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Abstract

Crop classification is an important topic in agricultural remote sensing and plays a significant role
in agricultural resource management and crop planting structure monitoring. To improve classifi-
cation accuracy, this study takes Qiezihe District of Qitaihe City, Heilongjiang Province, as the study
area, and conducts crop classification based on Sentinel-2 optical remote sensing data and Harmo-
nized Landsat Sentinel (HLS) data, combined with the SNIC object-based segmentation method and
the random forest classification algorithm. First, cloud masking and preprocessing were applied to
the remote sensing images, and multi-temporal features such as NDVI were constructed. Then, the
SNIC algorithm was used to perform superpixel segmentation and extract object-level features. Sub-
sequently, crop classification was carried out using a random forest model, and the classification
results were evaluated using a confusion matrix. The results show that, based on Sentinel-2 data,
the overall accuracies of pixel-based and object-based methods are 88.86% and 90.39%, with
Kappa coefficients of 0.8659 and 0.88, respectively, indicating that the object-based method per-
forms slightly better. After incorporating HLS multi-source data, the overall accuracy further in-
creases to 92.55%, with a Kappa coefficient of 0.91, among which the classification accuracy of rice
shows the most significant improvement. The results demonstrate that multi-source data fusion
provides richer temporal information, while object-based methods effectively reduce pixel-level
noise. Their combination can significantly improve crop classification accuracy.
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1. 53|

ARAEN 3 a2 AR RE A FE R B B BT ), TR AR ROIR DL ROl 9% V5 33 DL SRR B 7= B Tl
MEAELE . RN HENEREMR, FERAKRENT, MEEZERSIGE., MR
FELAAED M TR, FESEI IR B A KRG . B & R BRI A W K R, Sentinel-2A A DL & 7 [A]
I HEER(10 2K)FI 5 1 22 6 ik Be (BB L0 P BOAERG 4B AV M TR A5 202 R [1]-[3]. FERAEY 732K
WS, 3 I 1 3 B HE 2L T-1% K (Pixel-Based) 7 2R AN [7] % 4 (Object-Based) 73 2K . & T4 K1 514
HEX R MERIAT R, WP G S, (HE 52 28 HDGE F LR, JUHAE & PR
HBRPEG A WEL” IR M, R R EITEEL e TR F, AR R R A
YR, FEETXREOGHEE . SCRMTRARFHERAT 4038, et Har b M AE R, &R, JtH
& & AR SRR [4]-[6].

ITEESR, BEE 2 REBEERN 5 &8, HLS (Harmonized Landsat and Sentinel-2)%#E 52 1 H BN AR
VED) Sy AR AL T B e IR 8] 3 M6 R 4P [ 7]-[9]. HLS #4 Landsat-8 55 Sentinel-2 [ISAAZ AT T Rl AN
I [A] 7 PR IE,  AFA3RE 08 AT DATE A — RO E3REUE -5 H 1) 2 S0, M 5 fErf i fe /E A
JE) B AR AR ARFALE o 3% i BT 1) 73 % 236 P 500 DG G 3 FH T 26 T 1) J7 31 (R R A P8 5020 A, 40 NDVILEVI 4%,
N REETRARE T EE MAEKSBEE, R8T 5T 1 0 G2 RS EEAAR E
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2. IREBASHREE
2.1. HRXERSR

A DAL T BT - C B AT AR, B EIE 1 PR, M =I5 1 58ib ik i
ot SWLLSF R N T, HEGERREBDN, AR T RN BHE 5 AR AR . BT R %€
AFRBEETE AR, WU, AFIEEK, RFRREE, TRIES, BKSEPEEDEK
ML, BRI — 5 — B A = 3R 1 B KGR AR AR X R R 7 X 22
— XTI, AR LUKRE. oK. RENE, (FUE iR, RSB
&, ARG D 2B AL I Pl SR B R BIA B AR ER 5 AR,
T T I X SRR R R AE S R ) BT SR 0k 7 B A PR 2% 1 S 9
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Figure 1. Location of the study area in Qiezihe district

