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Abstract 

Deep learning has demonstrated remarkable success in augmenting fluorescence imaging under 

photon-limited conditions. However, existing restoration networks are typically devised for 

training with augmented patches far smaller than the full-view raw data, an overlooked aspect that 

compromises fidelity and noise-resistance due to the loss of global statistics. To address this 

limitation, we propose a large-patch network (LargePNet), which synergizes the large effective 

receptive field provided by shallow ultra-large-kernel convolutions and the nonlinear 

representation capabilities of deep networks through scale separation. It effectively and efficiently 

leverages large-view global information for restoration. Directly trained with large-view images, 

LargePNet shows contrasting advantages over state-of-the-art small-patch networks, with 0.5-2 

dB higher peak signal-to-noise ratio across eight representative restoration tasks, involving 

implementations for single-image, video, and volumetric fluorescence data. For full-view 

processing, LargePNet generally holds around 4-fold and 20-fold higher computational efficiency 

compared to advanced convolution-based and Transformer-based networks, respectively. The 

assistance of LargePNet helps achieve 30-hour-long fluorescence imaging to monitor cytoskeleton 

dynamics, and hour-long tri-color super-resolution imaging to investigate organelle interaction, 

showcasing its advancement in live-cell imaging. 
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Introduction 

Deep learning (DL) has emerged as a powerful tool for image restoration in recent years1-5, 

outperforming conventional methods when sufficient training data are available. This data-driven 

approach has been successfully adapted to fluorescence microscopy6-27 (Supplementary Note 1), 

where acquired images often suffer from degeneration and require high-fidelity restoration. 

Notably, in live-cell imaging, the computational compensation techniques can reduce the photon 

requirement for high-quality recordings, thereby improving several critical imaging parameters 

such as imaging duration and spatiotemporal resolution17, 23, 28, 29. By enabling higher information 

throughput at lower hardware costs, DL methods facilitate the observation of intricate cellular 

dynamics with unprecedented clarity. 

Among DL architectures, deep convolutional neural networks30, 31 (CNNs) have proven to be 

one of the most effective models for image restoration. Their success stems from the convolution 

operation’s ability to exploit local pixel correlations, a universal feature of natural and biological 

images. For fluorescence image restoration, most state-of-the-art CNNs are derived from the basis 

of the UNet32 or RCAN5 model. Both architectures leverage deep stacking to enhance performance, 

with skip connections ensuring stable training. However, some recent works suggest that the 

performance of CNN is inherently restricted by its focus on extracting local information33-35, 

originating from the locality of the convolution operation. Transformers36-38 primarily employ 

attention operations to integrate global information, achieving superior or competitive 

performance to CNNs in fluorescence restoration tasks. For example, a recently reported Swin 

Transformer based network13 surpassed advanced RCAN-derived models16 in fluorescence image 

super-resolution.  

Despite these advances, the precision of current models remains to be improved to meet the 

requirements of scientific research. Under noisy conditions in particular, several studies have 

reported significant performance degradation13, 19. Achieving finer restoration of low-SNR data 

can further enhance the live-cell imaging speed and duration to observe more intricate biological 

processes. In current practice, full-size microscopy images (typically ≥512 pixels wide) are 

routinely cropped into small augmented patches (often 64×64 or 128×128 pixels) for stable 

network training. While in most application scenarios the fluorescence images are large-view, 

previous evaluations have largely followed one of two problematic approaches: (1) evaluating 

model performance solely on small-patches13, 16, or (2) applying small-patch-trained models 

directly to full-view images for evaluation6, 14, 18, 19, 21, justified by the size-invariant nature of 

convolutional parameters. A critical oversight lies in the inconsistency of patch size across training, 
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evaluation, and application scenarios. The small patch truncated many contextual structures and 

forces the network to learn restoration with limited information39. However, the application image 

typically spans large views with much richer contextual structure information, which are important 

restoration clues but remain largely unexplored. Moreover, the differences of the structure statistics 

between the large view and small patch can also lead to performance degradation when the small-

patch-trained network is applied to large-view images40, 41. In a theoretical sense, existing 

restoration networks and their developmental route pay too much attention to mining the “depth 

information” of fluorescence images and ignore their “width information”. 

 In this article, we demonstrate that direct large-patch training (≥512 pixels) provides an 

effective and efficient pathway for superior fluorescence image restoration. To meet this goal, we 

devise a large-patch network (LargePNet) with scale separation, instance normalization42, 43, and 

shallow convolutional layers with ultralarge kernel size that differs from conventional restoration 

models. Our design holds higher efficiency when processing large-size patches, and builds an 

effective way to leverage global information from full-view images. Comprehensive evaluations 

show that LargePNet noticeably outperforms previous state-of-the-art models in a vast range of 

fluorescence image restoration tasks and turns out to be more robust in noisy conditions, and more 

efficient for processing full-view images. Empowered by LargePNet, some very challenging 

imaging tasks can be achieved, such as hour-long tri-color STED imaging and day-long recording 

of cytoskeleton dynamics in living cells. 

Results 

Network architecture suitable for aggregating large-view information 

Our initiative is to explore the route of effectively leveraging large-view information to improve 

the performance of current fluorescence image restoration models. A larger patch allows more 

contextual pixels in the restoration process, inherently providing greater potential for performance 

improvement. This approach should be more suitable for fluorescence microscopy, where images 

typically contain abundant similar biological structures that provide rather direct and easy-to-learn 

semantic information (Supplementary Fig. 1). Moreover, the native resolution of most scientific 

cameras (≥512 pixels) naturally aligns with and supports our large-view training paradigm, 

eliminating the need for curating training data through massive croppings. 

