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 This study proposes a new framework for brain magnetic resonance imaging 

(MRI) tumor detection and classification using 1-D and 2-D empirical mode 

decomposition (EMD) / bidimensional empirical mode decomposition 

(BEMD). These adaptive algorithms optimize image denoising, 

segmentation and feature extraction. Tumors are detected using a global 

threshold derived from EMD-generated bimodal curves. A visual geometry 

group 19 (VGG19) model extracts features from the regions of interest 

(ROI) across both denoised images and BEMD components. The method 

was validated on the public Figshare brain tumor dataset. For segmentation, 

the proposed method performed similarly to multilevel Otsu, Kapur-

Harmonic, and K-means algorithms. It achieved an average precision of 

96.70%, slightly trailing K-means of 97.07%, and a sensitivity of 91.07%, 

outperforming K-means but falling behind Kapur and Otsu. Notably, it 

achieved the highest F1-score of 93.70%, tying the Otsu technique. These 

results highlight enhanced tumor localization, reflecting segmentation that 

closely aligns with the ground truth. For tumor classification, ensemble 

learning was used to develop nine models, all of which surpassed 93% 

accuracy; one achieved 100%, and three reached 96.7%. The proposed 

method outperformed seven state-of-the-art techniques with a peak accuracy 

of 99.02%, demonstrating its clinical viability. Overall, integrating EMD and 

BEMD algorithms provides a superior framework for brain tumor 

segmentation and classification compared traditional methods. 
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1. INTRODUCTION  

The brain is a vital but complex organ containing approximately 86 billion neurons, controlling 

voluntary and involuntary functions through the somatic and autonomic nervous systems. Brain injuries are 

classified as traumatic or non-traumatic, with brain tumors representing a major medical concern. The Global 

Cancer Observatory (GLOBOCAN) 2022 report indicated about 321,731 global brain tumor cases, resulting 

in 248,500 deaths, mainly in Asia [1]. Early detection significantly improves patient outcomes, but the skull 

structure makes diagnosis challenging. Non-invasive imaging techniques, particularly magnetic resonance 

imaging (MRI), play an important role because they provide safe and high-resolution images [2]. Accurate 

MRI interpretation depends on radiologist expertise and image quality. To improve diagnostic accuracy, 

computer-aided diagnosis (CADx) systems have been developed. These systems typically include 

https://creativecommons.org/licenses/by-sa/4.0/
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preprocessing, segmentation, and classification using traditional machine learning (ML) or deep learning 

(DL) methods. Preprocessing enhances image quality and removes artifacts to ensure accuracy in subsequent 

stages. Segmentation then isolates the tumor to reveal its geometry and location, while classification 

categorizes it as benign, malignant, or indicative of a specific disease. Two final stages enhance automated 

workflows by reducing diagnostic errors, accelerating clinical assessments, and improving patient outcomes 

[3], [4]. The challenge of working is to develop methods that are both accurate and practical to maximize 

their clinical utility. Currently, research in CADx systems heavily emphasizes deep learning. However, the 

need for large, labeled datasets and high computational power often restricts its application in developing 

regions. Consequently, traditional and hybrid techniques for segmentation and classification remain highly 

relevant. However, when applied to brain MRI, they face challenges such as noise, intensity variations, and 

anatomical complexity. These issues lead to three key limitations: (i) global thresholding is often insufficient 

for detecting tumors; (ii) multilevel thresholding requires a trial-and-error approach to determine optimal 

thresholds; and (iii) features extracted from denoised regions of interest (ROIs) may overlook subtle clinical 

details. To address these limitations, this paper proposes a novel framework using empirical mode 

decomposition (EMD, 1-D) and bidimensional empirical mode decomposition (BEMD, 2-D) for signal and 

image processing. These adaptive, multiresolution, data-driven techniques decompose complex non-linear 

and non-stationary data into intrinsic mode functions (IMFs) and bidimensional intrinsic mode functions 

(BIMFs) through a “sifting process” without relying on fixed basis functions. Because each IMF and BIMF 

represent oscillations at distinct frequencies, this process significantly enhances the capture of structural and 

textural details across different scales, improving overall analysis. This study introduces a tumor detection 

approach that integrates the empirical wavelet transform (EWT) and EMD, while using BEMD alongside 

visual geometry group 19 (VGG19) for feature extraction. The following section reviews prior work on 

traditional and hybrid segmentation and classification methods. 

Shemanto et al. [5] developed HOFilter for MRI tumor detection, utilizing a median filter (applied 

five times) and a global 255-scale Otsu threshold. The threshold is divided into four incremental groups, 

producing 94.46% accuracy on 198 Kaggle dataset MRIs. However, the exact criteria for the added threshold 

values remain unexplained. Sharma et al. [6] proposed a hybrid multilevel thresholding technique powered 

by the dynamic opposite bald eagle search algorithm. This method uses Kapur’s entropy to determine optimal 

threshold values. Tested on MRIs from the Figshare dataset for tumor detection, the proposed approach 

demonstrated superior performance over the Bald Eagle Search and multiple other multilevel thresholding 

techniques. Akan et al. [7] proposed a hybrid three-dimensional (3D) segmentation method using histogram 

smoothing, multimodal particle swarm optimization, and non-Euclidean pixel clustering. Evaluated on three 

datasets, the model achieved 95.52% accuracy and 85.15% recall. Krinidis et al. [8] proposed determining 

the global image threshold using the EMD of the probability mass function (PMF). They constructed a 

thresholding curve by summing the IMFs, excluding the first and last. However, this method is limited to 

single-peaked distributions and cannot support multilevel thresholding. Rao and Reddy [9] adapted this 

curve-building approach, although it lacks clear peak and valley definitions. To determine the number of 

clusters and initial centers for fuzzy C-means segmentation, they applied a double-cut technique; however, 

this approach demands high computational resources. 

