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Abstract

Accurate brain tumour segmentation from multimodal MRI is critical for diagnosis
and treatment planning. While recent approaches have explored explicit fusion modules
to integrate complementary information across modalities, the relative effectiveness of
different fusion strategies, especially between decoupled and joint training, remains un-
clear. This work provides a systematic comparison of three architectural paradigms: seg-
mentation model without fusion module using UNet, decoupled fusion with sequential
training stages, and joint optimisation with combined segmentation and fusion objectives.
Our empirical evaluation reveals that neither fusion approach consistently outperforms
the baseline UNet, with decoupled training showing marginal improvements on certain
tumour regions while joint optimisation with dynamic loss weighting fails to converge
effectively. These findings suggest that incorporating explicit fusion modules does not
guarantee improved segmentation performance, and that the design of joint training ob-
jectives for multi-modal medical image analysis requires careful consideration of loss
balancing and optimisation dynamics.

1 Introduction

Accurate segmentation of brain tumours from multimodal Magnetic Resonance Imaging
(MRI) is critical for treatment planning, surgical guidance, and monitoring disease pro-
gression. However, manual delineation of tumour regions is time-consuming and subject
to inter-observer variability, motivating the development of automated segmentation meth-
ods. Clinical MRI protocols typically acquire multiple complementary modalities, includ-
ing T1-weighted (T1), contrast-enhanced T1-weighted (T1-CE), T2-weighted (T2), and T2-
weighted Fluid-Attenuated Inversion Recovery (T2-FLAIR), each highlighting different tis-
sue properties and pathological features (see the left panel of Fig. 1). For instance, tumours
exhibit distinct contrast patterns in T1 sequences, while pathological changes such as edema
are more prominent in T2 sequences (see the right panel of Fig. 1). Effectively integrat-
ing information from these modalities is therefore essential for robust and reliable tumour
segmentation.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.



2 LI, ZHAO, ZHANG: BRAIN TUMOUR SEGMENTATION USING MULTIMODAL MRI

T1-CE

. . ’
S\~
bE :‘\h‘('

Sagittal plane T2-FLARE

Figure 1: MRI fundamentals for brain tumour segmentation. Left: The three standard
anatomical planes used in MRI acquisition (axial, coronal, and sagittal), corresponding to
the horizontal, frontal, and side views, respectively. Right: Four MRI modalities from the
BraTS-MEN dataset [17], illustrating complementary tissue contrasts: T1-weighted (T1),
contrast-enhanced T1-weighted (T1CE), T2-weighted (T2), and T2-FLAIR, each emphasiz-
ing different anatomical structures and pathological features.

T1-CE T2-FLARE Fused Image

Figure 2: Example of multimodal MRI fusion. T1-CE and T2-FLARE modalities are com-
bined to generate a fused image that preserves complementary information from both input
modalities for downstream segmentation.

Most existing medical image segmentation approaches concatenate multiple modalities
as multi-channel inputs to segmentation networks [10, 21]. In contrast, recent task-driven
fusion methods adopt either decoupled training [5] or joint optimisation strategies [11]. The
latter typically employ explicit fusion modules that combine complementary modalities into
a unified representation before segmentation, as shown in Fig. 2. However, these fusion
strategies have not been systematically compared under controlled experimental settings, and
it remains unclear whether explicit fusion modules offer tangible advantages over standard
concatenation for brain tumour segmentation.

In this work, we conduct a systematic comparison of three architectural strategies for
multimodal brain tumour segmentation using the BraTS-MEN 2023 dataset [17] (Fig. 3): (1)
baseline UNet with concatenated inputs, (2) decoupled fusion with separate training stages,
and (3) joint optimisation with combined loss £ = Lgeq + AL fysion. We evaluate perfor-
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mance using Dice scores across three tumour regions: enhanced tumour (ET), tumour core
(TC), and whole tumour (WT), providing empirical evidence for fusion architecture design
decisions in medical image segmentation.
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Figure 3: Three architectural strategies compared in this study: (a) segmentation model
without fusion module, (b) decoupled fusion, and (c) joint optimisation.

