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Abstract

Modular construction uses off-site modules for on-site
assembly; computer vision supports progress monitor-
ing, inspection, and assembly. These tasks may occur in
poorly lit spaces, where low light degrades image qual-
ity, while prior work has not addressed low-light enhance-
ment for this setting. We propose RetinexRefiner, a two-
stage framework that first performs illumination-based en-
hancement and then refines the result to suppress residual
artefacts such as colour cast and noise. Trained end-to-
end, it achieves improved visibility on night construction
images, reaching 28.07 dB PSNR and 0.83 SSIM, and is
applicable to construction sites and similar dim environ-
ments.

Introduction

Modular construction transforms the industry by fabricat-
ing volumetric units off-site and assembling them on-site
(Ferdous et al., 2019; Zheng et al., 2020), with benefits in
quality control, productivity, and safety (Tsz Wai et al.,
2023). The on-site phase centres on module handling:
monitoring progress (e.g. verifying module statuses) and
ensuring safety (e.g. detecting proximity between mod-
ules and other objects) (Zheng et al., 2020; Ekanayake
et al., 2021). Computer vision supports these activities
through progress monitoring, inspection, and assembly
(Zheng et al., 2020; Fang et al., 2020; Ekanayake et al.,
2021; Qi et al., 2025). The accuracy of such vision tasks
depends on image quality (Liu et al., 2023; Li et al., 2021).
In practice, the work may take place in poorly lit indoor
spaces, shaded areas, or at night (Chauhan and Seppénen,
2023; Ekanayake et al., 2021), where low light degrades
images and can cause automated checks to miss defects
or misestimate progress (Chauhan and Seppénen, 2023;
Ekanayake et al., 2021; Li et al., 2021). Reliable imaging
in such conditions is therefore important both for safety
(e.g. detecting obstacles and workers) and for progress
verification (e.g. documenting module placement and as-
sembly state); improving low-light image quality can di-
rectly support these vision-based tasks. Prior work on
modular construction has focused on module detection
and progress monitoring under normal lighting, and most
existing vision systems for construction assume well-lit
scenes rather than dim or nocturnal conditions (Zheng
et al., 2020; Fang et al., 2020; Ekanayake et al., 2021; Qi

et al., 2025); low-light image enhancement for this set-
ting has not been addressed. It is thus critical to explore
low-light enhancement methods that can improve visibil-
ity for monitoring, inspection, and assembly in modular
construction.

Low-light image enhancement aims to improve visibility
and restore corruptions (noise, artefacts, colour distortion)
hidden in the dark or introduced when brightening under-
exposed photos. Histogram equalisation and gamma cor-
rection directly amplify low visibility but barely consider
illumination, often causing noise and colour distortion.
Retinex-based methods (Land, 1977) decompose an im-
age into reflectance and illumination; LIME (Guo et al.,
2016) refines illumination with structure priors but as-
sumes corruption-free inputs, leading to amplified noise
in real low-light scenes. DUAL (Zhang et al., 2019a)
performs dual illumination estimation for exposure cor-
rection. Deep learning methods have advanced the field
(Li et al., 2021). RetinexNet (Wei et al., 2018) intro-
duces a deep Retinex decomposition network and the LOL
dataset; KinD (Zhang et al., 2019b) decouples illumi-
nation and reflectance for degradation removal. Both re-
quire multi-stage training. RUAS (Liu et al., 2021) com-
bines Retinex unrolling with neural architecture search
for a lightweight enhancement network. RetinexFormer
(Cai et al., 2023) proposes a one-stage Transformer with
illumination-guided attention blocks (IGAB) that out-
perform prior Retinex-based CNNs on multiple bench-
marks. Other lines of work include zero-reference and
physical-prior methods (Guo et al., 2020; Wang et al.,
2024), diffusion-based and dual-branch pipelines (Feng
et al., 2024), codebook retrieval and flow-based enhance-
ment (Zhou et al., 2024; Wang et al., 2022), zero-shot
neural implicit enhancement (Chobola et al., 2024), and
learning-based pipelines for raw or extreme dark imag-
ing (Chen et al., 2018; Jiang et al., 2025); recent work
also explores new colour spaces for low-light enhance-
ment (Yan et al., 2025). For construction and monitor-
ing, we focus on Retinex-based paired learning so that
we have an explicit illumination map and a clear refer-
ence (ground truth) for evaluation. Retinex-based meth-
ods follow the imaging relation that observed intensity
is the product of reflectance and illumination; they offer
interpretable decomposition, explicit illumination maps,
and a natural fit for paired supervised learning. We build
on RetinexFormer because it achieves strong performance



