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Optical Coherence Tomography (OCT) speckle degrades
the contrast and impairs automated analysis. Classi-
cal speckle suppression methods blur boundaries, su-
pervised deep learning requires clinically impractical
training pairs, and existing self-supervised approaches,
such as S2SNet, tend to over-smooth retinal layers. To
address these limitations, this study proposes a novel
energy-based regularization term that penalizes overly
smooth, low-energy reconstructions, yielding an Energy-
regularized Self-Supervised Network (E-S2SNet). Eval-
uation of the 18 B-scan SD-OCT dataset and the NR206
dataset demonstrated that E-S2SNet achieves a supe-
rior balance between speckle suppression and struc-
tural preservation, outperforming both classical and
deep learning baselines without requiring clean refer-
ence (ground truth/training) data. Furthermore, im-
proved downstream retinal layer segmentation indicates
the practical utility of the proposed approach, showing
promise for future integration into automated OCT anal-
ysis.
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Optical coherence tomography (OCT) is an optical cross-4

sectional imaging technique that generates high-resolution im-5

ages of biological tissue and is widely used as a clinical diag-6

nostic tool in ophthalmology [1]. OCT images are inherently7

corrupted by speckle from coherent interference of backscat-8

tered light [2]. This reduces contrast, obscures subtle structural9

changes, and impairs automated pipelines that use local inten-10

sity gradients and texture cues to segment retinal layers. Averag-11

ing repeated B-scans can suppress speckle, but it requires motion12

compensation to avoid blurring and prolonged acquisition is13

challenging in patients with poor fixation [3]. Classical single-B-14

scan despeckling methods, such as anisotropic diffusion, non-15

local means (NLM) [4], and block-matching and 3D filtering16

(BM3D) [5], often blur fine boundaries and lose thin biomarker-17

relevant layers. Recently, supervised deep learning methods,18

such as volumetric speckle suppression using cGAN [6], showed19

strong performance. However, these methods require speckle-20

suppressed ground truth for training, obtained through lengthy21

repeated B-scan averaging or computationally expensive algo-22

rithmic suppression, which poses practical challenges for routine23

clinical deployment.24

Self-supervised denoising methods learn from noisy inputs25

alone without any clean reference [7, 8]. Early blind-spot net-26

works, such as Noise2Void, Noise2Self, and Neighbor2Neighbor,27

pioneered this paradigm by predicting a target pixel’s inten-28

sity from its receptive field. Subsequent methods, such as29

Blind2Unblind, improved these mask-based strategies. For opti-30

cal imaging, S2SNet [8] adapts the Self2Self framework [9] for31

OCT speckle reduction, training on Bernoulli-sampled dropout32

instances of a single noisy image and averaging predictions33

across stochastic forward passes. Although effective, S2SNet34

lacks explicit anatomical priors and remains susceptible to blur-35

ring fine structural boundaries, potentially disrupting retinal36

layer continuity.37

This energy regularization addresses OCT’s physical char-38

acteristics better than standard constraints. Edge-preserving39

losses can induce staircasing artifacts and blur fine retinal layers,40

while pre-trained perceptual losses miss unique backscattering41

morphologies and require clean reference targets. Because OCT42

speckle is high-frequency, standard high-frequency penalties43

struggle to separate noise from structural details. The proposed44

E-S2SNet differs from standard self-supervised OCT speckle45

reduction methods by preventing statistical over smoothing.46

Standard self-supervised models optimize pixel-wise averages,47

treating thin retinal layer boundaries as noise and producing48

smooth outputs. The proposed method adds a localized struc-49

tural energy regularization term that penalizes flat reconstruc-50

tions, balancing speckle suppression with sharp edge preserva-51

tion, maintaining boundary contrast without external priors and52

improving retinal segmentation.53

