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Abstract. Deep learning segmentation models have demonstrated strong perfor-

mance across medical imaging tasks, yet their practical deployment in resource-

constrained clinical environments — particularly in low- and middle-income 

countries — remains limited by high computational demands, large model sizes, 

and GPU dependence. We present a training-free method for dataset-adaptive 

architectural compression of the nnU-Net v2 ResEncM pipeline, implemented by 

applying the Jacobian sensitivity analysis of the XTinyU-Net framework within 

the nnU-Net v2 pipeline at initialisation time. By identifying the onset of repre-

sentational saturation across both channel width and residual block depth config-

urations, the method selects the smallest stable architecture for each dataset with-

out any additional training. The approach was validated across three datasets of 

increasing clinical complexity: the ACDC cardiac segmentation dataset, the 

BraTS-Africa glioma dataset, and the BraTS-METS brain metastasis dataset. 

Across all three, the lightweight models reduced model size by 94.9–96.9% 

(796.9 MB to 25.1–40.7 MB) and CPU inference time by 82.7–90.1%, reducing 

BraTS-METS inference from over 11 minutes to under 2 minutes on CPU-only 

hardware. Segmentation accuracy was preserved or improved: the lightweight 

model matched or marginally exceeded the baseline on BraTS-Africa, outper-

formed it on BraTS-METS across all sub-regions (ET DSC: 0.534→0.602, 

NETC: 0.547→0.624, SNFH: 0.497→0.561), and produced fewer gross bound-

ary failures on ACDC despite marginally lower mean DSC. These results demon-

strate that training-free sensitivity-guided compression is a principled and da-

taset-adaptive pathway to clinically deployable segmentation, with no trade-off 

between performance and deployability. 

Keywords: Light-weight, nnUNet, resource constrained, cardiac segmentation, 

Brain tumour segmentation. 
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1 Introduction 

The precise segmentation of brain tumors is a critical step towards accurate diagnosis 

and effective treatment[1]. Datasets like the BraTS Africa dataset [2, 3] has been crucial 

in research addressing the challenges of glioma segmentation in Sub-Saharan Africa, 

where limited MRI infrastructure and heterogeneous acquisition protocols can cause 

domain shift, highlighting the need for domain-adaptable models[4]. While top-per-

forming solutions in brain tumor segmentation challenges have effectively addressed 

the clinical domain gap and achieved high accuracy, many of these models are large, 

single or multi-architecture state-of-the-art models that require high-end GPUs for in-

ference[5–10]. The computational demands of these deep learning models can hinder 

their practical deployment and long-term maintainability in hospital environments, spe-

cifically in scarce resource environments[11].  

The absence of GPU-based computing systems and reliance on CPU capability in 

many departments within Low and Middle-Income Countries (LMICs) presents signif-

icant challenges for the deployment of artificial intelligence (AI) models in clinical set-

tings[12, 13]. Many solutions presented as LMIC solutions bypass this by providing 

web-based solutions. However the reliance on web-based solutions to outsource com-

putational load for AI models in LMICs is significantly hampered by issues of network 

stability and speed[12, 14]. Lightweight models, characterized by smaller memory foot-

prints and faster inference times on CPUs, are essential for practical deployment and 

long-term maintainability in these environments[15].  

2 Previous work 

Recently a XTinyU-Net concept was proposed as a stable method for limiting model 

size without hindering performance. Rather than relying on computationally exhaustive 

training cycles to determine optimal model size, this approach employs a training-free 

selection mechanism that identifies dataset-specific, ultra-lightweight U-Net configu-

rations directly at initialization. By calculating the Jacobian sensitivity of discrete, 

width-scaled U-Net variants, the method detects the critical transition point—or "rep-

resentational capacity collapse"—where performance degrades as model capacity is re-

duced. This sensitivity-based metric allows for the automated selection of the smallest 

stable architecture, providing a robust, data-adaptive solution for resource-constrained 

environments.[16]. This model provides a giant step in the right direction for light-

weight model design but has yet to be tested on State-Of-The-Art (SOTA) architectures 

like nnU-Net[17]. 

