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Abstract: Outlining lower-grade glioma (LGG) on FLAIR MRI is a prerequisite for volumetric follow-up and 

radiogenomic work, yet many published U-Net pipelines for the public TCGA-LGG collection do not state, or do not 

enforce, a clean separation of patients between training and testing. This paper describes RSAA-UNet, a 2-D encoder-

decoder that combines residual double-convolution blocks, squeeze-and-excitation (SE) recalibration, additive attention 

gates on all four skip connections, an atrous spatial pyramid pooling (ASPP) module at the bottleneck, and deep 

supervision at three decoder levels, trained with a Focal-Tversky plus binary cross-entropy objective. Ten networks 

(three baselines, two RSAA-UNet variants and five single-component ablations) were trained under one protocol on a 

patient-wise 78/16/16 split of 110 patients (3,929 slices) and evaluated on 16 unseen patients (498 slices, 182 

containing tumour). Flip-based test-time augmentation and small-component removal were examined as inference 

options. On tumour-containing slices the full RSAA-UNet with both inference steps reached a Dice coefficient of 0.715 

(patient-bootstrap 95% CI 0.651–0.771), against 0.714 for U-Net and 0.743 for the strongest baseline, a residual U-Net; 

no difference was significant at the patient level after Holm correction. The proposed objective lowered the false-

positive rate on tumour-free slices to 2.5%, compared with 4.4–6.0% for the baselines, and the ablation pointed to 

residual connections and SE recalibration as the most useful components, while attention gates and ASPP gave no 

measurable benefit here. Training of the full model also diverged after epoch 20, so its weights come from an early 

checkpoint. The Discussion explains why a strict patient-wise protocol gives lower Dice values than those usually 

quoted for this dataset, compares the results with five published studies, and lists the changes needed before the 

architecture can be judged conclusively. 

 

Keywords: lower-grade glioma; brain MRI segmentation; U-Net; attention gate; squeeze-and-excitation; atrous spatial 

pyramid pooling; Focal-Tversky loss; patient-wise evaluation 

 

1. INTRODUCTION 

 

Lower-grade gliomas (LGG), the WHO grade 2 and grade 3 diffuse gliomas, are infiltrative tumours that tend to recur 

and can evolve into higher-grade lesions (Buda et al., 2019). Their classification now rests largely on molecular 

markers rather than histology alone (Cancer Genome Atlas Research Network, 2015; Louis et al., 2021), but imaging 

remains the first and often the only source of information available before any tissue is taken. In LGG, contrast 

enhancement is uncommon, so the extent of the disease is usually read from the hyperintense abnormality on fluid-

attenuated inversion recovery (FLAIR) images (Buda et al., 2019). 
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Delineating that abnormality is more than a convenience. Volume and shape descriptors computed from the outline 

have been linked to genomic subtypes and to patient outcome (Buda et al., 2019; Mazurowski et al., 2017), and serial 

volumes are a natural way to follow a slowly growing lesion. Manual contouring is slow and varies between readers; 

for whole-tumour LGG the Dice overlap between two experts has been put at roughly 0.84 Menze et al. (2015), as 

quoted by Buda et al. (2019). An automatic method therefore has to be judged against a ceiling that is itself below one. 

Convolutional encoder-decoder networks, and the U-Net in particular (Ronneberger et al., 2015), have become the 

default tool for this kind of task (Akkus et al., 2017; Litjens et al., 2017; Mazurowski et al., 2019; Siddique et al., 

2021). Most of the brain-tumour literature is built on the multi-sequence, largely glioblastoma-oriented BraTS 

benchmark (Bakas et al., 2017; Ghaffari et al., 2020; Menze et al., 2015). The TCGA-LGG FLAIR collection released 

by Buda et al. (2019) is smaller, two-dimensional in practice, and dominated by diffuse low-grade disease, which is 

exactly why it is popular for quick experiments and why results obtained on it deserve a careful reading. 

 

Two weaknesses recur in work on this collection. The first concerns architecture. Residual connections, channel 

attention, attention gates, multi-scale context and deep supervision have each been shown to help in some setting, but 

they are usually introduced one at a time, on different data and with different training recipes. It is seldom clear how 

much each one contributes once the others are present. The second concerns evaluation. Neighbouring slices of one 

patient are almost copies of each other, so a random split at slice level places near-duplicates on both sides of the train-

test boundary and inflates the score (Varoquaux & Cheplygina, 2022). In addition, about two thirds of the slices in this 

dataset contain no tumour at all, and whether such slices are scored, skipped or counted as perfect changes the headline 

number. Test sets are small, and confidence intervals are rarely reported. 

 

This study addresses both points with a single, deliberately controlled experiment. We assemble the components listed 

above into one configurable network, RSAA-UNet (Residual, Squeeze-and-excitation, Attention, ASPP U-Net), and 

train it together with three baselines and five single-component ablations under identical settings. All models are scored 

on 16 test patients who never appear in training or validation. The contributions are as follows. 

(i) A configurable 2-D architecture in which residual connections, SE recalibration, attention gates, ASPP and 

deep supervision can be switched on and off independently, so that baselines and ablations share one code 

path. 

(ii) A Focal-Tversky plus cross-entropy objective, applied at the output and at three auxiliary decoder levels, 

whose effect on precision, recall and false positives on tumour-free slices is measured directly. 

(iii) A leakage-free evaluation protocol with patient-level bootstrap intervals, paired non-parametric tests with 

Holm correction, tumour-size strata and a separate account of tumour-free slices. 

(iv) An open report of what did not work: the full model does not beat the best baseline, its training became 

unstable after epoch 20, and several components fail to earn their parameters. We think such a report is more 

useful to later users of the dataset than another uncontrolled improvement. 

The remainder of the paper is organised as follows. Section 2 reviews related work. Section 3 describes the data, the 

network, the losses and the evaluation protocol. Section 4 presents the results, Section 5 places them next to published 

figures, Section 6 discusses them and their limits, and Section 7 concludes. 

