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	摘要(中)	獨立成分分析作為眾多分析靜息態功能性磁振造影的方式之一，被廣泛應

用在各樣的研究當中，但獨立成分分析所產出的結果 – 成分圖(component map)

並非全部來源於腦部活化，更多的是由儀器雜訊、頭部晃動或心臟跳動所引

起。為了將成分圖區分成腦部活化以及非腦部活化，目前最常使用的方式為人

工判別，但隨著科技的發達，我們應追求客觀的判別方式，因此本實驗希望能

透過卷積神經網絡的其中一個經典模型—VGG(Visual Geometry Group)的架構作

為參考，透過監督式學習的方法，訓練出一個最適合的模型來幫助醫師，能夠

對大量的成分圖進行初次的篩選，將屬於腦部活化的成分圖給找出來。

在這篇論文中，我們針對 4 項模型建構前非常重要的參數進行測試，包含

Epochs、模型層數、學習率大小以及卷積核大小，找出各樣參數該如何設定，

才能使模型的表現最佳化。此外，由於硬體設備的不足，我們必須降低輸入成

分圖的解析度，因此我們也對 180x180 以及 50x50 這兩個降低後的解析度進行

模型的訓練，並找出兩者間的模型表現的差異。

本實驗的資料為實驗室先前進行其他實驗收取資料的二次使用，取當中 10

位健康受試者 6 分鐘的靜息態磁振造影經過獨立成分分析後的成分圖，經過前

處理將其進行空間的正規化，對齊並疊套在膨脹處理後的標準腦圖譜上，並經

由專家對所有的成分圖進行標記區分後放入模型當中訓練。結果發現，在最佳

化模型參數的狀況下，180x180 所訓練出來的 VGG 模型在 Test AUC 上顯著的

高於 50x50 所訓練出來的 VGG 模型，並且當我們將預測錯誤的成分圖放大

後，我們發現在 50x50 以及 180x180 的成分圖上都有特徵丟失以及模糊的狀

況，但 50x50 的情況更為嚴重，因此可以得知降低圖片的解析度確實會影響模

型的判斷，因此在硬體設備許可的狀況下，我們應該將完整圖片輸入，才能使

模型的表現最佳化。
	摘要(英)	Independent Component Analysis (ICA) is widely used as one of the 

methods for analyzing resting-state functional magnetic resonance imaging 

(rsfMRI) data in various research studies. However, the component maps

generated by ICA do not solely originate from brain activation but are often 

influenced by instrument noise, head motion, or cardiac activity. To distinguish 

brain-activated component maps from non-brain-activated ones, manual 

inspection is commonly employed. However, with the advancement of technology, 

there is a need for objective discrimination methods. Therefore, in this 

experiment, we aimed to utilize the architecture of one of the commonly used 

Convolutional Neural Networks (CNN) models, VGG, as a classification model. 

Through supervised learning, we trained the VGG model to best sort out the 

brain activation independent components from a large number of component 

maps.

 In this work, we conducted tests on four crucial parameters for constructing 

the models, including the number of epochs, the number of model layers, 

learning rate, and convolutional kernel size, to determine the optimal settings for 

achieving the best model performance. The tested images were constructed by 

combining the four views (left and right lateral views and left and right medial 

views) of the component maps, spatially normalized and overlaid on the inflated 

Montreal Neurological Institute (MNI) standard brain. In addition, due to 

hardware limitations, we had to reduce the resolution of the tested images of the 

component maps. As a result, we trained the model to differentiate tested images 

with two different resolution, 180x180 and 50x50 from the original 520x370, and 

examine the model performance, respectively. 

The data used in this experiment were obtained as secondary usage from 

previously conducted experiments in the laboratory. Component maps from 

resting-state fMRI scans of 10 healthy subjects, collected over a 6-minute period, 

were preprocessed, classified, and utilized for training the model. The results 

show that, under optimized model parameters, the VGG model trained with 

180x180 resolution significantly outperforms the one trained with 50x50 

resolution in terms of Test AUC. Additionally, when we magnify the misclassified 

component maps, we observe feature loss and blurriness in both the 50x50 and 

180x180 maps, with the 50x50 resolution exhibiting more severe issues. This 

indicates that reducing image resolution does affect the model′s judgment, 

suggesting that, whenever possible within the constraints of hardware resources, 

inputting the complete images would optimize the model′s performance.
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