线

	3 结果与分析
	3.1 遥感影像超分辨率重建性能分析
	3.2 物候提取结果
	3.3 时间序列曲线对比

	4 讨论
	5 结论
	参考文献