Effectively leveraging large-patch training requires handling of two key challenges: (1) 

establishing a sufficiently large effective receptive field44 (ERF) (Supplementary Note 2), and (2) 

finely managing the stability and computational cost when processing high-resolution inputs. 
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While deeper CNNs theoretically provide more chances for long-range pixel interactions, 

empirical studies show their ERF often remains surprisingly limited, with networks predominantly 

focusing on local features34. Transformer-based architecture builds a relatively explicit long-range 

information connection within a cropped region. However, when increasing the input size, it 

suffers from computational inefficiency due to the costly attention operations, thus hard to 

aggregate large-view global information. Furthermore, for image restoration tasks, such 

indiscriminate global modeling could be an unnecessary computational burden that may not yield 

proportional performance benefits. As an echo for our analyses, in practice, the commonly used 

patch size was 64×64 or 128×128 for fluorescence image restoration CNNs and Transformer 

models6-23. A large patch size often harms the training process of  networks45. To overcome these 

constraints, we ought to devise a network architecture that simultaneously achieves effective large-

view information aggregation and efficient computation for large-sized inputs.  

Our initial trial explored building a network by stacking a few reparameterized ultra-large-

kernel (e.g., 25×25) convolutional layers (RepLKConv)34, 35 as an alternative to deep stacks of 3×3 

convolutions or attention operations. The RepLKConv operation was reported to improve the ERF 

in some high-level vision tasks like natural image classification and target detection34, 35. The 

design initiative of RepLKConv is not specifically for training with very large patches, but as a 

more efficient way than the costly attention operation to build long-range connections. However, 

we found that RepLKConv does not perform well in a simple low-level vision task of denoising 

fluorescence images when training with a 512-size-patch (Supplementary Fig. 2), leaving massive 

residual noise. This is likely due to that networks with several shallow RepLKConv operations 

lack sufficient nonlinear representation capability46 required in the restoration task, especially in 

noisy conditions. This observation aligns with the notable absence of RepLKConv in state-of-the-

art restoration architectures.  

Through the above observations, we propose LargePNet for large-patch training to aggregate 

large-view global information (Fig. 1a, Supplementary Fig. 3, Supplementary Note 3). LargePNet 

synergizes the efficient long-range modeling of RepLKConv and the nonlinear representation 

capability of very deep networks. To reduce computational cost and stabilize the gradients during 

training, LargePNet down-samples the input by multiple rates, which are subsequently processed 

by different low-frequency feature extractors (LFFE) and a high-frequency feature extractor 

(HFFE). LFFE is essentially a conventional U-shaped network but modified with instance 

normalization and average pooling that we termed as InsUNet. LFFEs process the simple down-

sampled abstractive feature map matching to stabilize the gradients for training large-sized inputs. 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

 

Moreover, the LFFE contains deep architectures to provide a sufficient nonlinear representation. 

HFFE processes the full-size feature and is composed of four RepLKConv layers stacked with skip 

connections. It takes the major computational burden that handles the hardest detail recovery and 

builds a large enough ERF (Fig. 1b) for large-view information aggregation. Especially, like our 

modification in LFFE, we also employ instance normalization in HFFE to replace the commonly 

used batch normalization, since we imposed computational burden on the patch-size dimension 

instead of the batch-size dimension. We found that instance normalization is beneficial for training 

LargePNet, as shown later. 

As indicated in the ERF analysis (Fig. 1c), LargePNet aggregates information from a much 

larger region, while typical CNN and Transformer architecture focuses on a region in a 128-pixel, 

or less, window. As evidence to inspect the functioning principle of LargePNet, we found that the 

feature maps propagated in LFFE are highly abstractive, and HFFE focuses on fine structural 

details (Fig. 1d). This fundamental difference necessitates our large-patch training paradigm 

(typically 512×512 pixels) to fully exploit LargePNet's architectural advantages, in contrast to 

traditional small-patch augmentation approaches (Fig. 1e, Supplementary Table 1). Our optimized 

design ensures the high efficiency of LargePNet for large-patch training, which is equivalent to a 

standard RCAN processing small-patches with equivalent volume and is much lower than some 

more advanced architectures (Fig. 1f). To accomplish a 512-size single-image translation, 

LargePNet requires ~6 GB GPU memory, which is affordable by most commercial GPUs.  

Validation of large-view statistics aggregation through LargePNet 

To validate the rationality of the LargePNet design, we conduct an initial evaluation in a simple 

single-image denoising task by transforming the low-SNR widefield image to the high-SNR one 

using the BioSR dataset16. We first inspect the performance of LargePNet and a standard UNet 

when training with 128, 256, and 512 patch sizes, to check the favorability of the two networks in 

terms of patch sizes. The results show that the standard UNet performs optimally with smaller 

patches, while LargePNet demonstrates superior performance when trained with the largest 

512×512 patches (Supplementary Fig. 4, Supplementary Table 2). This characteristic enables 

LargePNet to surpass UNet considerably, especially in high-noise conditions. We further conduct 

an ablation investigation on the LargePNet structures by detaching its primary components 

(Supplementary Fig. 2), showing the importance of combining LFFE and HFFE features and the 

application of instance normalization for the functionality of LargePNet. Moreover, we also 

investigate whether further increasing the depth of conventional 3×3 convolution networks can 

achieve the equivalent outcome. The results show that the ERF does not evidently increase for a 
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deeper 3×3 convolution network (Supplementary Fig. 5), which is far lower than LargePNet, even 

when the computational cost is already several folds higher. Another interesting characteristic of 

LargePNet is that its optimal learning rate is roughly tenfold higher than that usually adopted in 

conventional networks. Following this initial validation, we progressively evaluate the 

performance of LargePNet in some high-profile restoration tasks with advanced, tailored 

competitive models. 

 

Fig. 1. The architecture of the proposed LargePNet. a. Diagram of the architecture of the proposed 
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LargePNet. The up-scaling factor can be adjusted to meet the requirements of different restoration tasks. 

