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Abstract

Low-light image enhancement (LLIE) aims to improve the visibility and quality of
images captured under poor illumination. However, existing deep enhancement
methods often underemphasize computational efficiency, leading to high energy
and memory costs. We propose Spike-RetinexFormer, a novel LLIE architecture
that synergistically integrates Retinex theory, spiking neural networks (SNNs) and
a Transformer-based design. Leveraging sparse spike-driven computation, the
model reduces theoretical compute energy and memory traffic relative to ANN
counterparts. Across standard benchmarks, the method matches or surpasses strong
ANNs (25.50 dB on LOL-v1; 30.37 dB on SDSD-out) with comparable parameters
and lower theoretical energy. Our work pioneers the synergistic integration of SNNs
into Transformer architectures for LLIE, establishing a compelling pathway toward
powerful, energy-efficient low-level vision on resource-constrained platforms.

1 Introduction

Capturing images in low-light conditions is challenging due to limited photons, sensor noise, and
constrained dynamic range. These factors produce dark, noisy images that hinder downstream tasks
like detection or recognition. LLIE techniques seek to brighten such images and restore details,
enabling better visual quality and utility. Early approaches relied on heuristic image processing
(gamma correction, histogram equalization) and the Retinex theory of human vision [1], which
decomposes an image into reflectance and illumination. Traditional Retinex-based algorithms [2, 3]
improved visibility by estimating a smooth illumination map and enhancing the reflectance, but often
suffered from artifacts (haloing, color distortion) and were limited by manual parameter tuning.

The advent of deep learning spurred significant advances in LLIE. Convolutional neural networks
(CNNs) have been trained to directly map dark images to brighter ones, outperforming classical
methods in handling noise and complex artifacts. Representative works include LLNet [4], one
of the first deep autoencoders for natural low-light enhancement, and LightenNet [5] for weak
illumination images. More specialized models integrated Retinex theory, such as RetinexNet [6]
which learned to decompose an image into reflectance and illumination and enhance them with
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Figure 1: Architecture of the Spike-RetinexFormer. It consists of two main stages: (1) the Spiking
Illumination Estimator, which predicts illumination features and a light-up map to adjust initial
brightness, (2) the Spiking Corruption Restorer, which utilizes a multi-scale U-Net structure with
Spiking Illumination-Guided Attention.

deep networks. Many subsequent methods built on this idea, proposing improved Retinex-based
networks with attention or refinement modules [7, 8, 9]. Unsupervised and zero-reference techniques
have also emerged: Zero-DCE [10, 11] optimizes a deep curve mapping without ground truth,
while EnlightenGAN [12] uses generative adversarial learning to enhance lighting without paired
data. Recent trends include normalizing flow models [13] and diffusion models [14] for LLIE,
and Transformer-based architectures [15] to capture global illumination context. Despite improved
enhancement quality, most deep LLIE methods are computationally heavy and energy-demanding[16,
17], which limits deployment on resource-constrained devices.

Meanwhile, SNNs have gained interest as the third generation of neural networks, offering event-
driven computation inspired by biological neurons [18]. Neurons communicate via sparse binary
spikes, leading to significantly reduced power consumption on neuromorphic hardware [19]. SNNs
have achieved competitive performance on classification [20] and object detection [21] tasks with far
lower energy usage than standard ANN models. However, relatively few works have applied SNNs to
low-level vision: LLIE is a continuous-tone regression problem (enhancing pixel intensities), whereas
most prior SNN works focused on classification or recognition with discrete labels. Directly applying
SNNs to image enhancement must handle fine-grained color and illumination adjustments, requiring
high precision despite the coarse spike-based computations. [22] encoded pixel intensities into spike
latencies and used a recurrent SNN (with ConvLSTM) for unsupervised LLIE. This demonstrates
that SNNs can gradually capture image structure via spike timing.

Transformers [23] have revolutionized many vision tasks due to their self-attention mechanism
capturing long-range dependencies. Vision Transformers [24] and related models have shown
excellent performance in recognition and even low-level image restoration [25, 26]. For LLIE,
Transformers can globally model illumination variation and object context, yielding more balanced
enhancement [15]. Merging the energy efficiency of SNNs with the representational strength of
Transformers is a promising direction that remains underexplored. Recent studies have started
integrating spiking neurons into Transformer models [27, 28, 29, 30, 31], mainly for classification or
sequential data processing. These spiking Transformers achieve comparable accuracy to standard
Transformers while greatly reducing Multiply-Accumulate operations via spike-based attention. This
progress motivates our approach to design a spiking Transformer for LLIE.