Lakshmi et al. [10] used bilateral filtering and MEDU-Net+ for noise removal and semantic 

segmentation in brain MRI analysis. They used ResNet50 for feature extraction and a Bayesian regularized 

ML technique, brain, for tumor assessment. After fine-tuning brain’s parameters, their methodology 

classified MRI images from the Kaggle dataset into three tumor types and one non-tumor type, achieving an 

accuracy of 97.75% after 1000 epochs. Aamir et al. [11] proposed a hybrid brain tumor classification 

framework using anisotropic Gaussian denoising, morphological enhancement, U-Net region of interest 

(ROI) extraction, and multiscale DenseNet feature extraction. The classification used random forest (RF), 

support vector machine (SVM), and K-nearest neighbors (KNN) models, achieving accuracies of 99.67% on 

the Fishare dataset and 99.94% on Kaggle. Kumar et al. [12] improved brain MRI classification by 

integrating image enhancement with EWT. By extracting energy and entropy features from EWT subbands, 

they built robust feature vectors to train SVM and LPBoost classifiers. Evaluated on 280 images, both SVM 

(using Littlewood-Paley-based EWT) and LPBoost (using tensor-based EWT) achieved an accuracy of 

96.43%. Gudigar et al. [13] conducted a review on Decomposition Techniques in MRI analysis, comparing 

BEMD and variational mode decomposition (VMD) for classification. They classified the data using 

bispectral features, supervised neighborhood projection embedding, and an SVM classifier. VMD achieved a 

multi-class accuracy of 90.68%, outperforming BEMD’s 84.47%. However, specific details on feature 

extraction components are lacking. Additionally, Sahu et al. [14], Deb et al. [15], and Ghazi et al. [16] used 

BEMD to classify MRI, esophageal images, and mammography images, respectively. This will be discussed 

in further detail in comparison with existing 2D-EMD approaches. By exploring BEMD for feature 

extraction, the latest three studies offer critical perspectives on modern signal and image processing. 

https://www.researchgate.net/publication/374630051_Impact_on_Brain_due_to_Alcoholism_using_Improved_Fuzzy_C-Regression_based_Alcohol_Detection
https://pmc.ncbi.nlm.nih.gov/articles/PMC11274019/
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The papers in the literature review confirm the stated limits of traditional and hybrid methods. This 

study aims to address these limitations. Our key contributions include: (i) developing an MRI tumor 

segmentation framework that uses EWT and EMD for global threshold detection; (ii) high-level features are 

extracted by VGG19 from a combination of the ROIs from denoised images and the BIMFs via BEMD; and 

(iii) designing high-performing, multi-class classification models using ensemble bagging and boosting 

methods. These contributions aim to deliver a robust CADx system that minimizes diagnostic 

misclassification, establishing a strong foundation for clinical deployment. 

The remainder of this paper is structured as follows. Section 2 describes the data, equipment, and 

methodology. Section 3 presents experimental results and discussion. Section 4 provides conclusions and 

future work. 

 

 

2. METHOD 

2.1.  Data and equipment 

The Figshare brain tumor dataset consists of 3,064 T1-weighted contrast-enhanced MRIs from 233 

patients, collected at Nanfang Hospital and Tianjin Medical University in China between 2005 and 2010. 

Each 512×512 image features an in-plane resolution of 0.49×0.49 mm2. The collection includes 1,426 

gliomas, 930 pituitary tumors, and 706 meningiomas, and provides tumor labels, patient IDs, original images, 

and mask data [17], [18]. For our experiments, nine images were selected for segmentation, and 150 images 

(50 per tumor type) were used for classification. Prior to segmentation and feature extraction, all images were 

enhanced. All experiments were conducted in MATLAB on a laptop equipped with an Intel Core i5 

processor and 8 GB RAM, using Thirumalaisamy’s fast and adaptive BEMD code [19] and anisotropic 

diffusion filtering (ADF) code [20]. 

 

2.2.  Methods 

2.2.1. Background theories 

The introduction provided a brief overview of EMD and BEMD. These algorithms convert a signal 

or an image into IMFs or BIMFs, with each IMF and BIMF satisfying criteria: (i) the number of extrema and 

zero crossings must either be equal or differ by at most one; and (ii) the mean value of the upper and lower 

envelopes must be zero. The EMD algorithm operates through two loops: the inner loop determines 

individual IMFs using a “sifting process”, which involves identifying local maxima and minima, constructing 

upper and lower envelopes, and iteratively subtracting the mean until the IMF conditions are satisfied, while 

the outer loop extracts successive IMFs and the final residue. The BEMD algorithm is an extension of EMD 

to two dimensions. However, while EMD uses 1-D envelope interpolation, BEMD uses surface interpolation 

[21]. Algorithm 1 shows the EMD algorithm. 
 

Algorithm 1. EMD algorithm (note: criteria of IMF (i) and (ii) in text) 
  Step 1: Initialization 

           Set input S(𝑥) 
           Set 𝑟0 = 𝑆(𝑥) 
           j = 1 (index of IMF) 

 Step 2: Inner loop (Sifting process - Single IMF) 

           𝑑0 = 𝑟𝑗−1(𝑥) 

           m = 1 
(i)      Find local extreme: local extreme in 𝑑𝑚−1(𝑥) 
(ii)     Building envelopes: upper and lower envelopes: 

        -  Interpolating local extreme by cubic spline, 
                      𝑢𝑚𝑎𝑥(𝑥) 𝑎𝑛𝑑 𝑢𝑚𝑖𝑛(𝑥) 
(iii)     Computing mean envelopes: 

                 𝑎𝑣𝑚−1(𝑥) =
[ 𝑢𝑚𝑎𝑥(𝑥)+𝑢𝑚𝑖𝑛(𝑥)]

2
  

iv)      Oscillation component: 

𝑑𝑚(𝑥) = 𝑑𝑚−1(𝑥) − 𝑎𝑣𝑚−1(𝑥) 
(v)  Stop condition of sifting process:  

      - if : 𝑑𝑚(𝑥) ==  𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎: False 
             𝑑𝑚−1(𝑥) = 𝑑𝑚(𝑥) 
             𝑚 = 𝑚 + 1 repeat Step 2(i) 
      - if : 𝑑𝑚(𝑥) ==  𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎:  True (obtain IMF) 
             goto Step 3 

Step 3: Outer loop (Multiple IMFs and Residue)   

(i)   Store IMF: 

         𝐼𝑀𝐹𝑗(𝑥) = 𝑑𝑚(𝑥) 
(ii)  Update residue: 

         𝑟𝑗(𝑥) = 𝑟𝑗−1(𝑥) − 𝐼𝑀𝐹𝑗(𝑥) 
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(iii) Stop condition:  

      - if 𝑟𝑗(𝑥): multiple extreme 

               Set 𝑗 = 𝑗 + 1 go to Step 2 
      - if 𝑟𝑗(𝑥): monotonic trend:  𝑅𝑒𝑠 = 𝑟𝑗(𝑥) 

               Algorithm stop 

 

Finally, the input data is modeled by (1) and (2): 

− For EMD: 
 

𝑆(𝑥) = ∑ 𝐼𝑀𝐹𝑖(𝑥)𝑛
𝑖=1 + 𝑅𝑒𝑠𝑛(𝑥) (1) 

 

where, 𝑆(𝑥): the input signal, 𝐼𝑀𝐹𝑖(𝑥): the ith IMF and 𝑅𝑒𝑠𝑛(𝑥): the final residue. 