 

2. RELATED WORK 

 

2.1 Encoder-decoder networks for medical images 

Fully convolutional networks (Long et al., 2015) and SegNet (Badrinarayanan et al., 2017) established dense, pixel-

wise prediction with learned up-sampling. The U-Net (Ronneberger et al., 2015) added skip connections that carry 

high-resolution encoder features straight to the decoder, which proved decisive for small training sets; the importance 

of those long skips was later analysed explicitly by Drozdzal et al. (2016). Volumetric versions followed (Milletari et 

al., 2016; Çiçek et al., 2016), as did nested and densely connected skip pathways (Zhou et al., 2020) and the self-

configuring nnU-Net pipeline, whose strength lies mostly in careful automatic choice of pre-processing, training and 

post-processing (Isensee et al., 2021). Replacing plain convolutions by residual units (He et al., 2016) gave the residual 

U-Net (Zhang et al., 2018), a variant that remains a strong baseline in our experiments. More recently, transformer 

components have been placed in the encoder, the decoder or both (Cao et al., 2023; Chen et al., 2024; Hatamizadeh et 

al., 2022a; Hatamizadeh et al., 2022b); a broad overview of U-Net variants is given by Siddique et al. (2021). 

 

For brain tumours specifically, early convolutional networks worked patch by patch (Havaei et al., 2017; Pereira et al., 

2016), multi-scale 3-D networks with conditional random fields followed (Kamnitsas et al., 2017), and U-Net 

derivatives soon took over (Dong et al., 2017). Cross-dataset performance evaluation and secure federated 

learning(Appasami, G. et al., 2025) shows recent advancement. The best BraTS entries rely on large, regularised 

encoder-decoders such as the autoencoder-regularised network of Myronenko (2019). Those systems use four MRI 
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sequences, three-dimensional context and several tumour sub-regions, which makes them hard to compare with a 2-D, 

single-region problem such as the LGG FLAIR task. 

 

2.2 Attention, multi-scale context and deep supervision 

Squeeze-and-excitation (SE) blocks re-weight feature channels with a global descriptor and add little computation (Hu 

et al., 2020); spatial and channel variants were adapted to segmentation by Roy et al. (2018). Attention gates compute a 

spatial coefficient from a skip feature and a coarser gating signal and suppress irrelevant regions before concatenation 

(Oktay et al., 2018; Schlemper et al., 2019). Atrous spatial pyramid pooling (ASPP) applies parallel dilated 

convolutions to capture several receptive-field sizes at once (Chen et al., 2018a; Chen et al., 2018b), which is attractive 

when lesions range from a few millimetres to a large part of a hemisphere. Auxiliary outputs at intermediate decoder 

levels, known as deep supervision, shorten the gradient path and were used in the nested U-Net of Zhou et al. (2020). A 

novel lightweight CNN design (Appasami, G. et al., 2025) for MRI brain tumor image classification with performance-

driven optimization makes platform for mobile device computation. Each of these ideas has a track record, but a track 

record in one task does not guarantee a gain in another, and that is the question tested here. 

 

2.3 Objectives for imbalanced segmentation 

Lesions occupy a small fraction of the image, so a plain pixel-wise cross-entropy tends to favour the background; the 

effect of imbalance in convolutional networks has been studied systematically by Buda et al. (2018). Overlap-based 

losses derived from the Dice coefficient (Dice, 1945; Milletari et al., 2016; Sudre et al., 2017) counter it directly. The 

Tversky index weights false negatives and false positives separately (Salehi et al., 2017), and raising the resulting loss 

to a power gives the focal Tversky loss (Abraham & Khan, 2019), in analogy with the focal loss for detection (Lin et 

al., 2020). Comparative studies find that no single loss wins everywhere and that compound losses are often the safest 

choice (Jadon, 2020; Ma et al., 2021). We follow that advice by pairing the Focal-Tversky term with cross-entropy. 

 

2.4 Work on the TCGA-LGG FLAIR collection and on evaluation practice 

Buda et al. (2019) released the collection and reported a mean Dice of 0.82 under 22-fold patient-wise cross-validation 

with a U-Net, skull stripping and three-dimensional post-processing. Later studies reported 0.84 with a U-Net and 

VGG16 transfer learning (Naser & Deen, 2020), 0.83 for a U-Net/SegNet hybrid (Jlassi et al., 2023), and values above 

0.91 for a UNet++ with a pretrained encoder (Yadav et al., 2024) and for a “Super Vision” U-Net variant (Güzel & 

Aydın, 2025). These numbers are not directly comparable, because the splitting unit, the treatment of empty slices and 

the pre-processing differ or are not fully stated. Reviews of medical-imaging machine learning list leakage between 

training and test data as one of the commonest reasons for over-optimistic results (Varoquaux & Cheplygina, 2022), 

and recent guidance on metrics asks authors to report the unit of analysis, uncertainty and the handling of empty cases 

(Maier-Hein et al., 2024; Taha & Hanbury, 2015). Our protocol is built to meet those recommendations. 

 

3. MATERIALS AND METHODS 

 

Fig. 1 summarises the experimental pipeline. The same code path produces every network, so differences between rows 

of the result tables come from the stated architectural or loss change and from nothing else. 

 

 
Figure 1. Overall experimental framework: data preparation with a patient-wise split, model zoo, common training 

protocol, inference options and evaluation. 
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3.1 Dataset 

The data are the TCGA-LGG FLAIR segmentation collection in the Kaggle release kaggle_3m (Buda et al., 2019), 

derived from preoperative studies of 110 patients with lower-grade glioma in The Cancer Genome Atlas, whose images 

are hosted by The Cancer Imaging Archive (Clark et al., 2013; Pedano et al., 2016). The patients come from five 

institutions. The FLAIR abnormality was outlined slice by slice by a trained researcher and every outline was checked 

by a board-eligible radiologist (Buda et al., 2019). Each image is stored as a three-channel 256 × 256 slice; where all 

sequences were available the channels carry the pre-contrast, FLAIR and post-contrast images, and where some were 

missing neighbouring FLAIR slices fill the gaps (Buda et al., 2019). Image and mask files were paired by file name, 

giving 3,929 slices. Of these, 1,373 (34.9%) contain tumour, and on those slices the tumour covers on average 2.95% of 

the image. Fig. 4 shows the distribution of slices per patient, of the share of tumour slices per patient and of tumour 

area, and Fig. 5 shows example slices with their outlines. 

 

 
Figure 4. Dataset overview: (a) slices per patient, (b) percentage of tumour-containing slices per patient, (c) tumour 

area on tumour slices (logarithmic count axis), which illustrates the class imbalance. 