B 1. s FAXMRXAE

2.2. BHEFKIR

2.2.1. EREUE

AHIF T T )8 BB T A Sentinel-2 A1 Harmonized Landsat and Sentinel-2 (HLS)¥(#i%. Sen-
tinel-2 T2 R 41 RGBT R FR(ESA) i /2 aF e tHRIME S K, Sentinel-2A - 2015 4 6 7 23 HK
5F, B2 RBAXMSD), FIEREL 13 ANBEE, Horb B2, B3, B4, B8 [M=5A1 73 #5528 10 m, BS5. B6.
B7. BSA. Bll. B12 520 m, Bl. B9. B10 A 60 m, ERBEAS BT 1 frn. P EEDETAE,
SEIRZ) 5 RAE DT EWI[10]. AHFREH Sentinel-2L2A e ¥dl (T AT KAREIE), IHE]E Y 2020 4F 7
H 15 02202048 H31 H, =& <30%.

HLS %#5 1 NASA $2t, Bidfl4 Landsat 8 OLI/TIRS 5 Sentinel-2A/B 84 %, &% — KL
REIE SR AR KSR AR, A2 B 18] 3 HR 3 2978 30 m R I A #6548, ARt 7 H A I [A]
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FEBDULI, 78 55 A kbt X3, o] S T AR I A S R AR S IR AR A A

FEABFFTH, $HE 2020 4E 6 H % 10 A1 HLS L30 (Landsat 8)5 S30 (Sentinel-2)5 %78 5 i T HF
FIX o NRUES B E, WIREHEHT T 25 RIALEE, JEHE NDVLL EVI SR, WEZ
I AR SRR, S SR AR o R IR A

Table 1. Sentinel-2 band information
%% 1. Sentinel-2 JHERIE 2

Sentinel-2A F.0»

BB BB FELAFR HWR@m)  EEIPFHECK)

P (nm)
B1 TSR Coastal aerosol 443.9 20 60
B2 %k Blue 496.6 65 10
B3 ol Green 560.0 35 10
B4 A Red 664.5 30 10
BS FE#E AL 1 Vegetation Red Edge 703.9 15 20
B6 FE#E AL 2 Vegetation Red Edge 740.2 15 20
B7 iR AR Vegetation Red Edge 782.5 20 20
B8 SRANG ) NIR (Near Infrared) 835.1 115 10
BSA RANG=)) Narrow NIR 864.8 20 20
B9 KR Water Vapour 945.0 20 60
B10 = farill SWIR-Cirrus 1373.5 30 60
BIl (EN AR | SWIR 1613.7 90 20
BI2 (ERRAR ) SWIR 2202.4 180 20
2.2.2. BAHHE

AHT TR T W TCIX N =28 EAR AR, B RS KRR TR, PrafEAi2t T Google
Earth & 72 55048, i B AL TT b AThRiE, P R EREAR 218 A4S, JKFEREA 187 />, FOKFEAS 232
Ao FRAEMBEABREB I, REV BRI TTIX A BRI S A AT RAE, )5 8270 R
IR FEPPAG TR AL T SE M BL Al FEAEORIZ I 7:3 BULLBIBENLRI 23 I R RIHIE S, Horh 70% M T
BRI R, 30% M THE IR . SR BEALRI 7> J7 sCRENE DRAEFEAS 73 A BRI S0k, AT B2 AL R D 45 2R )
AIEENE. BEAIIE R ATEOULE 2, W PR EOREILE 2.

