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Abstract. Automated burn segmentation from color images remains
challenging due to tissue heterogeneity, ambiguous burn boundaries, and
limited pixel-level annotations. We propose UADA-MSPCNet, a semi-
supervised segmentation framework that improves annotation efficiency
and boundary delineation. The method integrates a dual-path cascaded
architecture that combines high-resolution spatial encoding with hier-
archical atrous contextual aggregation for joint structural and semantic
modeling. To leverage unlabeled data, we employ an uncertainty-aware
teacher-student module in which predictive uncertainty modulates con-
sistency supervision and cross-scale pseudo-label learning. In addition,
diffusion-generated burn images are introduced exclusively through the
teacher pathway, enriching feature exposure while avoiding synthetic bias
in student optimization. This teacher-side generative exposure improves
pseudo-label calibration under limited supervision. Experiments on the
EBIS dataset demonstrate consistent improvements over state-of-the-art
supervised and semi-supervised methods across multiple labeling set-
tings, achieving superior Dice scores and boundary accuracy. These re-
sults highlight the effectiveness of integrating cascaded contextual mod-
eling, uncertainty-aware consistency, and controlled generative augmen-
tation for reliable burn segmentation.

Keywords: Burns Segmentation - SSL - Uncertainty-aware- Diffusion
Augmentation - Cascade Network

1 Introduction and Background

Accurate delineation of burns from color images is essential for estimating total
burn surface area, guiding decision making, and monitoring therapeutic progres-
sion [3,2]. Despite recent advances in medical image segmentation, automated
burn analysis remains particularly challenging due to pronounced intra-class
variability, irregular morphology, diffuse injury margins, and illumination in-
consistencies [4]. These factors complicate boundary localization and increase
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ambiguity in pixel-wise classification. Moreover, expert annotation of burn re-
gions is labor-intensive and clinically demanding, resulting in limited availability
of high-quality labeled datasets [3].

Deep convolutional segmentation models have substantially improved dense
prediction through multi-scale representation learning. Encoder-decoder frame-
works such as U-Net and its derivatives preserve structural detail [16,11], while
atrous convolution and pyramid pooling approaches expand receptive fields to
capture global semantic context [22,6,7,5]. However, burns exhibit both fine-
grained boundary discontinuities and heterogeneous tissue patterns, requiring
simultaneous modeling of high-resolution structure and large-scale morphology.
Architectures that emphasize contextual aggregation often sacrifice boundary
precision, whereas spatially focused models lack sufficient semantic coverage.
Effectively balancing these complementary requirements remains an open chal-
lenge in burn segmentation. To mitigate annotation scarcity, semi-supervised
learning (SSL) has emerged as a practical paradigm for leveraging unlabeled
clinical data [20,24,21,14]. Teacher-student consistency frameworks, including
Mean Teacher and uncertainty-aware self-ensembling, improve label efficiency by
propagating pseudo-supervision under perturbation invariance [24]. Subsequent
extensions incorporate cross-branch consistency and confidence-based filtering to
suppress noisy pseudo-labels. While these approaches enhance supervision uti-
lization, pseudo-label reliability remains sensitive to ambiguous burn boundaries
and distributional variability, limiting performance under low-label regimes.

Generative modeling has emerged as a complementary approach for enriching
training data, with models such as GANs, VAEs, and diffusion models [10,15,9]
demonstrating the ability to synthesize anatomically plausible medical images.
Incorporating these samples into semi-supervised learning can enhance morpho-
logical diversity; however, directly using synthetic data in supervised optimiza-
tion may introduce artifacts and distributional bias. Leveraging generative vari-
ability while preserving pseudo-label reliability, therefore, remains an open chal-
lenge.