 

 
Figure 5. Six randomly drawn tumour slices (top) and the same slices with the manual outline in red (bottom). 

 

3.2 Pre-processing and patient-wise split 

Masks were binarised at an intensity of 127. Each image was standardised channel by channel, 

 

 𝑥̃𝑐(𝑖, 𝑗) =
𝑥𝑐(𝑖, 𝑗) − 𝜇𝑐
𝜎𝑐 + 10−6

,  𝑐 ∈ {1,2,3}, (1) 

   

where 𝜇𝑐  and 𝜎𝑐  are the mean and standard deviation of channel 𝑐  of that image. No skull stripping, bias-field 

correction or histogram matching was applied beyond what the release already contains. 

 

Because slices of one patient are strongly correlated, the data were divided by patient. The 110 patient identifiers were 

shuffled with a fixed seed (42) and assigned to a test group (15%), a validation group (15%) and a training group (the 

rest). After rounding, this gave 16, 16 and 78 patients. A programmatic check confirmed that no patient appears in 

more than one group. Table 1 lists the resulting numbers. The test patients come from four institutions (four from 

TCGA-CS, three from DU, three from FG and six from HT, judged from the patient identifiers). 
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Table 1. Patient-wise split of the TCGA-LGG collection. 

 

Subset Patients Slices Tumour slices Tumour-free slices 

Training 78 2,774 919 1,855 

Validation 16 657 272 385 

Test 16 498 182 316 

Total 110 3,929 1,373 2,556 

 

3.3 Data augmentation 

Augmentation was applied on the fly to the training images only. Horizontal and vertical flips were each applied with 

probability 0.5. With probability 0.7 an affine transform combined a rotation drawn uniformly from ±20°, an isotropic 

scale between 0.9 and 1.1 and a translation of up to 5% of the image size in each direction (bilinear interpolation for the 

image, nearest neighbour for the mask). With probability 0.5 the image was multiplied by a factor between 0.85 and 

1.15 and shifted by up to ±15 grey levels. These operations are common in medical-image work (Shorten & 

Khoshgoftaar, 2019) and were chosen to mimic plausible variation in patient position and scanner gain. 

 

3.4 The RSAA-UNet architecture 

Fig. 2 shows the complete network and Fig. 3 shows its three building blocks in detail. A single class implements all 

models; five switches (residual, SE, attention, ASPP, deep supervision) turn the corresponding component on or off. 

Setting all of them to off yields the plain U-Net used as the first baseline, and the base width is 32 channels. 

 

 
Figure 2. Complete architecture of RSAA-UNet. The encoder has four Res-SE blocks (32–256 channels) joined by 

max-pooling. A fifth Res-SE block and an ASPP module form the bottleneck at 16 × 16. Each decoder stage up-

samples with a 2 × 2 transposed convolution, filters the encoder skip feature with an attention gate that is driven by the 

up-sampled tensor, concatenates the two, and refines them with a Res-SE block. Three auxiliary heads supply deep 

supervision during training and are removed at inference. 

 

Encoder and decoder. The encoder has four stages with 32, 64, 128 and 256 channels at 256 × 256, 128 × 128, 64 × 

64 and 32 × 32 pixels, separated by 2 × 2 max-pooling. The bottleneck block widens the representation to 512 channels 

at 16 × 16. The decoder mirrors the encoder with four transposed convolutions (kernel 2, stride 2). Spatial dropout with 

probability 0.1 is used in the bottleneck block and in the two deepest decoder blocks. A 1 × 1 convolution maps the last 

decoder feature to one logit per pixel. 

 

Residual SE block. Each block contains two 3 × 3 convolutions with batch normalisation (Ioffe & Szegedy, 2015), an 

SE unit and a shortcut. With 𝛿(⋅) denoting ReLU, 𝑊1 and 𝑊2 the two 3 × 3 kernels, 𝒮(⋅) the shortcut (identity when 
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input and output widths agree, otherwise a 1 × 1 convolution followed by batch normalisation) and Drop(⋅) the spatial 

dropout, 

 𝑦 = Drop (𝛿 (SE(ℱ(𝑥)) + 𝒮(𝑥))) ,  ℱ(𝑥) = BN (𝑊2 ∗ 𝛿(BN(𝑊1 ∗ 𝑥))). (2) 

   

The SE unit squeezes each channel of 𝐹 ∈ ℝ𝐶×𝐻×𝑊 to a scalar and then re-weights the channels, 

 

 𝑧𝑐 =
1

𝐻𝑊
∑∑𝐹𝑐

𝑊

𝑗=1

𝐻

𝑖=1

(𝑖, 𝑗),  𝑠 = 𝜎(𝑊𝑏  𝛿(𝑊𝑎𝑧)),  SE(𝐹)𝑐 = 𝑠𝑐  𝐹𝑐, (3) 

   

with 𝑊𝑎 ∈ ℝ𝐶𝑟×𝐶, 𝑊𝑏 ∈ ℝ𝐶×𝐶𝑟 , 𝐶𝑟 = max(𝐶/8,4) and 𝜎 the logistic sigmoid. The reduction ratio of 8 follows Hu et 

al. (2020). 

 

Attention gate. At decoder stage 𝑙 the skip feature 𝑥 from the encoder and the up-sampled decoder tensor 𝑔 have the 

same spatial size and the same number of channels. The gate projects both to 𝐶𝑙/2 channels with 1 × 1 convolutions 

and batch normalisation, adds them, applies ReLU, projects to one channel and passes the result through a sigmoid, 

 

 𝛼 = 𝜎 (BN(𝜓 ∗ 𝛿 (BN(𝑊𝑔 ∗ 𝑔) + BN(𝑊𝑥 ∗ 𝑥)))) ,  𝑥̂ = 𝛼 ⊙ 𝑥, (4) 
 

 

where ⊙ broadcasts the single-channel map 𝛼 over all channels of 𝑥. The gated feature 𝑥̂ is concatenated with 𝑔 and 

fed to the decoder block. This is the additive formulation of Oktay et al. (2018), with one difference: the original uses a 

gating signal from a coarser level, whereas here the already up-sampled tensor is used, which removes the need for 

resampling inside the gate. 