− For BEMD: 
 

𝐼(𝑥, 𝑦) = ∑ 𝐵𝐼𝑀𝐹𝑖(𝑥, 𝑦) + 𝑅𝐸𝑆𝑛(𝑥, 𝑦)𝑛
𝑖=1  (2) 

 

where, 𝐼(𝑥, 𝑦): the input image, 𝐵𝐼𝑀𝐹𝑖(𝑥, 𝑦): the ith BIMFs and 𝑅𝐸𝑆𝑛(𝑥, 𝑦): the final residue.  

IMFs and BIMFs represent oscillatory components ranging from high to low frequencies, 

corresponding to short-term (fine texture) and long-term (larger structural changes) variations, while the final 

residue (𝑅𝐸𝑆) reflects the overall trend of the signal or the background of the image. 

EWT combines principles of wavelet transform and EMD to identify frequency supports in the 

Fourier spectrum and construct adaptive wavelet filters. Unlike EMD, which relies on temporal extrema, 

EWT analyzes the signal in the frequency domain. It involves four steps: (i) performing fast fourier transform 

(FFT) for magnitude spectrum analysis, (ii) segmenting the spectrum by detecting significant spectral peaks, 

(iii) constructing band-pass filters using Littlewood–Paley functions, and (iv) applying the filters to extract 

empirical modes [22]. 
 

𝑠(𝑥) = 𝑊𝑠(0, 𝑥) 𝑋 ∅1(𝑥) + ∑ 𝑊𝑠(𝑖, 𝑥) 𝑋 𝜓𝑖(𝑥)𝑁
𝑖=1  (3) 

 

where, 𝑠(𝑥): the input, 𝑋: inner product, ∅1(𝑥): the scaling function, 𝜓𝑖(𝑥): the empirical wavelet functions, 

and 𝑊𝑠: the corresponding transform coefficients. 

EWT decomposes a signal into two components: an approximate component (cA) and a detailed 

component (cD). Processing can be performed on one or both components depending on the intended result. 

The diagram of the EWT algorithm is shown in Figure 1. 

 

 

 
 

Figure 1. Diagram of the EWT 

 

 

2.2.2. Proposed method 

The proposed approach uses EMD and BEMD, because they are data-driven methods, their resulting 

components IMFs and BIMFs are data-adaptive, created directly from local data features based on varying 

frequencies; these components reveal hidden textures in the data at different scales [23]. Therefore, specific 

features can be selected, making them highly useful for analyzing complex images, particularly medical 

images. Structurally, the proposed methodology is executed through three main stages: image enhancement, 

segmentation, and classification. 

Image enhancement is performed in three steps; (i) skull stripping: crop 3–4 pixels from the image 

borders to remove the light box, then apply thresholding and morphological operators to strip the skull [24]; 

(ii) noise reduction: the image is processed using BEMD and an anisotropic diffusion filter; and (iii) contrast 

enhancement: top-hat and bottom-hat morphological transforms are used. Finally, wavelet fusion integrates 

the results of steps (ii) and (iii) [25]. 

An image histogram represents the frequency distribution of pixel intensities. The PMF is defined as [8]: 
 

𝑃𝑀𝐹(𝑘) =
ℎ(𝑘)

𝑀×𝑁
 (4) 

 

where, ℎ(𝑘): the histogram, (𝑀𝑥𝑁): the total number of pixels in the image; for an 8-bit grayscale image, 

𝑘 ∈ [0,255]. 
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The PMF reflects background, objects, and boundaries through its peaks and valleys. However, 

determining the threshold directly from 𝑃𝑀𝐹(𝑘) is difficult due to noise and high-frequency pixels. The 

proposed approach includes: (i) computing the PMF from the histogram; (ii) smoothing the PMF: EWT 

decomposes the PMF into approximation (cA) and detail (cD) components. Discarding the detail-heavy, 

noisy cD component while retaining the low-frequency cA component yields a smoothed PMF for the next 

step; (iii) constructing a threshold curve: decomposing the smooth approximation cA via EMD yields several 

IMFs and a residue. Since cA is smooth, the highest-frequency component 𝐼𝑀𝐹1 is virtually noise-free and 

clearly isolates two distinct modes: one corresponding to brain structure and another to tumor presence. 

Consequently, 𝐼𝑀𝐹1 is selected as the threshold curve 𝑃𝑀𝐹𝑇ℎ for determining the global threshold; and  

(iv) tumor detection: the threshold from the 𝑃𝑀𝐹𝑇ℎ curve, defined as the pixel value at the minimum valley 

between the two peaks, is used to binarize the denoised MRI for raw tumor detection. Subsequently, 

morphological operators are applied to refine the segmentation. 

Following segmentation, the tumor center is identified, and a ROI measuring 224×224 pixels is 

extracted around the tumor in the enhanced MRI, then BEMD is applied to the ROI to generate BIMFs:  

(i) feature extraction: the ROIs of two specific BIMFs are selected and integrated with the enhanced MRI’s 

ROI to create a red-green-blue (RGB) image with enhanced feature inputs. Finally, high-level features are 

extracted from this integrated RGB image and MRI’s ROI using the fc7 layer of a pre-trained VGG19 model, 

generating 4096 features per MRI scan; and (ii) classification: the dataset is standardized and split into 

training and testing subsets at an 80:20 ratio. Finally, ensemble learning techniques are applied, integrating 

parallel base model training via bagging with sequential error correction through boosting [26]–[28]. 

Tumor detection and classification results are evaluated against the dataset’s ground truth, using the 

following standard performance metrics such as accuracy, precision, sensitivity, specificity, and F1-score [29]: 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (5) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (6) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (7) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (8) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 (9) 

 

where, 𝑇𝑃: true positive, 𝑇𝑁: true negative, 𝐹𝑃: false positive and 𝐹𝑁: false negative. 

The flow diagram of the proposed approach is illustrated in Figure 2. 
 

 

 
 

Figure 2. The flow diagram of the proposed approach 
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3. RESULT 

3.1.  Tumor detection 

This section presents tumor detection results for nine MRI images across three tumor types, 

beginning with the processing steps for MRI-2315. Steps for tumor detection of MRI-2315: 

− Image enhancement and 𝑃𝑀𝐹(𝑘) curve 

Figure 3(a) presents MRI-2315 (glioma), which was initially skull-stripped [24]. Its quality was then 

enhanced using BEMD and ADF for noise reduction and morphological contrast enhancement [25], as 

illustrated in Figure 3(b). The 𝑃𝑀𝐹(𝑘) depicted in Figure 3(c) displays indistinct valleys that complicate 

threshold selection. Consequently, this curve is used to construct the thresholding curve. 