This work presents a practical implementation of the XTinyU-Net sensitivity-guided 

compression framework within the nnU-Net v2 pipeline. Adapting the original Jaco-

bian-based selection methodology to two nnU-Net-specific architectural parameters — 

encoder channel width and residual encoder block depth — we embed training-free 

architecture selection directly into the nnU-Net v2 workflow, democratising access to 

state-of-the-art segmentation performance in resource-constrained clinical environ-

ments. 
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3 Methods 

3.1 Data Description 

This study utilized three distinct open-source MRI datasets, each representing a pro-

gressively complex clinical scenario. The ACDC cardiac dataset[18], (Fig 1a), served 

as an initial baseline, characterized by a smaller sample size, high contrast, and predict-

able anatomical structures. To assess performance under increased heterogeneity, the 

BraTS Africa Glioma dataset[2] (Fig 1b),  was subsequently employed, providing high-

quality, real-world data reflective of an African patient population. Finally, the BraTS 

METS dataset[19] (Fig 1c),  served as an extreme test case; its significantly larger pop-

ulation and the inherent unpredictability associated with the clinical presentation of 

brain metastases offered a rigorous environment for stress testing the model’s robust-

ness and generalizability. While the ACDC dataset consists exclusively of short-axis 

Steady-State Free Precession (SSFP) sequence images, the BraTS datasets provide a 

more diverse multi-parametric approach, incorporating T1-weighted, contrast-en-

hanced T1-weighted, T2-weighted, and T2-FLAIR sequences. All three datasets pre-

sent 3D segmentation challenges requiring the delineation of multiple anatomical and 

pathological regions. For the ACDC dataset, the focus is on the left ventricle, myocar-

dium, and right ventricle. In contrast, the BraTS datasets require the segmentation of 

the necrotic core (NETC), surrounding non-enhancing FLAIR hypersensitivity 

(SNFH), and enhancing tumor (ET) for pre-operative cases, with the additional require-

ment of identifying the resection cavity (RC) in post-operative patients.  

3.2 Deep Learning Frameworks 

The nnU-Netv2 pipeline was used as the architectural backbone throughout this exper-

iment. Preprocessing, training and inference was conducted with the standard nnU-

Netv2 ResEncM 3D full resolution configuration with training running for 500 Epochs 

and the checkpointed best model being used for inference. All models were trained on 

a single NVIDIA RTX 5000 (16GB VRAM) GPU.  

3.3 Model Development 

The Control/Baseline model used the standard nnU-Netv2 Residual Encoder 

(ResEncM) configuration. Experimental models were obtained by systematically 

down-scaling network width and the number of residual encoder blocks per stage, fol-

lowing the XTinyU-Net design principles. After the standard nnU-Netv2 preprocessing 

stage (which produces the dataset fingerprint and the initial plans file), we inserted a 

Jacobian-sensitivity analysis implemented in a Python Jupyter notebook that interfaces 

directly with the nnU-Netv2 planning and network-instantiation code. For a candidate 

architecture the notebook: 

1. Instantiates the corresponding residual U-Net (identical residual-block structure, 

batch-norm, and residual connections as the ResEncM baseline). 
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2. Draws a small batch of preprocessed training patches. 

3. Computes the Jacobian matrix of the network output with respect to the input (or an 

intermediate feature map, as defined in the XTinyU-Net methodology) via automatic 

differentiation. 

4. Summarises the Jacobian into a scalar sensitivity score. 

In the first phase the notebook enumerated a discrete set of width multipliers while 

keeping the original number of residual blocks per stage. The configuration with the 

lowest Jacobian sensitivity was retained. In the second phase the selected width was 

fixed and the number of residual encoder blocks per convolutional stage was varied. 

Again, the variant with the lowest Jacobian sensitivity was chosen. 

The final selected  pair was written back into the nnU-Netv2 plans file by editing the 

architecture parameters (UNet_base_num_features, n_conv_per_stage_encoder, etc.). 

The source code for this section of the project may be found at https://github.com/Wil-

liamwhy/Tiny-nnU-Net-Via-XTiny-methodology. 

Since the architecture search is performed once after nnU-Netv2 preprocessing and 

before training. It evaluates a small discrete set of candidate width and residual-block 

configurations (5 width settings × 4 depth settings in our experiments) using a light-

weight proxy network. For each candidate we compute the Jacobian sensitivity on 10 

training mini-batches via automatic differentiation. On a single modern GPU the entire 

selection procedure finishes in a few minutes and is negligible compared with a full 

nnU-Net training run. The selected parameters are then written into the plans file; all 

subsequent training uses the official nnU-Netv2 pipeline with no extra overhead mak-

ing this approach computationally cheap, dataset adaptable and predictable. 