To address these limitations, this study utilized the S2SNet [8]54

framework and incorporated a novel energy-based regulariza-55

tion term that penalized low-energy, overly smooth reconstruc-56

tions, thereby deriving the Energy-regularized Self-Supervised57

Network (E-S2SNet). This approach promoted the preservation58

of high-frequency anatomical details and sharp structural transi-59

tions. The derived E-S2SNet framework was evaluated on two60

datasets: (i) an 18 B-scan macular OCT benchmark dataset [10],61

and (ii) the NR206 dataset, comprising 206 healthy retinal B-62

scans with nine annotated retinal layers [11].63

This study adopted S2SNet [8] training and inference strate-64

gies, with its self-prediction and background noise attenua-65

tion (BNA) loss functions. S2SNet [8] adapts Self2Self for OCT66
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speckle reduction by training an encoder-decoder network with67

gated convolutions on Bernoulli-sampled pairs from a noisy im-68

age, without ground truth. Given a noisy image Y ∈ RH×W , a69

binary Bernoulli mask bm ∈ {0, 1}H×W is sampled at each train-70

ing iteration, where each pixel (i, j) is independently retained71

(bm(i, j) = 1) with probability p or dropped (bm(i, j) = 0) with72

a probability of 1 − p. Importantly, this masking probability p73

remains spatially uniform and fixed throughout training; the74

mask generation is strictly stochastic and is not dynamically75

guided by local image features. Both the original noisy image76

and its Bernoulli-sampled counterpart are fed simultaneously77

into the network with shared weights, yielding two complemen-78

tary outputs.79

Ȳm = bm ⊙ Y, Ỹ m = (1 − bm)⊙ Y (1)

where ⊙ denotes element-wise multiplication and M denotes the80

total number of random mask samples generated per training it-81

eration. Let Fθ denote the U-Net-based denoising network with82

parameters θ. Two predictions were computed: the masked pre-83

diction X̂m = Fθ(Ȳm) and the full prediction X̂ = Fθ(Y). The84

self-prediction loss encourages consistency between these two85

outputs, exploiting the statistical consistency of the Bernoulli-86

sampled instances of the same underlying signal:87

Lself−prediction = min
M

∑
m=1

∥∥(1 − bm)⊙ (X̂m − Ỹ m)
∥∥2

2 (2)

The BNA loss additionally suppresses the background noise:88

Lbna = min
1
M

M

∑
m=1

∥∥X̂ − X̂m
∥∥

1 (3)

During inference, dropout is retained, and the final speckle-89

suppressed result is obtained by averaging the predictions across90

multiple stochastic forward passes, thereby reducing the predic-91

tion variance. While Lself−prediction + Lbna suppressed speckle,92

it often led to over-smoothed images where fine anatomical93

details were lost.94

To prevent this, this study proposes E-S2SNet. Unlike tra-95

ditional dynamic alternation of the input masking mechanism,96

E-S2SNet achieves structural preservation by introducing an97

energy-guided regularization term during the optimization98

phase. This term acts as a penalty for weak or uncertain fea-99

ture responses. Let Φ(Ȳm) denote the intermediate feature maps100

extracted from the penultimate layer of the decoder. The pro-101

posed framework quantifies the structural confidence at each102

spatial pixel location (i, j) by aggregating feature activations103

across all channel dimensions into a scalar energy map:104

Ei,j(Ȳm) = log
C

∑
c=1

exp
(

Φc,i,j(Ȳm)
)

(4)

where c is the channel index, C represents the total number105

of feature channels (set to 96 in the utilized architecture), and106

Φc,i,j(Ȳm) is the network activation at channel c and spatial coor-107

dinates (i, j). To encourage sharp transitions, we enforced high108

energy magnitudes by minimizing the reciprocal of the absolute109

energy across all pixels and mask realizations:110

Lenergy = min
1
M

M

∑
m=1

1
H · W ∑

i,j

1∣∣∣Ei,j(Ȳm)
∣∣∣+ ϵ

(5)

where H and W represent the spatial height and width of the111

feature maps, respectively, and ϵ = 10−8 is a small constant that112

ensures numerical stability. By minimizing this reciprocal, the113

loss increases drastically if the feature energy approaches zero,114

effectively preventing convergence to over-smoothed solutions.115

Figure 1. Training strategy flow diagram for the proposed E-
S2SNet framework.

