1007-4619(2024)11-2927-16

EF Landsat B3 8] FF ) B8 ATC i8I & &R
= LA ek fiE = G i

feEAL, HAR:, Kk', mmE', KREE

1 VAR MOl K2 bR, A 650224;
2. VEmEEMOl K SibERE, R 650224

W OE . IR B R AL DU AR AR A TR S RGP R T R R R B R X, g iR
()5 SV BRAFAE R PR TS, R, A T 3 m AR s DA URE B2, A B R — R I a0, DA it
P ML X, Landsat i 18] FE 50808 e A5 A9 T30 FET 19874F . 19924F . 19974F . 20024F . 20074F. 20124, 20174F
2 P A A BT I R RO R 3 SV T T R 0 B L B 1987 4F—2017 4F 11 Landsat I [E] P31 524%, A5
I FH Python JF &% T A & W #iE #:FL ATC  (Adaptive Topography Convolution) s, %8 B BRI K & X T &
QI PR, AR ] RE LR B S A0 A B0 R LB ER A TS IR0 H Savitzky—Golay JE 3 . H 8 i %)
Landsat 5 [8] ¥ 50 508 EAT 0D . B BEDLARAR M1 9% RFR (Random Forest Regression) 47 A% BLR7 i1 i LA
At B A AR | R B O At DA %o 5 A LTI v LA Bl B A TR I BT . 25 R 3R . (1) BRI 0T
MABARE 4% %2 MAE (Mean Absolute Error) K, Zeid ATCH LIS S MENUR BT e dy; (2) 7EMH RFR
FEREOLT , UGS R BRI LR A B s AR IIRE B s (3) R RFR TR A OL T, 3T STk
10 A HREAE DR 7 1 BB TR BE SR 51 70% BOARAE [N F AR, Zead ATC BI85 BB IR) 2 B0 B 3 R B0 i 1 4
PEEAEIRERE 5 (4) LT ATC 5035 A 5Tk BE 1T 10 A4 AE P X 755 LLAR B A F PO BRI e, HobhE RBUR M
0.867. ¥ RIR2E RMSE 2 15.527/(t/hm?) . TRIMAFEE P2 73.54%  AHXTHI AR 1R 22 TRMSE }y 41.14%; (5) F: T
DA AR ) g LA B i B S I S5 0 0k . 677 J7 1 (19874F) . 716 J7t (19924F) . 72277t (19974F) . 436 )7t
(20024F), 72077t (20074F) . 71107t (20124F), 75377t (20174F) . £i b, fdi FH ATCIEM ST RES AR LT
TR X [B) 3 8 A% P MR DT RIS ) R A AR A R e 1, B0 T v L Bl it e A DU
K Landsat BHEFH, JEH, mLm, Bfiga, ATC
FESES: S758/S771.8/P2
S| A%N: BRI, H AR, KME,FI=E, BFEE .2024. B F Landsat B /8 F SR ATC IEEE X NS LRABRIEEEN .2
B, 28(11) : 2927-2942

Teng C K,Xiao Y Y,Zhang J L,He Y R and Chen C Q. 2024. Estimation of Pinus densata carbon storage based on
Landsat time series data and ATC filtering algorithm. National Remote Sensing Bulletin, 28(11) :2927-2942[DOI:

10.11834/jrs.20244006 ]

o FHEEE Y (Wang%, 2022),
3l B

National Remote Sensing Bulletin & & 5 4

ARl A 35 R T B, e A3
BT R A . BRAH R AR S R G
PR AT R AR, AT LA T B 1 AR AR Y [
BRAES (W= 5%, 2023) . AEHERS S AbRfm fif 1 Xt
TLEASIREL I PRI AR B IR A R RS A A

KFE B EA: 2024-01-04; FEDZA: 2024-04-09

Al S A e ) Ok B T AR A 9 RN
AL (Torre-Tojal &, 2022), Hidr, BF4MH
Bk R MERA Y, (R RERAE ) FLMELAEA T R
JEE S R () B it B I o B Landsat T2 504 1
I (Woodcock £, 2008; Wulder 25, 2016) ,
A R ECE R R R K PR R . B R

E&TH: HEARPARES (45 :32260390,31860207) ;2020 4F = B & =1 2 IR AA B 35 AR AR RIS AA " LI (45 . YNWR-

QNBJ-2020-164)

F—EFE N BRIV MO EEA BRI, E-mail: tckswfu@swfu.edu.cn
WSEE T e, W858 10 bl % 8% E-mail: jialongzhang@swfu.edu.cn



