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Abstract. Recently, diffusion models have shown promising performance
in medical image anomaly detection. However, most existing methods
insufficiently model complex anatomical structures and irregular lesion
morphologies. To address this limitation, we propose a Direction-Guided
Shape-Scale Aware Diffusion Model for medical anomaly detection. The
proposed model introduces a Direction-Guided Multi-Scale residual mod-
ule to decouple directional features and aggregate multi-scale receptive
fields, thereby enhancing anatomical shape representation. In addition,
an Anomaly-Sensitive Skip Fusion strategy is developed to guide fea-
ture fusion using high-frequency structural priors, enabling the network
to better focus on fine-grained lesion boundaries and abnormal details.
Furthermore, a lightweight architecture is further adopted to reduce the
computational burden of iterative diffusion inference. Experimental re-
sults demonstrate that the proposed method achieves superior detection
accuracy and inference efficiency compared with existing approaches.
Our code is available at https://github.com/guyxlouspg/AnoSSPD.

Keywords: Anomaly detection - Medical images - Diffusion models -
Shape-scale aware.

1 Introduction

By deducing pixel-level localizations from cost-effective image-level labels, weakly
supervised anomaly detection strikes an optimal balance between prohibitive
fully supervised costs and underperforming unsupervised methods .
However, current diffusion-based approaches overlook the structural flaws of
standard U-Net backbones: (1) isotropic convolutions fail to capture complex le-
sion morphologies; (2) indiscriminate skip connections leak anomalous features
into healthy reconstructions; and (3) heavy parameter counts exacerbate the
latency of iterative denoising.

Early medical anomaly detection relied on VAEs and GANs |7,
to model healthy data distributions. However, VAEs often produce overly
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smooth reconstructions lacking high-frequency details, while GANs suffer from
mode collapse. Consequently, Denoising Diffusion Probabilistic Models (DDPMs)
have emerged as the dominant paradigm due to their superior synthesis fidelity.

Recent diffusion-based anomaly detection primarily optimizes the diffusion
process itself. Unsupervised methods enhance computational efficiency and anom-
aly capture [2H54/9,[15/20], while weakly supervised approaches leverage image-
level labels to guide the diffusion trajectory toward healthy domains [6,8,/13,/16}
19|. Despite these algorithmic advancements in sampling and guidance mecha-
nisms, most methods predominantly rely on standard U-Net backbones. Conse-
quently, they overlook the architectural adaptability required to model complex,
multi-scale, and directionally variant anatomical structures—a critical gap our
framework directly resolves.

To resolve these architectural limitations, we propose a Morphology-Scale
Aware Lightweight Backbone for medical anomaly detection. First, the Direction-
guided Multi-Scale (DMS) module utilizes dual-branch dilated convolutions and
hierarchical SE attention to capture direction-decoupled features and global
anatomical constraints. Second, the Anomaly-Sensitive Skip Fusion (ASSF) mech-
anism dynamically gates skip connections using high-frequency boundary de-
scriptors to prevent anomaly leakage. Finally, the entire network is constructed
upon Point-Depth Shuffle Convolutions (PDS-Conv), decoupling spatial and
channel perception to drastically reduce computational overhead while preserv-
ing essential long-range contexts. Our main contributions are threefold: (1) We
propose the Direction-guided Multi-Scale (DMS) residual module. Through the
synergy of multi-scale fields of view and direction-decoupled attention, it es-
tablishes robust shape-scale perception capabilities. (2) We design an Anomaly-
Sensitive Skip Fusion (ASSF) mechanism. By utilizing high-frequency boundary
cues to adaptively gate skip connection features, it significantly improves de-
tection sensitivity regarding lesion boundaries. (3) We construct a lightweight
diffusion backbone based on PDS-Conv. This architecture retains the essential
long-range anatomical context for lesion identification while achieving a substan-
tial reduction in both model parameters and computational complexity.

