202047 A Z?ﬂ[im‘ *jﬂﬁ%iﬂi 51T

doi:10.6041/j. issn. 1000-1298.2020. 07. 005

ETREFEMEE RGB - D BHEE GRS E T

o — 1,2 1 ) — 2,3 3 73
N BEa R K H N A N
(1. Herrfenll K2 T2 B, BN 4300705 2. A 5 fa Fe % 78 3 [R) 8T hoy , I 430070
3.4k RS R B, I 430070)

ST ¢ St LR I B B R 0 WL B 58 o 8 DR M5 T S B0 A PRORs 1940 1
R A0, 8 11 3 X4 5 046 10 RGB — D BRI (240 I 70 o %079 06 5 1 433 Mask R — CNN FE% , 7645
I FEIUR 2 ( ResNet101) Hefl |- e it B A4 7 M5 45 6 2 ORI % . RGBS [ 90F1 Depth [6 {24 W3R A I 6 47 ik
o A BB 6 26 7 5 L B (ROT) 36254 60 A Head [0 30 o 2 0 o0 U RV L 3 A4 L 61 28 oW
BREG G T FIAR B 5 S0 TR 5 T T F SRS A DX 1 A P 50 0 4 0 1 2557 P 2 000 20 P (3B A
iz 45 1 B0 5 150 PO S o B0 5 2, X4 85 2 ( Feature pyramid networks, FPN) A4 20 U
06 TS A AR 0L TR B8 i ) 52 B0 7 58 D 0 0 5 86 53 1, 53 300 0 323 89.25% W %5 GPU (5 3% Uy
77.57% , 5 Mask R — CNN il PigNet [6 45 42 3155 SR 1L, 4 02 0 5 B4 0 2 19 45 B A BE G . W40 5 W 24 0
R S FIAT AR A IR R T3 1 A RSO T BL A BT 0Z A R 5 R B 05 B
A s 1 3036 B AR T 700 i % «

G BRI RGB - Dy AUG FHE I 4 ; FHIEM 4 s VRIE 2 o

HE4S RS, TP3OI. 41 SCHRARIRAD: A T EHS: 1000-1298 (2020)07-0036-08 OSID; EEs:

(Ol

RGB — D Segmentation Method for Group Piglets Images
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Abstract: Aiming to achieve automatic individual pig’ s tracking and monitoring in pig group, an RGB —
D image segmentation method based on the double-pyramid network was proposed to solve the
segmentation difficulties caused by overlaps and adhesion body areas which were frequently exiting in
images because of habits of huddle and crowd in piglets. The method was based on an instance
segmentation network Mask R — CNN, modifying its feature extraction network, ResNetl01, to a double-
pyramid structure. Features were extracted from RGB and Depth images and combined to be inputted into
a regional generation network. The network outputted regions of interest (ROI). The combined features
and ROIs were then inputted into a head network, which included the classifications and regression and
mask branches and outputted the locations of pigs and results of classification. Eventually, the individual
pigs were segmented from images according to the outputs. The double-pyramid network was trained using
2 000 groups of images, splitting to a training set and a validation set in a ratio of 4: 1 randomly.
Experimental results showed that the double-pyramid network ( Feature pyramid networks, FPN) can
effectively address the segmentation for group pig images of adhesive pigs, and acquire the complete
individual pig areas, the segmentation accuracy rate was up to 89.25% . During the training process, the
GPU used rate was lower to 77. 57% , the FPN outperformed the Mask R — CNN and PigNet networks both

in the segmentation accuracy rate and running speed. The double-pyramid network represented its
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generalization and robustness on the segmentation for multi-behaviors and diversified adhesions in pig

group images, which provided a new approach to automatically track individual pig in group pigs.

Key words: group piglet; RGB — D; double-pyramid network ; feature fusion; deep learning
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Fig.2  Double-pyramid networks structure of pig images segmentation
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