 

Atrous spatial pyramid pooling. At the 16 × 16 bottleneck, four parallel 3 × 3 convolutions with dilation rates 1, 2, 4 

and 6 each produce 128 channels. Their outputs are concatenated, fused by a 1 × 1 convolution and added back to the 

input, 

 𝐴𝑟(𝐹) = 𝛿 (BN(𝑊3×3
(𝑟) ∗ 𝐹)) ,  𝐹ASPP = 𝐹 + 𝛿 (BN(𝑊𝑝 ∗ [𝐴1(𝐹); 𝐴2(𝐹); 𝐴4(𝐹); 𝐴6(𝐹)])), 

 

(5) 

 

where [⋅ ;⋅] is channel concatenation and the superscript (𝑟) marks the dilation. The rates were chosen so that the widest 

receptive field still fits inside the 16 × 16 map. No image-level pooling branch is used. The module adds about 2.6 

million parameters. 

 

 
Figure 3. Internal structure of (a) the residual SE block, (b) the additive attention gate and (c) the ASPP module used 

at the bottleneck. 
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Deep supervision. During training, the outputs of the three deepest decoder stages (32 × 32, 64 × 64 and 128 × 128 

pixels) are mapped to one channel by 1 × 1 convolutions and bilinearly resized to 256 × 256, giving auxiliary 

predictions 𝑦̂1, 𝑦̂2, 𝑦̂3 . They are discarded at inference. With all components active the network has 10.94 million 

trainable parameters. 

 

3.5 Loss functions 

Let 𝑝𝑛 = 𝜎(ℓ𝑛)  be the predicted foreground probability of pixel 𝑛  and 𝑦𝑛 ∈ {0,1}  its label. The pixel-wise cross-

entropy, averaged over all pixels of a mini-batch, is 

 ℒBCE = −
1

𝑁
∑[𝑦𝑛log𝑝𝑛 + (1 − 𝑦𝑛)log(1 − 𝑝𝑛)]

𝑁

𝑛=1

. (6) 

The baseline objective adds the soft Dice loss computed per image and then averaged over the batch, 

 ℒDice = 1 −
2∑ 𝑝𝑛𝑛 𝑦𝑛 + 𝜖

∑ 𝑝𝑛𝑛 + ∑ 𝑦𝑛𝑛 + 𝜖
,  ℒBCE+Dice = ℒBCE + ℒDice, (7) 

with 𝜖 = 1 for numerical stability and for a defined value on empty slices. The proposed objective replaces the Dice 

term by a focal Tversky term. With TP = ∑ 𝑝𝑛𝑛 𝑦𝑛, FN = ∑ (1 − 𝑝𝑛)𝑛 𝑦𝑛 and FP = ∑ 𝑝𝑛𝑛 (1 − 𝑦𝑛) per image, 

 TI =
TP + 𝜖

TP + 𝛼 FN + 𝛽 FP + 𝜖
,  ℒFT = (1 − TI)𝛾 ,  ℒseg = ℒFT + ℒBCE, (8) 

where 𝛼 = 0.7 penalises missed tumour more strongly than 𝛽 = 0.3 penalises false alarms, and the exponent is 𝛾 =

0.75. These settings are close to those reported for the focal Tversky loss by Abraham and Khan (2019). Networks with 

deep supervision minimise the weighted sum 

 ℒtotal = ℒseg(𝑦̂, 𝑦) +∑𝜆𝑘

3

𝑘=1

 ℒseg(𝑦̂𝑘, 𝑦),  (𝜆1, 𝜆2, 𝜆3) = (0.5,  0.25,  0.125), (9) 

where 𝑦̂1 is the auxiliary output of the deepest decoder stage. For the baselines and the “BCE+Dice” variant, ℒseg in 

Eq. (9) is replaced by ℒBCE+Dice. 

3.6 Training protocol and implementation 

All networks were trained with AdamW (Loshchilov & Hutter, 2019), whose update is 

 𝜃𝑡+1 = 𝜃𝑡 − 𝜂𝑡 (
𝑚̂𝑡

√𝑣̂𝑡 + 𝜀
+ 𝜆𝑤  𝜃𝑡), (10) 

where 𝑚̂𝑡 and 𝑣̂𝑡 are the bias-corrected first and second moment estimates, 𝜆𝑤 = 10−4 is the decoupled weight decay 

and 𝜂𝑡 follows a one-cycle schedule (Smith & Topin, 2019) with peak 10-3 reached after 15% of the planned steps. The 

schedule is defined for 50 epochs and is not shortened when training stops early. Mixed-precision arithmetic 

(Micikevicius et al., 2018) and gradient-norm clipping at 5.0 were used. The checkpoint with the highest validation 

Dice was kept, and training stopped after 10 epochs without improvement. Validation Dice counts a correctly empty 

prediction on a tumour-free slice as 1. Table 2 lists the remaining settings. Each configuration was trained once with 

seed 42; no repeated runs or cross-validation folds were performed. 

 

Table 2. Implementation settings shared by all experiments. 

 

Item Setting 

Input size / channels 256 × 256 / 3 

Base width; widths per 

level 

32; 32, 64, 128, 256 (bottleneck 512) 

SE reduction; ASPP 

dilation rates 

8; 1, 2, 4, 6 

Dropout (spatial) 0.1 in bottleneck and two deepest decoder blocks 
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Item Setting 

Optimiser AdamW, weight decay 1e-4 

Learning-rate schedule One-cycle, peak 1e-3, 15% warm-up, 50 epochs planned 

Batch size; epochs (max.); 

patience 

16; 50; 10 (validation Dice) 

Gradient clipping; precision Norm 5.0; automatic mixed precision 

Focal-Tversky parameters α = 0.7, β = 0.3, exponent 0.75, ε = 1 

Deep-supervision weights 0.5, 0.25, 0.125 

Decision threshold 0.5 

Random seed 42 (one run per configuration) 

Software / hardware PyTorch 2.11 (CUDA 12.8); single GPU on the Kaggle platform 

 

3.7 Inference: test-time augmentation and post-processing 

At test time the logit map is converted to a probability and thresholded at 0.5. Two optional refinements were evaluated 

on the full model. Test-time augmentation (Wang et al., 2019) averages the predictions for the original image and for 

its horizontally and vertically flipped copies after flipping them back, 

 𝑝‾(𝑥) =
1

3
(𝑓(𝑥) + 𝐻 (𝑓(𝐻(𝑥))) + 𝑉 (𝑓(𝑉(𝑥)))), (11) 

where 𝑓 is the network followed by the sigmoid and 𝐻, 𝑉 are the horizontal and vertical flips (each its own inverse). 

