
BraTS Brain Tumor Segmentation with Transformer in U-Net

Yihang Jiao
University of Illinois Urbana-Champaign

610 East John Street, Champaign, IL 61820
yihangj3@illinois.edu

Abstract

In this project, I implement a unified and reproducible
2D BraTS-style pipeline that supports three model families
under a single entrypoint: (i) a classic U-Net baseline, (ii)
a configurable “flex” U-Net with controllable width, depth,
normalization, and residual blocks, and (iii) a TransUNet
variant with a ViT-based encoder [3] and convolutional de-
coder. The pipeline includes automatic cropping, slice in-
dexing to skip empty slices, class-weighted cross-entropy,
foreground-only Dice loss with warmup, optional mixed
precision, and checkpoints that store both weights and full
configuration metadata.

Experiments show that TransUNet achieves the best
overall foreground Dice in my setup, but a carefully tuned,
smaller U-Net remains competitive and easier to train.
Overall, the results suggest that preprocessing, sampling,
and loss design are at least as important as the choice of
backbone for BraTS-style brain tumor segmentation. Ac-
curate brain tumor segmentation from multi-modal MRI
is important for clinical workflows such as surgical plan-
ning and treatment monitoring. U-Net style convolutional
models remain strong baselines on BraTS-style data [1],
while hybrid CNN–Transformer architectures such as Tran-
sUNet [2] promise better global context modeling. In many
codebases, however, architecture changes are entangled
with preprocessing, cropping, and loss design, making it
hard to tell where the gains actually come from.

In this project, I implement a unified and reproducible
2D BraTS-style pipeline that supports three model families
under a single entrypoint: (i) a classic U-Net baseline, (ii)
a configurable “flex” U-Net with controllable width, depth,
normalization, and residual blocks, and (iii) a TransUNet
variant with a ViT-based encoder [3] and convolutional de-
coder. The pipeline includes automatic cropping, slice in-
dexing to skip empty slices, class-weighted cross-entropy,
foreground-only Dice loss with warmup, optional mixed
precision, and checkpoints that store both weights and full
configuration metadata.

Experiments show that TransUNet achieves the best

overall foreground Dice in my setup, but a carefully tuned,
smaller U-Net remains competitive and easier to train.
Overall, the results suggest that preprocessing, sampling,
and loss design are at least as important as the choice of
backbone for BraTS-style brain tumor segmentation.

1. Introduction
Brain tumor segmentation from magnetic resonance imag-
ing (MRI) is a long-standing and high-impact problem in
medical image analysis. Reliable delineation of tumor
subregions supports downstream decisions such as pre-
operative localization, radiotherapy planning, and longitu-
dinal monitoring. Manual voxel-wise annotation is expen-
sive and subject to inter-rater variability, so robust auto-
mated segmentation methods are highly desirable. Public
benchmarks such as the Brain Tumor Segmentation (BraTS)
challenges [5, 6] have standardized evaluation on multi-
modal MRI (T1, T1-CE, T2, FLAIR) and clinically mean-
ingful tumor labels, and they remain a common testbed for
new architectures and training strategies.

Convolutional encoder–decoder models with skip con-
nections, most notably U-Net [1], have become the de-
fault choice for medical image segmentation due to their
strong inductive bias for locality and multi-scale feature fu-
sion. More recently, transformer-based vision models have
demonstrated improved global context modeling, which is
potentially beneficial for lesions that are spatially sparse yet
semantically connected across larger anatomical regions.
TransUNet [2] is a representative hybrid approach that in-
tegrates a Vision Transformer (ViT) [3] encoder with a U-
Net-like decoder, aiming to combine global reasoning with
high-resolution spatial decoding.

In practice, it is often difficult to perform fair and con-
trolled comparisons between model families. Seemingly
minor implementation choices—how slices are sampled,
whether empty-background slices are included, how inten-
sities are normalized, how labels are remapped, and whether
cropping is applied—can change training dynamics and re-
ported metrics substantially. Likewise, loss design (class



weighting, Dice-based losses, warmup schedules) can dom-
inate performance differences if not held constant. As a
result, improvements are sometimes attributed to the back-
bone architecture when they may actually come from pre-
processing or optimization details.