2 Related work

2.1 Image Fusion

Image fusion [19, 26] aims to fuse complementary visual information present in different
image modalities into a single image, thereby achieving visual information fusion. Vari-
ous deep learning-based methods have been proposed in recent years, such as CNN-based
methods [15], autoencoder-based methods [8], GAN-based methods [13], transformer-based
methods [18], and diffusion model-based methods [22]. Common image fusion applications
include visible-infrared image fusion [27, 28], multi-focus image fusion [25], multi-exposure
image fusion [24], and multimodal medical image fusion [1]. Image fusion plays a cru-
cial role in various fields, including computer vision, surveillance, autonomous driving, and
robotics. In particular, task-driven image fusion has attracted increasing attention in recent
years, especially in visible—infrared image fusion.
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2.2 Medical image fusion

Medical image fusion models have gained significant attention in recent years. Methods
such as EMFusion [20], TFS-Diff [7], and SIMFusion [23] focus on optimising the quality
of fused images with respect to traditional image fusion metrics, including peak signal-to-
noise ratio (PSNR) and visual information fidelity (VIF). Notably, SIMFusion employs a pre-
trained segmentation module to guide the fusion process, achieving improved performance
in terms of PSNR and VIF.

However, these methods optimise image fusion quality independently from downstream
clinical tasks, which may not guarantee optimal output for subsequent analysis such as seg-
mentation. This motivated task-driven fusion frameworks for medical images that jointly
optimise downstream task performance and image quality, rather than relying solely on in-
termediate image-quality metrics.

2.3 Medical image segmentation

Medical image segmentation has been extensively studied using deep learning models that
rely solely on segmentation networks without incorporating fusion modules [14, 23]. In con-
trast, an emerging research direction integrates fusion as a learnable component optimised
jointly for fused-image quality and downstream segmentation performance. These task-
driven approaches combine segmentation-specific losses (Dice, cross-entropy) with image-
quality objectives, rather than optimising for either in isolation. Notable methods include
GAN-based fusion frameworks [3, 12], the sequential approach Fuse4Seg [5], which opti-
mises fusion and segmentation modules in separate stages, and the joint optimisation frame-
work SF-Net [11].

3 Method

This work compares three segmentation strategies for multimodal brain tumour segmenta-
tion, as illustrated in Fig. 3: (A) baseline segmentation without explicit fusion, (B) decoupled
fusion with sequential training, and (C) joint optimisation combining fusion and segmenta-
tion objectives. All three architectures are evaluated to determine the most effective approach
for integrating multimodal MRI information. Architectures B and C employ LRRNet [9] as
the fusion module and UNet [16] as the segmentation module, which are described below.
The UNet is also utilized in Architecture A.

3.1 Fusion Module

The fusion module we used in architecture B and C is LRRNet [9], which employs two par-
allel LISTA [4] algorithms to extract sparse features S and low-rank features L from each
input modality x. Each LISTA algorithm performs iterative soft-thresholding over K itera-
tions, updating features via Z*&+1) = n;; (1,.2*) +WI(x—w,z (5)), Ag), where the step size A.
and thresholding parameter Ag are learned through backpropagation, enabling much faster
convergence than traditional ISTA where A;,Ag are fixed hyperparameters. The extracted
features S1,S2, L1, L, from both modalities are then fused into S¢ and Ly, producing the final
fused image Iy = Sy +Ly.
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3.2 Segmentation Module

The segmentation module we used in architecture A, B and C is a standard UNet [16] with 3
input channels (T1-CE, T2-FLAIR, and fused image) and a 4-class output. Class O represents
background, while classes 1, 2, and 3 correspond to specific tumour regions: necrotic tumour
core (NCR), peritumoral edema (ED), and enhancing tumour (ET), respectively [17]. Both
the encoder and decoder consist of two stages, where each stage comprises a double convolu-
tion block applying two consecutive 3 x 3 convolutions with ReL U activations, followed by
max-pooling (encoder) or transposed convolution (decoder). Skip connections concatenate
encoder and decoder features at corresponding spatial resolutions.

3.3 Loss Function
3.3.1 Fusion Loss

For fusion loss, we adopt the multi-level perceptual loss function from LRRNet, which com-
bines pixel-level and feature-level objectives extracted from a pre-trained VGG-16 network:

‘Cfusion =N ‘cpixel + ’VZEA‘hullow + Emiddle + y4£cleep7 (1)
where the pixel-level term £ ;v = ||[I; — I2||* preserves detail information from T2-FLAIR,
while shallow, middle, and deep feature losses Lgnaiiows Lmiddies Ldeep compare VGG fea-
tures at different network depths to balance contributions from both modalities. We refer
readers to LRRNet [9] for the complete formulation. Hyperparameter values are provided in
Section 4.2.