3.4 Model evaluation: 

Each experimentally compressed model was compared the nnUNet standard model 

trained on the same dataset. Model checkpoint size was used as a method to estimate 

model size compression. Performance mertics were Dice and 95th percentile Hausdorff 

distance (HD95) for the ACDC and BraTS-Africa dataset determined from the valida-

tion populations of the respective datasets, while for the BraTS METS dataset, the le-

sion-wise Dice and lesion-wise HD95 were gained from the official challenge platform 

(Synapse) validation. Finally, inference time on Kaggle`s cloud computing GPU 

(NVIDIA Tesla T4) and CPU (all 4 CPUs) system was measured as a measure of adapt-

ability to resource constrained settings. Statistical testing of results was performed us-

ing Wilcoxon ranked t-test with statistically significant findings represented as those 

with p-values smaller than 0.05. 

 

https://github.com/Williamwhy/Tiny-nnU-Net-Via-XTiny-methodology
https://github.com/Williamwhy/Tiny-nnU-Net-Via-XTiny-methodology
https://github.com/Williamwhy/Tiny-nnU-Net-Via-XTiny-methodology
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Fig. 1. Representative MRI examples from each dataset used in this study. (a) Short-axis Steady-

State Free Precession cardiac MRI from the ACDC dataset showing a raw acquisition (left) and 

the corresponding segmentation overlay (right) with left ventricle (pink), myocardium (tan), and 

right ventricle (green) delineations. (b) Axial FLAIR MRI views from the BraTS-Africa glioma 

dataset showing a large pre-operative tumour with enhancing tumour (ET, yellow), necrotic core 

(NETC, red) and peritumoral edema (SNFH, orange) overlaid on the FLAIR as well as hyperin-

tensity extent visible in the sagittal and coronal views. (c) Two representative BraTS-METS cases 

shown on T1 post-contrast and FLAIR sequences. Top row: a pre-operative case with NETC 

(red), ET (yellow), and SNFH (green) annotations. Bottom row: a post-operative case demon-

strating the resection cavity (RC, cyan) as an additional sub-region unique to post-treatment 

presentations. 

4 Results: 

The Jacobian sensitivity analysis identified dataset-specific lightweight configurations 

for each of the three datasets, as shown in Fig. 2. For ACDC, the lowest sensitivity was 

achieved with channel widths of [4, 8, 16, 32, 64, 64] and [1, 1, 1, 1, 1, 1] residual 

encoder blocks per stage — the shallowest and narrowest configuration tested, reflect-

ing the relatively low representational complexity of this dataset. For BraTS-Africa, the 

optimal configuration was [8, 16, 32, 64, 128, 128] channel widths with [1, 2, 2, 2, 2, 

2] residual blocks per stage, requiring greater capacity to accommodate the multi-mo-

dality nature and the heterogeneity of glioma tumour anatomy of the dataset. For 

BraTS-METS, the selected configuration was [16, 32, 64, 128, 256, 256] channel 

widths with [1, 2, 2, 2, 2, 2] residual blocks per stage, reflecting the greater representa-

tional complexity and heterogeneity metastasis segmentation including the additional 

resection cavity sub-region in post-surgical cases. In all cases the selected depth was 

shallower than the nnU-Net ResEncM default of [1, 3, 4, 6, 6, 6] residual blocks per 

stage, and the selected channel widths were substantially narrower than the default [32, 

64, 128, 256, 320, 320]. The baseline nnU-Net ResEncM checkpoint is consistent 

across all three datasets at 796.9 MB. The ACDC lightweight model achieved a check-

point size of 25.1 MB (96.9% reduction), BraTS-Africa 39.9 MB (95.1% reduction), 

and BraTS-METS 40.7 MB (94.9% reduction). 
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Fig. 2. Jacobian sensitivity analysis results for width and depth selection across all three datasets. 

(a) Sensitivity as a function of parameter count for five candidate channel width configurations. 

Each curve represents one dataset; the circled marker indicates the configuration selected at the 

onset of the low-sensitivity plateau. For ACDC the optimal width [4, 8, 16, 32, 64, 64] (0.8M 

parameters) was identified at far lower complexity than BraTS-Africa [8, 16, 32, 64, 128, 128] 

(3.2M) and BraTS-METS [16, 32, 64, 128, 256, 256] (12.4M). (b) Sensitivity as a function of 

total residual encoder blocks for four depth configurations, using the width selected in (a). ACDC 

converged to the shallowest configuration [1, 1, 1, 1, 1, 1] (6 blocks), while both BraTS datasets 

selected [1, 2, 2, 2, 2, 2] (11 blocks). All selected configurations are substantially shallower than 

the nnU-Net ResEncM default [1, 3, 4, 6, 6, 6] (26 blocks, diamond markers). 