In this paper, we propose Spike-RetinexFormer, a SNN architecture for LLIE. Spike-RetinexFormer
is a spike-driven variant of RetinexFormer that re-instantiates the one-stage Retinex parameterization
with temporal spike coding, Leaky Integrate-and-Fire (LIF [32]) neurons, surrogate-gradient training,

2



and an event-driven attention mechanism. To our knowledge, this is among the �rst feedforward spik-
ing Transformer-style network tailored to LLIE. By coupling Retinex-based illumination modeling
with event-driven computation, the approach aims at high-�delity enhancement under constrained
compute and energy budgets. Speci�cally, a spiking illumination estimator predicts a light-up map
and illumination features consistent with the Retinex reparameterization, while a Retinex restoration
module employs spiking illumination-guided attention (SIGA) to aggregate long-range context and
suppress noise. Our network processes images over T time steps, accumulating an enhanced output
from spiking neuron responses. In summary, our contributions to the community include:

• We introduce Spike-RetinexFormer, which instantiates a one-stage Retinex enhancement
pipeline entirely using spiking primitives and is trained with surrogate gradients, demon-
strating that continuous image restoration can be effectively addressed in the spike domain.

• We develop a spiking illumination-guided attention mechanism—implemented via spike-
coincidence af�nities, illumination-gated sparsi�cation, and binary value routing—and
integrate it into the Retinex framework to enable long-range interactions without forming
dense QK> matrices or softmax normalization.

• Across standard LLIE benchmarks, Spike-RetinexFormer attains competitive enhancement
quality relative to representative ANN counterparts while using comparable parameters and
fewer theoretical FLOPs.

2 Related Works

2.1 Low-Light Image Enhancement

Early methodologies for low-light image enhancement drew upon traditional image processing
techniques and models of human visual perception, prominently featuring the Retinex theory [1],
which models an image as a product of re�ectance and illumination components. Subsequent
developments, such as Multi-Scale Retinex with Color Restoration (MSRCR) [2] and LIME [3],
focused on estimating illumination maps to improve image visibility; however, these approaches
necessitated manual parameter tuning and were susceptible to artifact generation. The emergence
of deep learning marked a paradigm shift, introducing data-driven approaches that often yielded
superior performance. CNN-based models, exempli�ed by LLNet [4] and LightenNet [5], utilized
large-scale datasets (LOL [6]) to learn the image enhancement mapping directly from data. While
not exclusively focused on LLIE, Ignatov et al. [33] explored broader applications of CNNs in
image enhancement, contributing to the foundational understanding in the �eld. The principles of
Retinex theory were subsequently incorporated into deep learning frameworks. Notable models
include RetinexNet [6] and its variants [7, 8], which explicitly perform image decomposition into
illumination and re�ectance, with applications extending to specialized domains such as underwater
imaging [9] and back-lit scene enhancement.

To address the limitations associated with paired training data, unsupervised and semi-supervised
methods were developed. For instance, Zero-DCE [10] and its subsequent re�nement [11] utilized
non-reference loss functions, while EnlightenGAN [12] and DeepExposure [34] employed generative
models for unpaired learning scenarios. Yang et al. [35] proposed a semi-supervised framework
designed to strike a balance between image �delity and perceptual quality. Recent investigations have
focused on leveraging sophisticated neural architectures. Models based on normalizing �ows [13] and
diffusion probabilistic models [14] have demonstrated capabilities for high-�delity image enhance-
ment, albeit often at a signi�cant computational cost. Inspired by their success in other computer
vision tasks such as super-resolution [25, 26], Transformer architectures and attention mechanisms
have also been adapted for LLIE, as evidenced by works like [15]. In a related vein, Tang et al. [36]
introduced a method focusing on disentangling various image components to achieve more �exible
and controllable enhancement.

2.2 Spiking Neural Networks

SNNs are a class of biologically-inspired computational models that process information through dis-
crete temporal events, termed spikes, contrasting with the continuous activation values characteristic
of conventional Arti�cial Neural Networks (ANNs)[37]. Within SNNs, individual neurons integrate
input currents over time, generating an output spike when their internal membrane potential surpasses

3



a prede�ned threshold. This event-driven operational paradigm offers the potential for substantial en-
ergy ef�ciency, as computationally expensive multiply-accumulate operations prevalent in ANNs are
often replaced by simpler arithmetic operations (additions), and power consumption is predominantly
associated with active spiking events. Maass [18] conceptualized SNNs as the third generation of
neural network models, and subsequent research has established their viability as an alternative to
ANNs in speci�c application domains. For instance, [19] demonstrated that neuromorphic hardware
platforms executing SNNs can achieve energy ef�ciencies orders of magnitude greater than those of
Graphics Processing Units (GPUs) processing functionally equivalent ANN models.