The final self-supervised training objective for the E-S2SNet116

was a weighted combination of these terms:117

Ltotal = Lself−prediction + αLbna + βLenergy (6)

where α and β are the weighting coefficients of the bna loss and118

energy-based regularization loss, respectively.119

The training strategy using Lenergy is shown in Figure 1. The120

E-S2SNet framework used a U-Net-style encoder-decoder with121

skip connections, GatedConv2D layers, and LeakyReLU acti-122

vations. Before unsupervised denoising, input B-scans were123

resized to 256 × 256 pixels, cast to floating-point arrays, and z-124

score normalized. Experiments were run on an Ubuntu 22.04 LTS125

workstation with dual Intel Xeon Silver 4110 CPUs (@ 2.10GHz),126

dual NVIDIA TITAN RTX 24GB VRAM GPUs, 256GB RAM, and127

a 1 TB SSD. The model was trained for 2000 epochs with batch128

size 1 using Adam (β1 = 0.9, β2 = 0.999, weight decay=0.0) at129

learning rate 10−3. For the main results, the optimal hyperpa-130

rameter configuration established by the ablation studies was131

utilized: an internal network dropout rate of 0.3 for model regu-132

larization, and applying a 0.5 Bernoulli masking probability to133

generate the paired inputs for self-supervised training. Addi-134

tionally, the network employed a background noise attenuation135

(BNA) weight of α = 0.3, an energy loss weight of β = 0.10, and136

N = 400 stochastic forward passes for inference.137

To validate the architectural design and hyperparameter con-138

figurations of the proposed E-S2SNet, ablation studies systemati-139

cally evaluated the impact of the energy loss weighting factor (β),140

number of stochastic forward passes (N), dropout rate, Bernoulli141

masking probability, and decoder layer used for regularization142

injection. The network achieves its peak noise suppression and143

structural fidelity with β = 0.10, dropout rate 0.3, masking prob-144

ability 0.5, while N = 400 stochastic passes provides the optimal145

inference saturation point.146

During inference, stochastic ensemble averaging was em-147

ployed, as in S2SNet [8]. With dropout layers active, N inde-148

pendent forward passes were performed for each input image,149

producing different predictions from dropout patterns. Each150

prediction contained dropout-induced stochastic variation and151

residual speckle, and averaging N passes reduced variance, sup-152

pressing fluctuations while preserving deterministic anatomical153

structural details consistent across passes. We observed that154

optimal N varied with inherent noise level and structural com-155

plexity: N = 200 passes achieved convergence for the NR206156



Letter 3

Table 1. Quantitative analysis of the SD-OCT Dataset. The TP, EP, MSR, CNR, PSNR, SSIM, and HFEN-L1 were computed for the
selected patches. Metrics marked with an asterisk (∗) do not require a reference image. The best results are in bold.

Method MSR∗ (↑) CNR∗ (↑) PSNR (dB) (↑) SSIM (↑) TP (↑) EP (↑) HFEN-L1 (↓)
NLM 20.94 10.86 27.58 0.6120 0.75 0.22 0.0724
BM3D 11.11 7.45 22.80 0.4805 0.66 0.25 0.1302
Noise2Void 8.15 1.78 20.93 0.5046 0.35 0.54 0.4825
Noise2Self 8.07 2.40 19.78 0.5778 0.36 0.22 0.1702
Neighbor2Neighbor 8.26 2.71 21.03 0.6154 0.38 0.34 0.1008
Blind2Unblind 8.38 3.17 21.42 0.6559 0.32 0.12 0.2274
Self2Self 19.05 7.96 23.41 0.6501 0.43 0.39 0.1779
S2SNet 20.58 13.62 24.14 0.6211 0.67 0.50 0.0701
E-S2SNet 23.01 15.70 24.84 0.6657 0.84 0.58 0.0678

Figure 2. Qualitative comparison on an SD-OCT B-scan. Green boxes indicate the regions of interest used to calculate the CNR, and
Red boxes indicate the ROI used to calculate other metrics, with the corresponding Quantitative results detailed in Table 1.