Stage I: Illumination estimation and initial enhancement

Single-Stage Module

Re—|
Tlumination #'
Estimator —
i N :
Py i

liow

Denoising U-Net with IGBA

| =

' Mean e
| ./

i

liow

Illumination Estimator

Stage II: Conditional
U-Net refiner

Concatation (C)

Al

PE & MLP temp

E
g
g
4
bl
8
=

Network (FFN)

IGAB (Detail) Furu

Figure 1: RetinexRefiner two-stage pipeline. Low-light input Loy, is fed to Stage I (illumination estimation and initial enhancement),
which outputs an illumination map L and an initial enhanced image I,ge1. Stage 11 (conditional U-Net refiner) takes [IIOW;Istagel 3L

and predicts a residual; the final output is Ifna) = Istage1 + Refiner(-). Both stages are trained end-to-end.

among Retinex-based methods and provides an explicit il-
lumination map, which we use to condition the refiner.
However, like other one-stage methods, it can leave resid-
ual artefacts in very dark regions, such as colour cast,
noise, and under- or over-correction.

To address this, we propose RetinexRefiner, a two-stage
pipeline that extends RetinexFormer with a refinement
stage to correct such artefacts. The pipeline is trained end-
to-end on paired normal-light and low-light construction
images. Our main contributions can be summarised as
follows:

* We address low-light image enhancement for mod-
ular construction, where on-site monitoring and as-
sembly may occur in poorly lit or indoor conditions
and prior work has not focused on this setting.

* We propose RetinexRefiner, a two-stage pipeline:
stage one performs Retinex-based illumination es-
timation and initial enhancement; stage two uses
a conditional U-Net refiner on the low-light im-
age, stage-one output and illumination map to cor-
rect residual colour cast and noise, with both stages
trained end-to-end on paired images.

* Quantitative and qualitative experiments on night
construction images show improved visibility and
competitive PSNR/SSIM, outperforming the stage-
one baseline and comparison methods.

The paper is organised as follows. Section 2 presents
the methodology (two-stage pipeline, Retinex formula-
tion, stage I and stage II). Section 3 describes the exper-
iments, results and ablations. Section 4 discusses limita-
tions; Section 5 concludes and outlines future work.

Methodology
Pipeline overview

Figure 1 summarises the RetinexRefiner pipeline. Given a
low-light image [0y, the first stage estimates illumination
and yields an illumination map L and an initial enhanced
image Lyage1. The second stage takes fiow, Istage1, and L as
input and predicts a residual. The final output is

Iinal = Lstage1 + Reﬁner(')7 (D

where Iy, is the low-light input image, Iyage is the stage-
one enhanced image, L is the illumination map from stage
one, Ifin, is the final enhanced output, and Refiner(-) de-
notes the conditional U-Net applied to the concatenation
[hiow: Istage1; L. Both stages are differentiable and trained
end-to-end.

Retinex-inspired formulation

We follow the Retinex assumption: an image is the
element-wise product of reflectance and illumination,

I=RO®OL,  R,LeR¥>MW )

where [ is the observed image, R is the reflectance, L is the
illumination, ® denotes element-wise multiplication, and
H, W are the image height and width. Stage one yields
Lyage1 = FRE(low) and L = & (Low). Stage two predicts a
residual and adds it:

Al = % ([how; Istage1; L], = 0),

3)
Tina = Istagel +AlL

where [-; ;-] denotes channel concatenation, % is the con-
ditional U-Net refiner, Al is the predicted residual, ¢ is
the time step (fixed at O in our setup), and Jfina1, Lstage1 are
the final and stage-one enhanced images. The first stage
performs illumination estimation and initial enhancement;



we extend the pipeline with the refiner for the second
stage.