To address this, I design a unified BraTS-style 2D
segmentation framework with the explicit goal of iso-
lating architectural effects under consistent data and
training settings. Concretely, I implement a single train-
ing entrypoint (src/unet v3.py) that can instantiate
and train: (i) a classic U-Net baseline with BatchNorm
double-convolution blocks, (ii) a configurable “flex” U-Net
with tunable base width, depth, normalization (Batch-
Norm/GroupNorm/InstanceNorm/LayerNorm/none),
optional residual blocks, and dropout, and (iii) a TransUNet
variant that supports hybrid ResNet50 [4] + ViT backbones
with a convolutional decoder.

The data pipeline includes (a) an automatic crop op-
timizer computed from non-zero tissue regions to reduce
wasted compute on background, (b) slice indexing that fil-
ters out empty slices and stores a foreground flag, and (c)
optional resizing and volume caching to trade off runtime
and memory. For optimization, I use class-weighted cross-
entropy to handle class imbalance and add a foreground-
only Dice loss term after a short warmup period for stability,
following common practice in medical segmentation [7].

A key design choice is reproducibility: each checkpoint
stores not only model weights, but also the model configu-
ration (architecture knobs) and crop coordinates used dur-
ing training, enabling evaluation scripts to reconstruct the
exact model without manual bookkeeping. With this con-
trolled setup, I can directly compare whether a ViT-based
encoder provides gains over a convolutional baseline, and I
can run systematic ablations over U-Net depth and normal-
ization while keeping the rest of the pipeline fixed.

In summary, this project contributes a clean, modular
baseline environment for brain MRI tumor segmentation
that supports fair comparisons across U-Net and TransUNet
families. Beyond producing competitive results, the main
value is enabling transparent debugging and experimenta-
tion: when performance changes, I can trace the change to
a specific knob in the model, loss, or data pipeline rather
than a bundle of confounded modifications.

2. Approach
2.1. Dataset
BraTS-style multi-modal brain MRI. Each subject con-
tains 4 MRI modalities (flair, t1, t1ce, t2) and a tu-
mor segmentation mask. I treat every subject as a 3D vol-
ume, and I train my models in a 2D slice-based setup.
For one axial slice, the input and label are:

x ∈ R4×H×W , y ∈ {0, 1, 2, 3}H×W .

The original BraTS label “4” is remapped to “3” in my
loader so the final number of classes stays C = 4.

Slice-level dataset construction. I first filter out invalid
subjects (must have all 4 modalities + seg). Then for each
subject I enumerate slice index z and keep only slices that
contain non-zero brain signal (quick check using flair).
At indexing time I also store a foreground flag:

has fg(z) = I
[
∃(i, j) yij(z) > 0

]
,

which I later use for foreground oversampling during train-
ing.

Global crop for speed (computed once). To reduce
empty background and speed up training, I compute a single
crop box from non-zero voxels across subjects/modalities:

(xmin, xmax, ymin, ymax).

If a stable crop cannot be found (e.g., all-zero or degenerate
bounds), cropping is disabled automatically.

Per-slice normalization and optional non-linear inten-
sity processing. For each modality slice s, I apply per-
slice z-score normalization:

ŝ =
s− µ(s)

σ(s) + ϵ
.

Optionally, I apply a non-linear intensity mapping
(Img proc) that combines log/exponential style trans-
forms and a final normalization to [0, 1]. I used this mainly
to test whether the model benefits from stronger contrast
normalization.

Input resizing (only when needed). For models requir-
ing fixed input size (TransUNet), I resize each sample to a
target resolution S × S:

x← Resizebilinear(x), y ← Resizenearest(y),

where nearest-neighbor is required for label masks.

Data split. I use a fixed random seed and split the slice
dataset into train/validation by a fixed validation ratio (de-
fault 10%), so different model variants are compared under
the same splitting rule.

2.2. Model architectures
2.2.1. Original U-Net baseline
I keep a standard U-Net [1] as a strong CNN baseline. It
takes a 4-channel slice and predicts 4-class logits per pixel.



Input (4×H×W)
↓

Encoder: 4 down stages (ConvBlocks
+ MaxPool)

↓
Bottleneck

↓
Decoder: 4 up stages (Upsample
+ skip concat
+ ConvBlocks)

↓
Output: 1×1 Conv → (4×H×W) logits

This baseline helps me verify that preprocessing / loss
changes are real improvements, not only architecture tricks.