For more details, see Supplementary Fig. 3. b. Comparisons of the main feature extraction blocks in the 

conventional deep convolutional neural network (CNN) and LargePNet. c. Analysis of the effective 

receptive field (ERF) map of RCAN, SwinIR, and LargePNet. d. Representative feature maps propagated 

in the high-frequency feature extractor (HFFE) and low-frequency feature extractor (LFFE) branches in 

LargePNet. e. Difference of the training patches between LargePNet and conventional neural networks. f. 

The peak GPU memory occupation, multiply-accumulate operations (MACs), and training time of 

LargePNet processing a 512×512-image, and some representative small-patch networks processing an 

equivalent 16×128×128 batch for single-image translation.  

Performance of LargePNet for single-image restoration tasks in widefield systems 

We first evaluate the performance of LargePNet on a well-established BioSR single-image super-

resolution task16, which aims to transfer widefield microscopic images of four typical organelles 

to super-resolution SIM images with 2× upscale. We compare LargePNet with DFCAN16 and 

UniFMIR13, which are the state-of-the-art CNN and Transformer-based networks tailored for this 

task, respectively. Fine-tuned UniFMIR models are provided for the BioSR super-resolution tasks, 

serving as an objective performance benchmark. While both comparison models were trained 

using conventional 128×128 patches, LargePNet leveraged our large-patch training paradigm with 

512×512 inputs. We first examine the patch-wise quality of the network results that were 

previously adopted for the BioSR dataset evaluation (Supplementary Fig. 6). The results show that 

LargePNet outperforms DFCAN and UniFMIR, with ~1.2 dB higher PSNR than UniFMIR, 

providing a better resolution of detailed structures and is better at recovering signals from heavy 

noise.  

 We progressively investigate the performance on 512×512 full-size widefield images, which 

could be meaningful for practical application but was less discussed in previous works. When 

processing an image larger than the training patch size, CNN structures like DFCAN can directly 

infer the full-size image or stitch patch-wise inferences to full-size, with overlapping to reduce the 

boundary artifacts (Supplementary Fig. 7). UniFMIR incorporates SwinIR, which successively 

processes each 8×8-size window, preventing boundary artifacts but only utilizing the information 

within a 128×128 region. LargePNet, directly trained on large-view images, demonstrates 

contrasting advantages in the full-view metrics (Fig. 2a, Supplementary Fig. 8, Supplementary 

Table 3), outperforming UniFMIR by ~2.4 dB higher PSNR. This indicates that the small-patch-

trained super-resolution network typically has poor quantitative rigor when transferred to process 

a full-view image in this super-resolution task. Conventional small-patch CNN architectures like 

DFCAN could obtain higher fidelity metrics when directly inferring the full-size image in most 

scenarios, but would lose considerable details (Fig. 2b, c, and Supplementary Figs. 9, 10), due to 
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the inconsistency of the train-test image size. In the previous BioSR dataset evaluation, only 

images with average photon count >50 were used for evaluation16, and we found that lower-

intensity conditions would lead to collapsed performance of DFCAN and UniFMIR (Fig. 2d, e). 

LargePNet demonstrates exceptional noise robustness through global information aggregation. 

Besides obtaining superior performance, LargePNet holds higher efficiency when inferring full-

view images, benefiting from its architecture design, taking only ~1/4 and 1/20 of the time cost of 

DFCAN and UniFMIR, respectively (Fig. 2f). It also generalizes well when processing images 

larger than the training patch (Fig. 2g). 
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Fig. 2. LargePNet shows superior performance on single-image super-resolution tasks in the open-

source BioSR dataset. a. Statistical comparisons of the full-view PSNR, MS-SSIM, and NRMSE metrics 

of the recovered images via different models (n =135, 114, 135, 180 test images in the dataset for CCP, ER, 

MT, and F-actin). The exact improvement values of LargePNet over the second-best model are marked. 

The patch-wise metrics are shown in Supplementary Fig. 6. Representative single-image super-resolution 

results of a 512×512-size microtubule image b and ER image d, with the magnified white boxed region 

shown in c and e. SIM images of the same ROI are shown as the ground truth (GT) for comparison. LR, 

low resolution. The difference images relative to GT are shown below the corresponding network outputs. 

f. Comparisons of the inference time of the three models. DFCAN-S: stitching method to obtain a full-view 

image. DFCAN-F: directly infer full-view image. g. Performance of the three models on a 1024×1024-size 

microtubule image. SIM image of the same ROI is shown for comparison. Box chart: centerline, medians; 

point, average values; limits, 75% and 25%; whiskers, maxima and minima. Scale bars: 5 μm (b, d), 1 μm 

(c, e, g subgraph), 10 μm (g). (***, p<0.001; **, p<0.01; Obtained by two-sided t-test; No adjustment for 

multiple comparisons was applied; The exact p values in a can be found in Supplementary Table 3). 

Performance of LargePNet for single-image restoration tasks in super-resolution 

systems 

Beyond the restoration tasks in the widefield system, we further evaluate the applicability of 

LargePNet in super-resolution systems with a higher spatial resolution, such as STED47 and 

SMLM48, 49. Considering the lack of high-quality open-source single-image STED datasets, we 

collected STED images of three typical subcellular structures and established a denoising dataset 

(Methods) including microtubule, mitochondrial inner membrane, and ER, enlightened by the 

procedure in a previous literature8. Practically, DL-assisted STED can reduce the bleaching and 

improve the acquisition speed. We compare the performance of LargePNet with UNet-RCAN8 and 

SwinIR2, with the former being a state-of-the-art CNN tailored for STED image denosing, and the 

latter being a strong Swin Transformer baseline for image restoration. In the comparative results, 

LargePNet outperforms the other two counterparts by providing higher restoration quality metrics 

(Fig. 3a, Supplementary Figs. 11, 12, Supplementary Table 4) with lower computational cost (Fig. 

3f). It provides finer restoration of subtle biological structures in the noisy conditions than SwinIR 

and UNet-RCAN, such as the inner mitochondrial membrane and closely distanced microtubule 

filaments (Fig. 3b-e, Supplementary Fig. 13).  