2 Methods

2.1 Overall Architecture

Fig. [I] illustrates our AnoSSPD. The architecture integrates three core com-
ponents: (1) LightResBlocks deployed across the encoder and decoder stages
to minimize computational redundancy while preserving feature extraction; (2)
a Direction-guided Multi-scale (DMS) ResBlock at the bottleneck to capture
global shape-scale contexts and establish robust anatomical constraints; and
(3) Anomaly-Sensitive Skip Fusion (ASSF) mechanisms replacing standard skip
connections, which boost anomaly sensitivity via high-frequency gating. Finally,
during inference, we employ AnoFPDM’s forward noising process [6] to generate
and aggregate single-step anomaly sub-maps into the final prediction.
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Fig. 1: The overall framework of the proposed Anomaly Shape-Scale Perception
Diffusion Model (AnoSSPD).

2.2 Direction-guided Multi-scale (DMS) Residual Module

To overcome the limited contextual modeling of standard deep networks and
the loss of fine anatomical structures during spatial down-sampling, we propose
the Direction-Guided Multi-Scale (DMS) residual module. To expand the re-
ceptive field without resolution degradation, we employ a dual-branch parallel
dilated convolution structure (dilation rates di € {1,2}) . However, standard
dilated convolutions suffer from the “grid effect”, which disrupts local pixel cor-
relations—a critical flaw given the topological continuity of medical anatomy.
To mitigate this and capture structural orientations, we embed independent
direction-guided convolutions within each dilation branch. Specifically, feature
extraction is decoupled into horizontal, vertical, and diagonal orientations (R =
{hor, ver, diag}):

hdx =DC(h), reR, kel,2 (1)

where h is the input feature and DC denotes the directional convolution.

To effectively integrate these heterogeneous, multi-scale, and directionally
decoupled features, we design a Hierarchical Adaptive Feature Fusion mecha-
nism. Features sharing the same directional attribute r across different scales dy,
are first concatenated and refined using Direction-Level Squeeze-and-Excitation
(SEg) attention. Subsequently, all direction-specific features are concatenated
and globally recalibrated via Global SE (SEg) attention to establish a holistic
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Fig. 2: (a)Schematic diagram of the direction-guided multi-scale residual module
(DMS). (b)Ilustration of the Anomaly-Sensitive Skip Fusion (ASSF) module.

structural representation h':

h, = Concat(h®,h®), h, = SEg(h,),

- .. (2)

h' = SE¢ (Fusion(Concat(Anor, fvers Pdiag)))-

This hierarchical process mathematically enriches multi-scale details and pre-

serves topological continuity, providing robust structural guidance for the diffu-
sion reconstruction. Fig. (a) illustrates this mechanism in detail.

2.3 Anomaly-Sensitive Skip Fusion

Standard U-Net skip connections indiscriminately concatenate features, diluting
high-frequency pathological details with background noise. To resolve this, our
Anomaly-Sensitive Skip Fusion (ASSF) dynamically gates encoder features based
on the decoder’s generative state.

First, we extract a context vector c.y via Global Average Pooling (GAP)
on the current decoder feature hge., which captures the ongoing reconstruction
state. cqtx then acts as a top-down semantic condition to inform the gating mech-
anism of current structural needs. Concurrently, to explicitly isolate anomalous
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high-frequency cues, we subtract a predefined Gaussian low-pass background
from the normalized skip feature hgip to derive a structural descriptor eqes:

eges = GAP (mean (‘hskip — Waauss * hskip|)) . (3)

A unified condition vector cqonq—formed by concatenating the timestep em-
bedding cemb, Cetx, and eqes—is then mapped via an MLP to channel-wise mod-
ulation parameters [a, 7, 0]:

[a, 7, 8] = MLP(LayerNorm(ceona))- (4)

Finally, hgkip undergoes an affine transformation (v, 8), selective gating («),
and a residual connection to yield the noise-filtered, refined feature hgiip:

}Alskip = hskip +a® ('7 © hskip + 5) (5)

By filtering out irrelevant background perturbations, ASSF ensures that only
clean, structurally significant features are propagated to the decoder. Fig. b)
illustrates this mechanism in detail.