Stage I: Illumination estimation and initial enhance-
ment

Stage one follows the one-stage Retinex-based framework
of Cai et al. (2023), with three single-stage modules in
sequence. At the k-th stage (k = 1,2,3), the illumination
estimator forms Xi, = [/ ®): mean, (1 (k))] and outputs Fjj,
and L(®):

FillmL(k) = slage(Xi )

@)
= 20 Qaw © ¢1(Xin),

where Xj, is the concatenation [I);mean.(I¥))] with
mean, the channel-wise mean, / ®) is the image at the k-
th sub-stage (I 1) = Low), Fiu is the illumination feature,
LW is the light-up map, &g is the illumination estima-
tor, and @1, @gqw, ¢» are 1 X 1 conv, depth-wise conv, and
1 x 1 conv respectively. The input is modulated and fed to
the denoising U-Net with IGAB:

0 = &) o ) +1(k)’ T+ — Q(T(k)Jﬁuu) _‘_f(k), 5)
where 7®) is the lit-up image, I**1 is the output of
the k-th sub-stage, and & is the denoising U-Net with
illumination-guided attention blocks (IGAB). Each IGAB
uses

A =softmax(K'Q/Vd), Attn=A(VOFy), (6)

and

IGAB (x, Fillu) = WoAttn + PE(EIIU) + FFN (x) ,

FFN(x) = W, GELU(DWConv(W)x)), 7
where A is the attention weight matrix, Attn is the atten-
tion output, Q, K, V are the query, key, and value from
the input feature x, x is the input feature to the block, d
is the head dimension, Wy, W;, W, are learnable projec-
tion matrices, PE is positional encoding, FFN is the feed-
forward network, GELU is the Gaussian Error Linear Unit
activation, DWConv is depth-wise convolution, and ® is
element-wise multiplication. Thus

1=
1? = 7,1, ®)
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where %, denotes the k-th single-stage module (k =
1,2,3), and I denotes the output after the third sub-stage
(i.e. Istage1). We train stage one jointly with stage two.

Stage I1: Conditional U-Net refiner

Stage two takes the condition C = [Ilow;lstagel;L] €
RO>*H*W and fixed t = 0. The time embedding is sinu-
soidal:

temb = MLP(PE(r)), 9

where ¢ is the time step (fixed at 0), PE is sinusoidal posi-
tional encoding, MLP is a multilayer perceptron, and tey;,
is the time embedding vector. Each residual block is mod-
ulated by temp:

h = o(Conv (x) + proj(temp)),

10
ResBlock(x, temb) = 6(Conva (1)) + skip(x), (10)

where x is the input to the block, 7% is the intermediate fea-
ture after the first conv and modulation, ¢ is the SiLU
activation, Convy, Convy are convolutional layers, proj
projects temp to the feature dimension, and skip(x) is the
identity shortcut. The U-Net computes xo = Convsx3(C),
then encoder ResBlocks with pooling, bottleneck, decoder
ResBlocks with skip connections, and

Al = COHV3><3(M2)7 Ifna = Istagel +Al, (11)

where x is the initial feature map from the 3 x 3 convolu-
tion on C, C = [low; Lstage1; L] is the 9-channel condition,
Al is the predicted residual, and u, is the decoder feature
after the second upsampling block. This single-step re-
finement improves detail and reduces artefacts. Stage one
already handles most of the illumination correction and
denoising; the remaining errors are often local and resid-
ual (e.g. colour cast, residual noise in dark regions). The
refiner, conditioned on foy, fsage1, and L, corrects these
with a lightweight U-Net rather than enlarging the first-
stage model. Both stages are trained end-to-end on paired
normal/low-light images; the training objective and data
generation are described in the Experiments section. Al-
gorithm 1 summarises the inference procedure.