Besides denoising the super-resolution STED images, some generative adversarial networks50 

(GANs)  can transfer a blurry single image, such as confocal or STED with low depletion power, 

to a high-resolution STED image20. We anticipate that LargePNet can also be utilized to improve 

the performance of the GAN-based restoration framework by acting as a more powerful generator 

that aggregates large-view statistics. We devise LargeP-GAN using LargePNet as the generator 
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and modifying the CNN architecture in ERSGAN51 to a multiscale version as the discriminator 

(Supplementary Note 3). We involved UNet20 and RRDB7, 51 as the competitor generators of 

LargePGAN, which were shown to have good performance in the GAN framework for 

fluorescence image-related tasks. As in visual perception, while conventional regression models 

such as UNet-RCAN fail to recover plausible high-frequency details, generative models recover 

most of the blurred details (Supplementary Fig. 14, Supplementary Table 5). Despite GANs 

achieving finer high-frequency information recovery, it is a challenge to also hold a high pixel-

wise fidelity metric value. LargeP-GAN improves this issue by providing higher fidelity metrics 

while achieving equivalent resolution with UNet-GAN and RRDB-GAN.  

We progressively investigated the application of LargeP-GAN in SMLM imaging by 

validating its performance on transforming undersampled SMLM images to well-sampled 

counterparts (Methods). Practically, this can improve the acquisition speed and imaging 

throughput of SMLM15. LargeP-GAN also provides the best metrics among all three competitive 

GAN-based models (Fig. 3g, h, Supplementary Table 6). These evidences validate the efficacy of 

LargePNet in improving the performance of generative restoration models.  
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Fig. 3. LargePNet shows superior performance in restoring images captured by super-resolution 

systems. a. Statistical comparisons of the 1024×1024 full-view PSNR, MS-SSIM, and NRMSE metrics of 

the recovered images via different models (n = 24 test images in the dataset for each structure). The exact 

improvement values of LargePNet over the second-best model are marked. b, d. Representative inference 

results of a 1024×1024-size inner mitochondrial membrane (IMM) and microtubule image. High-SNR 

STED images of the same ROI are shown as the ground truth (GT) for comparison. The difference images 

relative to GT are shown below the corresponding network outputs. c, e. Intensity profiles along the two 

arrowheads in b and d, which mark a mitochondrial cristae and two adjacent microtubule filaments, 

respectively. f. The peak GPU memory occupation in training with equivalent volume and inference time 

when processing a 1024×1024 image. g. Metrics of the recovered 1024×1024-size under-sampled SMLM 

images via different DL models (n=97 test images in the dataset). The exact improvement values of 

LargePNet over the second-best model are marked. h. Representative inference results via different models. 

Box chart: centerline, medians; point, average values; limits, 75% and 25%; whiskers, maxima and minima. 

Scale bars: 5 μm (b, d), 2 μm (h). (***, p<0.001; **, p<0.01; Obtained by two-sided t-test; No adjustment 

for multiple comparisons was applied; The exact p values in a and g can be found in Supplementary Tables 

4 and 6, respectively). 

Generalization of LargePNet to video and volumetric modalities 

The above experiments demonstrate that LargePNet can substantially improve the performance of 

single-image-based restoration tasks. We also wonder whether its advantages can be generalized 

to time-lapse and 3D volumetric data by slightly modifying the original architecture. 

We devise LargeP-TISR that can leverage temporal information for video super-resolution 

(Supplementary Note 4). It incorporates an optical flow reconstruction network52 (OFRNet), which 

leverages deep-wise convolution and channel shuffle to analyze temporal information. The output 

from OFRNet is consecutively sent to LargePNet for super-resolution. We test the performance of 

LargeP-TISR on the open-source BioTISR dataset18, which contains well-matched pairs of 

widefield and super-resolution SIM videos. We compared the performance of LargeP-TISR with 

DPA-TISR18, which is a state-of-the-art network devised for this dataset and is provided with well-

trained models for an objective benchmark. DPA-TISR was trained with augmented 7×128×128-

size video patches and was directly applied to infer the full-size 7×512×512 video in the dataset. 

For LargeP-TISR, we directly trained it with a 7×512×512-size video, which is computationally 

impractical for DPA-TISR since it contains complex deformable phase-space alignment operations. 

By aggregating large-view statistics, LargeP-TISR provides clearer super-resolution results (Fig. 

4a-c) and shows robustness under different noise levels (Supplementary Figs. 15, 16). Quantitative 

assessment shows that our LargeP-TISR outperforms DPA-TISR by ~0.6 dB higher PSNR and 

~0.03 higher MS-SSIM metrics (Fig. 4e, Supplementary Table 7). Besides, while achieving better 

fidelity metrics, LargeP-TISR reduces the training memory cost by ~5-fold and inference time by 
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~4-fold compared to DPA-TISR (Fig. 4f), demonstrating the efficiency of our large-patch training 

paradigm for this video super-resolution task.  

We progressively investigate our method in processing volumetric data, and develop 3D-

LargePNet that majorly upgrades each operation in LargePNet to its 3D form. In volumetric 

microscopic imaging, the axial resolution and sampling rate are usually several times lower than 

the lateral ones. Considering this feature, we have devised a cuboid ultra-large kernel-size 

convolution to save memory and computational cost while holding the performance 

(Supplementary Note 4). Benefitting from this, with equivalent memory and computational cost, 

3D-LargePNet can process 3D-stacks with much larger sizes compared with 3D-RCAN6, a 

universal state-of-the-art model for restoring volumetric fluorescence data.  

