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Semantic segmentation of agricultural fields from high resolution remote
sensing image based on multi-scale and DESTIN constraints
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Abstract ;[ Objectives ] The objective of this study was to address the problems of region non-closure, edge non-fitting and noise in
the semantic segmentation of remote sensing images based on deep learning,and to further correct the recognition errors of semantic
segmentation. [ Methods ] Taking Funan County of Anhui Province and Huai’an City of Jiangsu Province as the research sites, this
paper built its own farmland plot dataset, introduced the idea of scale segmentation considering the multi-scale characteristics of
images and the DESTIN ( delineation by fusing spatial and temporal information ) segmentation algorithm based on phenology, and
proposed a semantic segmentation method for farmland plots based on multi-scale and DESTIN constraints. [ Results ] The field
semantic segmentation based on the deep model under multi-scale and DESTIN-constrained effectively improved the problems of
unenclosed region, non-fitting edges ,noise and block-like blurring in the model,and corrected the misidentification area of the deep
model semantic segmentation to a certain extent,and the IoU index reached 94.08% and 90.79% on the two test sets, respectively,
and increased the semantic segmentation of the field by 1.65% and 2.32% compared with the remote sensing image of the deep
model , respectively. The extraction area of the field in the study area was more complete and the accuracy was higher. [ Conclusions ]
Multi-scale and DESTIN constraints further improved the semantic segmentation problem of fields,which was helpful to improve the
accuracy of field recognition in high-resolution remote sensing images.
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Fig. 1 Part of the original imagery and corresponding labeled dataset
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AH :Funan County of Anhui Province;JS:Huai’an City of Jiangsu Province. The same below.
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AH-B and AH-C are the training and validation sets,and AH-A and JS are the test sets. The same below.
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Fig. 3 Visual results of three models on two test sets
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Fig.5 Visual results of two test sets under DMA-TTL-SD model and constraint optimization
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WA SE A& A T EA AR ) H A AR E D) X 53 RE 14855 , A e itE— 20 2 TE R I R i DA DX AN
P Rl 5 [) ), Hh TR R 22 RO RS i 2 ORS00 55 ) R4S ToU (EARAS B4 =1, J5 22 0] A2k 4
AR ORALTF BT =
%2 DMA-TTL-SD B R ARMALT 2 MK EH IoU &

Table 2 IoU values of two test sets under DMA-TTL-SD model and constraint optimization %
DMA-TTL-SD Unet
BARSE  msrdl SRS DESTIN 4% Z % 5 DESTIN 23 Z R JE 5 DESTIN ZJ5 Z R 5 DESTIN £y
(=] ] % 22 2 b e et pde N
Datasets Semantic Multiscale DESTIN (B =0) (B =-900) ([ {E =-900)
) ati onstrai t: onstraint Multiscale and DESTIN Multiscale and DESTIN Multiscale and DESTIN
segmentation constraimts constram constraints ( threshold=0)  constraints( threshold=-900) constraints ( threshold =—-900)
JS 92.43 92.73 93.03 93.95 94.08 86.49
AH-A 88.47 87.58 89.10 89.08 90.79 90.60

3.2.2 DESTIN Z5REIR HEBIRE 2 MLAER TIF ST A DESTIN 53k 3R DESTIN 43 % 45 2%
B2_AH-A(SHP 3C{4) F1 B2_JS(SHP SCF) |, 43 5I%F DMA-TTL-SD 5 X 43 #1458 A_AH-A F1 A_JS Wi fin4y
#1535 DESTIN 295431455 C2_AH-A Fil C2_JS,

K5 R 2 53 R, DESTIN 29 O0E #1455 [6] 5t Polygon X IHU 45 5 1 21 45 e 1 ik,
T BRI 3R AR A 1R 15 A E (& 5—a—1.b—1 Z}HE) | 2 NI AE Y ToU (B4 43 51 A i SO 250 1y
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88.47% .92.43% & {71 £1| 89.10% ,93.03% ( 3 2) ;{H i T DESTIN 25K RE 2 1E 1 343 F1 45 5 b i) 5 o
Polygon FIH[E Polygon XA TFIMNAE R, AN A X Il (B 5-a—1.b-1 BEHE, Bl 55T Polygon IXJ) (i1 AN
A8 (E 5-a-1.b-1 £IHE) R ULk, 5 180 i 2 ROBE 29 oA R OB R — 19 52 2 e 8 5 o
Polygon XI55 Sk 22 RUBE B[R] 53 X3, A DESTIN 24 R 36 0 22 RO AN — 114 5 48 b A 1) ) o X3k, & 4%
L[R]3 DX 3R 2 A R T, el vl SC AR A DX AN 5 A (), 8 3 o BIORS BE . A0 M [R) B 2% B, i i DESTIN
LRGBS T 1 SUBEAYA IE AR IR0 (Bl 5-b=-3 .a-3 ZLEARGR ) A SO i,