− Smoothing 𝑃𝑀𝐹(𝑘) using EWT 

The EWT decomposes the 𝑃𝑀𝐹(𝑘) into two parts: a high-frequency detail component (cD)  

(Figure 3(d), solid line) containing noise and fine details, which is discarded and a low-frequency 

approximation component (cA). This preserves the main structure of 𝑃𝑀𝐹(𝑘) while reducing noise, resulting 

in a smoothed 𝑃𝑀𝐹(𝑘) illustrated by the solid line in Figure 3(e), whereas the original 𝑃𝑀𝐹(𝑘) appears as a 

dashed line. 

− Building a threshold curve using EMD 

Figure 3(f) shows the decomposition of the smoothed 𝑃𝑀𝐹(𝑘) (cA) into IMFs and a residue (𝑅𝐸𝑆) 

using EMD. IMFs represent oscillations at different frequencies from high to low, and the 𝑅𝐸𝑆 indicates the 

trend. Due to the denoising and smoothing input, then 𝐼𝑀𝐹1, the highest-frequency component, becomes 

noise-free and forms a bimodal curve, making it suitable for threshold detection. 

 

𝑃𝑀𝐹𝑇ℎ(𝑘) = 𝐼𝑀𝐹1(𝑘) (10) 

 

Figure 3(g) illustrates the 𝑃𝑀𝐹𝑇ℎ(𝑘) curve, which contains two peaks corresponding to brain tissue 

and tumor regions. The threshold 𝑇 =  81 is determined at the minimum valley between the two peaks. 

Similarly, Figure 3(h) shows the 𝑃𝑀𝐹𝑇ℎ(𝑘) curve from the Krinidis technique [8]. This approach sums multiple 

IMFs (from IMF2 to IMFmax-1) via EMD to build a thresholding curve with 𝑇1  =  80. Although the thresholds 

of the two methods are considered equal, Krinidis’s curve exhibits a sub-peak, and the IMF summation limits its 

adaptability to multilevel thresholding [9]. Conversely, the proposed method integrates EWT and IMF using 

only 𝐼𝑀𝐹1, generating a clear, bimodal curve without sub-peaks. Once detrended, it produces a multimodal 

curve that facilitates finding multilevel thresholds for brain tissue and tumor layer analysis. 

− Tumor detection and comparison 

This threshold identifies the raw tumor detection, overlaid on the original MRI in Figure 3(i) (1). 

Figure 3(i) (2-5) presents a comparison of the proposed method’s results against three reference techniques: 

Otsu’s multilevel threshold [30], Kapur’s method with optimal harmonic search [31], and K-means clustering 

[32]. Color coding indicates: detected tumors (white), differences (gray), and ground truth (green curve). Post-

processing uses consistent morphological operations. Visual assessment indicates that the Otsu method closely 

matches the ground truth, followed by the proposed approach and Kapur’s method, and finally K-means. 

Performance metrics are summarized in Table 1. 

 

3.1.1. Tumor detection for the remaining eight MRIs 

Figure 4 illustrates the tumor detection results for eight selected MRI images, comparing the 

proposed technique against three reference methods. Specifically, Figure 4(a) shows the skull-stripped and 

enhanced MRI, while Figure 4(b) presents the 𝑃𝑀𝐹(𝑘) curve (dash-line) alongside its smoothed version 

(solid line). Figure 4(c) details the bimodal curve 𝑃𝑀𝐹𝑇ℎ(𝑘) derived from 𝐼𝑀𝐹1(𝑘) using EMD which 

establishes the threshold. Figure 4(d) (1) presents the raw detected tumor highlighted in red on the original 

MRI. Figures 4(d) (2–5) depict the refined tumors generated by the proposed algorithm and the three 

comparison methods. Visual evaluation indicates that the Otsu method aligns most closely with the ground 

truth, followed by the proposed approach, Kapur’s method, and K-means, respectively. Within the glioma 

group, images 2407 and 2730 particularly image 2407 displayed the largest discrepancies between the 

detected tumors and the ground truth compared to other groups. Detailed performance metrics are 

summarized in Table 1. 

 

3.1.2. Performance metrics 

In MRI scans, brain tumors are typically much smaller than the surrounding tissues, causing true 

negative (TN) values to dominate and inflate both accuracy and specificity to near 1. To avoid these 

misleading results, detection performance is instead evaluated using precision, sensitivity, and the F1-score 

(Table 1). The average precision of the proposed approach reached 96.70%, which is slightly lower than the 

K-means method (97.07%). In terms of sensitivity, the proposed approach achieved 91.07% surpassing K-
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means (89.27%) but trailing the Kapur and Otsu methods. Because the differences in precision and sensitivity 

between these methods are minor, both Otsu’s method and the proposed approach both establish an optimal 

trade-off between the two metrics (ranking second and third). Conversely, the Kapur and K-means models 

lack this balance (ranking first and fourth, trade-off). As a result, the proposed approach shares the top-

ranked F1-score with Otsu (93.70% vs. 93.71%). This demonstrates that both methods effectively balance the 

segmentation of detected tumors and ground truths, and minimize false detections [33]. 

The threshold values in column 4 of Table 1 indicate that the proposed approach is more consistent 

with Otsu’s multilevel method than with the Kapur-Harmonic method. Although the proposed method is 

global, it provides thresholds comparable to the standard Otsu multilevel technique. This successfully 

bypasses the trial-and-error process typically required to determine the optimal threshold of multilevel 

thresholding, highlighting the practical effectiveness of the proposed approach. 

Comparison with existing EMD approaches: the results were compared with those of the modified 

Krindinis thresholding method detailed in [34]. In that study, the authors summed from 𝐼𝑀𝐾2 to 𝐼𝑀𝐹𝑚𝑎𝑥−2 

instead of 𝐼𝑀𝐹2 to 𝐼𝑀𝐹5 as Krindinis et al. did [8], evaluating their approach on nine MRI images from the 

Figshare dataset. While they reported an average precision of 80.12%, sensitivity of 98.4%, and F1-score of 

88.85%, our approach achieved 96.70%, 91.07%, and 93.70%, respectively, demonstrating our method’s 

overall superiority. 

Computational time: the proposed approach achieved a runtime of approximately 1.71 seconds, 

ranking third among the four methods. It was faster than the Kapur-Harmonic search (~3.91 s), but slower 

than the Otsu (~0.25 s) and K-means (~0.24 s) methods, as detailed in the final column of Table 1. 