2928 National Remote Sensing Bulletin #2454k 2024, 28(11)

7, BT T RHIEA G B SCTEATEZ EAE
e 5 0] FH O 25 28 SRR 1) Jop 97 504l A DR R S Fl
i f A A PTRE . SR, FBH T Landsat T
) BS EC, (R IR ERAh 2R 2, JF H 2R I8 1)
BOHE TE AR I 32 3 & Fh R 2 ALK (Zha,
2017), PR, 3R a] P 90 R HE A7 E R 7S RN
GEE, PR T HIRAN ], N 2R
N 1) 5 B A T E AL, LAARAS i i A R 2

FRT, B2 B T 08 G R 2 Mk ) 8 53
BEERLIT 32 2 mf R B, A
L-T%#3% (LandTrendr) (Kennedy%§, 2010). S-G
% (Savitzky-Golay) (CaoZ, 2018) . fFefEHE4L
b= L HL 3 BISE  (Best Index Slope Extraction)
(Viovy 5§, 1992) 45, 33X 2L 77 3 1 X isf ] J5 51
BAE 0ot R AR S AR T R MR R, AT R
e B o B AR B O MEf P s R s ALk b
BUAL PR, 45 (EIE MF (Median Filter) (Celik
4, 2023) . =iy GF (Gaussian Filter) (fi]
FPE, 2022) %, X LEJ7 ik FEOCTHERG M
PR R Z B[O R, R R HHETSR
TR RS, b AR b i S (R S =
R E AL, LGN RGE IR WE (Wavelet
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Table 1 Basic information of Landsat time series data

(=SSt fidh's M RIS HHUEG BIRHE STRHM =A% B
041 131 1987 2011 01-01 03-31 <10 57
Landsat 5 TM 040 132 1987 2011 01-01 03-31 <10 48
041 132 1987 2011 01-01 03-31 <10 28
041 131 2012 2013 01-01 03-31 <10 6
Landsat 7 ETM+ 040 132 2012 2013 01-01 03-31 <10 5
041 132 2012 2013 01-01 03-31 <10 1
041 131 2014 2017 01-01 03-31 <10 14
Landsat 8 OLI 040 132 2014 2017 01-01 03-31 <10 10
041 132 2014 2017 01-01 03-31 <10 5
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Fig. 4 Seven different years of Shangri La City using ATC algorithm to filter before and after images
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Fig. 5 Comparison of image details before and after using ATC algorithm filtering in Shangri La City in seven different years
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Fig. 6  Pixel value variation curves of Landsat time series images filtered using different filtering methods from 1987 to 2017
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Table 3 The mean absolute error between the filtered image and original image using different filtering methods

BT B1 B2 B3 B4 B5 B7
S-G 57.66 73.97 83.57 259.20 244 81 153.71
MF 42.57 56.77 70.77 102.43 121.01 96.98

ATC 5.92 7.75 8.58 29.45 26.35 16.24
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Table 4 Peak signal-to—noise ratio after ATC algorithm filtering
/dB

4E0y B1 B2 B3 B4 BS B7

2017 50.95 49.56 48.56 44.39 27.85 45.12
2012 49.71 48.35 51.50 47.09 50.82 47.72
2007 53.57 47.84 46.78 42.12 44.88 47.80
2002 61.58 60.66 59.86 56.70 52.63 50.17
1997 54.35 52.95 52.13 27.74 51.49 48.91
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Table 5 Remote sensing feature factors used for modeling random forest regression methods
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Table 6 Top 10 Contributing remote sensing feature factors for random forest modeling
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Table 7 Remote sensing feature factors contributing to 70% cumulative contribution for random forest modeling
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Fig. 7  Scatter plot of carbon storage estimation model for Pinus Densata with the cumulative contribution of the top 10
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Table 8 Results of carbon storage estimation of Pinus Densata in Shangri—La by different researchers

- LT g o B iz EL ks B My EL o Y ok B % B
WAEE O WOCREG SRR mudeg  CPRLRIGERS RRRLER) LR 25