323 ZREK DESTIN £5REK B BRI L5562 RE /3 FI0 S JOREBO DA & BB
P IR L34, S DESTIN L F 2 REE BRI B AR A P RS B E N 0,4 3.2.1 72 412
RPEARZER C1_AH-A F1 C1_JS #E— it il DESTIN 25, $k BUW 29 o8 T H B4 B 45 5 C_AH-A FI
C_JS,

A FIR B 2 ROE 290 DESTIN 24 320 (135 SC433#), WK JS 19 ToU {43 5 A 92.43% |
92.73% 93.03%4& 5 3 93.95% , TREERAY 22 REEZY 3 DESTIN 29511 SLArEI 2T AH-A 1) ToU
{53974 88.47% .87.58% .89.10%F1 89.08% (£ 2) . &5 Wbir, AH-A FXLZI NS X o3 HIPR B HE 1= 1 24
1EfE S TN 2 R 293 sl DESTIN 295 (& 5-a—2 . b-2 £%HE) , -ff e T DESTIN 245 [R5 it X 3 A £
PR BE LU B B Tl B (1] 5—a—3 WEHE ) |, [R]IhF 22 N8 24 o] 8 40 A A IXdal 2 8 oy 2 PR X3 ( 1R 5-b -2
HE ) HORA 5 W o5 A0 A R B 5 2 ROBE 29— 35, 3 F DESTIN 295, {H /2 DESTIN 2R I 3 T
R ARG TR (8] 5—a—4 £THE) ;IS [RIFEAAR IR XL o Xt i SCor BB LU S5 6E F7 (T8l 5-b—1 S#4E ) , H %
ARBEHA 3 AN S DX A 2 A 452 ) T ) i ke I TAN 22 RUBE 2 B8, DESTIN 2953 (18] 5-b—1 %8 B8 §E |
21 B 5 AR ) o, R, 2 DN EHRES B T AR (B 5-a-4 b-4 LLEMGER) | 3F— 58 i EE L
IR DR XL TR 1 S o3 B LA ) R ) ] g
3.2.4 BMEMRL NI RTEIRTE Lo B RA A IEAE B, S — A 2 R S A, 45 T ) BRE
JE WAV o 5 A AH-A MERAR By S A - 3R 5 R TR R AU it (£ 3),
FOCANE SR o e AR A Te Ak 3 28, TEARARRY 4 R AL, 1IE IE IE RN 7 61 R AR ZY
W2 A7 VR RE IE AR U FE AR FE R 1 1 £ D A6 E T 3R W BRAEE T BRG] FH B R R e
BRI 5 G p A6 Y 1E 1E 67 R 47 6 0E 7 XL TR B A0 T AR RSt P R R B A 1 A R0, v TSR Ak ) 1
7 BURN 67 1 TE I 378 A2 SR REAZ IE AR ARG FH B Al F H R 5 B .m0, i T BRI S 42
FE LA He ] AR TT UL AL A S Ay L

F3 HMEH 0 5-900 A NARIEX S BIHEE S ST
Table 3 Proportion statistics of pixels with thresholds of 0 and —900 on model and

double-constrained semantic segmentation

SRR R W Ry RN /% Propotion of pixels HeAlti i

True boundary Semantic segmentation ~ Semantic segmentation of regional Bt =0 B = —900 Optimization
area category area categories categories under double constraints Threshold = 0 Threshold = =900 situation
. 1E Positive 52.63 53.89 1E Positive
1E Positive . K
1 Negative 2.81 1.55 71 Negative
1E Positive
. . 1E Positive 1.41 1.59 1E Positive
71 Negative
1 Negative 1.68 1.50 JE No
. 1E Positive 1.59 1.70 J& No
1E Positive . .
ffi Negative 2.69 2.58 1E Positive
1 Negative
. 1E Positive 1.16 1.40 1 Negative
1 Negative . .
1 Negative 36.03 35.79 1E Positive

L IEAUR I SRR B

Note ; Positive represents field block ;negative represents non-field block.