Post-processing removes connected components (8-connectivity) smaller than 𝜏 = 30 pixels, 

 𝑌̂PP = ⋃
𝑘: |𝐶𝑘|≥𝜏

𝐶𝑘 , (12) 

where 𝐶𝑘 are the components of the binary prediction. This is a two-dimensional, per-slice operation; it is not the three-

dimensional largest-component rule used by Buda et al. (2019). 

3.8 Evaluation metrics and statistical analysis 

Metrics were computed per slice on the original 256 × 256 grid. With 𝑌̂ the predicted and 𝑌 the reference mask, 

 Dice =
2|𝑌̂ ∩ 𝑌|

|𝑌̂| + |𝑌|
=

2TP

2TP + FP + FN
,  IoU =

TP

TP + FP + FN
, (13) 

 Precision =
TP

TP + FP
,  Recall =

TP

TP + FN
. (14) 

The 95th-percentile Hausdorff distance (Huttenlocher et al., 1993; Taha & Hanbury, 2015) is computed on the mask 

boundaries ∂𝑌̂ and ∂𝑌, with 𝑑(𝑎, 𝐵) the Euclidean distance from point 𝑎 to set 𝐵 and 𝑃95  the 95th percentile of the 

pooled distances, 

 HD95 = 𝑃95({𝑑(𝑎, ∂𝑌): 𝑎 ∈ ∂𝑌̂} ∪ {𝑑(𝑏, ∂𝑌̂): 𝑏 ∈ ∂𝑌}). (15) 

The distance is given in pixels, because the images are distributed without pixel-spacing information that we used. All 

headline figures are averages over the tumour-containing slices of the test set, which keeps the scores from being 

diluted by the many easy tumour-free slices. Precision is undefined when nothing is predicted, and HD95 is undefined 

when either mask is empty; those slices are left out of the respective averages, which means HD95 does not penalise 

missed tumours. In addition, three complementary quantities are reported: the patient-level Dice (the mean of per-

patient mean Dice values), the false-positive rate on tumour-free slices, 

 FPRempty =
|{𝑘:  𝑌𝑘 = ⌀ ∧  𝑌̂𝑘 ≠ ⌀}|

|{𝑘:  𝑌𝑘 = ⌀}|
, (16) 

and Dice within terciles of tumour area (small, medium, large), defined from the test-set distribution of tumour area on 

tumour slices. 

Uncertainty was estimated by resampling patients, not slices, with replacement. For bootstrap sample 𝑏 with patient 

multiset 𝐵𝑏, 𝑆𝑖 the sum of slice Dice values of patient 𝑖 and 𝑛𝑖 the number of its tumour slices, 
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 Dice(𝑏) =
∑ 𝑆𝑖𝑖∈𝐵𝑏

∑ 𝑛𝑖𝑖∈𝐵𝑏

,  CI95% = [𝑃2.5{Dice
(𝑏)},  𝑃97.5{Dice

(𝑏)}], (17) 

 

using 2,000 resamples (Efron, 1979). The full model was compared with every other configuration by the paired 

Wilcoxon signed-rank test (Wilcoxon, 1945), once on slice-level Dice and once on patient-level mean Dice. Because 

11 comparisons were made, the 𝑝-values were adjusted by the Holm step-down procedure (Holm, 1979): with 𝑚 tests 

and ordered raw values 𝑝(1) ≤ ⋯ ≤ 𝑝(𝑚), 

 𝑝(𝑖) = min (1,  max
𝑗≤𝑖

 (𝑚 − 𝑗 + 1) 𝑝(𝑗)). (18) 

 

The slice-level test treats slices of one patient as independent and is therefore anti-conservative; the patient-level test is 

the one on which conclusions are based. Pixel-level precision-recall curves and average precision were computed on a 

random sample of three million test pixels, and the agreement between predicted and reference tumour area was 

summarised by the Pearson correlation. Parameters and the latency of a single 256 × 256 forward pass (batch size one, 

full precision, mean of 50 runs after 10 warm-up runs, GPU synchronised) were measured for every network. The 

latency of the test-time-augmented model is three times the single-pass value and was not timed separately. 

 

4. RESULTS 

 

4.1 Training behaviour 

Table 3 and Fig. 6 summarise training. The residual U-Net and the variant without residual connections used all 50 

epochs, the U-Net stopped after 44, and the remaining networks stopped between epoch 15 and epoch 30. The two 

complete RSAA-UNet versions and the variants without SE, ASPP or attention reached a validation Dice of 0.883–

0.891, above the baselines (0.860–0.878). The variant without deep supervision (0.847, best epoch 5) and the variant 

without residual connections (0.867) did not. 

 

The full model behaved well until epoch 20, where it reached its best validation Dice of 0.8836. The training loss then 

rose from 0.296 (epoch 20) to 0.932 and 2.028 in the next two epochs and was undefined (NaN) from epoch 23 

onwards. The constant validation Dice of 0.586 after that point equals the share of tumour-free validation slices (385 of 

657), which is what an empty prediction everywhere would score. Training stopped after the patience of ten epochs was 

exhausted, and the checkpoint of epoch 20 was used for all test results. At that epoch the scheduled learning rate was 

still roughly four-fifths of its peak value, so the saved weights are a mid-training snapshot and not a converged model. 

No other configuration showed this behaviour. We did not isolate the cause (see Section 6). 

 

Table 3. Training summary. Validation Dice counts correctly empty predictions on tumour-free slices as 1. 

 

Model 

Epochs 

run 

Best 

epoch 

Best val. 

Dice 

Best val. 

IoU Note 

U-Net 44 34 0.8702 0.8309 Early stopping 

Attention U-Net 28 18 0.8597 0.8199 Early stopping 

Residual U-Net 50 47 0.8777 0.8411 Full schedule 

RSAA-UNet 

(BCE+Dice) 

26 16 0.8857 0.8462 Early stopping 

RSAA-UNet (Full) 30 20 0.8836 0.8433 Loss NaN from epoch 23 

w/o SE 20 10 0.8827 0.8461 Early stopping 

w/o ASPP 30 20 0.8905 0.8548 Early stopping 

w/o Attention 28 18 0.8873 0.8498 Early stopping 

w/o Deep supervision 15 5 0.8466 0.8051 Early stopping 

w/o Residual 50 46 0.8672 0.8326 Full schedule 
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Figure 6. Training loss, validation loss and validation Dice for all ten networks. The thick green line is the full RSAA-

UNet; its divergence after epoch 20 is visible in all three panels. 