We first benchmark 3D-LargePNet on an open-source dataset of deblurring volumetric 

confocal images6, a task that 3D-RCAN is specifically good at. By aggregating larger-view 

information, 3D-LargePNet improves the baseline of 3D-RCAN with ~0.2 higher 3D-PSNR 

metrics (Supplementary Fig. 17). Besides the tasks similar to 2D scenarios that aim at removing 

random noise or blurring, we further explore removing scattering noise and background 

fluorescence in volumetric imaging, in which the global statistics could have a pivotal effect. We 

established a dataset of four tissue structures by capturing well-matched volumetric pairs of 

widefield and confocal modality to train 3D-RCAN and 3D-LargePNet (Methods). The results 

show that 3D-LargePNet provides more precise removal of background and resolves clearer 

structures (Fig. 4g-i), providing a contrasting ~1.4 dB higher 3D-PSNR in the four tested samples 

(Fig. 4j, Supplementary Figs. 18, 19, Supplementary Table 8), while maintaining a lower 

computational cost (Fig. 4k). These evidences demonstrate the advantage of 3D-LargePNet in 

volumetric image restoration tasks.  
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Fig. 4. Extension of LargePNet to restore video and volumetric data. a. b. Representative recovery 

results of the time-lapse microtubule and mitochondria in the Bio-TISR dataset. LR, low-resolution; GT, 

ground-truth. c. d. Magnified white boxed region in a and b, respectively. e. Statistical comparisons of the 
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full-view PSNR and MS-SSIM metrics of the images recovered by DPA-TISR and LargeP-TISR (n=420 

frames for each sample in the dataset). f. The peak GPU memory occupation in training (1×7×512×512 

input for LargeP-TISR, and 16×7×128×128 input for DPA-TISR) and inference time when processing a 

7×512×512 video. g. h. Representative recovery results of a widefield stack of Nerlum indicum stem and 

palloidin-labeled actin in mouse kidney tissue sections, respectively. i. Magnified white boxed region in h. 

j. Statistical comparisons of the full-view PSNR(dB) and MS-SSIM metrics (n=32 test images for plant 

section samples and 24 test images for mouse kidney section samples). k. The peak training GPU memory 

occupation (4×16×256×256 for 3D-RCAN and 1×16×512×512 for 3D-LargePNet) and inference time 

when processing a 24×512×512 volumetric stack. Box chart: centerline, medians; point, average values; 

limits, 75% and 25%; whiskers, maxima and minima. Scale bars: 10 μm (a, b), 1 μm (c, d), 50 μm (g), 20 

μm (h), 2 μm (i). (***, p<0.001; Obtained by two-sided t-test; No adjustment for multiple comparisons was 

applied; The exact p values in e and j can be found in Supplementary Tables 7 and 8, respectively). 

LargePNet improves live-cell fluorescence imaging capabilities 

LargePNet shows superior performance in various fluorescence image restoration tasks and 

improves the noise-robustness of previous networks, thus holding great potential to boost the live-

cell imaging performance further. We then investigate how it can enhance the live-cell fluorescence 

imaging capabilities, allowing for the observation of cellular activities with a higher information 

flux.  

Fluorescence imaging faces the trade-offs between quality and duration, due to the 

phototoxicity and bleaching caused by laser illumination. We have shown that LargePNet easily 

improves the imaging duration of microtubule, a light-sensitive organelle, to a day-long level. Our 

imaging lasts around 30 hours with a half-minute monitoring frequency (Fig. 5a, Supplementary 

Video 1). At the last frame, the imaging only suffers a moderate bleaching of around 30%, since 

we employ a low-power laser illumination (Fig. 5b). LargePNet has effectively removed the 

massive noise in the raw recordings (Supplementary Fig. 20), enabling fine segmentation of the 

microtubule structures. With the assistance of LargePNet, we can monitor the movement of the 

microtubule at a day-long level (Fig. 5c, d), maintaining a good state of the cell.  

Besides assisting fluorescence imaging in the widefield system, the trained LargePNet models 

can also be utilized to achieve sustained multicolor super-resolution imaging that can be hard to 

achieve in the hardware dimension in the point-detecting STED system. With the assistance of 

LargePNet, we improve the resolution of the confocal recorded tri-color hour-long recordings of 

ER, mitochondria, and microtubules to STED-level at around 70 nm (Fig. 5e-g, Supplementary 

Fig. 21, Supplementary Video 2). With the restored images, we observed that one mitochondrial 

end maintained persistent contact with ER tubules and the microtubule network for most of the 1-

hour recording, indicating the close correlation of the three organelles for cellular activities (Fig. 
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5h). These experiments highlight that LargePNet greatly expands the imaging capabilities of 

fluorescence microscopy.  

 

Fig. 5. LargePNet enables finer live-cell imaging. a. Widefield 30-hour-long recordings of the 

microtubule activities in COS-7 cells with capturing intervals of 30 seconds. Seg: segmentation results, 

obtained using the TWS toolbox53. b. Variation of the average, and 10%-90% percentile signal intensity in 

the gray boxed region in a (top), and a representative FRC of a raw and recovered image (bottom). c. Time-

coded color image showing movement of the microtubule network. d. Magnified boxed region in a at 

different time points. Top: raw images, bottom: DL recovered. e. Representative shots in hour-long tri-color 
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imaging of ER tubules (green), mitochondria (white), and microtubules (magenta) in a U2OS cell, with 

capturing intervals of 30 seconds. f. The Fourier spectrum before and after recovery. g. Resolution of the 

recovered images is estimated via decorrelation analysis. (n = 120 frames in the video). Box chart: 

centerline, medians; point, average values; limits, 75% and 25%; whiskers, maxima and minima. h. 

Magnified white boxed region in e. The white arrowhead denotes the position of the mitochondrial cristae 

end. Scale bars: 10 μm (a), 2 μm (d, h), 5 μm (e).  
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Discussion 

In this work, we highlight the importance of incorporating large-view statistics for fluorescence 

image restoration. To effectively aggregate such large-view information, we propose LargePNet, 

which works as the backbone feature extractor in end-to-end training and is versatile to be 

transplanted to single-image, time-lapse, and volumetric data types. Besides the supervised task 

presented in the manuscript, we found that LargePNet can also improve some self-supervised 

learning frameworks, such as the self-inspired noise2noise denoising (Supplementary Fig. 22). 

