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CV Image Segmentation Model Combining
with Local and Global Features of the Target

Abstract With the development of remote sensing satellite technology, high-resolution remote sensing images
continue to emerge.Automatic target extraction from remote sensing images with more information and complex
background has become an urgent problem to be solved.The traditional image segmentation method mainly depends
on the image spectrum, texture and other underlying features, in image segmentation tasks, shadow, occlusion and
various interference in the image increase the difficulty of segmentation, and lead to unsatisfied results.For this
reason, according to the specific target type, a CV (ChanVest) image segmentation model combining with local and
global features of the target is proposed.Firstly, the deep learning generation model-CRBM(Convolution Restricted
Boltzmann Machine), is used to represent the global shape features of the target and to reconstruct the shape of the
target.Secondly, the edge information of the target is extracted by Canny operator, and a new shape constraint term
which combines the local edge and global shape information is obtained by symbolic distance transformation is
propOsed.Finally, the CV model is used as the image target segmentation model, and new constraints are added to
obtain the CV (ChanVest) remote sensing image segmentation model which combines the local and global features
of the target. The experimental results on remote sensing dataset Levir-oil drum, Levir-ship and Levir-airplane show
that the proposed model can not only overcome the noise sensitivity of CV model, but also segment the target
completely and accurately in the case of limited training data, small target size, occlusion and complex background.
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Tab.1 A training algorithm for CRBM based CD-1
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Fig.3 Example diagram of distance transformation, (a)
Original image, (b)Result of edge extract, (c)Edge
distance function.
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Fig4 Example diagram of distance transformation,
(a)Generated shape, (b)Generated shapedistance
function, (c¢) Target shape based on edge and deep
learning, (d) Sign distance function of target shape based
on edge and deep learning, (e)Ground-truth.
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Fig.5 Levir data set, (a)Marked images, (b)Preprocessed
images.
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Tab.2 Analysis of targets in LEVIR base on scale

Scale Scale Scale Scale Total
(pixel) <1000 1000-1500  1500-2000
Levir-oil 156 342 153 651
drum
Levir-ship 271 96 125 492
Levir-airplane 692 386 264 1342
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Tab.3 Ttraining time of model and average Euclidean
distance measure of shape results

B ke UESNESONR/ES S e
Levir-oil drum 927.82 3.3475 3.6956
Levir-ship 627.61 3.7843 4.1538
Levir-airplane 1720.4 4.1912 4.5390
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Fig.6 Results of shape on different data set, (a)Input
image, (b)CRBM shaps.
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Fig.7 Different model segmentation results, (I) segmentation results of Levir-oil drum, (II) segmentation results of
Levir-ship, (III) segmentation results of Levir-airplane, (a)RGB image, (b)CV model segmentation results, (c)CG-CV
model segmentation results, (d)CLG-CV model segmentation results, (¢)Ground-truth.
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Fig.8 The segmentation results of each model, (I)evaluation of segmentation results on Levir-oil drum, (II ) evaluation of
segmentation results on Levir-ship, (I1I) evaluation of segmentation results on Levir-airplane, (a)the Global acc values of
each model, (b)the IOU values of each model

—
—
=)

R 4 ARBELE Levir RS LK HI4 RPN

Tab.4 The segmentation results of each model on Levir text set

(0\% CG-CV CLG-CV

Avg Global acc  AvgIOU  Avg Globalacc ~ AvgIOU  Avg Global acc  Avg IOU
Levir-oil drum 60.495 57.407 97.271 94.391 98.654 95.328
Levir-ship 69.382 66.182 96.082 93.586 97.936 94.140
Levir-airplane 87.753 83.375 95.453 91.742 96.628 92.425
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Fig.9The segmentation results on other images,(a)RGB image, (b)CV model segmentation results, (¢)CG-CV model
segmentation results, (d)CLG-CV model segmentation results.
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