2.2.2. Flexible U-Net (UNetFlexible)
I implemented a configurable U-Net where I can control:
• Depth: number of down/up stages.
• Base channels: width multiplier at the first stage.
• Normalization: BatchNorm / GroupNorm / Instan-

ceNorm / LN-trick (GN(1)) / none.
• Upsampling: bilinear upsampling vs transposed convo-

lution.
• Residual ConvBlocks: optional residual connection in-

side ConvBlock (only when channels match).
In most runs I used GroupNorm since batch size can be ef-
fectively small (especially for heavy models or when using
accumulation). This model is my main sandbox for testing
preprocessing and loss improvements because it trains fast
and stable.

Input (4×H×W)
↓

Stem ConvBlock(base)
↓

DownBlocks × depth-1
(channels double each stage)

↓
Bottleneck ConvBlock(2× last_ch)

↓
UpBlocks × depth-1
(skip concat at each scale)

↓
Output head: 1×1 Conv → (4×H×W) logits

2.2.3. TransUNet baseline and my modified TransUNet
I use a ResNet50 + ViT hybrid TransUNet (R50-ViT-B 16)
as the transformer-based baseline [2–4]. Because MRI input
is 4-channel but the pretrained backbone expects 3-channel,
I add a learnable 1× 1 projection:

x̃ = Conv1×1(x), x ∈ R4×H×W , x̃ ∈ R3×H×W .

I also ensure the patch grid is consistent with the runtime
image size for the hybrid encoder case.

4-ch slice
x ∈ R4×H×W

Crop + z-score
(+ Img proc)

Resize
(S × S)

1× 1 Conv
4 → 3

ResNet50
hybrid encoder

ViT encoder
(MHSA layers)

DecoderCup
(upsample + skips)

Optional:
skip refinement
(light MHSA)

Seg head
(conv)

Logits
z ∈ R4×H×W

Figure 1. TransUNet pipeline used in my experiments. The dashed
module is my decoder-side skip refinement variant.

Decoder-side modification: skip refinement. In my
modified TransUNet, I optionally refine one skip feature
map using a lightweight transformer block before concate-
nation. Given a skip tensor s ∈ RB×C×h×w, I flatten to
tokens and apply MHSA+MLP, then reshape back:

s→ tokens(s)→ MHSA→ MLP→ s′.

This is a small change but it helps me test whether “cleaner
skip information” improves tumor boundary prediction.

2.3. Training setup

2.3.1. Loss Function
I train using multi-class Cross-Entropy plus a foreground
Dice term.

Cross-Entropy. Given logits z ∈ RB×C×H×W and la-
bels y ∈ {0, . . . , C − 1}B×H×W :

LCE = − 1

N

N∑
n=1

log p
(
yn | zn

)
,

and I optionally use class weights to reduce background
dominance.

Foreground Dice with “present-class” masking. Naive
Dice can be inflated when a class is absent in a batch. So
I compute Dice only over foreground classes that actually
appear in the ground-truth batch. Let foreground classes be
k ∈ {1, 2, 3}. With one-hot masks tk and predicted proba-
bilities pk:

Dicek =
2
∑

pktk + ϵ∑
pk +

∑
tk + ϵ

, mk = I
[∑

tk > 0
]
,

LDice = 1−
∑

k mk ·Dicek∑
k mk + ϵ

.

Dice warmup. To avoid unstable early training, I warm
up the Dice weight for the first few epochs:

L = LCE + λ(e) · LDice, λ(e) =

{
0, e ≤ ewarm

λ, e > ewarm.



(a) Foreground Dice vs. epoch (b) mean CE vs. epoch
Figure 2. Validation foreground Dice and mean cross-entropy over
epochs for the main model variants.

2.3.2. Optimization and training tricks
• Optimizer: Adam [8] (with small weight decay). Learn-

ing rate is a key tuning knob (default 10−5 in my script).
• Mixed precision (AMP): I use
torch.amp.autocast + GradScaler to re-
duce memory and speed up training.

• Gradient accumulation: when GPU memory is tight, I
accumulate gradients over multiple steps so the effective
batch size increases.

• Foreground slice oversampling: using
WeightedRandomSampler, I give foreground
slices a larger sampling weight (e.g., α = 5.0) so the
model sees tumor slices more frequently.

• Multi-GPU support: if multiple GPUs are available, I
run data-parallel training.