 

 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

 

Figure 3. Tumor detection steps for MRI-2315: (a) original image, (b) denoised image, (c) 𝑃𝑀𝐹(𝑘) curve, 

(d) EWT detail component cD, (e) EWT approximation coefficient cA used as smoothed 𝑃𝑀𝐹(𝑘), (f) IMFs 

and residue using EMD, (g) 𝑃𝑀𝐹𝑇ℎ(𝑘) curve of the proposed approach, (h) 𝑃𝑀𝐹𝑇ℎ(𝑘) curve from Krinidis 

(for reference) [8], and (i) tumor detection results of the proposed method. Panels show: (1) raw tumor 

detection overlaid on the original image, and (2-5) refined tumor detection using: (2) the proposed approach, 

(3) Otsu’s multilevel thresholding, (4) Kapur’s multilevel thresholding, and (5) K-means clustering 

 



TELKOMNIKA Telecommun Comput El Control   

 

MRI segmentation and classification using 1-D and 2-D empirical mode … (Giang Hong Nguyen) 

1735 

Tumor MRI enhancement 𝑃𝑀𝐹(𝑘) curves 𝑃𝑀𝐹𝑇ℎ(𝑘) curve Four tumors identified 

3 

    
     

10 

    
     

225 

    
     

2407 

    
     

2730 

    
     

1020 

    
     

1023 

    
     

1517 

    
 (a) (b) (c) (d) 

 

Figure 4. Results of the tumor detection process were obtained for the remaining eight MRI images: (a) MRI 

enhancement with skull stripping, (b) 𝑃𝑀𝐹(𝑘) curves and smoothed versions using EWT, (c) 𝑃𝑀𝐹𝑇ℎ(𝑘) 

curve derived from 𝐼𝑀𝐹1(𝑘) using EMD, and (d) tumor detection results. Panels show: (1) raw tumor 

detection overlaid on the original image, and (2-5) refined tumor detection using: (2) the proposed approach, 

(3) Otsu’s multilevel thresholding, (4) Kapur’s multilevel thresholding, and (5) K-means clustering 
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Table 1. The performance metrics for the four segmentation algorithms on nine MRIs 
No MRI Method Threshold Pre. (%) Sen. (%) F1-Score (%) Time (s) 

G
li

o
m

as
 

2315 Proposed A. 81 99.96 87.51 93.32 1.73 
Multi-Otsu 23 57 89 129 99.92 88.28 93.74 0.27 

Kapur-Har. 81 194 99.96 87.51 93.32 2.80 

K-means 3 Cluster 100 84.40 91.54 0.29 
2407 Proposed A. 45 97.72 79.95 87.95 1.41 

Multi-Otsu 12 30 45 68 97.72 79.95 87.95 0.24 

Kapur-Har. 46 113 184 97.81 79.33 87.60 3.97 
K-means 3 clusters 97.99 78.75 87.32 0.26 

2730 Proposed A. 41 92.77 87.69 90.16 1.46 

Multi-Otsu 10 20 29 34 42 93.40 86.97 90.07 0.14 
Kapur-Har. 40 58 91 132 173 214 92.41 88.82 90.58 3.62 

K-means 4 clusters 92.77 87.69 90.16 0.49 

M
en

in
g

io
m

as
 

3 Proposed A. 88 95.68 92.82 94.23 1.61 
Multi-Otsu 26 62 90 96.31 89.86 92.98 0.25 

Kapur-Har. 85 153 95.16 94.09 94.62 4.26 

K-means 3 clusters 95.32 93.50 94.40 0.25 
10 Proposed A. 38 95.37 96.17 95.77 1.66 

Multi-Otsu 14 37 60 94.04 96.98 95.48 0.26 

Kapur-Har. 35 90 146 201 89.94 98.17 93.87 3.48 
K-means 3 clusters 99.93 81.79 89.96 0.20 

225 Proposed A. 41 94.51 95.86 95.18 1.70 

Multi-Otsu 16 43 67 95.17 95.12 95.14 0.33 
Kapur-Har. 40 88 172 94.24 96.24 95.23 3.28 

K-means 3 clusters 96.84 91.69 94.20 0.21 

P
it

u
it

ar
y
 

1020 Proposed A. 41 96.51 95.38 95.94 2.20 
Multi-Otsu 16 41 59 96.51 95.38 95.94 0.17 

Kapur-Har. 40 82 169 95.19 96.94 96.06 3.36 

K-means 3 clusters 95.74 95.39 95.56 0.61 
1023 Proposed A. 34 98.50 91.83 95.05 1.52 

Multi-Otsu 12 22 32 47 60 97.45 93.54 95.45 0.23 

Kapur-Har. 30 70 116 163 209 94.70 95.27 94.98 3.15 
K-means 3 cluster 97.78 93.09 95.38 0.36 

1517 Proposed A. 46 99.25 92.38 95.69 2.12 

Multi-Otsu 13 30 44 89 98.72 94.72 96.68 0.34 

Kapur-Har. 44 93 134 174 215 98.72 94.72 96.68 7.30 

K-means 4 clusters 97.28 96.80 97.04 0.36 

Average KPIs Proposed A.  96.70 (ii) 91.07 (iii) 93.70 (i) 1.7122 (iii) 
Multi-Otsu  96.58 (iii) 91.20 (ii) 93.71 (i) 0.2478 (i) 

Kapur-Har.  95.35 (iv) 92.34 (i) 93.66 (iii) 3.9133 (iv) 

K-means  97.07 (i) 89.23 (iv) 92.84 (iv) 0.3367 (ii) 

Notes: Roman numerals denote the order of the approaches according to each performance metric: (i) first, (ii) second, (iii) third, and 

(iv) fourth 

 

 

Based on the presentations, considering both accuracy and computation time, the Otsu’s method is 

the most efficient. However, when simplicity is also factored in, our proposed approach is the best. It 

achieves comparable accuracy without relying on the predefined criteria that the three reference methods 

must use. 

 

3.2.  Classification 

Data preparation: because subtle features are often hidden deep within enhanced MRI scans, 

extracting them directly from the ROI often falls short. Therefore, BEMD is applied to the ROI to generate 

BIMFs; each BIMF contains instantaneous amplitude and frequency information, allowing the model to 

adapt to local image variations across different scales. In our classification, 𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3 were selected 

because they retain the texture details, edges, and structures dominating the mid-frequency range, while 

excluding both the noise (𝐵𝐼𝑀𝐹1) and the trend (the last BIMFs). Figures 5(a) to (f) illustrates the enhanced 

MRI, ROI images, and their corresponding BIMF components and integrated ROI. Specifically, the images 

presented in Figures 5(b) and 5(f) were used for feature extraction. 

Classification was performed using 150 ROI images from the brain MRI Figshare dataset. These 

images were processed using BEMD to extract high-to-mid frequency components (𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3). 

