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Detection Using Faster R-CNN for Alzheimer’s Disease Diagnosis
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ABSTRACT

In order to diagnose and prevent Alzheimer’s Disease (AD), it is becoming increasingly important
to develop a CAD(Computer—aided Diagnosis) system for AD diagnosis, which provides effective
treatment for patients by analyzing 3D MRI images. It is essential to apply powerful deep learning
algorithms in order to automatically classify stages of Alzheimer’s Disease and to develop a Alzheimer’s
Disease support diagnosis system that has the function of detecting hippocampus and CSF(Cerebrospinal
fluid) which are important biomarkers in diagnosis of Alzheimer’s Disease. In this paper, for AD diagnosis,
we classify a given MRI data into three categories of AD, mild cognitive impairment, and normal control
according by applying 3D brain MRI image to the Faster R—-CNN model and detect hippocampus and
CSF in MRI image. To do this, we use the 2D MRI slice images extracted from the 3D MRI data of
the Faster R-CNN, and perform the widely used majority voting algorithm on the resulting bounding
box labels for classification. To verify the proposed method, we used the public ADNI data set, which
is the standard brain MRI database. Experimental results show that the proposed method achieves

impressive classification performance compared with other state—of-the—art methods.
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Fig. 1. (a) overall framework of the proposed AD classification method based on Faster R—CNN network architecture
coupled with automated MRI biomarker detection. (b) Detailed architecture of Faster R—CNN component shown

in Fig. 1(a).
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Fig. 2. Visualization for illustrating the process of the proposed majority voting based algorithm for AD classification,
When normalized MRI slice images are input to Faster R—CNN, the position of hippocampus and CSF bio—
markers is first detected and subsequently classified, For illustration, the 'detected areas' and 'classification
results' are marked with colored boxes and class names (with labels), respectively, Finally, the majority voting
method is used to produce the final AD classification label by combining the results of hippocampus and
CSF biomarkers,
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Fig. 3. Illustration of pre—processing of MRI Images, as well as their corresponding detection results of CSF and
hippocampus biomarkers using FreeSurfer [18]. (a) MRI image before normalization, (b) Normalized MRI image,
(c)Example of detected CSF and hippocampus biomarkers using FreeSurfer application program,
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Table 2, Comparison of other state—of-the—art AD classification methods and proposed classification method

Method AD vs MCI ACC (%) AD vs NC ACC (%) MCI vs NC AC C(%)
Aderghal et al. [5] 69.53 9141 66.25
Yang et al. [11] 69.60 92.20 70.30
Ahmed et al. [12] 76.63 90.20 79.42
Cheng et al. [13] - 91.90 78.86
Khvostikov et al. [14] 86.70 93.30 73.30
Proposed method 90.43 95.22 91.81
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Table 3. Performance of biomarker detection obtained
using our proposed method

True Positive | False Positive
Rate (%) Rate (%)
Hippocampus(AD) 97.2 0.2
CSF(AD) 99.7 0.2
Hippocampus(MCI) 97.7 1.0
CSF(MCI) 100.0 0.0
Hippocampus(NC) 95 15
CSF(NC) 99.6 0.1
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