 

4.2 Comparison with the baselines 

Table 4 reports the test results on the 182 tumour-containing slices of the 16 unseen patients, and Figs. 7 and 8 show 

the same information graphically. The residual U-Net was the strongest model on most overlap measures, with a Dice 

of 0.7434, an IoU of 0.6424, a recall of 0.8055, a patient-level Dice of 0.7422 and the lowest HD95 (13.43 px). The U-

Net reached 0.7137 and the Attention U-Net 0.6993. The RSAA-UNet trained with BCE and Dice loss reached 0.7206, 

which is 0.7 Dice points above the U-Net, whereas the same network trained with the Focal-Tversky objective gave 

0.7120. Flip-based test-time augmentation raised that value to 0.7146, and adding small-component removal gave 

0.7151, a total gain of 0.31 points over the single pass. The same two steps raised precision from 0.8110 to 0.8194 and 

lowered HD95 from 16.73 to 15.93 px, while recall slipped from 0.7452 to 0.7404. 

 

The Dice standard deviations are large (0.25–0.33), because the slice-level distribution has a heavy lower tail: tumours 

that are missed or badly fragmented score close to zero, which Fig. 8 shows clearly. The patient-bootstrap intervals are 

correspondingly wide, between about 0.12 and 0.20 Dice points (0.12 for the full model with both inference steps; 

Table 5), and the intervals of all models overlap almost completely. 

 

The Focal-Tversky objective changed the operating point of the network in an unexpected direction. Even though the 

false-negative weight (𝛼 = 0.7) exceeds the false-positive weight, the full model had the highest precision (0.811–

0.819) and the lowest recall (0.740–0.745) of all twelve evaluated configurations, and its false-positive rate on tumour-

free slices was 0.025, against 0.044 for the U-Net, 0.060 for the Attention U-Net, 0.044 for the residual U-Net and 

0.057 for the RSAA-UNet trained with BCE and Dice. With 316 tumour-free test slices, a rate of 0.025 corresponds to 

roughly eight slices with any predicted tumour pixel, against about 14 to 19 for the other networks. 

 

Table 4. Test-set results on tumour-containing slices (16 patients, 182 slices). Best value of each overlap measure in 

bold. FPR = false-positive rate on 316 tumour-free slices; TTA = test-time augmentation; PP = small-component 

removal. 

 

Model 

Dice (mean ± 

SD) IoU Prec. Recall 

HD95 

(px) 

Patient 

Dice 

FPR 

(empty

) 

Param

s (M) 

Latenc

y (ms) 

U-Net 0.7137 ± 

0.2881 

0.6149 0.804

7 

0.7611 13.95 0.7193 0.044 7.76 6.8 

Attention U-Net 0.6993 ± 

0.2798 

0.5942 0.742

9 

0.7903 17.53 0.6921 0.060 7.85 7.6 

Residual U-Net 0.7434 ± 

0.2546 

0.6424 0.796

0 

0.8055 13.43 0.7422 0.044 8.11 7.9 

RSAA-UNet 

(BCE+Dice) 

0.7206 ± 

0.2746 

0.6201 0.790

2 

0.7765 17.57 0.7193 0.057 10.94 11.2 

RSAA-UNet (Full) 0.7120 ± 

0.2897 

0.6143 0.811

0 

0.7452 16.73 0.7160 0.025 10.94 11.2 

Full + TTA 0.7146 ± 

0.2860 

0.6163 0.817

3 

0.7409 15.99 0.7201 0.025 10.94 33.7 

Full + TTA + PP 0.7151 ± 

0.2866 

0.6172 0.819

4 

0.7404 15.93 0.7208 0.025 10.94 33.7 
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Figure 7. Dice, IoU, precision and recall on tumour slices of the test set. Error bars on Dice are patient-bootstrap 95% 

confidence intervals. 

 

 
Figure 8. Distribution of slice-level Dice on tumour slices; boxes show quartiles and triangles show means. 

 

4.3 Statistical analysis 

Table 5 lists the Dice values with patient-bootstrap intervals and the paired comparisons of the full model with every 

other configuration. At the patient level, no comparison approached significance: the smallest raw 𝑝 value was 0.093 

(full model against the residual U-Net), and all Holm-adjusted values equal 1.0. At the slice level, three comparisons 

remained significant after correction: the full model was better than the Attention U-Net (difference +0.0127, 𝑝 =
0.006) and than the variant without SE (+0.0240, 𝑝 = 0.022), and worse than the residual U-Net (−0.0315, 𝑝 =
0.040). Because slices of one patient are not independent, these slice-level results are exploratory; the patient-level 

results are the ones we rely on. With only 16 test patients, the study has little power to detect differences of one to three 

Dice points, and the absence of significance should not be read as proof of equivalence. 
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Table 5. Dice with patient-level bootstrap intervals and paired Wilcoxon tests of the full RSAA-UNet against every 

other configuration (raw and Holm-adjusted p-values). 

 

Model Dice 

95% CI (patient 

bootstrap) 

Δ Dice 

(Full − 

model) p slice 

p 

patient 

Holm p 

slice 

Holm p 

patient 

U-Net 0.7137 .6183–.7804 −0.0017 0.395 0.744 1.000 1.000 

Attention U-Net 0.6993 .6358–.7557 +0.0127 0.0006 0.211 0.006 1.000 

Residual U-Net 0.7434 .6820–.7978 −0.0315 0.0044 0.093 0.040 1.000 

RSAA-UNet 

(BCE+Dice) 