Table 2. Quantitative analysis of the NR206 Dataset. The MSR,
CNR, and NIQM were computed for the selected patches.
Metrics marked with an asterisk (∗) do not require a reference
image. The best results are in bold.

Method MSR∗ (↑) CNR∗ (↑) NIQM∗ (↑)

NLM 15.732 ± 2.041 15.843 ± 2.221 0.2983

BM3D 4.264 ± 0.349 5.048 ± 0.342 0.2696

S2SNet 15.734 ± 3.540 15.329 ± 3.655 0.5853

E-S2SNet 17.850 ± 1.545 17.105 ± 1.837 0.7707

dataset, whereas N =400-500 passes were required for the SD-157

OCT dataset.158

To quantitatively evaluate speckle suppression performance,159

we computed image metrics used in OCT speckle suppression160

literature. The Mean Signal-to-Noise Ratio (MSR) assessed161

smoothness as the mean-to-standard-deviation ratio within fore-162

ground ROIs. The Contrast-to-Noise Ratio (CNR) measured163

distinguishability between foreground and background ROIs164

from their means and standard deviations. The Peak Signal-165

to-Noise Ratio (PSNR, in dB) measured reconstruction fidelity166

relative to the reference image, and the Structural Similarity In-167

dex Measure (SSIM) assessed similarity in luminance, contrast,168

and structure. The Texture Preservation (TP) index quantified169

intensity variation preservation by comparing variance statistics170

of speckle-suppressed and reference ROIs, penalizing flatten-171

ing. The Edge Preservation (EP) index measured longitudinal172

gradient ratios. The High-Frequency Error Norm (HFEN-L1)173

quantified the L1-norm difference between Laplacian of Gaus-174

sian (LoG)-filtered speckle-suppressed and reference images.175

Furthermore, the no-reference image quality metric for image176

denoising introduced by Kong et al. [12] (NIQM score) was used177

to evaluate noise reduction and structure preservation. It com-178

putes the linear correlation coefficient between two structural179

similarity maps: one comparing the noisy input to the estimated180

method noise to assess noise reduction in homogeneous regions,181

and another comparing the noisy input to the denoised out-182

put to assess structure preservation. PSNR, SSIM, TP, EP, and183

HFEN-L1 require a speckle-suppressed reference image; since184

averaged B-scans are available as ground truth for the SD-OCT185

dataset, all metrics were computed for it. For the NR206 dataset,186

only the no-reference metrics MSR, CNR, and NIQM were com-187

puted. Table-2 reports figures of merit, and E-S2SNet achieved188

highest scores across metrics, outperforming classical and self-189

supervised approaches.190
To systematically evaluate the downstream segmentation util-191

