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Why detect brain tumor?

• 100k++ people die of brain tumor yearly
• Early detection helps the survival

• More and more medical imaging devices
• Not so many more human experts
• Need for reliable automated algorithm

– Draw attention to suspicious cases
– Human expert has the last word  

• Classical machine learning 
• Convolutional neural networks and deep learning



Input Data

• Medical Image Computation and 
Computer Aided Interventions (MICCAI)

• Brain Tumor Segmentation Challenge 
(BraTS) since 2012

• BraTS train dataset 2019
– 76 low-grade (LG) and 259 high-grade (HG) 

volumes

• Multispectral (T1, T2, T1C, FLAIR)
• 155 x 240 x 240 image volxels
• Ground truth (negative, active tumor, 

necrotic tumor, tumor core, edema)

• iSeg-2017 challenge: T1, T2, and GT
• No tumor, just tissue segmentation



Difficulties

• Tumors have various locations, sizes, shapes, appearances

• Normal tissues are deformed, shifted

• Data channel registration is not perfect

• No standard scale of intensities

• Presence of noise, e.g. intensity non-uniformity 



Solutions

• Pre-BraTS era
– Mostly unsupervised, image-processing methods (Gordillo 2013)

• BraTS era, 1st stage, classical machine learning methods
– Classification of individual brain pixels, lots of features extracted after serious 

preprocessing, post-processing to improve coherence of decisions

• BraTS era, 2nd stage, CNN + deep learning
– CNN architectures, no hand-crafted features, less pre-processing
– Processing whole volumes, results may need regularization

• Our focus: 
– Contribute to both chapters
– Optimize some supportive elements of segmentation techniques 
– Data enhancement (pre-processing)
– Extra services (during segmentation or post-processing)



No standard intensity scale

• Histograms need normalization
• Existing methods

– Nyúl et al (2000) – piece-wise linear 
transform 

– Leung et al (2010) – segmentation, 
tissue-based alignment

– Weisenfeld et al (2004) – Kullback-
Leibler divergence

– Shinohara et al (2011) – PCA
– Jäger et al (2006) – hidden Markov 

random field
– Linear transform



Linear vs. piece-wise linear transform

• Linear

• Piece-wise linear: better alignment, but is it good for segmentation?



Parameters

• Linear transform (Alg. A1)
– single parameter 𝜆25 ∈ 0.3, 0.5 ,  
𝑝25 → 𝜆25 and 𝑝75 → (1 − 𝜆25)

• Piece-wise linear transform (Alg.
A2)
– 𝑝𝐿𝑜 < 0.03, 𝑝𝐻𝑖 = 1 − 𝑝𝐿𝑜 what 

part to cut off at both ends

– Set of landmark points 
• fixed points to be aligned 



Segmentation accuracy 
achieved with random 

forest classifier on iSeg-
2017 data



Before and after histogram alignment

Before        After             Before       After

T1     T2     T1    T2          T1     T2     T1    T2

Before                                    After

T1    T2    T1c    FLAIR       T1     T2    T1c    FLAIR



Recommendations

• Piece-wise linear transform (Nyúl et al) 
can perform better, but only if 
appropriately used

• Important issues
– Not too many landmark points
– Best schemes: M01, M03
– No landmark points close to any ending od 

the histogram
– better p20 than p10, better p80 than p90

• Most participants at early BraTS 
competitions did not set it properly

• Better accuracy, higher Dice score, up to 
2% difference 

• CNN based methods only need 
enhancement of visibility

• Contrast Limited Adaptive 
Histogram Equalization (CLAHE)



Spectral resolution

• What is the effect 
of color depth upon 
segmentation 
quality?

• How many bits are 
useful?

• Observed MRI data 
come at 16-bit 
resolution



MRI data represented at 2 to 8 bits spectral resolution

2 bits 3 bits 4 bits 5 bits 6 bits 7 bits 8 bits



Results

• Above 6-bit resolution the segmentation quality saturates

• Multi-channel preprocessed data can be efficiently stored in 
single byte per feature

• Reduce the archive storage space by 50%



Feature generation and selection

• CNN-based methods extract the features they use 

• Classical machine learning based methods use handcrafted features

• 4 observed features (T1, T2, T1C, FLAIR)

• 4 x 25 = 100 computed features



Feature selection
• Markov clustering based on pairwise “similarity” data

• Similarity of features

– How often they appear together in making a decision

– How often these decisions are correct 



Reduced sets of features

• Markov clustering has a single parameter: inflation rate r

• Size of largest cluster of features depends on r



Segmentation quality 



False 
Positives

True 
Positives

False
Negatives

Dice 
Score



Segmentation results (TP FP FN)



Segmentation accuracy vs. tumor size (HGG)



U-net architecture



Proposed cascade
• First U-net performs a segmentation of preprocessed MRI 

data
• Second U-net performs post-processing using features 

extracted from the first segmentation outcome
• Feature extraction: percentage of positive pixels within 

3x3x3, 5x5x5, 7x7x7, 9x9x9 sized neighborhoods



Data flow

• Dataset divided in two 
equal groups

• Data A, B

• Label LA, LB

• Initial segmentations 
SA, SB

• Features FA, FB

• Final segmentations S’A, 
S’B

• A and B can swap roles



Measuring accuracy

• Based on ground truth and final decision: TP, TN, FP, FN

• Accuracy indicators: DSC, TPR, TNR, ACC

• Individual value for each volume (record)

• Average, SD, quartiles



Overall accuracy indicators



Parameter selection



Accuracy Indicators for Individual Volumes



Effect of 
Post-

processing



Detected tumors: TP FP FN

Input                                          Preprocessed                            Segmented



Comparison



Dice similarity scores of various tumor parts



Comparison



Brain tissue segmentation with U-net



Input Data for Tumor Classification



Some 
network 

architectures



Results – 4 classes



Results – 3 classes



Results – 2 classes



Other study: best performing models



Comparison



Conclusions

• Tumors of 10cm3 size can be easily detected

• Most tumors can be segmented with 85-90% Dice score, that 
is approx. 98.5% accuracy of pixelwise decisions

• CNN + DL are the current state-of-the-art 

– perform better 

– work longer, decisions hardly explainable
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