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	摘要(中)	對於提高治療的可能性和提高患者的生存率來說，腦瘤的早期診斷扮演重要角色，而醫學影像處理中腦瘤的分割對其治療和預防至關重要。此外手動對從臨床端取得的大量 核磁共振造影(MRI)影像標記腦瘤位置並進行疾病診斷是一項艱鉅且耗時的任務，因此開始有了對自動腦腫瘤圖像分割工具的需求。在本文中，我們透過研究圖像的拓樸異質性，提出了一種非監督式的影像處理方法並與新穎的深度學習模型結合進行自動腦腫瘤圖像分割。為了同時解決基於主動輪廓的模型的問題，同時繼承其緊湊建模形式的特點，我們利用以神經網路為基礎的學習機制來改良原始的資料密度泛函轉換（DDFT）。首先，我們通過導入快速傅立葉來代替原始的系統能量估計，在數學上增強了 DDFT 的計算性能。另外我們在DDFT中加入了如同梯度下降法的學習機制來更新DDFT中的能量項。在快速資料密度泛函轉換(fDDFT)框架下，圖像大小為256*256腫瘤影像分割的平均計算時間為0.09 秒，除了計算效能的提升，定位未知腫瘤區的能力也展現了fDDFT的獨有特性。在研究中我們將 fDDFT 作為影像的預處理方法並和稱為維度融合U-Net的3D編碼器-解碼器架構結合，構建了一個用於自動腦瘤切割任務的深度學習模型，實現了具有競爭力的模型表現，對於BraTS2020所提供的公開資料集，我們在全腫瘤、腫瘤核、增強腫瘤和腫瘤水腫的Dice分數分別為92.21、87.60、86.59和83.62。最後fDDFT 提取影像特徵的靈活性以計算效能展現了該方法可以再擴展的可能性。
	摘要(英)	Early diagnosis of brain tumors plays a vital role in improving treatment possibilities and increases the survival rate of the patients. Hence, the semantic segmentation of a brain tumor in medical image processing is paramount for its treatment and prevention of recurrence. In addition, labeling the brain tumors by hand for disease diagnoses from many magnetic resonance images generated in the clinical routine is a complex and time-consuming task. There is a need for automatic brain tumor image segmentation. In the article, we propose a semi-unsupervised preprocessing method combined with a novel deep learning model for automatic brain tumor image segmentation by studying the topological heterogeneity of images. To simultaneously solve the problems of active contour-based models while reducing computational complexity during parameter training, we integrate the benefits of these techniques by combining the learning process from neural network-based models with the data density functional transform (DDFT). First, we mathematically reinforce the computational performance of DDFT by introducing the fast Fourier transform to replace the original energy estimations of a data system. Then we utilize a learning process like gradient descent to modify the system energy of a data system adaptively. Under the framework of fast DDFT (fDDFT), the average computational time for each image, whose size is 256*256 pixels, in the BraTS2020 dataset is about 0.09 seconds. The ability to localize unknown areas, which is the primary purpose of this research, also shows the unique capability of fDDFT framework. Furthermore, we combine fDDFT and a 3D encoder-decoder architecture called dimension fusion U-Net to build a robust deep learning pipeline that achieves competitive performance with Dice scores of 92.21, 87.60, 86.59, 83.62 for the whole tumor, tumor core, enhancing tumor and edema, respectively. The flexibility of fDDFT for extracting features from anywhere of images, along with its computational simplicity, reveals the possibility of model extension.
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