ity of our speckle suppression framework, three Fully Convolu-192

tional Networks (FCNs) [13] with ResNet-50 encoder backbones193

were independently trained on original noisy inputs, S2SNet-194

speckle-suppressed images, and E-S2SNet-speckle-suppressed195

images to segment retinal layers. The FCN was chosen for its196

foundational role in dense prediction and compatibility with197

pre-trained classification backbones; using ResNet-50 [13] lets198

the model leverage ImageNet-pretrained representations, suit-199

ing limited medical imaging data. Since this experiment mea-200

sures denoising’s relative effect on segmentation performance201

rather than absolute state-of-the-art results, using the architec-202

ture across all three training conditions ensures a controlled,203

fair comparison. The NR206 dataset, which consists of a sin-204

gle, fovea-centered B-scan from each subject’s volumetric scan,205

was split at the patient level into 60%, 20%, and 20% for train-206

ing, validation and testing, respectively. The networks were207

trained using conventional Dice loss and the Adam optimizer208

with a learning rate of 10−4 for up to 300 epochs and a batch209

size of 16, with early stopping to ensure optimal convergence.210

The performance was assessed using a holdout test dataset211

with the Dice score and Hausdorff distance. The Dice score212

measures the overlap between the ground-truth mask and net-213

work output mask, whereas the Hausdorff distance measures214

the maximum dissimilarity between the ground-truth segmen-215

tation mask and network output mask. Table 1 summarizes216

the quantitative denoising performance on the SD-OCT dataset,217

comparing the proposed E-S2SNet against a comprehensive218

suite of baseline methods. These baselines encompass clas-219

sical algorithmic filters (NLM and BM3D) as well as state-of-220

the-art self-supervised deep learning frameworks (Noise2Void,221

Noise2Self, Neighbor2Neighbor, Blind2Unblind, Self2Self, and222

S2SNet). The quantitative results indicate that while classical223

approaches such as NLM achieve a mathematically high PSNR224

(27.58 dB), this often comes at the cost of severe over-smoothing225

and loss of subtle clinical features, as reflected by its poor edge226

preservation score (EP = 0.22). Conversely, early self-supervised227

spatial blind-spot models, including Noise2Void, Noise2Self,228

and Neighbor2Neighbor, struggle to effectively reconstruct the229

complex, signal-dependent speckle statistics inherent to OCT230

imaging, resulting in lower structural similarity (SSIM) and tex-231

ture preservation (TP) scores. Blind2Unblind offers a marginal232

improvement in structural fidelity over early blind-spot methods233

but still falls short of optimal visual quality.234
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Table 3. Segmentation performance (Dice scores and Hausdorff distances) on the NR206 dataset. The best results are highlighted
in bold. All three FCN models were trained using identical initialization, data augmentation, optimization, and early stopping
strategies to ensure a fair comparison. NFL: Nerve Fiber Layer; GCL–IPL: Ganglion Cell Layer–Inner Plexiform Layer; INL: Inner
Nuclear Layer; OPL: Outer Plexiform Layer; ONL: Outer Nuclear Layer; IS: Inner Segment; OS: Outer Segment; RPE: Retinal Pig-
ment Epithelium.

Method Background NFL GCL–IPL INL OPL ONL IS OS RPE

Dice Score (%) ↑

Noisy Input 98.77 ± 0.35 75.73 ± 3.82 89.98 ± 2.45 80.99 ± 3.12 46.03 ± 7.94 89.66 ± 2.85 81.47 ± 3.92 31.55 ± 9.15 91.15 ± 2.18

S2SNet 99.36 ± 0.21 54.57 ± 5.12 90.01 ± 1.95 82.19 ± 2.45 58.57 ± 5.84 93.68 ± 1.62 88.35 ± 2.15 79.72 ± 3.84 94.89 ± 1.05

E-S2SNet 99.57 ± 0.12 59.76 ± 4.55 91.12 ± 1.34 84.49 ± 1.65 75.65 ± 3.25 94.66 ± 1.13 90.99 ± 1.28 85.48 ± 2.45 95.95 ± 0.76

Hausdorff Distance ↓

Noisy Input 5.45 ± 2.15 2.46 ± 1.24 21.22 ± 7.84 14.28 ± 5.45 17.31 ± 6.12 7.18 ± 3.45 6.42 ± 2.84 43.25 ± 11.20 35.94 ± 9.45

