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Abstract. Accurate brain tumor segmentation from magnetic resonance imaging (MRI) is important for
diagnosis, treatment planning, and longitudinal assessment. This study presents a controlled comparison
of U-Net, Attention U-Net (AUNET), and UNETR to examine explicit attention in convolutional networks
against implicit self-attention in transformers. All models use the same Figshare brain tumor dataset,
preprocessing pipeline, data split, loss formulation, and evaluation protocol. Performance is assessed
using Dice Similarity Coefficient (DSC), 95th-percentile Hausdorff Distance (HD95), precision, sensitivity,
and specificity for whole tumor (WT), tumor core (TC), and enhancing tumor (ET). On the test set, UNet
achieved the strongest WT performance with Dice 0.8336 and HD95 19.30, followed closely by AUNET
with Dice 0.8271 and HD95 20.06. UNETR obtained Dice 0.5962 and HD95 35.99 under the same
conditions. TC and ET results show the same trend. The findings indicate that convolutional inductive
bias remains effective for fine spatial localization when training data are limited, whereas transformer
models may require larger and more diverse datasets. The comparison motivates future hybrid
CNNtransformer designs that combine local boundary sensitivity with global contextual modeling.

Keywords. medical image analysis, brain tumor segmentation, deep learning, U-Net, Attention U-Net,
UNETR, convolutional neural networks, transformers

1. INTRODUCTION

Brain tumors range from benign lesions to aggressive malignancies and show
substantial variation in shape, location, and boundary appearance [1, 2]. MRI is
central to diagnosis because of its soft-tissue contrast, but manual segmentation is
time-consuming, observer-dependent, and sensitive to tumor heterogeneity and
imaging artifacts [3-71].

Deep learning has improved automated segmentation. U-Net uses an
encoderdecoder structure with skip connections for local detail [10]; Attention U-
Net adds explicit gates that emphasize relevant encoder features [11]. UNETR
instead uses transformer self-attention for global interactions and a convolutional
decoder for localization [8, 14].

All Open Access articles are peer-reviewed, distributed under the Creative Commons
Attribution-Non Commercial 4.0 International



CNNs are strong local feature extractors but have limited global receptive fields,
whereas transformers model long-range relationships but are more data- and
memory-intensive. This study therefore compares U-Net, Attention U-Net, and
UNETR under the same data, preprocessing, training, and metrics, with emphasis
on WT, TC, ET and explicit-versus-implicit attention.

2. RELATED WORK

Classical segmentation used thresholding, region growing, watershed methods, and
engineered intensity, texture, or shape features. Although computationally simple,
these methods were sensitive to low contrast, noise, and heterogeneous tumors
and often required post-processing [5, 71].

CNNs replaced handcrafted features with learned hierarchical representations. UNet
became a standard baseline through its encoder-decoder and skip connections [10].
Attention U-Net further filters skip features using decoder-guided attention, helping
suppress irrelevant anatomy and emphasize small targets [11].

Transformers use self-attention to capture long-range token relationships [14].
UNETR applies a transformer encoder with convolutional decoding [8], while
TransUNet follows a related hybrid strategy [9]. Their global modeling is attractive
but can demand more data and memory. The research gap addressed here is a
controlled comparison of explicit CNN attention and implicit transformer
selfattention under identical conditions [7, 12].

3. METHODOLOGY
3.1. Dataset and preprocessing

The Figshare dataset [13] contains 3,064 contrast-enhanced T1-weighted MRI
images from glioma, meningioma, and pituitary cases. A 70/15/15 split gives 2,144
training, 460 validation, and 460 test images. Images are resized to 256 x 256,
normalized to [0,1], and masks are mapped consistently to WT, TC, and ET;
imagemask alignment is verified before loading through a custom PyTorch dataset
class.

3.2. Compared architectures

U-Net is the convolutional baseline: the encoder extracts hierarchical features, the
decoder restores resolution, and skip connections preserve localization. Attention
U-Net inserts gates into these skip pathways; encoder features are weighted by
decoder-guided attention coefficients before fusion, suppressing irrelevant
responses and emphasizing tumor structures [11].

UNETR divides X € RAHxWxDxC) into non-overlapping P_HxP_WxP_D patches,
giving N=(H/P_H)(W/P_W)(D/P_D) tokens. Embedded patches with positional
information pass through transformer layers using multi-head self-attention [8, 14].
Intermediate features are reshaped and fused by a convolutional decoder to recover
the segmentation map.



3.3.

Training uses Dice + cross-entropy loss [15], Adam [16] at 1x100[14,
ReduceLROnPlateau, 50 epochs, and batch size 8. PyTorch [19] experiments run
on an NVIDIA Tesla V100 (32 GB). DSC, HD95, precision, sensitivity, and specificity
are evaluated for WT, TC, and ET [17, 18].

Training and evaluation

4, EXPERIMENTAL RESULTS
4.1. Quantitative findings

On the test set, U-Net achieves Dice-WT 0.8336 and TC/ET 0.8812/0.8695; AUNET
obtains 0.8271 and 0.8745/0.8629; UNETR records 0.5962 and 0.6457/0.6321.
Training/validation results showed the same CNN advantage, with a larger
generalization gap for UNETR.

4.2.

Table 1 shows the full test comparison. U-Net has the best Dice-WT (0.8336) and
lowest HD95 (19.30); AUNET is close (0.8271, 20.06). UNETR has lower Dice
(0.5962), higher HD95 (35.99), precision 0.5931, and sensitivity 0.5276. High
specificity for all models partly reflects background dominance.

Comprehensive test analysis

Table 1. Test-set whole tumor segmentation performance

Model Loss Dice-WT HD95-WT | Precision Sensitivity | Specificity

U-Net 0.0063 0.8336 19.30 0.8393 0.8090 0.9981

AUNET 0.0070 0.8271 20.06 0.8359 0.7861 0.9980

UNETR 0.0118 0.5962 35.99 0.5931 0.5276 0.9969
4.3. Qualitative assessment

Representative qualitative predictions yielded Dice 0.957 for U-Net, 0.909 for
AUNET, and 0.806 for UNETR. U-Net most closely follows ground-truth boundaries;
AUNET preserves fine structures through gated feature selection; UNETR shows
more under-segmentation and boundary inconsistency. Thus, qualitative evidence

supports the test metrics.
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Figure 4. Qualitative segmentation results showing original MRI, ground truth, and
predicted masks

5. D1ScusSION AND FUTURE DIRECTIONS

U-Net provides the strongest overall segmentation, while AUNET remains close and
confirms the value of explicit gating. UNETR is weaker in Dice, sensitivity, and
boundary distance. This does not imply that transformers are generally inferior;
rather, self-attention appears more sensitive to data volume and training conditions,
whereas CNN inductive bias remains effective for local tumor boundaries.

Future work should use larger multi-institutional, multi-modal cohorts, stronger
pretraining/augmentation, repeated-split statistics, and external validation. Hybrid
CNN-transformer models may combine local boundary sensitivity with global
context; uncertainty, calibration, interpretability, robustness, and complete
multiclass sub-region evaluation should also be studied.
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