2.4 Lightweight Network Architecture

To mitigate the prohibitive computational overhead of iterative diffusion, we in-
troduce the Point-Depth Shuffle Convolution (PDS-Conv), inspired by [12]. PDS-
Conv first compresses input channels by half via a point-wise (PW) convolution
for efficient inter-channel exchange. Concurrently, an auxiliary 5 x 5 depth-wise
(DW) branch captures long-range anatomical dependencies without parameter
inflation. To resolve the depth-wise “information gap”, PW and DW outputs are
concatenated and channel-shuffled, seamlessly fusing dense channel correlations
with rich spatial features. By replacing the expensive stacked 3 x 3 convolutions
in standard U-Net ResBlocks with PDS-Conv, we construct the LightResBlock.
This design fully preserves residual and timestep embedding mechanisms, dras-
tically reducing FLOPs and parameters while maintaining high-fidelity feature
extraction.

3 Experiments

3.1 Dataset and Setup

We evaluated our method on three public datasets: BraTS 2021 [1], BraTS-PEDs
2024 [10], and ATLAS v2.0 [14]. BraTS 2021: Comprises 1,254 multi-modal
(T1, Tlce, T2, FLAIR) 3D MRI scans from glioma patients. Scans were pro-
cessed into 2D axial slices. Following [19], we discarded background-only and
extreme slices (bottom 80, top 26). Valid slices were resized to 128 x 128, nor-
malized to a 0-1 range, and binarized for general anomaly detection (healthy vs.
unhealthy). While all four modalities are stacked during training, only FLAIR
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and T2 are utilized for inference. BraTS-PEDs 2024: Contains 457 pediatric
cases presenting distinct spatial and texture patterns. Preprocessing is identical
to BraTS 2021, except no slice exclusion was applied. ATLAS v2.0: Includes
1,271 T1-weighted scans for stroke lesion identification. Preprocessing aligns with
BraTS 2021, but experiments are strictly conducted in a single-modality setting.

Adhering to the AnoFPDM forward noising framework [6], datasets were
partitioned into training, validation, and testing sets at a subject-level ratio of
75:5:20. Models were trained on a single NVIDIA Tesla T4 GPU for 140,000
iterations with a batch size of 16. For evaluation efficiency, 200 samples each
from the validation and test sets were randomly selected for hyperparameter
tuning and final evaluation, respectively.

3.2 Main Results

We evaluated our method against unsupervised baselines—specifically AnoD-
DPM utilizing standard Gaussian noise AnoDDPM(G) and Simplex noise An-
oDDPM(s) as well as weakly supervised methods (Clf-Guided, Diff-SCM, AnoF-
PDM) using pixel-level Dice, IoU, and AUPRC under “Mixed” (overall capabil-
ity) and “Unhealthy” (lesion sensitivity) splits.

We employ pixel-level metrics to evaluate model performance, including DICE
score and Area Under the Precision-Recall Curve (AUPRC), with a specific focus
on foreground region. We evaluated these metrics under two data settings: Mixed
(all samples) and Unhealthy (unhealthy samples only). The former measures
overall detection capability, while the latter rigorously assesses the model’s sen-
sitivity and segmentation accuracy in pathological regions. Table [I] summarized
the quantitative results. In the Unhealthy configuration, our model demonstrates
even more significant improvements, indicating that our shape-scale-aware ar-
chitecture substantially enhances precise localization of lesion boundaries and
exhibits more robust performance even on highly challenging datasets.

Furthermore, visually results (Fig. [3) show that while baselines suffer from
fragmented boundaries or under-segmented complex tumor cores, our approach
precisely delineates complete lesion structures and effectively suppresses false
positives in healthy tissues. AnoSSPD exhibits exceptional robustness against
severe data challenges.

Table 1: Quantitative comparison results. The best results are highlighted in
bold, and the second-best results are underlined.

BraTS$S 2021 BraTS-PEDs 2024 ATLAS v2.0
Methods Mixed Unhealthy Mixed Unhealthy Mixed Unhealthy
DICE AUPRC DICE AUPRC DICE AUPRC DICE AUPRC DICE AUPRC DICE AUPRC
AnoDDPM(G) 20| 49.0 32.6 25.6 44.3 62.2 6.3 8.0 16.3 41.2 4.8 7.5 10.6
AnoDDPM(S) [20] 67.9 70.5 50.3 75.2 61.6 28.2 28.1 43.5 57.3 33.9 18.3 41.8
Diff-SCM |16 74.3 69.7 61.5 78.3 66.3 24.1 22.4 32.3 16.0 1.4 2.4 3.2
Clf-Guided |19 71.1 79.1 63.9 82.8 74.3 174 19.5 24.7 46.5 3.7 2.2 7.7
AnoFPDM 6] 75.3 75.6 64.9 81.6 72.6 33.0 43.2 45.3 58.0 27.8 20.1 30.0

Ours 77.2 79.4 68.7 84.9 67.7 63.7 48.4 71.1 58.4 45.7 26.7 47.6
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Fig.3: Visualization results of anomaly detection across three datasets:
BraTS2021, BraTS-PEDs 2024, and ATLAS v2.0. Red regions in the heatmaps
indicate areas predicted as anomalies by the models.