S2SNet 2.52 ± 0.95 6.83 ± 2.54 12.09 ± 4.23 8.69 ± 3.12 5.26 ± 2.14 3.26 ± 1.15 2.68 ± 0.94 8.90 ± 3.15 7.42 ± 2.65

E-S2SNet 2.08 ± 0.65 2.64 ± 1.18 8.17 ± 2.85 6.32 ± 1.95 3.20 ± 0.98 2.70 ± 0.82 1.98 ± 0.54 5.49 ± 1.45 4.23 ± 1.42

Figure 3. Qualitative comparison of speckle suppression on a representative image from the NR206 dataset. Green boxes indicate
the regions of interest used to calculate the CNR, and Red boxes indicate the ROI used to calculate other metrics.

More advanced masking-based ensemble methods, namely235

Self2Self and its OCT-adapted variant S2SNet, demonstrate a236

significant leap in performance by leveraging stochastic dropout237

predictions to better separate deterministic structure from ran-238

dom noise. Although E-S2SNet does not achieve the highest239

PSNR among all evaluated methods, its performance indicates a240

more favorable balance between speckle suppression and struc-241

tural preservation. Specifically, although NLM obtains the high-242

est PSNR and E-S2SNet achieves a marginally higher PSNR than243

S2SNet, the proposed method consistently delivers superior re-244

sults on structure-sensitive metrics, including SSIM, TP, EP, and245

HFEN_L1. This confirms that explicitly penalizing low-energy,246

overly smooth feature representations successfully mitigates247

the blurring tendencies of traditional self-supervised networks,248

ensuring the protection of high-frequency anatomical details.249

Figures 2 and 3 illustrate that E-S2SNet produces speckle-250

suppressed retinal images with well-preserved, sharp layers,251

contrast, and clear layer boundaries. Zoomed patches retained252

structural details without over-smoothing or blocking artifacts.253

The proposed method achieves the trade-off between noise sup-254

pression and structural preservation, avoiding over-smoothing255

present in NLM and S2SNet and blocking artifacts present in256

BM3D, making retinal layers clinically interpretable.257

Table 3 reports segmentation performance of E-S2SNet ver-258

sus Noisy Input and S2SNet across nine retinal layers on the259

NR206 dataset. E-S2SNet achieved the highest Dice scores in260

eight layers and the lowest Hausdorff distances in nearly all,261

confirming superior accuracy and delineation. Most notably, the262

OPL layer showed marked improvement with E-S2SNet (75.65%)263

over Noisy Input (46.03%) and S2SNet (58.57%), highlighting264

the benefit of speckle suppression for preserving fine detail. Al-265

though Noisy Input marginally outperformed E-S2SNet on NFL266

Dice, E-S2SNet performed best overall for retinal layer delin-267

eation in speckle-corrupted OCT images.268

Statistical significance analyses assessed robustness using269

downstream segmentation Dice scores (Table S6 of supplemen-270

tary material) and Hausdorff Distance (Table S7 supplementary271

material). Results show statistically significant improvements272

(p < 0.05), supporting E-S2SNet in preserving retinal structures273

while suppressing speckle noise. The model comprises ≈1.2M274

parameters, occupying 4.76 MB in single-precision (FP32) for-275

mat. Evaluated on NVIDIA RTX PRO 6000 GPU (N = 400),276

inference requires 1350.0 MB VRAM, 1.8 TFLOPS, and 1.52277

s/image (≈0.66 FPS). Although unsuitable for real-time scan-278

ning, footprint enables offline processing on workstations.Near-279

real-time preview can be accelerated by reducing stochastic280

forward passes (N), with inference times being presented in281

Table-S2 of supplementary material.282

The proposed approach is less susceptible to dataset shift.283

However, a limitation of this study is that the current evaluation284

is restricted to the SD-OCT benchmark and the healthy-subject285

NR206 dataset. Future work is required to fully validate the286

clinical generalization of this approach across different OCT287

devices, multi-center datasets, and a variety of pathological288

cases.289
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