The practical training of SNNs was initially impeded by the non-differentiable nature of the spike
generation mechanism. However, methodologies such as ANN-to-SNN conversion and surrogate
gradient learning have facilitated the effective training of deep SNN architectures [20].Consequently,
SNNs have demonstrated competitive performance on established image classi�cation bench-
marks [38, 20, 39, 40, 41, 42] and have been successfully applied to more complex vision tasks,
including object detection (Spiking-YOLO [21]). Notwithstanding these advancements, the ap-
plication of SNNs to low-level vision tasks requiring continuous-valued outputs, such as image
enhancement, remains relatively underexplored. A principal challenge in this context is the genera-
tion of high-resolution, analog-like outputs (an enhanced image) from discrete spike trains. This often
necessitates sophisticated encoding schemes for pixel intensities, such as rate or temporal coding,
thereby introducing additional representational and computational complexity. Addressing this, [22]
investigated LLIE by encoding pixel intensities into spike latencies, which were then processed
by a recurrent SNN. Their �ndings demonstrated the feasibility of image enhancement using this
paradigm, achieving notable computational reductions compared to some ANN counterparts. These
results provide preliminary evidence for the capability of SNNs in image enhancement tasks.

3 Method

3.1 Spiking Retinex-Based Enhancement Framework

Figure 2: Spiking illumination estimator E.

Following Retinex theory, a low-light RGB image
I 2 [0; 1] H�W �3 is modeled as the Hadamard
product of a re�ectance imageR 2 [0; 1]H�W �3

and an illumination map L 2 [0; 1]H�W :

I = R � L: (1)

Directly obtaining a lit image by element-wise
division is numerically fragile whenL is small. In-
stead, we introduce a light-up map�L that approxi-
matesL �1 and enforces the constraint�L � L ' 1 .
Multiplying by �L yields a lit-up image

I lu = I � �L = R + C; (2)

whereC 2 RH�W �3 collects the overall corruption introduced by sensor noise, quantization,
color shifts, and the light-up process itself. We realize(2) in one stage with a spiking illumination
estimator and a spiking corruption restorer. We adopt a one-stage Retinex-based framework with two
spike-driven modules:

(I lu ; Flu ) = E
�
I; L p

�
; I en = G

�
I lu ; Flu

�
; (3)

whereE denotes the spiking illumination estimator andG the spiking corruption restorer. The
illumination prior Lp 2 RH�W �1 is the channel-average mean of the input image:

L p = mean(I); (4)

and bothE andG are implemented with LIF spiking neurons and operate overT discrete time steps;
gradients are estimated via surrogate functions.

As illustrated in Fig. 2,E is a shallow spike-driven CNN that maps
�
I k L p

�
2RH�W �4 to a light-up

image and illumination features:

C1: 1�1 fusion ! C2: depth-wise 5�5 (light-up features) ! C3: 1�1 projection:
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G is a U-Net style encoder–decoder with skip connections, implemented entirely with spiking layers.
At each decoder stage, we insert a SIGA block that consumes the current feature maps together with
the scale-alignedFlu (from (3)), injecting long-range, lighting-aware context without dense softmax
attention. A lightweight spike-driven head predicts a residual �I so that

I en = I lu + �I: (5)

The whole pipeline (3) is trained end-to-end with surrogate gradients.

3.2 Spiking Neuron Model and Training

We use LIF neurons with soft reset and a single, shared time budget ofT steps for both training and
inference. For each layer ` and time step t2f1; : : : ; Tg,

U(`) [t] = � (`) H (`) [t�1]+I (`) [t]; S (`) [t] = �
�
U(`) [t]�V (`)

th

�
; H (`) [t] = U (`) [t]�V (`)

th S(`) [t];
(6)

with H (`) [0] = 0, leak � (`) 2(0; 1), and a �xed threshold V(`)th .2

Input encoding and T -normalization.

The illumination estimatorE (see(3)) is executed �rst and receives a time-shared,T-normalized
current

I (0)
E [t] =

1
T

� in
�
I; L p

�
; � in (X; Y ) = � �(X) k � p �(Y ); �(z) = log

�
1 + �z

�
; (7)

wherek denotes channel concatenation. AfterE predicts the light-up map�L and featuresFlu (cf. (3)),
we form Ilu = I � �L (cf. (2)) and its prior Llu

p = mean(I lu ). The decoder G then uses

I (0)
G [t] =

1
T

� in
�
I lu ; L lu

p

�
; (8)

which keeps the total injected charge approximately invariant toT. We use �=6 and
(�; � p)=(1:0; 0:5) in all experiments.