LargePNet as the main feature extractor, markedly improves the performance of the previous 

UNet-SN2N (Supplementary Table 9). Our evaluation results across eight representative 

fluorescence microscopy restoration tasks demonstrated that LargePNet markedly outperforms 

previous state-of-the-art small-patch models in various modalities. It should be noted that despite 

LargePNet grealy improving the restoration performance of previous models, there is still a 

possibility of hallucinations when the noise is excessively strong (Supplementary Fig. 23). 

Although we have established a large enough ERF in LargePNet to aggregate large-view 

information, it should be noted that an even larger ERF is not necessarily better, as shown in 

Supplementary Table 10. The optimal ERF may be related to factors such as structure size and 

other relevant parameters54. It would also be interesting to discuss why LargePNet shows higher 

or lower advantages in the restoration of a specific structure. We find that this can be explained by 

the structural statistics difference in large-view and small-view images (Supplementary Note 6, 

Supplementary Fig. 24, Supplementary Tables 11-14). The larger the deviation of statistical 

information in the small patch from the large-view image, the more likely LargePNet is to have a 

significant restoration advantage. 

Moreover, LargePNet achieves superior performance while demonstrating higher efficiency, 

requiring only 1/4 and 1/20 computational cost of the RCAN or SwinIR-derived advanced models, 

benefiting its deployment. Besides fluorescence microscopy, we believe that LargePNet could also 

improve the DL restoration performance in images similar to fluorescence images, such as label-

free and electron microscope images. Moreover, LargePNet could be integrated into some task-

specific, physics-inspired DL restoration or reconstruction frameworks to further boost the 

performance17, 25, 55. 

Despite foundation models recently showing great success in some vision areas, the 

fluorescence imaging restoration fields may still lack a high-quality, uniform, and large-scale 

dataset to demonstrate their power. In our work, for example, by only training with specific data, 

our LargePNet surpasses UniFMIR, which was finetuned from a foundational model. To mitigate 
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the data scarcity in this field, we have open-sourced our self-collected STED, SMLM, and 

volumetric background removal datasets to strengthen the current available data volume 

(Supplementary Tables 15, 16). We believe the idea of LargePNet to aggregate large-view 

information can also benefit the development of foundational models, in cases when sufficient data 

is given.  

Despite LargePNet achieving success in several common fluorescence imaging restoration 

tasks, it is essential to discuss its deficits for a balanced view. Firstly, LargePNet architecture is 

devised to aggregate information from a large patch-size (such as 512 pixels). For some cases 

when only small ROIs are available, LargePNet may perform worse or similarly with state-of-the-

art small-patch networks. We showcase this phenomenon in the BioSR dataset (Supplementary 

Fig. 25). Secondly, while possessing a computational cost lower than some advanced models, 

LargePNet’s processing speed is still evidently lower than the commonly used UNet, despite the 

total computation amounts being equivalent. This is due to the fact that current off-the-shelf deep-

learning tools (such as Pytorch) are more well-optimized for conventional CNNs that stack very 

deep 3x3 convolutions compared with RepLKConv34 that occupies major computational cost in 

LargePNet. Despite this, LargePNet is still much more efficient than some advanced networks 

(such as DFCAN and UniFMIR) while providing better performance. Optimization of the 

RepLKConv efficiency can further benefit the deployment of LargePNet.  
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Methods 

Development and training of the LargePNet series model 

We implement our large-patch model series using Python 3.10 and the Pytorch 2.0.0 environment. 

The code is mainly developed using primary neural network components provided by Pytorch, 

thus, it was insensitive to the CUDA and Pytorch versions through our testing. Our LargePNet 

series takes large-size patches (usually with a size of 512 pixels or larger) for training, which are 

generated from the original dataset through augmentation methods including random cropping, 

flipping, and ±90° rotation. In cases when the original image size is not large enough, we just use 

the full-size images with only flipping and rotation augmentation without cropping for training. 

The Adam optimizer is adopted for training LargePNet. It usually takes 800-1,200 512×512 image 

pairs to well train LargePNet. The typically chosen learning rate is 1e-3 for LargePNet, which is 

roughly ten times higher than the commonly chosen value for conventional networks. The details 

for the choice of hyperparameter for each task are listed in Supplementary Note 5. The training 

was mainly accomplished with a local workstation equipped with an NVIDIA RTX 4080 GPU and 

a remote server with an NVIDIA RTX 4090 GPU. The Matlab (2022b) software was used for data 

analysis.  

 

Comparison with other regression models 

In this work, we compare the performance of LargePNet with some other advanced restoration 

models, including UNet9, RCAN5, UniFMIR13, DFCAN16, SwinIR2, UNetRCAN8, RRDB51, DPA-

TISR18, and 3D-RCAN6. In the open-source BioSR16 and BioTISR18 datasets, the state-of-the-art 

UniFMIR and DPA-TISR provide well-trained models, thus could objectively assess the 

performance of our LargePNet model. For others without well-trained models, we retrained the 

model using their original code provided in the GitHub repository and following the original 

hyperparameter selection. Details are listed in Supplementary Note 5.  

When comparing GAN-based image-restoration models, we uniformly adopt the relativistic 

GAN (RaGAN)51 method. Since the major contribution of this paper is the proposition of a stronger 

generator, we compare its GAN form performance by equally training UNet-GAN and RRDB-

GAN in the RaGAN scheme.  

 

Data splitting 

For the self-collected dataset in the manuscript, we adopted random splitting of train, validation, 

and test data. The data splitting procedure has been chosen to avoid data leakage. For the open-
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source dataset, we adopt their original split data. The data splitting mimics anticipated real-world 

applications. Details can be found through the link in Supplementary Table 15. 