0.7206 .6595–.7748 −0.0086 0.549 0.782 1.000 1.000 

RSAA-UNet (Full) 0.7120 .6452–.7690 – – – – – 

w/o SE 0.6880 .5933–.7623 +0.0240 0.0022 0.274 0.022 1.000 

w/o ASPP 0.7064 .6370–.7610 +0.0056 0.261 0.464 1.000 1.000 

w/o Attention 0.7282 .6586–.7894 −0.0163 0.427 0.495 1.000 1.000 

w/o Deep 

supervision 

0.7075 .6361–.7649 +0.0044 0.0087 0.706 0.069 1.000 

w/o Residual 0.6812 .5703–.7657 +0.0308 0.385 0.144 1.000 1.000 

Full + TTA 0.7146 .6502–.7701 −0.0026 0.711 0.433 1.000 1.000 

Full + TTA + PP 0.7151 .6506–.7707 −0.0031 0.480 0.323 1.000 1.000 

 

4.4 Ablation study 

Table 6 and Fig. 9 show the effect of removing one component at a time from the full model. Removing residual 

connections cost the most (3.08 Dice points), followed by SE recalibration (2.40 points), ASPP (0.56 points) and deep 

supervision (0.44 points). Removing the attention gates went the other way: Dice rose by 1.63 points to 0.7282, with a 

higher recall (0.8233) and a lower precision (0.7579). None of these changes is significant at the patient level (Table 5). 

Two details deserve a caution. The variant without deep supervision had by far the highest false-positive rate on 

tumour-free slices (0.193 against 0.025), but it also stopped at epoch 15 with its best epoch at 5, so the difference mixes 

the effect of the component with an under-trained network. The variant without residual connections had the lowest 

HD95 (12.94 px) despite the lowest Dice, which reflects the way HD95 is averaged only over slices where something 

was predicted. ASPP is the largest single contributor to model size: removing it reduces the parameter count from 10.94 

M to 8.31 M, for a Dice change of 0.56 points. 

 

Table 6. Ablation of the full RSAA-UNet (single-pass inference). Δ Dice is the change in Dice points when the 

component is removed. 

 

Configuration 

Dice (mean ± 

SD) IoU Prec. Recall 

HD95 

(px) 

Patient 

Dice 

FPR 

(empty

) 

Param

s (M) 

Δ Dice 

(points) 

RSAA-UNet (Full) 0.7120 ± 

0.2897 

0.6143 0.8110 0.7452 16.73 0.7160 0.025 10.94 – 

w/o SE 0.6880 ± 

0.2995 

0.5895 0.7417 0.7925 17.77 0.6879 0.041 10.83 −2.40 

w/o ASPP 0.7064 ± 

0.2935 

0.6099 0.7617 0.7985 15.21 0.6996 0.025 8.31 −0.56 

w/o Attention 0.7282 ± 

0.2640 

0.6256 0.7579 0.8233 15.06 0.7298 0.041 10.85 +1.63 

w/o Deep supervision 0.7075 ± 

0.2582 

0.5984 0.7446 0.7921 16.94 0.7028 0.193 10.94 −0.44 

w/o Residual 0.6812 ± 

0.3313 

0.5939 0.7725 0.7676 12.94 0.6777 0.047 10.59 −3.08 
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Figure 9. Ablation results: (a) Dice with approximate 95% slice-level intervals and (b) HD95 (lower is better). 

 

4.5 Stratification by tumour size 

Tumour area on the test slices was divided into terciles (small below 1.76% of the slice, large above 3.24%). Table 7 

and Fig. 10 show that all models are weak on small tumours (Dice 0.44–0.53) and considerably better on medium and 

large ones (0.79–0.86). The ranking depends on the stratum. On small tumours the residual U-Net (0.5332) and the U-

Net (0.5199) came first and the full model with both inference steps reached 0.4996. On medium tumours the residual 

U-Net led again (0.8436). On large tumours the Attention U-Net (0.8575) and the residual U-Net (0.8552) led, and the 

plain U-Net was the weakest of all (0.7854), 4.8 points below the full model with test-time augmentation and post-

processing (0.8333). The multi-scale context of the proposed network therefore seems to help most with large lesions, 

and the expected recall advantage of the Tversky weighting for small lesions did not materialise. 

 

Table 7. Mean Dice by tumour-size tercile (share of slice area) on the test set. 

 

Model Small (< 1.76%) Medium Large (> 3.24%) 

U-Net 0.5199 0.8378 0.7854 

Attention U-Net 0.4388 0.8032 0.8575 

Residual U-Net 0.5332 0.8436 0.8552 

RSAA-UNet (BCE+Dice) 0.4895 0.8273 0.8467 

RSAA-Unet (Full) 0.4848 0.8160 0.8369 

Full + TTA 0.4983 0.8138 0.8334 

Full + TTA + PP 0.4996 0.8141 0.8333 

 

 
Figure 10. Dice by tumour-size tercile on the test set. 

 

4.6 Pixel-level precision-recall and area agreement 

Average precision on the pooled test pixels was 0.854 for the residual U-Net, 0.832 for the Attention U-Net, 0.822 for 

the U-Net and 0.820 for the full model with test-time augmentation (Fig. 11). The curve of the full model follows the 

others up to a recall of roughly 0.8–0.85 and then falls away steeply, so that lowering the decision threshold would add 

many false pixels for little extra recall. The predicted tumour area correlated with the reference area at r = 0.873 for the 

U-Net and r = 0.879 for the full model with both inference steps (Fig. 12). Both models tend to under-estimate the 

largest tumours, and both leave a cluster of tumour slices whose predicted area is zero. 
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Figure 11. Pixel-level precision-recall curves for the three baselines and the full model with test-time augmentation 

(random sample of three million test pixels). 

 

 
Figure 12. Predicted versus reference tumour area for the U-Net and for the full model with test-time augmentation and 

post-processing. The dashed line marks perfect agreement. 

 

4.7 Per-patient and qualitative results 

Performance varies far more between patients than between models (Fig. 13). Patient CS_6290 reached a mean Dice of 

roughly 0.9 with several models, whereas CS_6665 and DU_5852 stayed at roughly 0.4–0.6 for most of them, and 

HT_7608 fell to roughly 0.2–0.3 for the U-Net and for the variants without SE and without residual connections. 

Differences of one or two Dice points between architectures are small next to these spreads, which explains the wide 

confidence intervals. The qualitative examples in Fig. 14, arranged from the 3rd to the 97th percentile of the full 

model’s Dice, show the typical pattern. The worst case is a small lesion near the skull base that all four models miss 

completely (Dice 0.00). For a diffuse lesion in the second row, all models spill into adjacent hyperintense tissue (Dice 

0.56–0.70). Compact tumours with clear borders are delineated well (Dice 0.84–0.96 in the lower three rows for the full 

model). 
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Figure 13. Mean Dice per test patient and model. 