Figure 2. Distribution of sample points

B2 #ER5H
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Table 2. High-resolution images of sample points

F2. HRESERG
b7 o B4 HAE A
Tk oK — i B BESTRIAT B S50,
) KRG, HHREA B,
- REMHE X Ha MR, s, w
- T 5 E KA B
e IKFEL AR FIH. 5 HEMEIX 35K,

TN . A5 BT K R A% ) o

3. IRFGE
3.1. BAREE

AWEABLZWE 3 PR, FEOFEEIERES NI, FHEWE. G0 FEAR . B
AR R RGREIIE . & R B S FR 1T o (EHE KA S TR BEFT B, DL Sentinel-2 I Landsat 8/9 OLI 514
NFEREEEAIR, 454 Google Earth 570 #3218 5 ST AR AR s, PRI R SRS AR 34T 308
B MEhE LB, AR HLS BREE . fERFEMI R B, 5T Sentinel-2 524432 B1 2 B12 3t 12 ki
BB, e Hy 7 AL 8 AL 9 HMA— LIS, MR T RELE. BEJS, KA SNIC Rk
B R 2 FIF X AREAT 8], AR RETC. SR i 5 BOEE R, ¥aREmn
XGRS NINGREANRAESE . FE T UIZRFE AR EBEHUARA > BB, S A X RAED S AL AT 00, IF
I BAERE AT 23 R4 AT RE R VAN, B 2020 SE-L &I ARAEY /3 A TR .

3.2. SNIC EER B RN E|

SNIC (Simple Non-Iterative Clustering)dFiE AR 2 7 F& — M B 138 B AR T 1706 G40 (1) R
Sy BNk . 1ZHIELE SLIC (Simple Linear Iterative Clustering) 5y 3L it - #E47 e4idk, i@ a X3k 2k K 20K
FCIERHEAR L H 23 8] EAHSBHI R R R A NEA — e T RNESYERBA RN R, T SEIEAR I Rk &
ko IR R E, LA ROR A B R E R W AR R, I IS, N e 2k
T[]0 G 3 AR ARG E 0 GURFE . SNIC 173 80K 3 22t AR 3 U (Size) . %5425 ¥ (Compactness)
7 W) 3% 38 1 (Connectivity) PA S 2138/ A1 250 3L R P g [ 1] AT E R seedGrid (10)4E BEHUIN 4347
WIEFPT-ris TEUCHEAE IR E size N 13 DAEHIEIEZH U, compactness 9 0 PAMEsR 6tk = SEH,
connectivity A 4 LLARIEDY AT I8% I, neighborhoodSize N 64 LAY KX A Kl . 2T FidZ$, RH

DOI: 10.12677/gst.2026.142015 161 MezRl2EH AR


https://doi.org/10.12677/gst.2026.142015

K¥e

SNIC *f Z VR RAFFERAZ AT 73 E], FEh 55 2 BIX G N I B SO AR BN M, WX RIRFAE, &5
EFEABR N ZRBEN LRI 722, SEHLI A0 RIAAEY) 0 200
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Figure 3. Technical flowchart
3. BRERZ

3.3. BEHLAR#RSY A

FEALAR MR (Random Forest, RF) & —fp kT4 il 2 o) AR IS B 4328 vk, B2 AR R SRR i, JE I
LA TR 7> R G8E RAAT R E R B I R R B o 2SI AE N 2Rl FE PR Bootstrap B BIRFE 5 1 M
JRAAFEASE TP IR FEARM BN ZREE, FRERETT AU R BN LG B /- R AE AT ALK 53, AT
A B2 BRAH ELBRST R TR SRR o B 2443 S8 45 B B T AT R SRR 1) Tt &5 S i 22 B0 SR 07 S e [12] [13].
THIN TREARBENLEFIRFAEBEILIE , BEHLARARRE 08 G AR AR R SR & 1 o), R BRIz A
BeJ7. [RINF, ZBEXTERE 0 A BOR IR, BEeAb PR s g s,  Fxt i s AT S i (A B R
FHECSCHF ) EAL, SRR S v B S BOHTTA ff8, AR IR 0 RS 2 1T 2 N . B
UM R R S BN . R AR N 150, DAIELRUE TSRO IR [F) I B8 e A A Ao e
34 WA