Feature extraction inputs included the RGB-ROI images and combinations of the RGB-ROI with RGB-

BIMFs. These inputs were analyzed using a pre-trained VGG19 model to extract high-level features from a 

fully connected fc layer, resulting in a feature vector of size 150×4096. 

 

 

https://en.wikipedia.org/wiki/Otsu%27s_method
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(a) (b) (c) (d) (e) (f) 

 

Figure 5. Input MRI for VGG19 feature extraction: (a) enhanced MRI (512×512), (b) tumor ROI (224×224), 

(c) 𝐵𝐼𝑀𝐹1  of ROI with noise, (d) 𝐵𝐼𝑀𝐹2 of ROI (𝑅𝑂𝐼1), (e) 𝐵𝐼𝑀𝐹3 of ROI (𝑅𝑂𝐼2), and (f) RGB integrated 

ROI, 𝑅𝑂𝐼1, and 𝑅𝑂𝐼2. (note: Figure 5(b) and Figure 5(f) serve as inputs for feature extraction) 
 

 

Feature extraction: a total of 150 enhanced images from the Figshare Brain MRI dataset were used 

for feature extraction. The ROIs were extracted and processed using BEMD to obtain the corresponding 

𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3 components. The input for feature extraction was divided into two groups: (i) RGB-

MRI’s ROIs and (ii) a combined image of RGB-MRI’s ROIs and RGB-𝐵𝐼𝑀𝐹𝑘’s ROIs (𝑘 = 2, 3). A pre-

trained VGG19 model was used to extract high-level features from the fully connected fc7 layer, generating a 

feature vector of size 150×4096 for each data group. 

Classification: the dataset was randomly divided into an 80:20 ratio for the training and test sets, and 

subsequently fed into MATLAB’s fit ensemble function to create a classification model [35]. The ensemble 

learning process optimizes predictive performance by balancing bias and variance. It achieves this by 

aggregating base learners through bagging techniques (such as standard bagging and random 

Subspace/SubBoost) and sequential boosting algorithms (including TotalBoost, AdaBoost, LPBoost, and 

RUSBoost). The resulting model classifies the data into three distinct disease categories: gliomas, 

meningiomas, and pituitary tumors; achieving an accuracy of at least 93% on both the training and test sets. 

 

3.2.1. Results 

This section details the best-performing classification models across the two image modalities used 

for feature extraction. 

a. Case study I - feature extraction using VGG19 with RGB-ROI 

In this case, features were extracted directly from RGB-ROI images and standardized for ensemble 

learning, producing four high-accuracy models with distinct base learners. Boosting models were executed 

every 1,000 cycles. Figure 6 presents the confusion matrices for these models, with Figure 6(a) 

demonstrating a perfect 100% training accuracy across all four. 

SubBoost model using KNN (𝑘 = 5), allowed for joint multivariable updates. This statistical 

technique was highly efficient for high-dimensional datasets where the feature size exceeded the sample size, 

as in this study; it resampled data at the start of each iteration [36]. This model achieved 100% accuracy on 

the training set. Evaluation on the test set produced 96.7% accuracy (with a single meningioma misclassified 

as a pituitary tumor), 96.3% precision, 97.79% sensitivity, and a 96.5% F1-score (Figure 6(b)). These robust 

metrics highlighted the model’s viability for clinical application. 

AdaBoost, LPBoost, and bagging used decision trees (DT) as base learners due to their highly suitable 

structures for assembling. While all three models achieved 100% accuracy on the training set (Figure 6(a)), their 

test set accuracy was 93.3% (with each yielding 2 misclassifications out of 30) (Figures 6(c)-(e)), which was 

lower than that of the SubBoost model. This performance gap occurred because AdaBoost and LPBoost used 

all features during each iteration, meaning noisy features could negatively impact model outcomes [37]. 

Meanwhile, unlike SubBoost, which applied resampling iteratively, bagging resampled subsets of the dataset 

simultaneously, trained a separate model on each subset in parallel, and focused on reducing variance. 

Therefore, it typically produced lower accuracy than SubBoost [36], [37]. Nevertheless, with precision, 

sensitivity, and F1-scores ranging from 93.3% to 94.2%, these models demonstrated a strong ability to avoid 

misclassification errors. The training times for model construction ordered from fastest to slowest were 

bagging (1.8 s), subSpacet (2 s), LPBoost (17 s), and AdaBoost (553.6 s). Consequently, considering both 

computational efficiency and classification accuracy, subSpace emerged as the optimal model. 

b. Case study II- feature extraction using using VGG19 with a combined RGB-ROI, RGB-𝐵𝐼𝑀𝐹2 and 

RGB-𝐵𝐼𝑀𝐹3 

In this case, features were extracted from the RGB-ROI combined with RGB-𝐵𝐼𝑀𝐹2 and RGB-

𝐵𝐼𝑀𝐹3. This combination captured subtle information that might have been missed by using the RGB-ROI 

alone. Prior to model training, the extracted features were standardized to ensure consistent scaling, and an 

ensemble learning approach with 1,000 boosting cycles was applied. The results indicated that the bagging, 

https://figshare.com/articles/dataset/brain_tumor_dataset/1512427
https://scikit-learn.org/stable/modules/neighbors.html
https://www.theiotacademy.co/blog/bagging-algorithm-in-machine-learning/
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AdaBoost, LPBoost, and TotalBoost models achieved 100% training accuracy (Figure 7(a)), while 

RUSBoost achieved 98.3% training accuracy (Figure 7(b)). 

The bagging model used DT with a minimum leaf size of one, allowing them to grow completely 

until every leaf contained exactly one training sample. This unrestricted growth caused individual trees to 

perfectly memorize the training data. However, bagging which averages the predictions of multiple trees 

effectively canceled out individual errors and reduced model variance [36], [38], making it well-suited for the 

small dataset used in this study. Therefore, unsurprisingly, this ensemble approach produced 100% accuracy 

on both the training and test sets. The corresponding confusion matrix is shown in Figure 7(a). 

AdaBoost, LPBoost, and TotalBoost models: these models used DT with surrogate split methods 

and six branch nodes. Surrogate splits improved the DT robustness against noise, stabilized accuracy, and 

mitigated overfitting. Additionally, limiting the trees to six nodes allowed the models to effectively manage 

missing data and outliers [39], [40]. All three models achieved 100% training accuracy but produced varying 

test results. The AdaBoost model achieved 96.7% accuracy with one misclassification (gliomas classified as 

meningiomas) (Figure 7(c)). Although both LPBoost and TotalBoost were capable of self-adjustment and 

self-termination [41], minor discrepancies in their predictive accuracies existed due to distinct approaches in 

handling optimization and data redundancy. Specifically, LPBoost achieved 96.7% accuracy with one 

misclassification (meningiomas classified as gliomas) (Figure 7(d)), and TotalBoost achieved 93.3% 

accuracy with two misclassifications (gliomas and pituitary classified as meningiomas) (Figure 7(e)). 