Experiments
Datasets

We use a paired dataset: normal-light images (reference,
from a construction or site image set) and synthetically
darkened low-light images. In line with common prac-
tice in supervised low-light enhancement when large-scale
real low-light/normal-light pairs are scarce (Wei et al.,
2018), we synthesise the low-light side from normal-light
references rather than using night-time captures. Low-
light images are generated with the darkening curve y =
b-(a-x)Y, where x is the normal-light pixel value, y is the
darkened value, a, b, y are coefficients sampled per chan-
nel (e.g. a € [0.38,0.52], b € [0.22,0.38], v € [1.6,2.0]).
Because coefficients are randomised per image and chan-
nel, some synthetic low-light inputs are intentionally very
dark, covering challenging under-exposure. Optionally
we add signal-dependent noise variance 62 o« L (with L
the local illumination) and signal-independent noise vari-
ance 6, yielding z = clip(y +ny +n,), where z is the final
low-light value, and ny, n, are zero-mean Gaussian noise.
We refer to the reference set as the normal dataset and the
darkened set as the night dataset; the dataset comprises
200 image pairs. We randomly split these pairs into 160
pairs for training and 40 pairs for held-out testing (ratio
4:1). Geometric augmentation (flips, rotation) and crops
of 128x 128 are used during training.



Figure 2: Multiple examples: (a) low-light input, (b) RetinexRefiner output, (c) ground truth. Each column is one sample from the

/|

construction dataset.

Implementations

We implement RetinexRefiner in PyTorch. Stage one (il-
lumination estimation and initial enhancement) uses the
RetinexFormer backbone (Cai et al., 2023) unchanged;
stage two is a conditional U-Net that takes the 9-channel
concatenation [Ilow;lstagel;L] and predicts a residual. The
refiner has an encoder-decoder structure with skip connec-
tions: it downsamples twice (average pooling), processes
the bottleneck, then upsamples with bilinear interpolation
and concatenates skip features before predicting the resid-
ual. The residual blocks are modulated by a sinusoidal
time embedding (we fix r = O at inference). Both stages
are trained end-to-end. The training objective is L1 loss
between the output and the ground-truth normal-light im-
age; we do not use a separate loss on stage one. We train
for 60,000 iterations with Adam (learning rate 1 x 1074,
betas 0.9 and 0.999), cosine-annealing restart (three peri-
ods of 5000 iterations, minimum learning rates 10~* and
1073), batch size 4, and mixup (beta 1.2) with optional
identity mapping. Gradient clipping is applied. Training
and model settings are summarised in Table 1.

Table 1: Training and model settings for RetinexRefiner:
number of iterations, batch size, crop size, optimizer (Adam
with learning rate 1 x 10~%), and loss (LI to ground-truth
normal-light image).

Setting Value
Iterations 60k
Batch size 4
Patch size 128x 128
Optimiser Adam (1 x 10™%)
Loss L1

Evaluation metrics

We use peak signal-to-noise ratio (PSNR, in dB) and
structural similarity (SSIM) as evaluation metrics. PSNR

measures the ratio between the maximum possible sig-
nal and the reconstruction error; higher is better. SSIM
captures luminance, contrast, and structure similarity be-
tween the enhanced image and the reference; it lies in
[0, 1] and higher is better. The normal-light images serve
as the reference (ground truth) for both metrics. These
are standard full-reference metrics for paired low-light en-
hancement when references are available.

