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Unsupervised GMM for Rice Segmentation with UAV Images
Based on Lab Color Space
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Abstract. Rice image segmentation is a key step to obtain rice growth parameters, and plays an important
role in rice production. The performance of traditional rice canopy image segmentation algorithm largely
depends on the quality of the training data set, and the segmentation result is easily affected by the
variable light intensity in the field, which leads to the poor estimation accuracy of rice growth
information. In order to solve the above problems, an unsupervised Bayesian method based on Lab color
space was proposed for field UAV image segmentation. With the unsupervised learning approach, the
model parameters were directly learned by using unlabeled data from each individual UAV image.
Different images had different model parameters, and this made the algorithm adaptable to images taken
under a wide variety of conditions. The proposed algorithm was applied to UAV image segmentation of
rice field in late tillering stage, and compared with RGB — GMM, HSV — GMM and All — GMM
algorithms. Applying the algorithm on diverse UAV images in 10 m height achieved an average recall,
precision and F1 score of 0. 8427, 0.757 0 and 0. 794 8, respectively. Applying the algorithm on diverse
UAYV images in 15m height achieved an average recall, precision and F1 score of 0. 8756, 0. 713 3 and
0.778 8, respectively. These numbers outperformed the RGB — GMM, HSV — GMM and All — GMM
algorithms. The experimental result demonstrated that the proposed method can accurately identify rice
pixels in UAV images taken under diverse conditions.
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Tab.1 Comparing results of images segmentation at 10 m height
LRI AN & RN R El {5 2 F 5 3 {5 4 E1% 5 4 E
HSV - GMM 0.897 4 0.9830 0.944 8 0.6378 0.658 8 0.824 4
All- GMM 0.936 4 0.959 6 0.929 1 0.7363 0.807 3 0.8737
R
RGB — GMM 0.704 9 0.7010 0.798 1 0.7805 0.804 3 0.7578
Lab — GMM 0.8537 0.850 6 0.8463 0.797 6 0.8651 0.8427
HSV - GMM 0.474 4 0.3179 0.4435 0.9374 0.9236 0.6194
All = GMM 0.466 9 0.3735 0.5345 0.896 0 0.824 8 0.6191
P
RGB - GMM 0.8526 0.6507 0.578 6 0.8385 0.8018 0.744 4
Lab — GMM 0.7612 0.640 1 0.728 8 0.864 4 0.7903 0.7570
HSV - GMM 0.6207 0.4805 0.603 6 0.759 1 0.769 1 0. 646 6
All- GMM 0.623 1 0.5377 0.678 6 0.808 3 0.8159 0.6927
F1
= RGB — GMM 0.7718 0.6749 0.6709 0.808 5 0.803 1 0.745 8
Lab — GMM 0.804 8 0.7305 0.7832 0.8297 0.826 0 0.794 8




WO 5. BET Lab B 25 [ A9 IR M CMM /K A T AL 15 23 1

167

x2 BEISmBEGHEERILL

Tab.2 Comparing results of images segmentation at 15 m height

M 48 b Sy EN 14 6 E1% 7 E14 8 #1449 1% 10 T
HSV — GMM 0.883 5 0.899 8 0.9510 0.984 1 0.676 0 0.8789
All— GMM 0.9029 0.9273 0.8622 0.9870 0.8324 0.9024
R RGB - GMM 0.653 5 0.8020 0.8579 0.774 6 0.8237 0.7823
Lab— GMM 0.8175 0.8937 0.9014 0.8722 0.893 0 0.8756
HSV — GMM 0.3776 0.544 5 0.606 5 0.3816 0.8978 0.5616
All— GMM 0.378 1 0.4999 0.7932 0.382 1 0.808 5 0.5724
P RGB - GMM 0.8307 0.3245 0.7903 0.8379 0.8114 0.7190
Lab - GMM 0.784 8 0.473 8 0.766 4 0.780 0 0.7615 0.713 3
HSV — GMM 0.5290 0.6784 0.7406 0.5499 0.7713 0.6538
All- GMM 0.5329 0.649 6 0.8263 0.5509 0.820 3 0.676 0
FL{H RGB - GMM 0.7315 0.462 1 0.8227 0.8050 0.8175 0.7278
Lab - GMM 0.800 8 0.619 3 0.8284 0.823 5 0.8220 0.778 8
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AUC {5 /N J9 0.646 8, S ¥ {t Jy 0.829 6; All —
GMM (¥ AUC {H /MK 0.645 5,1 {EH % 0.843 7,
RGB — GMM B3 () PE RE 34T, 76 = B 10 m R |
-3 AUC iR 8] 7 0.910 1, 76 & & 15 m K& I
35 0.894 7, f T HSV — GMM I All - GMM & ¥ .
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Tab.3 AUC value of 10 m images segmentation result