N1 VAL 7 AR P e 5 70 SR A5 B AT SE e, AR OGS A H 465 BLEAT TR BEVEAN . JEIE R G Ay
Hok B EREAREYE 2 A1) — 8k, R VRIE A5 (Confusion Matrix) & HIRAEFebrilt i e &0, BFE
AKE B (Overall Accuracy, OA). FH /7K (User’s Accuracy) 42 7=# K [ (Producer’s Accuracy)fll Kappa %
H14]. BpAETHE AR R:
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iﬁﬂlﬂ ni AR i R IR 28 m AR SEBRIANN S j 28, BIMEE RN i RIREARR, ny AARSK
FNE 1 38, TMEERONEE j ROFEALE, GRS B, NAGREAR B

3.5. Bt/ NDVI #9

A 78 A HLS (Harmonized Landsat Sentinel )il & #5040 #) 22 2 B A NDVI $HE. & 467E Google Earth
Engine *F* £ 358X HLSL30 (Landsat 8)F1 HLSS30 (Sentinel-2)541%, FH¥ MG T &I, ik 2020 4F
6 HZ 10 A E ST IX FIRAREE . B 5 R S8 1) Fmask R BT =0 =R & HEGIuhH
FRALIE,  FEXFRAAR S AT LU A8 AR BT, DLIRAS A A 3R S S5 28 0030

FESEIERE b, HRAE A RS R 2 1B BO B 52 NDVIL 4T Sentinel-2 ¥4, FIFEZLAMEE: BSA 5
ZIGU B B4 15 NDVI; X T Landsat 8 ¥#fs, WA HITLLAM B BS 5400 B B4 115 NDVI, Mfi
TRAEAR [ B I8 2 IRl P 50— 2t . NDVI B A U8
NIR —RED
NIR + RED

N T A EIE A K= N I ARG, E— 8 4% 4% NDVLE TGt 40 alih 5 2020 4E 6 H
7 H. 8 A9 A% NDVI, ZfbthZansl 4 prox, RGN Z BB NDVL_6. NDVL_7,
NDVI_8. NDVI_9). iX£&Z 541 NDVI FHIE R RO A FEIE A KN s 2 7, a8 AE
Yoy FARAL E RN (R FR B 145

Kappa =

NDVI =

0.9
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Figure 4. NDVI variation curves from June to September

& 4. 6~9 B NDVI T {kph%k

DOI: 10.12677/gst.2026.142015 163 WLFRFERAR


https://doi.org/10.12677/gst.2026.142015

4. BZRE5 5
4.1. BT AFERIRER

T VP T O R B R AEY 4y KR, RIS UERE A VR VE FE R, JRUH AR P B R
(Producer’s Accuracy, PA). F F#§ % (User’s Accuracy, UA). SRS E (Overall Accuracy)h & Kappa £ %
SEFRbR, KRS RAT R BEIF . ARITIE T EEAEYIR BB SRR EG A R R 3 o, 1EYAr
AT lE 5 fros .

Table 3. Classification accuracy based on pixel-based and object-based methods

#3. ETEHRRESEEANRILHEE

ETBE [TERIE
PA UA PA UA
pNGH 95.38% 87.32% 98.46% 94.12%
LV N 85.92% 92.42% 98.51% 90.41%
KFG 82.46% 85.45% 77.78% 89.36%
SRR B2 88.86% 90.39%
kappa %L 86.59% 0.88

<] N HTGE e N % R

15° 50'0%k
1

T T T
131° 15 0°% 131° 40075 181° 15 07K 131° 400"

Figure 5. Crop distribution based on pixel-based and object-based methods
5. BTG ESEEMNRKRIEN T/

B 3 w1, PR IAIRE RS B R A 7T X (0 EERAE AL, Hoh, BT RO IR SRS
%K 88.86%, Kappa Z %N 0.8659; [ [A1%F R 77k I a4 K FE N 90.39%, Kappa RN 0.88. K E,
PRI 00 20 R BE S A T35 K7, e e A v ff s AT 9 [X 32 VR I 2 () o AT s o, BTG g
FITFAE NG FRER TR T B R %, WHER A PRREREG T, AN G RERE B TRA
IR .