To address these challenges, we develop a unified semi-supervised segmen-
tation framework called UADA-MSPCNet. This Uncertainty-Aware Diffusion
Augmented Multi-scale Multi-Path Cascade Network jointly advances represen-
tation learning and supervision reliability when annotations are limited. Our
design is motivated by three observations: (1) accurate burn delineation requires
simultaneous modeling of fine boundary structure and heterogeneous tissue con-
text, (2) pseudo-label supervision must be calibrated to mitigate uncertainty in
ambiguous regions, and (3) generative variability can enhance representation di-
versity if introduced without inducing optimization bias. Synthetic samples are
therefore confined to the teacher pathway to refine pseudo-label formation while
preserving stable student learning. This coordinated design enables improved
utilization of unlabeled data while preserving boundary fidelity and supervision
robustness. Comprehensive evaluation on the Extended Burn Image Segmenta-
tion (EBIS) dataset [5] under multiple annotation regimes demonstrates that the
proposed framework consistently improves segmentation accuracy and boundary
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agreement, particularly in low-label settings. These findings underscore the im-
portance of coupling architectural representation capacity with calibrated semi-
supervised learning for clinically reliable burn segmentation.

2 Methodology

Let the labeled dataset be defined as Dy, = {(z, ;) }14, where z; € RFTXWx3
denotes RGB burn images and y; denotes pixel-wise burn annotations. We fur-

ther consider unlabeled samples Dy = {x; };VzUl and diffusion-generated synthetic
pairs Dg = {(z3V", y;") }5¢,. The objective is to learn a segmentation function
fo : * — ¢ that predicts dense burn probability maps. Figure 1 highlights the

overview of the proposed framework.

2.1 Dual-Path Multi-Scale Feature Encoding

To jointly capture fine boundary structures and large-scale contextual depen-
dencies, we employ a dual-path encoder consisting of a high-resolution spatial
stream and a dense cascade atrous contextual stream (MSPCNet).

(i) Spatial pathway. The spatial stream preserves boundary fidelity through
three 3 x 3 convolutional blocks (channels 64—96—128) with stride-2 down-
sampling in the first two blocks, producing features F, € RH/4xW/4x128 g
pathway explicitly maintains high-frequency structural cues critical for irregular
burn margins.

(ii) Contextual pathway. Semantic features are extracted using a ResNet-
101 backbone, yielding Fj, € RH/16xW/16x2048 ' A 1 » ] projection produces Fyy €
RHA/16xW/16x512 - Atrous convolution with dilation 7 is denoted as A, (F) =
Convgjg’“ (F). Unlike parallel ASPP or linear Dense ASPP expansions, we employ
a regulated cascaded formulation: F®) = A, (Concat(Fy, Fy, F(<%))), where
F, denotes image-level pooled features and F(<k) agoregates previous cascade
outputs, also with the dilation set {rk}izl = {3,6,12,18}, where k indexes the
cascade stage. Rather than relying on linear receptive-field accumulation, the
cascade progressively densifies contextual aggregation by allowing later atrous
layers to operate on semantically enriched intermediate representations. This
hierarchical staging mitigates sampling sparsity associated with large dilation
factors while preserving multi-scale contextual continuity, which is an important
property for heterogeneous burn morphology. All contextual outputs are fused:
F, = Convix1 (C’oncat(Fg, FO) p®) pG), F(4))), where F, € RH/16xW/16x512

(iii) Cross-path fusion. Spatial and contextual features are concatenated
as Frysion = Concat(Fj, F, 1), followed by convolutional refinement and upsam-
pling to produce the final burn probability map 5§ € R¥*W . While conceptually
related to bilateral networks [23], the proposed design prioritizes dense medical
boundary delineation over real-time efficiency, coupling high-resolution struc-
tural encoding with deeply cascaded semantic reasoning.
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Fig. 1. Overview of the proposed UADA-MSPCNet framework. The dual-path MSPC-
Net backbone is embedded within an uncertainty-aware teacher—student paradigm,
where diffusion-generated samples are introduced exclusively through the teacher path-
way for pseudo-label calibration.

2.2 Semi-supervised uncertainty-aware consistency learning.

The dual-path MSPCNet is first established as the core segmentation archi-
tecture and subsequently instantiated as both student (fy) and teacher (fy)
networks within a teacher—student semi-supervised framework. The teacher pa-
rameters are exclusively updated via an exponential moving average: €' <«
afd +(1—a)f, «=0.99. However, no gradient updates are applied directly to
teacher parameters.