3.3.2 Segmentation Loss
The segmentation loss combines cross-entropy and Dice loss:

»Cseg = »CCE + »CDicev )
where Lcg applies class weights, and Lp;.. directly optimises the Dice coefficient used for
evaluation.

3.3.3 Joint Optimisation
For joint training, the combined objective is:

»Ctotal = )Lfﬁfuxion + }Ls»cseg» 3)

where Ay and A, balance fusion quality and segmentation accuracy. For decoupled training,
the fusion module is pre-trained using only L fysion, then fixed during segmentation training
with Lyeg.

4 Experiments

4.1 Dataset and Evaluation Metrics

We train our model on BraTS-MEN 2023 dataset (Brain Tumour Segmentation-Meningioma
Challenge) [17], totaling 1,000 patient cases. Each case includes four MRI modalities (T1,
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Table 1: Dice score comparison across tumour regions. Rows 1-2: A and B. Rows 3-10:
joint training (C) with dynamic weighting (row 3), static weighting variations (rows 4-9),
and segmentation-only ablation (row 10). Rows 11-12: state-of-the-art methods on the same
dataset for reference.

Dice (%) Lesion-wise Dice (%)
Method ET TC WT ET TC WT
Baseline UNet 7798 77.69 72.44 - - -
LRRNet then UNet 65.15 75.61 7590 75770 7541 64.74
dynamic Ag, A 29.55 27.52 2373 24.19 21.11 11.84

Ar=5x10"72A=1 2116 1939 19.84 17.19 1569 12.06
Ar=1x 10794, =1 49.17 4875 3787 4576 4501 28.40
Ar=5x 10794 =1 5853 5790 3260 54.87 53.82 24.49
Ar=1x107,A4 =1 5563 5136 44.85 5220 46.88 35.82
Ar=5x107A4=1 7173 6993 6090 67.77 66.16 52.26
Ar=1x 10744, =1 4955 4378 37.84 44.13 3799 26.58

L= Ly 50.70 48.06 30.49 4745 4397 21.35
STU-Net [6] - - - 86.98 87.86 84.46
Ensemble model [2] - - - 87.6 867 849

T1-CE, T2, T2-FLAIR) and a ground truth segmentation mask. Images are 240 x 240 pixels
with 155 slices per modality. Wwe use only the central 10 slices (72-81) where tumours are
most prevalent to train the model. The dataset was split into 80% training, 10% validation,
and 10% test sets.

We evaluate segmentation performance using four standard metrics: Dice score, HD95
(95th percentile Hausdorff Distance), and their lesion-wise variants. Lesion-wise Dice and
HD95 are defined as:

. R YL | Dice(I;)
Lesion-wise Dice = : , 4
[TP| + [EN]| + [P @
L
~ 1 HDos (1;
Lesion-wise HDg5 = Li HDos (1) 5)

|TP|+ [FN| + |FP|’

where L is the number of ground truth lesions and (true positive (TP) + false negative (FN))
is equal to L. A ground truth lesion is counted as TP if at least 1 predicted pixel overlaps
with that ground truth lesion’s mask, and is counted as FN if the model predicts zero pixels
within that ground truth lesion’s mask.

4.2 TImplementation Details

Fusion loss hyperparameters were set to y; = 10, y» = 1.5, and ¥4 = 2000. Cross-entropy
class weights were set to [0.5,2.0,5.0,4.0] for classes 0 to 3. Training employed Adam
optimiser with batch size 4 and early stopping (patience 5). For sequential training, UNet
used learning rate 10”3 while LRRNet used 10~*. For joint training, both modules used
learning rate 10~*. Models were trained for up to 50 epochs, with early stopping applied
based on validation Dice score.
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For joint optimisation, we explored fixed and dynamic weights for balancing fusion
and segmentation objectives. The fixed weight evaluated are Ay € {5 x 10771 x107%,5 x
10761 x 1072,5 x 1073,1 x 107%} with A, = 1. The dynamic weight approach adjusts
weights each epoch defined by:

neexp(rg/T)
Ap= . Ag=1-21 (6)
77 nyexp(ry/T) +nyexp(rs/T) !

where rp = E(f[lzsi on/ ngl;lo)n measures the relative change in fusion loss between consecutive

epochs, with 11y = 1y = 1.0 and T = 1.0. All models were implemented in PyTorch, with
training on a single NVIDIA A100 GPU (40GB).