MAFMEMIRRL ) 5 FAE R E , REEME NS 7R RIRASR . o, BT8Ry
EIIR G E RN 95.38%, FH FUREFE N 87.32%: T THI X ST IE IR GAE P B R B3 A & 98.46%,
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FA RS EEIL B 94.12%, Ui W33 55 73 FUTE AR R X 5 RE 6 4T s 308 K G BR (K S (B RF AL, A TTTERTH 2>
FHMEWIVE . FOKM D MG FE R R, JE TR R TTVE M A RS FE A PR B2 233000 85.92% A1 92.42%,
LT 0 ROTEN A BSR4 98.51%, (HF] S LIS B 22 90.41%, R W17 HAt ) ] e 4
W NEAR, WTSBON R EISA TR M2, KRER D ER AR EAC. ETERRTET, K
TR AR = K E R PR BE 23 0 R 82.46%F11 85.45%: AN RINVETR, A= #H KA 77.78%, H
FUREED 89.36% . IX— S5 RRM], FENETTIX /K AE S HAR AR A 2 2B KB BT RE R AT AR LU G TR AL
MTFES K A vh 7=k — B R R LR

PN 8 BE 6 Bl 1 52 FRTE TE X AN B 7» RAE S5, Herb T [0 RO IRAE B ARRE FE SR B, ToKAR
BT IRILEA, 3T ERERITIEAI MY L RA — 2 REtt. S8R IEER, o
Chitt— 2D AN RIE Y Z BB X 70 BE T, DN IX AR ARl 45 A 0 5 14 mT 5 ) i S8

4.2. ET HLS HESHERMNRAFZN ST RER
TR T FIA G VR b, SN Sentinel-2 §24% 52545 52 518 F Sentinel-2 F1 HLS 145
R AT IR, SR 4 Pos, VWAt 6 Fix.

Table 4. Accuracy comparison before and after incorporating HLS data based on object-based method

4. ETHEMNKRFESIN HLS BIRAIEHEERTH

Sentinel-2 Sentinel-2 + HLS
PA UA PA UA
NG 98.46% 94.12% 90.77% 96.72%
BV N 98.51% 90.41% 95.45% 95.45%
IKHE 77.78% 89.36% 96.36% 89.83%
SR R 90.39% 92.55%
kappa FE( 0.88 0.91

MEERSKE , flEr HLS 205 J5 70 28R 0 B AR T, S MA0kE B2 M HLJR Sentinel-2 1] 90.39% 32 i 28 92.55%,
Kappa 2% 0.88 - F+% 0.91, R ZHIHH HLS ZEgE 4L = R [ 5 5(E B, BsEDHI e ik R
fERETT, MBI mT SEPE AN R E M

MEBAEYI R 2R B RE, KEAEHIE Sentinel-2 BE N B4 77 F K5 FE(PA)N 98.46%, FFAS
(UA)N 94.12%, 51\ HLS ¥dfi 5, PA BE FF4Z 90.77%, {H UA 2T+ ZE 96.72%, B e N KE 1
GEPEIERG AN, 2R SEA g, TR HAYR Sentinel-2 FH PA 4 98.51%, UA N
90.41%, flié HLS #dl 5, PA 1 UA EIHRTHE 95.45%, i8] HLS (K75 2 AT DU A i 41 5ok A
KREARDEIE AR, B R KRB RS B B, 5J5 Sentinel-2 T PA N 77.78%, 1fii
UA } 89.36%; JI HLS J&, PA KIEIEEZE 96.36%, UA {REF1E 89.83%, o i 8] 40 # 3R B o 7K
FEAE A KB HOCIERRE I e e 0 B3, JCHAE K R4 R, NDVI S48 #7485 200 i 8] 7 5120 5 5
X 3 /KR 5 HADED) .