Regarding the segmentation accuracy, on the ACDC cardiac dataset, the lightweight 

model showed a marginal reduction in DSC across all three structures (RV: 

0.909→0.898, Myocardium: 0.904→0.883, LV: 0.946→0.937). However, inspection 

of the HD95 distributions reveals a clinically important finding: while mean DSC was 

slightly lower, the lightweight model produced substantially fewer gross segmentation 

errors, with the extreme HD95 outliers present in the baseline model largely absent in 

the lightweight equivalent. This suggests that although the compressed model sacrifices 

a small degree of voxel-level overlap precision, it maintains a more reliable spatial un-

derstanding of cardiac anatomy and avoids the catastrophic boundary failures occasion-

ally observed in the larger model (Fig 3a). 

On the BraTS-Africa glioma dataset, the lightweight model performed comparably 

to or marginally above the baseline across ET, NETC, and SNFH in both DSC and 

HD95. This indicates that the Jacobian-guided compression preserved segmentation 

capacity fully for this dataset (Fig 3b). 

On the BraTS-METS dataset, the lightweight model produced improvements in DSC 

and HD95 across ET, NETC, and SNFH relative to the baseline. Mean DSC increased 

from 0.534 to 0.602 for ET, 0.547 to 0.624 for NETC, and 0.497 to 0.561 for SNFH, 

suggesting that the compressed architecture generalises better on this heterogeneous 

multi-lesion dataset, likely due to the reduced tendency to overfit to dominant lesion 

phenotypes in the training set. For RC, the mean RC DSC increased from 0.293 to 0.338 

in the lightweight model (Fig 3c). 

Inference time reductions were consistent across all three datasets on both GPU and 

CPU hardware. On GPU, the lightweight models reduced inference time for ACDC by 

83.1%, 71.8% for BraTS-Africa, and from 73.3% for BraTS-METS. CPU inference 
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time reductions were even more pronounced, with ACDC reduction of 90.1%, BraTS-

Africa 82.7%, and BraTS-METS 88.7%. The CPU gains are particularly clinically sig-

nificant — reducing BraTS-METS inference from over 11 minutes to under 2 minutes 

on CPU-only hardware (Table 2) directly addresses the deployment barrier in LMIC 

settings where GPU access is limited or absent. The consistency of these gains across 

datasets of markedly different complexity and modality confirms that the Jacobian-

guided compression produces lightweight models that are not only smaller but substan-

tially faster in both GPU-accelerated and resource-constrained CPU-only environ-

ments. 

Table 2. Inference time and model size comparison between baseline nnU-Net and the pro-

posed lightweight model across three datasets. 

  Inference time (s)  Time reduction (%) 

Dataset  GPU base GPU light CPU base CPU light  GPU CPU 

ACDC  0.7 0.1 690 69  83.1 90.1 

BraTS-Africa  5.0 1.4 684 119  71.8 82.7 

BraTS-METS  5.0 1.3 688 78  73.3 88.7 

 

The qualitative performance derived from the ACDC dataset showed all differences 

to be statistically significant except for the HD95 of the right ventricle (p=0.572). For 

the BraTS-Africa dataset, Dice differences for all classes were statistically significant 

while none of the classes showed a statistically significant difference in HD95. Finally, 

all classes in the BraTS-MeTS dataset showed a statistically significant difference in 

HD95 and Dice, except for the resection cavity which had no statistically significant 

differences in Dice (p=0.420) or HD95 (p=0.528). 

Discussion 

The results of this study demonstrate that Jacobian sensitivity-guided compression 

within the nnU-Net framework produces lightweight models that match or exceed the 

segmentation accuracy of the standard ResEncM baseline across datasets of markedly 

different clinical complexity, modality, and structure — while reducing model size by 

approximately 95% and inference time by up to 90% on CPU hardware. 
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Fig. 3. Boxplots performance metrics for full nnUNet and lightweight nnUNet for all three da-

tasets. a) DSC and HD95 for right ventricle (RV), Myocardium and left Ventricle (LV) for the 

ACDC dataset. b) DSC and HD95 for necrotic core (NETC), surrounding non-enhancing FLAIR 

hypersensitivity (SNFH), and enhancing tumor (ET) for the BraTS-Africa dataset. c) Lesion-wise 

DSC and HD95 for necrotic core (NETC), surrounding non-enhancing FLAIR hypersensitivity 

(SNFH), enhancing tumor (ET) and resection cavity (RC) for the BraTS METS dataset. 