The RUSBoost model used pseudo-linear discriminants as its base learners, facilitating oblique 

decision boundaries that separated complex classes more effectively. This capability was particularly 

advantageous for small datasets, enabling rapid and accurate model construction [42]. However, because the 

model balanced the dataset by under sampling the majority class during each iteration, a corresponding 

decrease occurred in majority class accuracy. Consequently, the model achieved an overall accuracy of 

98.3% on the training set (Figure 7(b)) and 93.3% on the testing set (Figure 7(f)), while other performance 

metrics remained unaffected. 
 

 

  
(a) (b) 

  

   
(c) (d) (e) 

 

Figure 6. Confusion matrix of four models in case study I; (a) the confusion matrix for the training set of four 

models: SubBoost, AdaBoost, LPBoost, and bagging (100% accuracy), (b) the test set confusion matrix of 

SubBoost model (96.7% accuracy), (c) the test set confusion matrix of AdaBoost (93.3% accuracy); (d) the 

test set confusion matrix of LPBoost (93.3% accuracy); and (e) the test set confusion matrix of bagging 

(93.3% accuracy) 
 

 

The confusion matrices (Figure 7) demonstrated that the models achieved high performance across 

all evaluation metrics, with precision ranging from 92.6% to 100%, sensitivity from 93.3% to 100%, 

specificity from 96.5% to 100%, and F1-scores from 92.8% to 100%. These indicators confirm that all 

models delivered highly successful classification performance, establishing sufficient reliability for clinical 

application. The training times for model construction ordered from fastest to slowest were bagging (4.3 s), 

TotalBoost (9.7 s), LPBoost (46 s), and AdaBoost (536.6 s). Consequently, considering both computational 

efficiency and classification accuracy, bagging emerged as the optimal model. 

https://www.youtube.com/watch?v=LsK-xG1cLYA
https://ieeexplore.ieee.org/document/5299216/
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(a) (b) (c) 

   

   
(d) (e) (f) 

 

Figure 7. Confusion matrix of five models in case study II; (a) the confusion matrix for the training set of 

four models: AdaBoost, TotalBoost, LpBoost, and bagging models (100% accuracy), (b) the confusion 

matrix for the training set of RUSSBoost model 98.3% accuracy), (c) the test set confusion matrix of 

AdaBoost model (96.7% accuracy), (d) the test set confusion matrix of LPBoost model (96.7% accuracy),  

(e) the test set confusion matrix of TotalBoost (93.3% accuracy), and (f) the test set confusion matrix of 

RUSBoost model (93.3% accuracy) 
 

 

3.2.2. Comparison 

Comparison with state-of-art methods: Table 2 compares performance metrics of various 

approaches in classifying three types of brain tumors on the same dataset. Ismael et al. [43] achieved 91.9% 

accuracy using multilayer perceptrons (MLPs) with statistical features; while Anaraki et al. [44] reported 

94.2% accuracy with a CNN model using genetic algorithm (GA) and bagging. Sajjad et al. [45] used 

transfer learning to fine-tune VGG19 yielded 90.7%, and Das et al. [46]. achieved 94.4% with a CNN 

featuring 3 convolutional layers and 2 subsampling layers. Sultan et al. [47] used 16-layer CNN to achieve 

96.1%, Badža and Barjaktarovi [48] used 6 CNN models to achieve from 90% to 97.4% accuracy. Polat and 

Güngen [49] applied transfer learning to four pretrained models, achieving accuracies between 97.5% and 

99.02%, with ResNet50 providing the highest accuracy. The proposed method demonstrated superior 

performance over reference methods, achieving accuracy between 93.3% and 100% across nine models, as 

well as other performance metrics also yielded positive results, indicating its promise as a reliable tool for 

brain tumor classification. 

Comparison with existing 2D-EMD approaches: studies using BEMD for MRI image classification 

remain limited. Therefore, we evaluate our results against three relevant studies. Sahu et al. [14] used BEMD 

to extract first to third-order Autoregressive (AR) coefficients from 𝐵𝐼𝑀𝐹1 to 𝐵𝐼𝑀𝐹4, producing three 

feature vectors for SVM classification. Tested on 98 MRI images (33 normal, 65 tumor), their binary SVM 

with a radial basis function (RBF) kernel achieved 100% accuracy. This superior performance likely stems 

from their use of mid-level AR coefficients, whereas we leveraged high-level VGG19 features. However, AR 

coefficients offer greater descriptive compactness. Conversely, Deb et al. [15] used BEMD residues (1, 2, and 

3) alongside four DL models to classify endoscopic images from the Kvasir dataset. While the residues captured 

macroscopic shapes and background lighting, the 94.16% accuracy of their squeeze-and-excitation ResNet50 

(SE-ResNet50) was lower than our approach. This deficit may be attributed to data blurring in the residue 

images, whereas our methodology preserves and enhances original image features. Finally, Ghazi et al. [16] 

decomposed mammograms using BEMD to generate five BIMFs, from which they extracted multifractal 

features. They evaluated 260 images (130 normal and 130 cancerous) from the RCRHKM database in 

Morocco using an SVM classifier. Their model achieved accuracies ranging from 81.06% to 97.32% across 

𝐵𝐼𝑀𝐹5 to 𝐵𝐼𝑀𝐹1, which are less effective than our proposed approach. Our framework surpasses current 

state-of-the-art methods in quantitative evaluations, driven by a novel strategy: extracting robust features by 

the summation of BIMFs and the original images, followed by the integration of multiple classifiers via 

ensemble learning. 

 

https://pmc.ncbi.nlm.nih.gov/articles/PMC11700314/
https://pubmed.ncbi.nlm.nih.gov/25823048/
https://www.sciencedirect.com/science/article/pii/S1687850725005709
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Table 2. Performance comparison with state-of-art-methods using the same dataset 
Reference Data division Method N. of models Acc Pre Sen Spec. F1 

Ismael et al. [43] 70/00/30 MLPs 1 91.9 ✓ 91.1 95.9 ✓ 

Anaraki et al.[44] 80/00/20 CNN+GA+Bag 1 94.2 94.3 94.2 97.1 ✓ 

Sajjad et al. [45] 50/25/25 Fine-tune VGG19 1 90.7  88.4 96.1  ✓ 

Das et al. [46] 66.9/ 

16.7/16.3 

CNN 1 94.4 93.3 93.0 ✓ ✓ 

Sultan et al. [47] 60/32/both CNN 1 96.1 96.1 94.4 ✓ ✓ 

Badža and Barjaktarovi 

[48] 

60/20/20 CNN 6 (90% ~ 

97.4%) 

97.41 97.21 97.81 ✓ 97.51 

Polat and Güngen [49] 70/00/30 Transfer 

Learning 

(ResNet501) 

4 (97.5~99.02%) 99.021 ✓ ✓ ✓ ✓ 

Propose Apr., 

2026. 