HLS #E 15 NTETH A R Bk 3E T HEERM . — 7T, 2B Re 0 1 5R E ) A K s
TERIRAERE ST, A AU A KA F R E A 5 X 3 55— 51, [ R0 G072 id g =
I ENKE AR TN S AR TR 5, BRAIR TR R e B s, A4y el AL S B] R I AELE . FSK.
R KGN PA IS TR, (B4R E, S54 HLS U KT 6 R O715RE A R THEY) 73 2 0K B AT
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Figure 6. Crop distribution maps before and after incorporating HLS data
& 6. 5IN\ HLS BUERIE(EM S E

5. Sfitie

FEJR S XIE b, ik — B e AR RAE A (0 30 225, e U 7E X A PR e 20 DCOsE AT
XL, Al 7(a)~(W)FzR. X1 5K 2 B E KA. TRMKESELZ MR, hHua R8N
o RE BRI R AR 73 T IR MR B 5+

MK 1 B RERRE, BT BRRINITIEEZ R LAAEROVRK “WERINER ", F— e
HIRZ FHAG T, FEOUIRN I BAEIELL(E 7(0). ML, HIRXRI7%5EE SNIC 73 F1H 5
BRI NI AT, RPN RN B RO S EEE, R — AR
REGR N SEREIELE, BRI T FINTHE (K 7(e)) o PRI, 7557 M Bt 2 XIS RAFAE D R IY BB
XATRE S 2> B R B E DA FEDGE R A % fERLS HLS Bl Ja, 40 2885 RAe o [m 4514 b it

(b)
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Figure 7. Comparison of local details of crop distribution. (a) (b) Ground truth images; (c) (d) Pixel-based classification results
using Sentinel-2 imagery; (e)~(f) Object-based classification results using Sentinel-2 imagery; (g) (h) Object-based classifica-
tion results after integrating HLS data

7. B BEMTEIILLE . (a) (b) HEESERAR; (o) (d) ET Sentinel-2 HIGHIGRRHELER; (o) ETF
Sentinel-2 FARHIEEXT R 52 HEER; (2) (h) ME HLS HIBEMHE BN R 7 RKER

—HERINEE(E 7(2). BT HLS iR At 7 Hmm R MR 2 RS S, AR R eSS s il e A
FEMIAE A R P AR AR, TR AN 2 B TR IR . B AT AR, JRASTE
Sentinel-2 73 HFAELE IR/ bR, TEREA HLS U /GH 2 SABIE, 228K45 15 Ha oA s
%

DX 2 FRXTEE SR IAIRER B, TR R TR AR BN FE Ly, (BAE 2 (MRS LA IRAF e 2
BB T 7(d))e T RN R I RENEAT RO D IR FR RS, A  RESR BR8] 7). 25|\ HLS £
I AR 5 (1] 7(h)), B3 JRARHE UK 73 (R SRl TR 00, IR TE KR AR X 3, 43 R4 B LS
B AT AN A, Ul 2 AR B T X Wi 22 5 R A R AR

it R DI e B AT DU, THT [ 06 R T VA AE 25 (A FE S Mt e s A% 77 Tl RA W AR %S, 2
PRIE KR A 5 W BENE AR I (] 4E L _ESESRAEIRAERIERE ST . B 4 & RENS AT BRI ARA R 73 2R IN 2 [R]
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RICR, 84 248 B o T R H R R .
6. &5t

AL LA B VT AR L B T AR XA FEIX, 5T Sentinel-2 Y228 B4 % 5 HLS (Harmonized Land-
sat Sentinel) Z FEIKEIE, 454G SNIC [ [Fx Ry & 775k SHNLARM 3 FE, X E X EZRAEYIR
BUHEAT TR S 5328, XA [RIBOE IR 2 7 07 R R BAT T LR it AT 45 3R 8, FIA Sentinel-
2 6 R A R 8 U SR U IX F BERAE I 4 SR, e B T R T AT 1) R A A
1AKE B2 73 )5 2 88.86% 71 90.39%, Kappa FE(43 7174 0.8659 F1 0.88, FAH 1235 e A A iR b
WX AR B 2 (R A AR . AHEGZ R, T D6 RO A LE SV ARG FE R AR T o TR & 077, diiaEd
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