Quantitative results

We compare with traditional Retinex-based and
deep learning methods: LIME (Guo et al, 2016),
DUAL (Zhang et al., 2019a), RetinexNet (Wei et al.,
2018), KinD (Zhang et al., 2019b), and Retinex-
Former (Cai et al., 2023) (stage one only). Table 2 reports
PSNR and SSIM on the held-out test set of the construc-
tion night dataset. LIME and DUAL, as unsupervised
methods that do not optimise for reference matching,
yield the lowest scores (PSNR ~ 9.15 dB, SSIM = 0.05).
Among learning-based methods, RetinexNet reaches
21.50 dB PSNR and 0.69 SSIM; KinD attains 18.16 dB
PSNR with higher SSIM (0.82). RetinexFormer (stage
one) reaches 27.47 dB and 0.82 SSIM. RetinexFormer
is already a strong baseline; further gains are often in-
cremental when stacking a second stage. RetinexRefiner
improves over this baseline to 28.07 dB PSNR and 0.83
SSIM (about +0.6 dB and +0.007 SSIM), showing that
the conditional U-Net refiner still adds consistent gain.
The refiner corrects residual colour cast, noise, and detail
loss that remain after stage one. Stage one alone can leave
artefacts in very dark regions; the refiner, conditioned
on low, Isager, and L, both preserves well-enhanced
regions and fixes under-corrected ones with modest extra
parameters and one extra forward pass.



Algorithm 1 RetinexRefiner inference. Stage I (illumina-
tion estimation and initial enhancement) computes the il-
lumination map and runs three sub-stages to obtain Lge1;
Stage II builds the 9-channel condition, runs the refiner
U-Net, and adds the residual to obtain Ig,;).

c R3><H><W

Require: Low-light image /joy
Ensure: Enhanced image If,, €
1: Stage I: Illumination estimation and initial en-
hancement
: Fi, L < (g)(llow)
o (O F1 (Low)
o (o 92(1(1))
: Istagel — 19\3 (1(2>)
image
6: Stage II: Conditional U-Net refinement
7: C = [how; Lstage15 L] > 9-channel condition
8: temb < MLP(PE(r = 0)) > Sinusoidal time
embedding
9: xp < Conv3x3(C) > Initial feature map
10: Encode: xp — x; — x» with ResBlocks + pooling,
save skip features
11: Bottleneck: process x; with ResBlocks modulated by
temb > h = o(Convi (x) 4 proj(temp) ), out
= o(Conv;(h)) + skip(x)
12: Decode: upsample, concatenate skips, ResBlocks;
obtain uy > decoder feature after second upsampling
13: Al < COHV3><3(I/[2); ITinal < Lstagel + Al > output
equation
14: return Ig,,

R3><H><W

> [llumination map and features
> First sub-stage

> Second stage (IGAB with Fj,)
> Third stage; initial enhanced

[V NNV I o

Qualitative results

Figure 2 shows multiple examples from the construction
dataset: each column is one sample, with (a) low-light
input, (b) RetinexRefiner output, and (c) ground truth
(normal-light references are real photographs; low-light
inputs are synthetic). The enhanced results recover visi-
bility and detail and are close to the reference. Figure 3
compares methods on the same low-light scene: the top
row gives the input and results of LIME, DUAL, and
KinD; the bottom row gives the ground truth and results of
RetinexNet, RetinexFormer, and the proposed RetinexRe-
finer. LIME and DUAL exhibit strong colour cast; KinD
and RetinexNet improve brightness but remain hazier or
less faithful to the reference. The proposed RetinexRe-
finer is closest to the ground truth in brightness, colour,
and detail. In construction and site imagery, text, equip-
ment, and structural details become more visible for mon-
itoring and inspection. These comparisons complement
the PSNR/SSIM tables by illustrating perceptual differ-
ences that are not fully reflected by those scores alone.

Ablation study

We conduct ablations on the test set of the construction
night dataset (Table 3). Training with darkening only
yields 16.33 dB PSNR and 0.20 SSIM; adding noise dur-

Table 2: Quantitative comparison (PSNR / SSIM) on the test set
of the construction night dataset.