Checkpointing and experiment tracking. Each run
stores model configuration metadata (architecture settings
+ training knobs) together with the checkpoint, so later I
can reproduce the exact setup. I also use a run identifier de-
rived from the configuration (and git SHA if available) to
avoid overwriting different experiments.

2.4. Evaluation metrics
I report foreground Dice on the validation set as my main
metric, consistent with the training Dice definition:
• compute argmax prediction,
• one-hot encode prediction and ground-truth,
• drop background channel,
• compute present-class Dice over classes 1/2/3 and aver-

age.
In the Results section, I summarize all model variants in a
single table with the same split rule and metric, so compar-
isons are clean.

2.5. Quantitative comparison
Key observations.
1. Flexible U-Net vs. original U-Net. Simply increas-

ing depth and switching to GroupNorm without chang-
ing the loss hurt performance (“norm+depth only” row).

(a) Dice (class 1) (b) Dice (class 2)

(c) Dice (class 3)
(d) FG Dice stored in

checkpoints

Figure 3. Class-wise validation Dice and checkpoint-level fore-
ground Dice over training epochs.

Table 1. Summary of my best checkpoints on the BraTS validation
slices. Foreground (FG) Dice is averaged over labels 1–3 and only
over slices where the class is present (see Sec. 2).

Method Input res. mean CE ↓ FG Dice ↑ (Dice1, Dice2, Dice3)

Original U-Net crop 0.0437 0.7326 (0.6826, 0.6800, 0.8351)
Flex U-Net (norm+depth only) crop 0.3850 0.6323 (0.5395, 0.6475, 0.7100)
Flex U-Net (loss improved) crop 0.1952 0.7033 (0.6048, 0.7100, 0.7952)
TransUNet baseline 3202 0.0455 0.7575 (0.6750, 0.7652, 0.8322)
TransUNet (decoder + aug) 2242 0.0411 0.7347 (0.6493, 0.7455, 0.8094)

After adding the foreground-only Dice loss and class-
balancing tricks (“loss improved”), the flexible U-Net
recovered much of the gap and produced higher Dice for
tumor subregions (labels 2 and 3).

2. TransUNet achieves the best overall Dice. The
ResNet+ViT TransUNet baseline obtains the highest FG
Dice (0.7575), confirming that global self-attention is
helpful for long-range tumor structure.

3. Decoder modifications trade Dice for CE. My
decoder-side skip refinement and stronger augmentation
slightly reduce mean CE but also reduce FG Dice. This
suggests that the modified model is better calibrated on
average yet more conservative on small lesions, which
hurts the Dice score on rare classes.

4. Class imbalance remains challenging. All methods
perform best on the largest structure (label 3), while la-
bel 1 is consistently the hardest to segment. This aligns
with the heavy foreground/background skew in BraTS
slices.



3. Discussion
3.1. Analysis of results
TransUNet vs. U-Net variants. As summarized in Tab. 1,
the strongest overall foreground Dice was obtained by
the TransUNet baseline (“jobA”) with 0.7575 FG Dice,
about +2.5 points over the original U-Net (0.7326) and
+5.4 points over my best Flex U-Net with improved loss
(0.7033). This suggests that even without external pre-
training, the hybrid ResNet–ViT encoder is able to leverage
global context better than the purely convolutional models
in this 2D slice setting.

However, the gain is not uniform across classes. From
the class-wise Dice in Tab. 1, I see that:
• For the “core” classes (labels 1 and 3), the original U-Net

is surprisingly competitive or even slightly better (e.g.,
Dice3 = 0.8351 vs. 0.8322 for TransUNet).

• The largest improvement from TransUNet is on label 2
(Dice2 = 0.7652 vs. 0.6800 for the original U-Net),
which corresponds to more spatially extended regions
where long-range context is likely more helpful.

So the Transformer-style global reasoning mainly helps
with the more diffuse tumor subregion, while tight local
structures are already handled well by a carefully tuned U-
Net.

Effect of “Flex U-Net” and loss improvements. The
Flex U-Net with only depth + GroupNorm changes
(“norm+depth”) performed worse than the original baseline
(FG Dice 0.6323 vs. 0.7326), despite having more capacity.
This indicates that simply making the network deeper and
swapping BatchNorm for GroupNorm is not enough: with-
out matching the optimization and loss to the new archi-
tecture, training can get stuck in a suboptimal regime (high
cross-entropy of 0.3850).