4.3 Results

Performance across different model architectures and weighting schemes for joint fusion is
summarised in Tables 1 and 2. The baseline UNet (A) achieved robust performance; the
decoupled approach (B) demonstrated modest improvement on the WT region but yielded
no significant overall gains. Among joint training (C) configurations, the dynamic weighting
scheme underperformed relative to baseline, while the static weighting showed improve-
ments. Segmentation visual results is shown in Fig. 4, in which the static weighting also
showed closer segmentation prediction compared to ground truth.

These results contradict our initial hypothesis that joint training would improve segmen-
tation performance. Our findings diverge notably from SF-Net [11], which employs a com-
parable joint training strategy and achieves SOTA performance on brain MRI segmentation
using the same dataset. We hypothesize that this discrepancy may stem from several fac-
tors: (1) architectural incompatibilities between our fusion and segmentation modules, or (2)
training instabilities that were not effectively mitigated in our implementation.

Table 2: HD95 comparison across tumour regions

HD95 (mm) Lesion-wise HD95 (mm)
Method ET TC WT ET TC WT
Baseline UNet 7798 T77.69 72.44 - - -
dynamic A, A, 17.98 21.21 4425 248.86 259.80 294.88

Ar=5x 10774 =1 1172 1682 2340 161.54 193.76 212.74
Ar=1x 104, =1 3541 3882 42.80 279.05 282.98 304.45
Ar=5x 1004, =1 559 594 2479 14256 14598 249.96
Ar=1x 1054 =1 1735 992 19.58 15344 170.55 212.52
Ar=5x 1054, =1 484 698 13.72 10139 106.75 156.89
Ap=1x 107% 4 =1 994 1635 2479 18375 202.80 244.11

L= Lyeg 6.46 8.96 2926 169.89 182.03 266.48
STU-Net [6] - - - 33.45 29.88 41.20
Ensemble model [2] - - - 37.98 38.68 429

However, SF-Net’s strong performance on the identical dataset demonstrates that joint
training remains a viable approach when carefully designed. In contrast, architectures A and
B provide more stable and predictable performance. Future work should investigate more
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appropriate weighting strategies, alternative fusion mechanisms, and training stabilisation
techniques to bridge the performance gap between our approach and SOTA joint training
methods.

T1-CE T2-FLARE Fused Image

3 Channels Seg

2 Channels Seg Ground Truth

(a)

T2-FLARE Dynamic Weight Static Weight Abalation Ground Truth

Figure 4: Qualitative segmentation results comparing different approaches. (a) Baseline
comparison showing input modalities (T1CE, T2-FLAIR), LRRNet fusion output (fused im-
ages), joint model prediction, baseline UNet prediction, and ground truth. (b) Joint training
variants showing fragmented predictions across all loss configurations, with segmentation-
only ablation (£ = Ly,) showing partial improvement but still underperforming compared
to ground truth.

5 Conclusion

This study investigated the effectiveness of joint training for image fusion and segmentation
tasks using a combined LRRNet-UNet architecture. Our experimental results reveal several
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key insights into multi-task learning for medical image analysis.

The decoupled training strategy, where fusion and segmentation models were trained
sequentially, achieved Dice scores of 65.15%, 75.61%, and 75.90% for ET, TC, and WT re-
gions, respectively. In contrast, our best joint training configuration yielded 74.41%, 70.84%,
and 55.95% for the same regions. While the joint approach showed competitive performance
on ET regions, it underperformed on WT and TC segmentation, resulting in an overall infe-
rior performance compared to the decoupled strategy.

These findings suggest that simultaneous optimisation of fusion and segmentation ob-
jectives presents greater optimisation challenges than sequential single-objective optimisa-
tion. This outcome aligns with theoretical expectations: joint training introduces additional
complexity through dynamic weight parameters, effectively expanding the hyperparame-
ter search space and making convergence more difficult to achieve. The increased dimen-
sionality of the optimisation landscape, combined with the inherently non-convex nature of
segmentation loss functions such as Dice loss, compounds the difficulty in reaching global
optima.
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