Each training batch contains labeled samples Dy and real unlabeled sam-
ples Dy in a 1:3 ratio. Weak augmentations (flip, blur, color jitter) are applied
to teacher inputs, while strong augmentations (RandAugment, CutOut, elastic
deformation) are applied to student inputs to mitigate confirmation bias. Con-
sistency loss is enforced only on real unlabeled samples:

Leons = || fo(Ts(ww)) — for (Tw(xu))Hg (1)

where T, and T, denote strong and weak augmentations, respectively.

Predictive uncertainty is estimated via Monte Carlo dropout (rate 0.3, T = 8
passes), yielding variance u. Empirically, T' = 8 provides stable variance estima-
tion with negligible calibration gains beyond T > 12. The uncertainty-weighted
consistency loss becomes: Lycons = (1 — u) + Leons-

(i) Cross-scale pseudo supervision. To enforce structural agreement be-
tween spatial and contextual pathways, cross-scale pseudo supervision (CSPS)
is applied to unlabeled samples. Let P; and P. denote spatial and contex-
tual predictions. Pseudo-labels are obtained using temperature-scaled logits:

P = Softmax(ﬁ)7 7p = 0.5, which sharpens high-confidence predictions
and improves class separability. Supervision is restricted to confident regions
(6 =0.7) and defined as:

‘Ccsps = “A(maX(Pc) > 5) CEw(Psa gc) +W(maX(Ps) > 5) CEw(Pca gs)v (2)
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where y denotes the temperature-refined pseudo-labels and CE,, denotes Dice-
weighted cross-entropy. Confidence gating and uncertainty weighting suppress
unreliable regions, mitigating confirmation bias.

2.3 Diffusion-driven generative augmentation.

To enrich contextual diversity while preventing synthetic artifact propagation
to the student network, diffusion-based generative augmentation is incorporated
exclusively within the teacher pathway. Synthetic burn images are generated
using a mask-conditioned diffusion model [9] trained on the training split only,
with conditioning signals derived from burn mask geometry and severity priors.
Strict train/test partition is maintained to prevent data leakage, and the diffusion
model is trained exclusively on the EBIS training partition without pretraining
on external datasets. Given conditioning variable ¢ and noise vector z, synthetic
samples are generated as: Y™ ~ Gy(z,c).

During training, synthetic samples are forwarded through the teacher in a
forward-pass-only manner and the teacher parameters 6’ are updated solely
via a non-differentiable exponential moving average of student parameters 6
: 0 < af’ + (1 — a)f. The teacher network is maintained in training mode
with gradients disabled, allowing BatchNorm running statistics to update dur-
ing synthetic exposure while all weight parameters remain governed solely by
EMA. This design enables feature normalization statistics to adapt to genera-
tive morphological variability without introducing gradient-based optimization
on synthetic data. Synthetic exposure is maintained at a fixed 1:1 ratio with real
unlabeled samples per teacher batch. This exposure broadens contextual feature
representations learned by the teacher, leading to improved pseudo-label cali-
bration on real unlabeled data, which subsequently supervises student learning
via consistency optimization.

Training objective. The overall optimization integrates supervised learn-
ing and semi-supervised consistency with teacher-side generative regularization:
Liotat = Lsup + M Lycons + A2 Lesps. Weights follow ramp-up scheduling to stabi-
lize early training. During inference, segmentation is obtained through a single
forward pass of the student network: § = fp(x), with optional uncertainty esti-
mation derived from teacher—student variance.