After I reworked the training objective and sampler—
using a combination of cross-entropy and foreground-
only Dice loss, a short Dice warm-up, and oversampling
slices with tumor—the same Flex architecture improved by
roughly +7 Dice points (to 0.7033) and reduced mean CE
by about 0.19. This shows that, in my setting, loss design
and data sampling were at least as important as the exact
U-Net variant. I also learned that computing Dice only on
present classes (labels 1–3 that actually appear in the current
batch) is more informative than including empty classes,
which can artificially inflate Dice.

Decoder modifications and augmentation on Tran-
sUNet. My modified TransUNet with the skip-refinement
block and stronger data augmentation (input size 224×224)
slightly improved cross-entropy (from 0.0455 to 0.0411)
but reduced FG Dice (from 0.7575 to 0.7347). One pos-
sible explanation is that the stronger augmentations plus

the smaller input resolution encouraged the model to be
more conservative around boundaries: logits are calibrated
(lower CE) but segmentation masks become slightly over-
smoothed, which hurts Dice. The light Transformer block
on the decoder-side skips did not clearly help in this small-
data setting; with only a few hundred effective training
slices, it is easy to over-parameterize the decoder.

Overall, the main lessons I took from results are:
1. Architectural changes alone (deeper U-Net, extra Trans-

former on skips) can hurt if not paired with a compatible
loss, sampling strategy, and resolution.

2. The biggest quality jump came from better training
objectives and preprocessing (crop + normalization +
Img proc), not from model size alone.

3. Hybrid CNN–Transformer models do bring benefits, but
in my experiments the gains were modest and concen-
trated on one tumor subregion.

3.2. Challenges and limitations
Limited 2D supervision from 3D volumes. Even though
the BraTS dataset contains 3D volumes, my pipeline oper-
ates on individual 2D slices. After cropping to the brain
and discarding empty slices, each model effectively sees
a few thousand supervised slices, which is not large for a
100M-parameter network. This likely limits how much the
Transformer can exploit global long-range structure along
the through-plane dimension.

Training stability and hyperparameter search. Getting
stable training for TransUNet from scratch was non-trivial.
I had to tune the learning rate, batch size, and gradient accu-
mulation carefully to avoid divergence or collapsing Dice.
Due to GPU memory and time constraints, I could not ex-
plore a large hyperparameter grid (e.g., alternative optimiz-
ers, different warm-up lengths, or more aggressive regular-
ization), so the reported checkpoints may not be globally
optimal. Also, my epochs have to be within 15 epochs.

Evaluation choices. My evaluation focuses on fore-
ground Dice over the three tumor labels using argmax pre-
dictions. I did not perform extensive post-processing (e.g.,
connected-component filtering or small-region removal),
nor did I apply 3D consistency constraints. As a result,
the reported Dice reflects the raw model output and may
be slightly pessimistic compared to a fully polished BraTS
pipeline that includes volumetric post-processing and en-
sembling.

3.3. Possible improvements and future work
This project was primarily about understanding how differ-
ent architectural and training choices affect brain tumor seg-
mentation quality. Based on the experiments, a few promis-
ing directions emerged:



• Use pretrained backbones. All my TransUNet runs
were effectively trained from scratch. Initializing the
ResNet and ViT parts from ImageNet or a medical-
pretraining checkpoint would likely improve both conver-
gence speed and final Dice, and might reduce the need for
heavy decoder-side tricks.

• Move to 3D or 2.5D context. Extending the models to
operate on short 3D slabs (or multi-slice 2.5D inputs)
could help in distinguishing tumor from normal tissue
when contrast is ambiguous in a single slice. The cur-
rent 2D formulation ignores useful context along the axial
axis.

• Better class-imbalanced losses. Although the present-
only Dice already helps, there is still a noticeable gap
between classes: label 1 remains the hardest, and Dice1
never exceeds about 0.68 even for the best model. Ex-
ploring boundary-aware losses, focal variants of Dice/CE,
or explicit small-region weighting may improve perfor-
mance on the rare but clinically important subregions.

• Calibrated thresholds and post-processing. For
deployment-style use, I would like to treat logits as cal-
ibrated probabilities and then tune class-specific thresh-
olds and 3D post-processing to optimize clinical metrics
(e.g., sensitivity on enhancing tumor) instead of raw per-
slice Dice only.