The finding that the lightweight model statistically significantly underperforms the 

baseline on ACDC DSC while simultaneously eliminating the gross boundary failures 

observed in the baseline HD95 distributions is an important nuance. Standard DSC is a 

voxel-level metric that rewards correct prediction of large structures disproportionately 

and is insensitive to spatial plausibility. The HD95 distribution tells a different story: 

the compressed model produces fewer catastrophic outliers, suggesting that reduced 

parameter count imposes an implicit regularisation effect that prevents the model from 

committing to implausible segmentation boundaries. In clinical cardiac imaging, a 
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model that is slightly less precise but consistently anatomically plausible is arguably 

more useful than one that achieves marginally higher mean DSC at the cost of occa-

sional gross failures. This finding warrants further investigation into whether parameter 

reduction systematically reduces catastrophic failure modes across other segmentation 

tasks. 

On BraTS-Africa, the lightweight and baseline models were indistinguishable in 

quality, confirming that the selected reduction fully captured the discriminative com-

plexity of the glioma segmentation task. The fact that the BraTS-METS task required a 

wider configuration ([16, 32, 64, 128, 256, 256]) than the other datasets to achieve the 

same result, driven by the greater heterogeneity of multi-class metastasis presentations, 

further validates the dataset-adaptive nature of the approach. 

The BraTS-METS improvements in ET, NETC, RC and SNFH DSC and HD95 rep-

resent clinically meaningful gains of 6–8 percentage points. This counter-intuitive re-

sult — that a substantially smaller model outperforms the larger baseline — is con-

sistent with the overfitting hypothesis: the 101.5M parameter ResEncM baseline has 

excess capacity relative to the discriminative complexity of this dataset, and that excess 

capacity is exploited to memorise training-set idiosyncrasies rather than generalise to 

the validation distribution. These results together propose an interesting hypothesis, 

that if model compression is applied adaptively and in coherence with dataset and task 

complexity, the produced lightweight model might be a better generalizable and clini-

cally useful model than an over parameterized model. Although statistical testing shows 

promise in many cases, it should be carefully considered as statistical gains may not 

equate to clinical gains as can be seen from comparing losses in Dice with gains in 

HD95 in the ACDC dataset.  

5 Impact in Resource-Constrained Settings 

The computational gains demonstrated in this study have direct and immediate impli-

cations for the deployment of AI-assisted segmentation in resource constrained clinical 

environments as all datasets used were constructed of multicentre data and of varying 

degrees of complexity and clinical environments. The primary barrier to AI adoption 

in these settings is not algorithmic performance but infrastructure: the absence of GPU-

capable workstations, unreliable network connectivity that limits cloud-based solu-

tions, and the maintenance burden of large model deployments in environments with 

limited technical support. 

The lightweight models produced by the Jacobian-guided compression framework 

address each of these barriers directly. A reduction in CPU inference time of between 

80 and 90% — transforms auto segmentation from a computationally prohibitive task 

requiring dedicated GPU hardware into one that can be executed on a standard clinical 

workstation CPU within routine reporting timeframes. These gains are achieved with-

out web-based processing, eliminating the dependence on network stability and data 

transfer speeds that have been identified as critical barriers to cloud-based AI deploy-

ment in resource constrained settings. 
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The 94.9–96.9% reduction in model checkpoint size from 796.9 MB to 25.1–40.7 

MB carries equally significant practical implications. Smaller model files reduce stor-

age requirements, simplify distribution and version management, and lower the 

memory footprint during inference — all of which matter in environments where stor-

age, RAM, and technical administration capacity are constrained. The ability to distrib-

ute a complete, functional segmentation model in under 41 MB means that updates and 

new model versions can be transferred over low-bandwidth connections, installed with-

out specialist intervention, and run on hardware that would be unable to load the stand-

ard nnU-Net checkpoint into memory at all. 

Taken together, these results support the argument that the XTiny U-Net paradigm, 

implemented here within the nnU-Net self-configuring pipeline, represents a viable and 

principled pathway toward clinically deployable AI segmentation in resource-con-

strained environments — one that does not require a trade-off between performance 

and deployability, but rather demonstrates that the two objectives are complementary 

when architectural design is guided by the discriminative complexity of the data rather 

than by the availability of high-end computational resources. 

6 Limitations and future work 

Although this work doesn’t compare results with other lightweight solutions, it rather 

aims to compare the performance against state-of-the-art nnU-Net performance while 

demonstrating practical size and time reductions. As this method is a pruning only 

method for size reduction, it does not prohibit any down-the-line post training quanti-

zation techniques which might further reduce model size or computational cost. Future 

work will include testing this work beyond the use of MRI as input modality, exploring 

the performance on translation tasks in addition to segmentation tasks and including 

optimization for CPU based inference via model weight restructuration for CPU and 

quantization. 
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