 

Box-chart display 

In this paper, we employ the box chart to display the distribution of the restoration metrics. As 

presented in this paper, the boxes and whiskers are typically relatively long. This is because 

restored image datasets usually acquire different levels of SNR for a single FOV (e.g., the F-actin 

dataset in BioSR includes 12 noise levels). The performance of all models degrades significantly 

as the SNR of the original images decreases, which results in the elongated boxes and whiskers. 

In addition, although box plots effectively present the fluctuations of restoration metrics across 

samples with varying SNRs, they may obscure the performance differences between different 

models. Statistical charts stratified by different noise levels could help to better understand the 

performance of various models under different initial SNR conditions of original images. Some 

illustrative examples are provided in Supplementary Figs. 8, 10. 

 

Preparation of STED deblurring and denoising dataset 

STED imaging was performed on COS-7 cells grown to ~50%-70% confluency in 35 mm glass 

bottom plates (Cellvis, #1.5H, D35-20-1.5H). For microtubule labeling, COS-7 cells were first 

pre-fixed with 0.4% glutaraldehyde (EMS, 16220) and 0.25% Triton X-100 (Sigma, X100-100ML) 

for 90 s, subsequently fixed with 3% glutaraldehyde for 15 min at room temperature, then 0.1% 

NaBH4 was used for quenching for 7 min at room temperature. After washing with 1× PBS, 3 times, 

cells were incubated with 3% BSA and 0.25% Triton X-100 for blocking and permeabilization for 

1 h. Afterwards, samples were incubated with primary antibody (anti-alpha-tubulin antibody: 

Proteintech, 66031-1, 1:200) at 4°C overnight. Afterwards, cells were washed with 1× PBS, 3 

times, and incubated with labeled secondary antibody (Abberior, anti-mouse STAR Red, 1:200). 

After labeling, samples were washed with 1× PBS, 3 times, and used for STED imaging. For 

mitochondria labeling, COS-7 cells were first labeled with 250 nM PK Mito Orange Fix dye and 

10 μM Verapamil (Sigma, 152-11-4) in cell culture medium at 37°C for 15 min. After labeling, 

cells were washed with 1× PBS and replaced with fresh culture medium in a cell culture incubator 

for at least 30 min. Then cells were fixed with 2% glutaraldehyde at room temperature for 10 min, 

and then washed with 1× PBS, 3 times and used for STED imaging. For ER labeling, COS-7 cells 

stably expressing Sec61β-mEmerald (a kind gift from Dr. Pengli Zheng) were rinsed with 1× PBS, 

and subsequently fixed with 3% paraformaldehyde and 0.1% glutaraldehyde for 12 min, and 0.1% 
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NaBH4 was used for quenching for 7 min at room temperature. After washing with 1× PBS, 3 times, 

cells were used for STED imaging. 

We used a commercially available Leica SP8 3× STED microscopy and an Aberrior 

STEDYCON STED microscope to capture our STED training dataset. The 100× objective lens 

(1.43 NA, oil immersion) was used to capture the high-resolution STED images. We capture the 

microtubule structure of 2048×2048 ROI size with 18 independent shots, the mitochondrion and 

ER structure of 1024×1024 ROI size with 32 independent shots. The pixel size varies at 25-55 nm 

to let the model comprehensively learn the characteristics at different scales. The data volume is 

sufficient to train different models.  

We investigate two conditions of confined STED images, with one major degeneration 

originating from random noise due to low dwell time, and the other originating from blurring due 

to a lower depletion laser intensity. We employed a Gaussian blurry kernel: g = exp[-(x2+y2)/2σ2] 

to simulate the blurring. In the first condition, we add Poisson-Gaussian mixed noise at different 

levels to the GT image, after slightly blurring the GT image with a Gaussian kernel with a σ value 

of 1.0 (pixel), and train DL models to transform the degenerated image to the GT. In the second 

condition, we blur the GT image with a Gaussian kernel with a σ value of 2.0-4.0 (pixel) with 

moderate Poisson-Gaussian mixed noise, and then trained DL models to transform the degenerated 

image to the GT. Previous literature shows that the model trained with images contaminated with 

degeneration can easily generalize to real conditions, and in our study, we also found that the 

trained models can be successfully applied to real scenarios (Fig. 5).  

 

Preparation of volumetric background removal dataset 

We used a commercially available Airy-NovaSD (Beijing, China) spinning-disk confocal 

microscope to capture well-matched pairs of volumetric widefield and confocal images. Three 

commercially available fixed slices were used for imaging, including a mouse kidney section 

(FluoCells Prepared Slide #3, Invitrogen, F24630), an onion epidermal cell slice (Sagaoptics, 

China), and a nerlum indicum stem slice (Sagaoptics, China). Considering the characteristics of 

each structure, we used the 20× objective (NA 0.4, air) to capture the structures in a mouse kidney 

cell slice, and the 60× objective (NA 1.2, oil immersion) to capture the structures in two plant cell 

slices. The images were captured with a volumetric size of 1024×1024×24 with at least 30 ROIs 

for each structure.  

 

Preparation of virtual sampling of the single-molecule localization microscopy dataset 
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DNA-PAINT imaging was performed on U-2OS cells grown to ~50%-70% confluency in 35 mm 

glass bottom patri dishes. For microtubule labeling, U-2OS cells were first pre-fixed with 0.4% 

glutaraldehyde and 0.25% Triton X-100 for 90 s, subsequently fixed with 3% glutaraldehyde for 

15 min at room temperature, then 0.1% NaBH4 was used for quenching for 7 min at room 

temperature. For endoplasmic reticulum labeling, U-2OS cells stably expressing Sec61β-

mEmerald were rinsed with 1× PBS, and subsequently fixed with 3% paraformaldehyde and 0.1% 

glutaraldehyde for 12 min, and 0.1% NaBH4 was used for quenching for 7 min at room temperature. 