• More systematic ablations. Due to time, I only ran a few
hand-picked combinations of depth, normalization, and
loss settings. A more systematic ablation (e.g., chang-
ing one factor at a time with fixed training budget) would
help disentangle which part of the pipeline actually drives
improvements.

4. Statement of Individual Contributions
This project was completed entirely by myself. My main
contributions include:
• Dataset preparation and preprocessing: Implementing

the BraTS-style 2D slice extraction pipeline, foreground-
based cropping, per-slice normalization, and optional in-
tensity processing.

• Model implementations: Implementing the original U-
Net baseline, the configurable “flex” U-Net, and the Tran-
sUNet variant with 4-channel MRI input and decoder-side
skip refinement.

• Training infrastructure: Building the training loop with
mixed precision, gradient accumulation, foreground over-
sampling, and checkpointing of both weights and config-
uration metadata.

• Evaluation pipeline: Implementing the foreground-only
Dice metric and evaluation scripts that reconstruct models
from checkpoints and generate the plots and tables in this
report.

• Experiment design and analysis: Designing all experi-
ments, running the training runs, and analyzing the quan-

titative and qualitative results presented in the paper.

5. Conclusion
Across my experiments, I found that the “engineering”
around the model—how I crop, normalize, design the loss,
and sample slices—has as much impact as the choice
of backbone. A naive attempt to make U-Net deeper
with GroupNorm actually hurt performance, but combin-
ing foreground-only Dice, class balancing, and foreground
oversampling brought the flexible U-Net back to a strong
regime (FG Dice ≈ 0.70) without changing the core archi-
tecture.

On the architecture side, the ResNet+ViT TransUNet
baseline achieves the best overall foreground Dice in my
setup, confirming that global self-attention is useful for cap-
turing long-range tumor structure. However, a well-tuned,
much smaller U-Net remains competitive and much easier
to train, which is important for medical imaging projects
with limited data and compute. My decoder-side Tran-
sUNet refinements slightly improve mean cross-entropy but
trade off some Dice, suggesting that better calibration does
not always translate into better overlap on small, rare struc-
tures.

Overall, the main lesson is that careful preprocessing and
loss design are prerequisites for fair architecture compari-
son. Given a solid 2D slice pipeline with crop, per-slice
normalization, and present-class Dice, both CNN and hy-
brid transformer models can reach good BraTS-style perfor-
mance, but transformers only provide a clear margin when
I am willing to pay the extra training cost.
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Table 2. Validation metrics for the last five epochs of each model variant (rows within each block are ordered from older to newer
checkpoints).

mean CE ↓ FG Dice ↑ Dice1 Dice2 Dice3

Original U-Net baseline
0.0474 0.6951 0.6118 0.6603 0.8133
0.0543 0.7067 0.6519 0.6372 0.8309
0.0406 0.7296 0.6686 0.7064 0.8139
0.0399 0.7131 0.5968 0.7018 0.8408
0.0437 0.7326 0.6826 0.6800 0.8351

Flex U-Net (norm+depth)
0.5516 0.5883 0.4762 0.6245 0.6641
0.5084 0.5931 0.5120 0.6293 0.6380
0.4659 0.6093 0.4750 0.6487 0.7041
0.4262 0.6270 0.5212 0.6506 0.7091
0.3850 0.6323 0.5395 0.6475 0.7100

Flex U-Net (loss improved)
0.3474 0.6336 0.5362 0.6437 0.7208
0.2660 0.6934 0.5951 0.6949 0.7900
0.2381 0.6974 0.5862 0.7122 0.7938
0.2157 0.6971 0.5884 0.7097 0.7932
0.1952 0.7033 0.6048 0.7100 0.7952

TransUNet baseline (jobA, 320× 320)
0.0465 0.7535 0.6745 0.7537 0.8321
0.0475 0.7515 0.6588 0.7612 0.8345
0.0455 0.7463 0.6654 0.7514 0.8222
0.0455 0.7575 0.6750 0.7652 0.8322
0.0472 0.7548 0.6697 0.7639 0.8310

TransUNet (modified decoder + aug, 224× 224)
0.0455 0.7265 0.6591 0.7037 0.8168
0.0437 0.7200 0.6288 0.7234 0.8078
0.0411 0.7347 0.6493 0.7455 0.8094
0.0553 0.7167 0.6548 0.6874 0.8077
0.0579 0.7242 0.6393 0.7295 0.8038
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