3.3 Ablation Study

To validate our architectural contributions, we conducted ablation studies on the
BraT$ 2021 dataset. As shown in Table[2] deploying the DMS module exclusively
at the bottleneck layer yields the optimal performance-efficiency trade-off.

Extending it to high-resolution decoder layers (Extensions 1-3) degrades sev-
eral key indicators, implying that while DMS effectively captures high-level se-
mantics, its application to lower-level features interferes with local detail preser-
vation. Furthermore, replacing standard skip connections with our ASSF mecha-
nism effectively suppresses irrelevant background noise while highlighting crucial
pathological structures, proving its indispensability.

Table [3] evaluates our lightweight PDS-Conv design. Counterintuitively, de-
ploying PDS-Conv at both the input and output layers of the ResBlock (PDSConv
(in+out)) outperforms its partial application (PDSConv(in)) despite being lighter.
This suggests that mixing standard convolutions with PDS-Conv disrupts fea-
ture consistency, whereas a fully unified block maintains high-fidelity extraction.

As detailed in Table[d] our lightweight architecture drastically reduces model
parameters by 52.9% and inference computational overhead (GFLOPs) by 77.3%
compared to the baseline, without compromising detection performance. This
substantial efficiency gain significantly surpasses existing baselines, validating
the robustness of our module design and facilitating highly viable, low-cost de-
ployment in resource-constrained clinical settings.
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Table 2: Ablation study on BraTS2021. “Bottleneck”/“Layer 1-3”: DMS module
applied at the bottleneck / extended to successive encoder and decoder layers.

Components Mixed Unhealthy
Bottleneck Layerl Layer2 Layer3 ASSF DICE IoU AUPRC DICE IoU AUPRC

75.3 69.7 75.6 64.9 55.1 81.6
76.2 70.3 754 66.9 56.7 82.3

v 77.1 70.8 74.8 65.8 55.5 80.9
v v 73.4 675 784 684 579 83.6
v v v 77.0 711 748 66.3 56.3 83.0

ANENENENEN

v T7.2 71.1 79.4 68.7 59.1 84.9

Table 3: Performance evaluation of different lightweight architecture strategies.
“PDSConv (in)” denotes applying PDSConv only at the input projection of the
residual block, while “PDSConv (in+out)” indicates its application at both input
and output projections.

Methods Mixed Unhealthy

DICE 1IoU AUPRC DICE IoU AUPRC
Baseline 772 711 79.4 68.7 59.1 84.9
PDSConv (in) 76.0 70.0 75.3 67.1 57.2 82.5

PDSConv (intout) 77.1 71.6 78.6 68.2 57.6 83.7

Table 4: Comparison of model complexity and computational cost.

Method Params (M) GFLOPs/img
AnoDDPM |20] 91.85 65.03
CLE-Guided [19] 91.85 64.94
Diff-SCM (16| 98.30 64.92
AnoFPDM [6] 98.30 64.92
Our Baseline 97.89 65.00
PDSConv (in) 66.62 33.99
PDSConv (in+out) 46.12 14.75

4 Conclusion

We propose AnoSSPD to address the challenges of complex lesion morphologies
and high computational costs in weakly supervised medical anomaly detection.
By integrating the DMS module, ASSF mechanism, and a lightweight PDS-Conv
backbone, AnoSSPD achieves robust, SOTA localization while significantly re-
ducing computational overhead by 77.3%. While currently limited to a binary
segmentation paradigm that overlooks semantic distinctions between patholog-
ical subtypes, future work will extend the framework to multi-class anomaly
detection, enabling refined pathological subtyping for precise clinical diagnosis.
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