Illumination-guided FiLM. For ` � 1 in the decoderG, the synaptic current is a convolution on
spikes modulated by per-channel FiLM parameters:

I (`) [t] = � (`) �
�
W (`) � S (`�1) [t]

�
+ � (`) ; (9)

where� is a standard convolution and� (`) ; � (`) 2RC ` are time-shared (constant overt) and broadcast
spatially. They are predicted once from temporally aggregated illumination features (from (3)):

F lu =
1
T

TX

t=1

Flu [t]; f̂ = GAP( F lu ); [~� (`) k~� (`) ] = W (`)
g f̂ + b (`)

g ; (10)

� (`) = � min + (� max � � min ) �(~� (`) ); � (`) = s tanh( ~� (`) ); (11)

with (� min ; � max ) = (0:5; 2:0) , s = 0:05, and�(�) the logistic sigmoid. WhenF lu is lower-
resolution, we bilinearly upsample inside the FiLM head; BatchNorm (if used) runs ineval mode
with EMA statistics to remain stable under sparse spikes.

Surrogate gradients and readout. We train end-to-end with a simple piecewise-linear surrogate
derivative around the �ring threshold. The network uses a single-step readout identical in training
and inference:

Y = clip
�
I lu + Head(H (out) [T ]); 0; 1

�
; (12)

where Head is a1�1 convolution to 3 channels; gradients throughclip use a straight-through estimator
on [0; 1].

2A slow, causal threshold adaptation was explored for extremely dark scenes but is disabled by default to
keep latency minimal.
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Objective. The loss combines anL 1 image term, a �ring-rate regularizer, and a temporal TV on the
pre-readout state to suppress �icker without over-smoothing spatial details:

L = kY � Jk 1 + � spk � AvgRate(S) + � tv � TV t
�
H (out) [1:T ]

�
; (13)

with (� spk ; � tv ) = (10 �4 ; 5�10 �4 ).

3.3 Illumination-Guided Spiking Transformer

We build on the U-Net-style backbone summarized in Sec. 3.1 and Fig. 1. In this subsection we focus
on how illumination guidance is injected at the decoder scales: the scale-aligned illumination features
Flu condition both the attention (via SIGA) and FiLM modulation.

At each decoder scale, we deploy a SIGA module as the core long-range dependency unit. SIGA
operates on spike trains with multi-head processing: query–key spike coincidences open hard
binary gates that route value spikes, while per-head FiLM parameters—predicted from scale-aligned
illumination features—modulate theQ=K=V projections and gating thresholds and are shared over
time. All attention computations are realized by LIF neurons unrolled acrossT steps; BatchNorm
layers (when present) run in evaluation mode with EMA statistics to maintain stable activations under
spike sparsity. The feed-forward branch is a two-layer spiking MLP with LIF activations, forming
a standard attention+FFN block in spiking form and serving as the decoder's illumination-aware
context aggregator.

SIGA mechanism: Each SIGA takes spike-encoded query, key, and value streams (Q[t]; K[t]; V [t] )
and a scale-aligned illumination featureFlu . Multi-head processing is used: channels are split intoH
heads, computed in parallel, and concatenated. For each head,Flu drives FiLM-style parameters that
modulate theQ=K=V projections and set illumination-aware gating thresholds; these parameters are
predicted once and shared across time steps. Spike coincidences betweenQ andK open binary gates
that routeV spikes, yielding an event-driven hard-attention pattern implemented by LIF neurons
unrolled over T steps.

Figure 3: Schematic of the SIGA module: illustrating spike-basedQ; K; V interactions, modulated
by the illumination features (from�L/F lu ), to generate a binary attention mask for value routing.

To compute attention in SIGA, we forego explicit �oating-point matrix multiplication and softmax.
Instead, spike-driven interactions implement hard gating: when a query neuron at positioni �res
at timet, synapses to candidate keys are activated; if a key neuron at positionj simultaneously
�res, the coincidenceQi [t]=1 ^ K j [t]=1 opens an instantaneous hard gateA ij [t] whose threshold
is modulated by illumination features. Routing uses the currentA ij [t] (preserving causality), while
optional co-�ring accumulators overt=1: : :T integrate statistics. Owing to spike sparsity (and
optionally a local neighborhood), each query selects a small subset of keys, enforcing ef�cient hard
attention without forming denseQK > ; complexity scales with spike rate and neighborhood size
rather than quadratic token pairs.

Given the gates at timet, value spikes are routed accordingly: a value spikeVj [t] contributes to query
positioni iff A ij [t] is open. Implementationally, each head employs LIF neurons receiving value
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