80/0/20 Vgg19 and Ensemble 

learning 

Training set (130 instances) 

8 100 100` 100 8 100 

1 98.3 98.41 98.41 1 98.41 
Test set (30 instances) 

1 100 100 100 1 100 

3 96.7 97.01 98.01 3 97.31 
5 93.3 94.71 94.21 5 94.21 

Notes:  

The proposed approach: 150 images using images and their BIMFs.  

Other authors: 3064 images using augmented data.  
Data division: training/validation/test.  
1The best result 

 

 

3.3.  Discussion 

Brain MRI segmentation often relies on multilevel thresholding; however, determining the optimal 

threshold values to accurately detect tumors typically requires iterative trial-and-error. To overcome this, we 

introduce an enhancement pipeline comprising BEMD, ADF filtering, and morphological contrast 

enhancement. This pipeline transforms the MRI into an enhanced version with a low-noise histogram, which 

is then mapped to a 𝑃𝑀𝐹(𝑘). While conventional methods apply EMD directly to 𝑃𝑀𝐹(𝑘) summing mid-

level IMFs to determine the threshold this approach often produces a graph lacking a distinct bimodal shape 

[8], limiting its use in multi-level thresholding [9]. In this study, we propose smoothing 𝑃𝑀𝐹(𝑘) with EWT 

prior to EMD processing. The resulting hybrid EWT-EMD produces an 𝐼𝑀𝐹1 with a clear, bimodal curve and 

two distinct peaks. This makes it highly suitable for thresholding without predefined criteria and adaptable 

for multi-level thresholding via its detrended version. Using EWT to smooth 𝑃𝑀𝐹(𝑘) and applying 𝐼𝑀𝐹1 to 

construct the thresholding curve is a primary contribution of this study. Based on visual and quantitative 

assessments across nine images, the proposed method yields performance comparable to three conventional 

multi-level segmentation techniques and one state-of-art. 

VGG19 and ensemble learning were used to develop multi-class models for classifying 

meningioma, glioma, and pituitary tumors by extracting high-level features from ROI images, as well as the 

sum of ROI images and their ROI of BIMFs via BEMD. BEMD decomposes images into various spatial 

frequencies. 𝐵𝐼𝑀𝐹1 contains the finest details but is discarded because it introduces heavy high-frequency 

noise. Instead, 𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3 which detect medium-scale textures are added back to the image. They 

amplify subtle, informative details to enhance features without amplifying noise. Consequently, the extracted 

features retain significant details that are capable of differentiating the morphology of different tumor types. 

Higher-order BIMFs are also discarded, as they only reveal coarse background structures that are irrelevant 

for classification [16]. The results demonstrate that features derived from combined ROI images and ROI of 

𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3 generate better models than using standalone ROI image features and are also more 

accurate. In addition to high accuracy, the models obtained in this study have high sensitivity values, 

minimizing misclassification a crucial aspect of medical diagnosis thereby confirming the reliability of the 

proposed method. This is another key contribution of the proposed approach. 

 

 

4. CONCLUSION 

The proposed method proposes an analytical framework for a CADx system that uses EMD and 

BEMD two adaptive decomposition methods. The approach focuses on the final two stages of the process 

and was evaluated on clinical MRI scans from the Figshare brain tumor dataset. Tumor segmentation on a 

subset of nine images demonstrated complete visual agreement between the detected tumors and the ground-

truth masks. Quantitative results demonstrated a high average precision of 96.70%, a sensitivity of 91.07%, 

and an F1-score of 93.70. These high metrics indicated that the model effectively minimized false positives 



TELKOMNIKA Telecommun Comput El Control   

 

MRI segmentation and classification using 1-D and 2-D empirical mode … (Giang Hong Nguyen) 

1741 

and false negatives, ensuring a balanced equilibrium between detected tumors and ground truths. By 

accurately identifying tumor locations and boundaries, this method enabled rapid, reliable tumor 

identification a critical requirement for effective brain tumor diagnosis. Tumor classification was conducted 

on 150 MRIs of three brain tumor types, using a 224×224 ROI around the tumors to calculate BEMD 

components. Feature extraction used VGG19 and divided into two groups: (i) features from ROIs of denoised 

images, achieving four ensemble models (SubBoost, AdaBoost, LPBoost, and bagging) with 100% training 

accuracy and test accuracies between 93.3% and 96.7%; and (ii) features from a combination of denoised 

images and their 𝐵𝐼𝑀𝐹2 and 𝐵𝐼𝑀𝐹3, leading to five models with four (bagging, AdaBoost, LPBoost, and 

TotalBoost) achieving 100% training accuracy, and one (RUSBoost) reached 98.3%. For testing, bagging 

achieved 100% accuracy, with others ranging between 93.3% and 96.7%. The results indicate that using 

features derived from combining denoised images with BEMD components produces models that effectively 

reduce misclassifications. This approach shows that the models ensure reliable predictions, support precise 

tumor typing, thereby facilitating targeted therapies that can improve patient survival. 

In a clinical setting, manual image interpretation is an intricate task that demands significant time 

and specialized expertise from radiologists. The results outlined above demonstrate that the EMD/BEMD 

approach significantly improves the accuracy of both image segmentation and classification, representing a 

meaningful advancement in the field of medical image analysis. Furthermore, implementing our proposed 

method as a CADx system provides objective, repeatable, and justifiable outcomes. This approach reliably 

supports physicians in reducing diagnostic turnaround times and improving overall accuracy, which 

ultimately enables more timely treatment decisions. 

Despite these advancements, the proposed method faces several limitations. Notably, the restricted 

dataset limits tumor diversity, while reliance on T1-weighted modality data hinders broader generalizability. 

Furthermore, using VGG19 solely for feature extraction fails to fully exploit its capabilities. Crucially, the 

lack of integration between the algorithm’s outputs and clinical perspectives, compounded by slow 

computation speeds, restricts its practical utility and real-time diagnostic potential. Future work will address 

these constraints by incorporating larger, more diverse datasets, using multimodal imaging, and optimizing 

both computational speed and classification algorithms. This effort will yield a comprehensive CADx tool 

featuring cloud connectivity for remote clinical diagnostics. To validate these applications, the software will 

be deployed in clinical settings through collaborative partnerships with physicians at university-affiliated 

hospitals. 
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