El{% 75 HSV-GMM All-GMM RGB-GMM Lab-GMM

E%1  0.8707 0.8917 0.932 1 0. 966 8
K2  0.7255 0.879 1 0.8877 0.9318
{43 0.8362 0.9213 0.905 0 0.948 8
B4 0.9289 0.926 0 0.909 7 0.927 1
%S  0.9374 0.926 0 0.915 8 0.9326
SEHE 0.8597 0. 908 8 0.910 1 0.9414

*4 BEISmEGIEERN AUC EH

Tab.4 AUC value of 15 m images segmentation result

Elf%F'5 HSV-GMM All-GMM RGB-GMM Lab-GMM

K14 6 0.796 4 0.8265 0.9197 0.959 4
K1 7 0.846 0 0.864 9 0.740 3 0.898 6
E 1% 8 0.924 7 0.949 0 0.943 7 0.9513
E 1% 9 0. 646 8 0.645 5 0.938 8 0.950 2
K% 10  0.9342 0.9326 0.9310 0.934 4
R 0.829 6 0.843 7 0.894 7 0.938 8

A2 RGB — GMM 7E &8 7 L tERE B % TR, AUC
fH A 0.740 33X AT B2 KGR 7 M6 IR R BE RN 3515
W . Lab — GMM B 3L 7E 230 10 8 KR L343k
P R4 B P RE L 7 BE 10 m F 1S m BHR E Y
/N AUC {43 3135 %) 0.927 1 1 0.898 6, -4 AUC
HEF] T 0.941 4 1 0.938 8, tt. RGB — GMM 43 31| &
0.0313 F10.044 1,

Lab — GMM fl RGB — GMM % #:7E 10 g & 1%
) ROC 228 fh e/, PERE B¢ Fa € , H Lab — GMM
HZALT RGB— GMM, X & H T RGB Zi 4% 1] 5
32 315 RE5E B % 52 A, T 6 B9 BE X Lab B8, 7 [
FIS2 IS/, HSV — GMM il All - GMM i ROC il
LA —F, X ZEF NTE All- GMM th H. SV Fi {4
SIE R EEEA . 546, HSV — GMM 1 All — GMM
wEE % 4.5.8.10 1 ROC 145 Lab — GMM LA
— 5, 1 7E H A % HSV —GMM  fiT All -GMM [
ROC i W] A% Lab — GMM FJ5, %10 @ g6 A
HLEME , BE 4.5 .8 .10 1y /K F AR KOtk 00 B 8 1 3
AR, 75 G A 4 2 25 8 A v, HG Al Tl A4 A
BHERMKAfFAERZ KRR, HSV-GMM A
All = GMM 5 ¢ 7K A5 [ 52 X I8 4 51 2] KRG 28 50 o
FEIEGR 5 FIRCRAME

AR Lab — GMM & 348 F RGB — GMM (HSV —
GMM F1 All - GMM B33, X AN [w] i3 B AR o 7 o i
AR B KRR G R 1 A3 RO ROR B R A, A

R 1 43 IR 1 B R R M, R 08 v U K A 1R
LG FA PN ES 5 E
2.3 EFHEX5S

A% SCHR A AR W DU O kL BERE B 3h 4
IKRETEADLENG , T A e I S B o 2 58 i m it
SRR G RE N 2 5 B A BRI FE 5k
2 %% BRK A R AR K B (H AN REIX 4 k=1 /KA
k=2 JKF

E X m, TR I RBRREDCEIE ¢ LY
B, o iei1,2) EHFIRBLER, KRR E D
s ¢ FrE B RERK, K6 Fix., Mk,
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Fig. 6  Average pixel distribution of rice and non rice
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