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Joint EM Image Super-Resolution and Segmentation with Semantic and Structural Priors
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Overview of framework
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Semantic Prior
➢ We introduce an auxiliary segmentation branch to learn asemantic prior and inject it 

into the SR network through attention, preserving the original SR backbone.

Structrual Prior
➢ A lightweight partial diffusion model denoises a partially noised SR embedding to 

produce a structural prior that approximates the learned HR prior.

Degraded EM images from the EM-Inpaint dataset

Background on EM Image Super-Resolution and Segmentation 

➢ EM image super-resolution reconstructs high-resolution images from fast, 

low-resolution scans to accelerate EM imaging.

➢ Neuron segmentation delineates individual neurons in EM volumes for 

downstream connectivity analysis.

https://github.com/jtshou/EMSRSeg

Main Contribution

➢ We propose the first unified framework for EM image super-resolution and 

segmentation.

➢ For SR, we introduce an auxiliary segmentation branch to provide a 

semantic prior, and design a BWA module to exploit cross-section 

structural continuity.

➢ For segmentation, we introduce a lightweight partial diffusion model that 

denoises from a partially noised SR embedding, producing a structural 

prior that closely approximates real HR features. 

➢ Extensive experiments across multiple datasets and degradation settings 

demonstrate the effectiveness of our framework.

Motivation: Coupling SR and Segmentation

➢ Existing EMSR methods focus on pixel-level reconstruction while ignoring 

their interaction with downstream segmentation.

➢ Shared-encoder frameworks suffer from structural mismatches between SR 

and EM segmentation networks and difficulty inaccurately upsampling 

affinity-based predictions.

➢ In cascaded frameworks, SR lacks semantic guidance from segmentation, 

while segmentation does not account for discrepancies between super-

resolved and real HR features.

(a) Architecture with a shared encoder and task-specific decoders. (b) Cascaded 

SR–segmentation framework. (c) Our framework.

BWA Module
➢ BWA aligns features to the center section 

of each overlapping window in a single 

step and locally fuses the aligned features.

(a) Partial diffusion: structural cues at initializationand progressive boundary refinement 

through denoising. (b) Closer alignment with the target noisy distributionthan full 

diffusion throughout denoising.

Stage I introduces a semantic prior for SR and an HR image prior for segmentation 

through joint training. Stage II replaces the HR prior with a structural prior from a partial 

diffusion model while fixing the SR part.

➢ BWA: Better SR with single-step alignment.

➢ Semantic prior: Better SR across both backbones.

➢ Structural prior: Better segmentation than no-prior and MLP baselines.

➢ Partial-4: Comparable quality to Full-50 with 12.5× fewer denoising steps.
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