 

 
Figure 14. Qualitative comparison on five test slices ranging from the worst to the best case of the full model. Green 

contours show the reference, red contours show predictions, and the last column is an error map (green true positive, 

red false positive, blue false negative). 
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4.8 Model size and speed 

The full network has 10.94 M parameters, 41% more than the U-Net (7.76 M), and a single-slice latency of 11.2 ms 

against 6.8 ms (+65%). The residual U-Net has 8.11 M parameters and needs 7.9 ms. The three-view test-time 

augmentation triples the cost to about 34 ms per slice. For a segmentation of one slice, all of these times are small in 

absolute terms, so the practical cost of the proposed design is determined by training effort and not by inference. 

 

5. DISCUSSION 

 

Principal findings. The experiment gives a clear but modest answer. Under a patient-wise protocol, the five 

components assembled in RSAA-UNet do not add up to a better segmenter than a residual U-Net with 8.1 M 

parameters. The ranking by Dice (residual U-Net, RSAA-UNet with BCE and Dice, U-Net, full RSAA-UNet, Attention 

U-Net) is within the noise of a 16-patient test set. What the proposed objective did change is the balance between error 

types: the full model made fewer false alarms on tumour-free slices and had higher precision, at the price of recall. 

Residual connections were the single most useful ingredient in both the baseline and the ablation experiments, and SE 

recalibration came second. 

 

Why did the larger network not win? Several explanations are compatible with the data, and we cannot separate 

them without further runs. First, the training set contains only 78 patients, and a 10.9 M-parameter model with an ASPP 

block of 2.6 M parameters at a 16 × 16 resolution, where little spatial context remains, may simply have more capacity 

than the data can constrain. Second, the full model was trained for only 20 useful epochs, with the learning rate still 

high, and its best checkpoint was chosen on a validation criterion that gives full credit for empty predictions on empty 

slices. That criterion rewards false-positive suppression, which the Focal-Tversky models do well, and this may be why 

the RSAA-UNet variants lead on validation Dice (0.883–0.891) but not on test Dice computed over tumour slices only. 

Third, the attention gates take a same-resolution gating signal and add two batch-normalisation layers, which differs 

from the coarse-to-fine design of the original; in a task where the FLAIR abnormality is bright and diffuse and the 

encoder already localises it, they may have little left to filter. This remains a conjecture, since we did not inspect 

attention maps. 

 

The unexpected behaviour of the Focal-Tversky term. With 𝛼 > 𝛽 one would expect higher recall, and we observed 

the opposite. One contributing factor may be that a per-image Tversky term on tumour-free slices reduces to a penalty 

on any predicted foreground, and that raising it to a power below one amplifies small residual errors; this would push 

the network towards empty predictions on the many slices without tumour. A second, separate concern is numerical. 

The derivative of (1 − TI)𝛾 with 𝛾 < 1 grows without bound as TI → 1, so slices that are predicted almost perfectly 

can produce very large gradients. Together with a high learning rate and mixed-precision arithmetic, this is one 

plausible route to the divergence seen after epoch 20. We stress that this is a hypothesis: the experiment did not include 

a run that isolates it. Reasonable remedies are to clamp the base of the power, to use a larger 𝜖, to lower the peak 

learning rate, or to apply the focal term only to slices that contain tumour. 

 

Validation versus test. The ordering of models on the validation set (including empty slices) and on the test set 

(tumour slices only) differs. This is not a contradiction; the two quantities measure different things. It does show that 

checkpoint selection on all-slice Dice will favour conservative models, and that reporting only one of the two views 

would give a misleading picture. 

 

Practical reading. If a single 2-D network is needed for FLAIR LGG segmentation on this dataset, the residual U-Net 

is the better choice on current evidence: it is smaller, faster, and at least as accurate. If false alarms on tumour-free 

slices matter more than missed small lesions, for example when the output feeds a volume estimate that should not 

include spurious islands, the Focal-Tversky model with test-time augmentation and post-processing is the more 

conservative option. Test-time augmentation and component removal helped consistently but only slightly (+0.31 Dice 

points, +0.84 precision points, −0.8 px HD95), at three times the inference cost. 

 

Limitations. Each configuration was trained once, on one split, so run-to-run variance is not measured and is probably 

of the same order as some of the differences reported. The test set has 16 patients, 182 of whose slices contain tumour. 

The networks are two-dimensional and see no through-plane context, and the images come from a single public 

collection with single-reader outlines, so generalisation to other scanners or to BraTS-style data is untested. HD95 is 

expressed in pixels and excludes slices without a prediction. The full model did not train to completion. The 

comparison with published studies is indicative only. Finally, the validation set influenced checkpoint choice and early 

stopping for every model, but not the test set. 
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Future work. The most informative next steps are patient-wise five-fold cross-validation with several seeds, a 

stabilised version of the Focal-Tversky term with a full-length, annealed training run, a lower-capacity ASPP (or none), 

inspection of attention maps, the 2.5-D input of adjacent slices, three-dimensional post-processing as in Buda et 

al. (2019), and external evaluation on the lower-grade cases of BraTS (Bakas et al., 2017; Menze et al., 2015). 

 

6. CONCLUSION 

 

We trained and compared ten 2-D segmentation networks for lower-grade glioma on FLAIR MRI under one protocol 

and a patient-wise 78/16/16 split. The proposed RSAA-UNet, which combines residual SE blocks, attention gates, 

ASPP, deep supervision and a Focal-Tversky plus cross-entropy loss, reached a Dice of 0.715 on tumour slices of 16 

unseen patients with test-time augmentation and small-component removal. This is level with a plain U-Net (0.714) and 

below a residual U-Net (0.743), and none of the differences was significant at the patient level. The proposed design 

lowered false positives on tumour-free slices (2.5% against 4.4–6.0%) and raised precision, but it did not improve 

recall for small tumours, and its training diverged after epoch 20. Residual connections and SE recalibration were the 

components that clearly mattered; attention gates and ASPP were not justified by their cost in this setting. We hope the 

protocol, the ablation and the account of failure are useful to those who use this dataset, and we regard multi-seed 

cross-validation and a stabilised loss as the necessary next experiments. 
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