3 Experimental Results and Discussion

We conduct all the experiments on the EBIS dataset [5], comprising burn im-
ages of 512 x 512 resolution with substantial variability in tissue appearance,
morphology, and illumination. The dataset includes 392 training and 208 test
images. To simulate realistic annotation constraints, semi-supervised evaluation
was performed under 5%, 10%, and 20% labeled settings, with the remaining
samples treated as unlabeled. Results are averaged across five random splits.
The framework is implemented in PyTorch using AdamW optimization for 100
epochs with polynomial learning-rate decay and a batch size of 8 on an NVIDIA
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RTX 2080 Ti GPU. Inference relies solely on the student network, ensuring de-
ployment efficiency. As diffusion exposure is restricted to the teacher pathway
during training, it does not introduce additional inference overhead during de-
ployment. Also, we reimplemented and evaluated all comparative methods under
identical training settings for fairness.

Table 1. Quantitative comparison with supervised and foundation-model baselines on
the EBIS test set [5].

Method Dice 1 IoU 1 MCC 1 HD95 |

DenseASPP [22] 67.3 +£0.41 52.94+0.44 62.5 +0.47 18.6 £ 0.36
AdapNet [18] 68.9+0.35 54.2 +0.45 63.2+0.33 16.9 £0.37
SegNet [1] 69.1 +0.48 54.5 £ 0.56 63.2 £0.45 16.8 + 0.52
BiSeNet [23] 69.9 +0.33 54.7 £0.41 64.4 £0.32 17.3+0.25
PSPNet [25] 70.6 +0.36 55.8 +0.42 65.3 +£0.38 16.7+£0.31
DeepLabV3 [6] 74.7£0.33 63.8 £0.37 69.7 £0.42 15.2+0.34
UNet [16] 74.9 £ 0.42 64.0 £0.31 70.4 £0.38 15.4+0.31
DeepLabV3+ [7] 75.8 £0.28 65.5 +0.35 72.5+0.23 14.3 +0.33
RefineNet [12] 76.2 £0.32 65.6 = 0.29 72.9+0.35 13.7+0.26
MSAC-SNet [4] 78.5 £ 0.29 68.3 +0.25 76.6 + 0.35 13.1+£0.33
nnUNet [11] 81.3 +0.29 75.6 £0.23 78.2+£0.31 12.2+0.35
BurnsNet [5] 84.7 +£0.31 73.9£0.36 80.4 £0.32 11.6 £ 0.26
HRNetV2 [19] 86.3 £ 0.32 78.8 £0.29 82.1£0.35 12.2 +0.27
MSPCNet 88.7 + 0.27 82.5 + 0.30 85.9 + 0.32 9.8 + 0.28

Under full supervision, Table 1, MSPCNet achieves the best performance
across all metrics, attaining Dice 88.7%, IoU 82.5%, MCC 85.9%, and HD95
9.8. Improvements are consistent relative to both task-specific architectures and
general-purpose segmentation frameworks, including BurnsNet [5], nnUNet [11],
and HRNetV2 [19]. Notably, the reduction in HD95 indicates improved bound-
ary localization rather than solely increased regional overlap, highlighting more
precise delineation of irregular burn margins. The simultaneous gains in overlap-
and distance-based metrics suggest effective integration of high-resolution spatial
encoding with multi-scale contextual aggregation.

Table 2 summarises the learning behavior under annotation scarcity. When
trained with labeled data alone, MSPCNet achieves only 41.1% Dice at 5% su-
pervision, reflecting the difficulty of burn segmentation with limited annotations.
Conventional semi-supervised methods improve performance to approximately
76.6% Dice under the same setting. Incorporating uncertainty-aware consistency
learning in MSPCNet improves the performance to 78.0% Dice while reducing
HD95, indicating improved pseudo-label reliability in ambiguous regions. Intro-
ducing teacher-side diffusion exposure yields additional gains, reaching 80.5%
Dice and reducing HD95 to 9.11 at 5% labeling. Similar improvements persist
at higher supervision levels, achieving 85.1% Dice at 10% and 88.9% Dice at
20%, approaching full-supervision performance. These results suggest that con-
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Table 2. Semi-supervised segmentation performance and comparison with state-of-
the-art SSL methods under varying labeled data ratios. (UA for Uncertainty-aware
and UADA for Uncertainty-aware Diffusion augmentation)