MFE 3 A UL, G A A (RIS 2EERE) R 0 B Y 2 R4k o B AP IE IE SRS HU 1) (2.81% ) L £ 7
EMI LB (1.16% ) 15, 75 BN UL ST SR E S 5 DX 8 18 0 T, BIVHI S S BB, AT B AR I IF £ 1)
Fe o], XA 3.2.3 T EREEE S C_AH-A F15| A DESTIN 295 (KPHURE 7 #1485 5 (8] 5-a—4 LD HERNZT (A
,a=3 LR b—4 ZLERHE) | AT REJE R4 X i B LA A SRR R 2% sl s AL R A R,
T M AR TE ) it in DESTIN 243 fALEE
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REARit i DESTIN 24 5 A A R 23k 20 XA BT 18 S48 %) G i SCEG ), 32 /55 1E 18 S B 131 ] Bsf o
IRt SCEL B, A Rl REHE & IE 1E IE (IEfRfb) IEfUE (EfRAL) fUEIE (Teffe) i faaE (fdfb) it
], BEARIEIE S (k) (E S (TEiAk) (TOE L CIEARAR) (i CERAL) B H ], e e S
TEIE TF oA A8 i | 1E TF 57 B A RO A6 el (i i A B2t B 45 2R . 3 3 a0 Ak B8l 23 A I AR Ak
A e

FEMASE AH-A AT 11 HERE (FEE-1 100~0, 2K 100) AR R MR, 43 H0RS B A H 907 128 4%
BRI A —900 I A5 Hed it . BI{EA—900 A1 O B XL AT H e 5 Al HH B 580 0 10 A RN Al 5 L 491 D 5%
3, BI{E R -900 B 2 Fh b fi Ak (1E IE R 67 0E ) 14 7 L 2R 2.95% I8 F A 0 19 3.97% , Horp IEIE i i
LU AT SIE g O 4 2.819% FEAR 3 (B 9 -900 B4 1.55% ; [E1E 9 -900 PR ICHRALAY & L =2 Fl 3.20% 5 B {4
0 114 3.27%3EA—Z; B{E R -900 B 4 FhIEALALE) 5 H 2 1 93.84% i T HIE 0 /1 92.76% ., 7T UL, W3R
X R A IR AR AL T 2D B TR SO FIRE BE I(E R - 900 7E 1A i iE L AR L ] | R £ Pt Ak L B 1)
[, PR3E T ICA Ak He Al

%2 R, DMA-TTL-SD 7£ 2 Ml 4E F 2 R
JEFN DESTIN 25503 S 43 #1564 - 900 1 ToU
B T BE{E A 0, 47 5 M\ 89.08% . 93.95% 4 = %]
90.79% .94.08% ., & 6 .7, B{E k1 —900 B, DESTIN
TARAL ) ]S B i e (P 6-a 20 M) B H AT
RICER ) AARAR A BT A A T (18] 6-b SRAE) | BB
O X ANEH PAT X 388 1) 4035 ( Tl 6—b WEAE ) B AR B AN &t

b. H{Ei=-900 Threshold=-900

P X35, HASR R 22 ROBE AR A5 000 3 2% 6 0 (] AT 8% 6 AH-A FEIES 0 F1-900 B4 Bxit
ﬁﬁo é/%J: ,ﬁl:ﬂﬁ@f%ﬁﬂ%lﬁﬂ {ﬁj‘J -900 J& , ﬁﬁﬂ:gi Fig. 6 Comparison of visual results with a threshold
KA DESTIN 295 21 55 18 7, S B HH e DX 3l e o of 0 and —900 on AH-A

A TEHCRBER A, DX ek P T R

7% J& DMA-TTL-SD PRI (1 ToU AR 45 iy H B Ao, BE B HOM FERIA AL {H DMA-TTL-SD 7
AH-A L% ToU {H 88.47% (% T Unet 11 90.61% (K 1) , BI{EA-900 BHEAN T Unet P EICHE 52 19 X2 Sk
K (#2), AH-A MK 4E | Unet A9 ToU fH 90.60% & T DMA-TTL-SD #Y 90.79% ., Qi %5 % F kit iy
TransUNet W28 0 5800k | X 280 X 55 A SCAH [F) 1K 38000 188 49— 5 18 S B 5 45 45 B I B R4 T3R8 56, ToU
{H(86.28% ) IR TAJ:4E AH-A 1119 90.79% . ASCAHRALSSG DMA-TTL-SD #£-900 [ {E T HUAAH X 5 =5 1)
IoU fH(90.79%) ., FI WA SCERE: B G ARAR G M phe i 2% B 00 S /D B DAk Il L, (H S AOHS B B A — 8 1Y
e,

4 it

AR X i SRR T PR U AE XIS B AT SN B MR B RABDR) 0 DX S 1) Al 15 A6 ] i, 2
T 2 R K DESTIN 2958 A H1 52, S T8 B0 A8 1) =R AR Bt i

1) 2 R )38 DMA-TTL-SD #5580k &2 4% 6 H B ELAT i A S A AE 0, A R IR0 S8 356 (10 T B 42 {3t
FER

2) DESTIN 2 o1 S EAR 80 %o [ B A1) FH e X sk BLA 405 1Y IX A3 FE 7, 35 1T B B RS JE

3) ATV 5 9 2 L R PH )38 SRR A5 1 FH BB BT 449 22 9 Eb 43 501l 35 1) 94.08% F11 90.79% , il
SRS A EEK
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