After washing with 1× PBS, 3 times, cells were incubated with 3% BSA and 0.25% Triton X-100 

for blocking and permeabilization for 1 h. Afterwards, samples were incubated with 10 μg/ml of 

primary antibody (anti alpha-tubulin antibody: Proteintech, 66031-1; anti-GFP antibody: Millipore, 

G1546) at 4°C overnight. Afterwards, cells were washed with 1× PBS, 3 times, and incubated with 

labeled secondary antibody (Jackson, 715-007-003). Specifically, the secondary antibodies were 

conjugated to 5′-thiol-modified DNA strands via thiol–maleimide chemistry following a 

previously established protocol56. Briefly, secondary antibodies were first functionalized with 

maleimide groups using a heterobifunctional NHS-maleimide crosslinker targeting lysine residues. 

Thiol-modified DNA docking strands (5′-TTGATCTACAT-3′) were reduced and incubated with 

the maleimide-activated antibodies to form stable thioether bonds via thiol-maleimide coupling. 

Excess DNA was removed by purification, yielding DNA-conjugated secondary antibodies for 

imaging. The complementary imager strand (5′-TATCTAGATC-3′) was labeled with Cy3b and 

synthesized commercially (Thermo Fisher Scientific). Samples were imaged in imaging buffer 

consisting of 1× PBS (pH 8.0), 500 mM NaCl, and an oxygen-scavenging system containing 1× 

Trolox, 1× PCA, 1× PCD, and 0.5 nM Cy3b-labeled imager strands. We used a commercially 

available Airy-NovaSD (Beijing, China) spinning-disk confocal microscope to capture raw images 

of SMLM, and the results were reconstructed using Huygens Localizer software.  

 

Calculation of the average photon count in the open-source BioSR dataset 

To objectively assess the performance of LargePNet, we used the open-source BioSR image super-

resolution dataset provided by Qiao et al16. It contains the low-high resolution pairs of CCP, MT, 

ER, and F-actin. Two state-of-the-art models are involved for comparison, including DFCAN and 

UniFMIR. It also describes a method to calculate the average photon count. In previous 

assessments, it calculated the average photon count per patch (128×128-size). The patches with an 

average photon count of 25-600 were selected in the calculation of image metrics, and the 

calculation method was also described16. To assess the performance of LargePNet in this SNR 
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range, we follow the same procedure and select 128×128 patches to calculate the patch-wise 

metrics shown in Supplementary Fig. 6.  

 

Cell culture and maintenance 

Human osteosarcoma U-2OS cell line (HTB-96), human adenocarcinoma HeLa cell line (CRM-

CCL-2), and cercopithecus aethiops COS-7 cell line (CRL-1651) were purchased from ATCC. We 

directly purchased the cell line from ATCC, which has been authenticated. We confirm that the cell 

line we used was tested negative for mycoplasma contamination. COS-7 cells (ATCC, USA) and 

U-2OS cells (ATCC, USA) used in this study were cultured in Dulbecco’s Modified Eagle’s 

medium (Gibco, 11965-092) supplemented with 10% (v/v) heat-inactivated Fetal Bovine Serum 

(Thermofisher Scientific, A5670701) and 1% (v/v) Pencillin-streptomycin (Thermofisher 

Scientific, 15140122). Cells were incubated in a sterile and humid incubator with 5% CO2 at 37°C. 

 

Collection of the three-channel long-term time-lapse confocal imaging dataset 

COS-7 cells grown to ~50%-70% confluency in 35 mm glass bottom patri dishes were used for 

the collection of the three-channel long-term time-lapse confocal imaging dataset. Cells were 

transfected with Sec61β-mEmerald (a kind gift from Dr. Pengli Zheng) and EMTB-mYongHong 

(a kind gift from Dr. Zhifei Fu) plasmids using the Lipofectamine 3000 kit. After transfecting for 

30 hrs, cells were labeled with 500 nM HBmito Crimson dye in cell culture medium at 37°C for 

15 min. Then cells were washed with fresh cell culture medium twice and subsequently used for 

long-term time-lapse confocal imaging. We collected this dataset using the Leica SP8 3× STED 

microscopy.  

 

Collection of long-term time-lapse widefield imaging dataset 

U-2OS cells grown to ~50%-70% confluency in 35 mm glass bottom patri dishes were used for 

the collection of a long-term time-lapse widefield imaging dataset. Cells were transfected with 

EMTB-mYongHong plasmids using the Lipofectamine 3000 kit. After transfecting for 30 hrs, cells 

were used for long-term time-lapse widefield imaging. We collected this dataset using the Airy 

polar SIM microscope. 

 

Statistics and Reproducibility 

For each restoration task, in addition to the well-trained comparative models that have been 

previously published, each deep learning model was trained independently three times, 

demonstrating similar restoration performance. The model with the highest restoration metrics was 
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used for subsequent analysis. For long-term live-cell imaging experiments, the same scene was 

repeated three times under identical experimental conditions, and LargePNet achieved satisfactory 

restoration with consistent observations. 

 

Code availability 

The source Python code of LargePNet series, including LargePNet (for single-image restoration), 

LargeP-GAN (for generative single-image restoration), LargeP-TISR (for time-lapse video 

restoration), and 3D-LargePNet (for volumetric data restoration) are all publicly available at the 

GitHub repository57: https://github.com/YiweiHou/LargePNet-for-fluorescence-image-restoration. 

Trained LargePNet models that can reproduce the results in the paper are available at: 

https://figshare.com/s/05f576c96b08add7eee0.  

 

Data availability 

The open-source data used in this study are all publicly available, as listed in Supplementary Table 

10. The self-established dataset of STED denoising/deblurring, virtual sampling of SMLM, 

volumetric background removal datasets, and the source training data for the open-source BioSR 

and BioTISR datasets are available: https://zenodo.org/records/15694668.  
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Editor’s Summary 

Existing small patch design in CNN and Transformer restoration network deviates from characteristics of 

fluorescence microscopy. LargePNet overcomes this context-deficiency, significantly improving state-of-the-art 

application scenarios. 
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