Method % Labeled (L/U)  Dice 1 IoU 1 MCC 1 HD95 |
MSPCNet 5% (20/0) 41.1£2.61 36.0%£254 378=£217 34.7£1.75
MSPCNet 10% (39/0) 53.7+2.99 475+£236 49.0+2.67 27.44+2.33
MSPCNet 20% (78/0) 59.0£2.03 52.7£1.78 552+1.84 26.38+1.83
MSPCNet 100% (392/0) 88.7 4+ 0.79 82.5 + 0.88 85.9 + 0.85 9.80 + 0.68
UA-MT [24] 5% (20/372) 73.2+1.42 66.3£138 684+1.30 19.18+1.11
DTC [13] 5% (20/372)  73.9+121 6544108 68.3+1.16 18.39+1.05
CPS [§] 5% (20/372) 73.6+0.98 66.5+1.04 67.8+0.94 18.01+0.93
UniMatch [21] 5% (20/372)  74.6+0.87 67.8+1.20 70.1+1.05 17.32+0.84
IPixMatch [20] 5% (20/372)  74.9+0.83 67.9+0.890 70.2+0.79 1554+ 0.77
MT [17] 5% (20/372) 76.6 £0.76 69.2+0.89 71.5+0.69 13.85+0.81
Ours-UA only 5% (20/372) 78.0+0.77 70.3£083 73.4+0.79 10.82+£0.72
Ours-UADA 5% (20/372) 80.54 0.80 72.6 £0.73 77.9 +£0.761 9.11 + 0.60
UA-MT [24] 10% (39/353) 75.14+0.68 69.4+0.65 70.3+0.70 17.11 4 0.66
DTC [13] 10% (39/353) 75.3+0.69 70.1+0.75 70.6+0.68 16.02+0.71
CPS [§] 10% (39/353)  76.0+£0.67 70.4+0.69 70.8+0.62 15.56+ 0.61
UniMatch [21] 10% (39/353) 76.9+0.58 70.5+0.64 72.0+0.69 15.31+0.58
IPixMatch [20] 10% (39/353) 77.4+0.65 72.5+0.68 74.7+0.58 13.48+0.69
MT [17] 10% (39/353) 78.9+4+0.66 73.9+0.71 74.7+0.64 12.33+0.57
Ours-UA only 10% (39/353) 82.6+0.68 76.3+0.50 76.8+0.67 9.88+0.58
Ours-UADA 10% (39/353) 85.14 0.59 78.7 +0.63 81.9 +0.58 8.30 + 0.66
UA-MT [24] 20% (72/314) 77.6+0.68 73.1+£0.73 75.3+£0.75 15.36+0.64
DTC [13] 20% (72/314) T7.8+0.67 73.4+0.72 T757+0.69 15.02+0.70
CPS [§] 20% (72/314) 78.3+0.67 74.0+0.62 76.0+0.58 14.31+0.68
UniMatch [21] 20% (72/314) 78.6+£0.59 75.4+0.60 76.8+0.57 14.33+0.63
IPixMatch [20] 20% (72/314) 81.8+0.62 76.7+0.58 78.4+0.53 12.82+0.66
MT [17] 20% (72/314) 81.3+0.59 77.4+0.63 783+0.55 11.10+0.58
Ours-UA only 20% (72/314) 85.8+0.52 79.4+0.57 81.9+048 8.69+0.50
Ours-UADA 20% (72/314) 88.940.43 83.7+0.52 86.1 +0.48 7.29 + 0.46

trolled generative exposure enhances pseudo-label calibration rather than acting
as direct synthetic supervision.