10°J5t 10°J7 t 10°J5t
R (2012) 2012 A=Y 2008 21.86 7.65—9.84 0.45—2.64(2007 4£ )
E455(2013) 2013 P NAELY/hin 2009 20.00 7.00—9.00 0.20—1.80(2007 4F.)
FNEFE(2016) 2016 b 2014 11.71 5.86 1.25(20124F)
WHEIA (2019) 2019 Ho A=Y 2015 12.11 6.05 1.06(20124F)
1987 8.76 438 2.39
1992 8.96 4.48 2.68
1997 9.29 4.64 2.58
Bi 5% (2023) 2023 iy i 2002 9.01 451 0.15
2007 3.88 4.44 2.76
2012 8.79 4.40 271
2017 8.72 436 3.17
1987 — 6.77 —
1992 — 7.16 —
1997 — 7.22 —
KNI — — 2002 — 4.36 —
2007 — 7.20 —
2012 — 7.11 —
2017 — 7.53 —
300 300
250 - 250
200 - e 200 F .
g . < .
s 150} < 150}
@ . @
= 100f . 7 = 100 . ]
= Ry < =8 ¢ A .
501 i R 0.813 50 e A R 0.841
p RMSE: 17.115/(t/hm?) X RMSE: 16.991/(t/hm?)
of P: 67.53% 0r P:71.07%
rRMSE: 58.88% rRMSE: 53.49%
-50 0 50 100 150 200 250 300 -50 0 50 100 150 200 250 300
WM /(t/hm?) WLME/(t/hm?)
(a) LA B A AR 78 05T ] (b) S=G Y& J5 B it A 7 i 1]
(a) Scatter plot of original data estimation model (b) Scatter plot of data estimation model after S—G filtering
300 300
250 F 250 -
_200F 200 t
NE b M ‘E
< 150+ 150
= 100} 5 & 100} <
L’E: . = o oo (S
50 < R* 0.847 50 R R* 0.868
D ol RMSE: 16.673/(t/hm?) 0 RMSE: 15.415/(t/hm?)
0t P: 68.38% 0r P:70.20%
tRMSE: 41.75% rRMSE: 37.94%
-50 0 50 100 150 200 250 300 -50 0 50 100 150 200 250 300
WLIE/(t/hm?) WLMI{E/(t/hm?)
(c) M 8 J5 B Ak A 70 A5 [ (d) ATC UEE J5 5t
(¢) Scatter plot of data estimation model after MF filtering (d) After ATC filtering

K18 SRARTTHREL h 70% 11485 LLIAABR fef fh A PRS0 10 1 ]

Fig. 8 Scatter plot of carbon storage estimation model for Pinus Densata with a cumulative contribution of 70%
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Fig. 9  Distribution of Pinus Densata aboveground carbon storage in Shangri-La from 1987 to 2017
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Estimation of Pinus densata carbon storage based on Landsat time series
data and ATC filtering algorithm
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1. College of Forestry, Southwest Forestry University, Kunming 650224, China;
2. College of Accounting, Southwest Forestry University, Kunming 650224, China

Abstract: Time-series remote sensing data have applications in the accurate estimation of forest carbon storage, providing data support for
a deeper understanding of the carbon cycle process of forest ecosystems, scientific management, and protection of forest resources.
However, considerable noise is present in remote sensing time-series data. To enhance the accuracy of estimating carbon storage, a filtering
algorithm was developed to reduce the interference of noise in Landsat time-series data from high-altitude areas. The algorithm was
developed based on the continuous inventory fixed plot data of the National Forest Inventory in the Shangri-La area for the years 1987,
1992, 1997, 2002, 2007, 2012, and 2017, and Landsat time-series images from 1987 to 2017. In this study, the Adaptive Topography
Convolution (ATC) algorithm was developed using Python. This algorithm considers the effects of terrain factors on image quality, removes
noise from the image while retaining as much details as possible, and uses Savitzky - Golay filtering and median filtering to filter Landsat
time-series data. By using the random forest regression (RFR) algorithm, a carbon storage estimation model for Pinus densata in Shangri La
City was constructed. The optimal estimation model was selected to invert and map the carbon storage of P. densata in 1987, 1992, 1997,
2002, 2007, 2012, and 2017. The results showed the following. (1) In accordance with the mean absolute error of the image quality
evaluation index, image quality is best after filtering with the ATC algorithm. In addition, the peak signal-to-noise ratio value of the time-
series data filtered by the ATC algorithm is relatively high, indicating an improvement in data quality. (2) When using the RFR algorithm,
the filtered data showed higher fitting and prediction accuracy than the original data. (3) When using the RFR algorithm, the time-series data
filtered based on the ATC algorithm exhibit the best estimation accuracy when selecting the top 10 feature factors with contribution and the
feature factors with cumulative contribution reaching 70% for modeling. (4) The estimation model constructed based on the ATC-filtered
time series and remote sensing features (number of features 10) and the random forest algorithm exhibits the best performance in research,
with a determination coefficient (R”) of 0.867, a root mean square error (RMSE) of 15.527/(t/hm®), a prediction accuracy (P) of 73.54%, and
a relative RMSE (rRMSE) of 41.14%. 5) The carbon storage inversion results of Shangri La Pinus densata based on the optimal estimation
model are as follows: 6.77 million tons (1987), 7.16 million tons (1992), 7.22 million tons (1997), 4.36 million tons (2002), 7.20 million
tons (2007), 7.11 million tons (2012), and 7.53 million tons (2017). From the inversion results, the carbon storage of Shangri-La P. densata
exhibited a gradually increasing trend during the period of 1987—1997. However, carbon storage exhibited a significant fluctuating trend
from 2002 to 2017. The use of the ATC filtering method can effectively remove noise in the time-series images of high-altitude areas,
reducing the uncertainty of time-series images and improving the accuracy of the remote sensing estimation of P. densata carbon storage.
Key words: Landsat time series, filter, Pinus densata, carbon storage, ATC
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