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Fig.1 B-Scan of the retina in foveal region

The full name of abbreviation on the right side of the picture are: internal limiting membrane (ILM), nerve fiber layer (NFL), ganglion cell layer

(GCL), inner plexiform layer (IPL), inner nuclear layer (INL), outer plexiform layer (OPL), outer nuclear layer (ONL), myoid zone (MZ), ellipsoid

zone (EZ), outer segment layer (OSL), retinal pigment epithelium (RPE), Bruch's membrane (BM).
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Fig.2 The training processing of PCA-RF algorithm and the general process of this paper

(a) The training and prediction data processing diagram. (b) The flow chart of algorithm.
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Table 1 The retention rate when maintaining first K di-

mensions after dimensionality reduction

Dimensions Retention rate of information/%
2 88.16
4 96.24
6 98.03
8 99.02
10 99.81
12 99.92
14 99.98
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Fig.3 The probability graph of NFL-GCL in a B-scan and its boundary tracking results when keeping different dimension

(a) Probability graph predicted by 18 dimensions feature model which using PCA. (b) Probability graph predicted by 29 dimensions feature model.

Red lines in ¢, d are boundary tracking results of a, b respectively.
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Fig. 4 Training time and segmentation accuracy analysis before and after dimensionality reduction

(a) The average training time when keeping different number of dimensions. (b) The whole 10 boundaries' MAE, which were between ground truth

and retaining 14, 18, 29 dimensions.
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Fig.5 The MAE of each boundary between the ground
truth and the final segmentation which were using model

trained by 14, 18 and 29 dimensions features
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Fig. 6 The result of segmentation which were using model trained by 14, 18 and 29 dimensions features

Green lines in (a, b) are segmentation results which predicted by 14 dimensions features model, red lines in (c, d) are results for 18 dimensions

features and blue lines in (e, f) are results for original 29 dimensions features. Images on the left are results of B-scans in parafoveal region, and

images on the right are results of B-scans in foveal region.
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Fig.7 Segmentation performance in vessel shadow area

From left to right are the segmentation results of vessel shadow region predicted by 14, 18, and 29 dimensions models.
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Random Forest Retinal Segmentation in OCT Images Based on Principal
Component Analysis”

LI Xiao-Wen"”, WANG Lu-Quan", ZENG Ya-Guang”, CHEN Yun-Zhao”, WANG Ming-Yi®,
ZHONG Jun-Ping”?, WANG Xue-Hua”, XIONG Hong-Lian”", CHEN Yong""™

(DAutomatic College, Foshan University, Foshan 528000, China;
ISchool of Physics and Optoelectronic Engineering, Foshan University, Foshan 528000, China)

Abstract The retina is a layered structure, and some diseases can be clinically predicted and diagnosed based on
the change in the thickness of the retinal layer. To segment the different layers of the retina quickly and accurately,
this study proposes a random forest algorithm based on principal component analysis (PCA). The algorithm uses
PCA to resample the normalized features collected from the retinal images and retains the feature information
dimensions with significant weight, thereby eliminating the relevance between the different feature dimensions
and information redundancy. After PCA, the number of features can be reduced obviously, but still retains 99%
information. Random forests algorithm applies the features to learn and predict the location of retinal layer
boundaries. We extract each pixels values of retinal boundaries, producing an accurate probability map for each
boundary. Experimental results show that when the total number of feature dimensions decreased from 29 to 18,
the training speed of the model increased by 23.20%. By contrast, when the number of feature dimensions was 14,
the training speed increased by 42.38%. However, the effect on image segmentation accuracy was not obvious.
Thus, it is found that this method effectively improves the efficiency of the algorithm.

Key words optical coherence tomography (OCT), retina segment, principal component analysis (PCA), random
forest (RF)
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