Ablation results as in Table 3 provide further insight into architectural and
learning contributions. The spatial pathway alone achieves 78.0% Dice, while
the contextual pathway improves performance to 82.4% Dice (+4.4%), indicat-
ing the importance of global morphological modeling. Their fusion yields the
largest gain, reaching 88.7% Dice (+6.3% over contextual alone), demonstrating
complementary roles in boundary preservation and contextual reasoning. Among
dilation configurations, the regulated cascade (3,6,12,18) performs best. Re-
moving smaller dilation factors reduces Dice to 86.2% (-2.5%), suggesting that
early-stage receptive fields contribute to structural continuity, whereas extending
dilation ranges introduces redundancy without measurable benefit.
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Table 3. Ablation study examining the impact of spatial-contextual fusion, dilation
configurations, semi-supervised learning, and diffusion-based teacher calibration.

Configuration % images  Dice 1 ToU 1t MCC 1 ECE |
Spatial Pathway 100%  78.0+0.38 71.6 £0.43 74.240.39 -
Contextual Pathway 100% 82.4+0.35 75.0+0.40 78.1+0.32 -
Fusion (3, 6, 12) 100%  86.8 £0.37 80.0+0.35 83.9+0.36 -
Fusion (6, 12, 18) 100% 86.2+0.36 80.4+0.41 84.2+0.37 -
Fusion (6, 12, 18, 24) 100%  86.24+0.41 80.8+0.38 84.4+0.40 -
Fusion (3, 6, 12, 18, 24) 100%  86.1+£0.37 80.8+0.36 84.4+0.34 -
Fusion (3, 6, 12, 18) 100% 88.7 +0.27 82.5 + 0.30 85.9 + 0.32 -

+ SSL(Real images only) 20%  85.8+0.52 79.4+0.57 81.9+0.48 0.047 £ 0.004
+ SSL + Diffusion Both 20% 84.4+0.51 77.3+0.48 79.5+£0.56 0.064 + 0.006

+ SSL + Teacher Diffusion 20%  88.9 4+ 0.43 83.7 + 0.52 86.1 4 0.48 0.042 4 0.003

Original Image Ground Truth MSPCNet-20%  MSPCNet-100% UA-MSPCNet-20% UA-MSPCNet-20% UADA-MSPCNet-20%
Diffusion Both Diffusion Teacher Only

Fig. 2. Qualitative results on a test image under varying supervision levels, highlighting
improved boundary fidelity of the proposed method.

When semi-supervised learning (Ours-UA only) is introduced under 20% la-
beled supervision, performance improves from 59.0% Dice (supervised only) to
85.8% Dice with real-image SSL (+26.8%). Applying diffusion augmentation to
both teacher and student degrades performance to 84.4% Dice (-1.4%), indicat-
ing distributional bias from direct synthetic supervision. In contrast, restrict-
ing diffusion exposure to the teacher (Ours-UADA) increases Dice to 88.9%
(+3.1% over SSL-only), supporting the hypothesis that generative data is most
effective for representation enrichment and pseudo-label calibration rather than
gradient-based optimization. Qualitative results on a single test image are shown
in figure 2. Furthermore, teacher-restricted diffusion exposure improves predic-
tive calibration, reducing Expected Calibration Error (ECE) from 0.047 £ 0.004
(SSL only) to 0.042 4+ 0.003, whereas applying diffusion to both networks de-
grades calibration (0.064 + 0.006), indicating that generative variability is most
effective when confined to teacher-side pseudo-label formation.

Overall, results demonstrate that segmentation performance under limited
annotations depends jointly on representation capacity and supervision reliabil-
ity. The proposed framework improves boundary delineation while maintaining
annotation efficiency without increasing inference complexity. Although perfor-
mance approaches full supervision at moderate label ratios, further validation on
larger multi-center and demographically diverse datasets is necessary to assess
generalization robustness.
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4 Conclusion

We presented a semi-supervised framework, UADA-MSPCNet, that improves
burn segmentation by jointly optimizing representation learning and pseudo-
label calibration. Experimental results demonstrate enhanced boundary delin-
eation and annotation efficiency, with performance approaching that of full su-
pervision with limited labels. Future work will focus on multi-center and de-
mographic validation to further assess clinical generalization. To ensure repro-
ducibility, the code for this work will be made publicly available, and the EBIS
dataset is available at https://github.com/VEDAs-Lab/EBIS.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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