Method PSNR (dB) SSIM
LIME (Guo et al., 9.1515 0.0499
2016)

DUAL (Zhang et al., 9.1495 0.0522
2019a)

KinD (Zhang et al., 18.1600 0.8158
2019b)

RetinexNet (Wei 21.5028 0.6931
etal., 2018)

RetinexFormer (stage 27.4707 0.8201
one) (Cai et al., 2023)

RetinexRefiner (ours) 28.0747 0.8265

ing data synthesis raises performance to 28.07 dB and
0.83 SSIM, showing that noise augmentation improves ro-
bustness to real low-light conditions. For the refiner in-
puts, the full condition [fiow;[sage1;L] reaches 28.07 dB
and 0.83 SSIM. Omitting the illumination map L gives
27.92 dB and 0.83 SSIM; omitting Jjoy, gives 27.92 dB and
0.82 SSIM. Both variants are slightly worse than the full
model, indicating that L helps the refiner correct residual
artefacts and that Ij,,, provides useful low-light context.
These results validate the design of the conditional refiner.

Table 3: Ablation study (test set) on the construction night

dataset.
Variant PSNR (dB) SSIM
Darkening only 16.3250 0.2033
Darkening + noise 28.0747 0.8265
Refiner w/o L 27.9220 0.8271
Refiner w/o ljoy, 27.9226 0.8239
Full [Low; Lstage15 L] 28.0747 0.8265

Discussion

RetinexRefiner contributes to low-light enhancement for
construction and built-environment imagery in two ways.
First, in terms of application, prior low-light work has
not targeted construction or modular assembly; we fo-
cus on night construction and similar dim environments
for monitoring, inspection, assembly and related vision
tasks, where RetinexRefiner can improve visibility over
the compared methods. Second, RetinexRefiner provides
a two-stage low-light pipeline for construction and built-
environment imagery. The main novelty is a lightweight
conditional refiner after a Retinex-based backbone: unlike
LIME (Guo et al., 2016) and DUAL (Zhang et al., 2019a),
we use end-to-end trained stages on paired images; un-
like RetinexNet (Wei et al., 2018) and KinD (Zhang et al.,
2019b), we train both stages jointly with a single refiner;
relative to RetinexFormer (Cai et al., 2023) as stage one,
the refiner conditioned on Loy, fstage1, and L fixes residual
colour cast and noise in dark regions. We position this as a
practical refinement module for construction-site imagery
under the paired protocol used in this study.

While this study proposes a practical design with measur-
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Figure 3: Comparison of methods on one low-light image (construction scene). The low-light input (top left) is a synthetic
degradation of the ground-truth normal-light image (bottom left). Top row: input, LIME, DUAL, KinD. Bottom row: ground truth,
RetinexNet, RetinexFormer, and the proposed RetinexRefiner.

able gains, it has the following limitations. First, the low-
light image in each training/test pair is synthetically gen-
erated (darkening and optional noise) from a real normal-
light construction or site photograph used as the reference;
we do not use pixel-aligned real night-time field captures
of the same scene paired with normal-light ground truth.
The setup is therefore supervised on synthetic low-light
with real references, not unpaired real night-time enhance-
ment. Real camera response and sensor noise may differ
from our synthetic low-light branch, so performance may
degrade under domain shift; future work includes collect-
ing real paired field imagery where feasible and exploring
unpaired enhancement methods. Second, we report only
full-reference metrics (PSNR and SSIM); they may not
fully reflect perceptual issues such as colour shifts, halo-
ing, or over-smoothing. We do not report no-reference im-
age quality metrics or subjective user studies in this work;
these are important directions for future evaluation. Third,
the impact of low-light enhancement on downstream tasks
such as object detection or semantic segmentation has
not been measured—future work will validate this impact.
Fourth, we currently compare Retinex-style and classical
baselines under a paired protocol; broader cross-family
comparisons will be addressed in future work.

Conclusion

In conclusion, we have presented RetinexRefiner, a two-
stage Retinex-based method for low-light image enhance-
ment in construction and built-environment contexts.
Unlike multi-stage methods that train stages separately
or one-stage methods that leave residual artefacts, our
pipeline reuses RetinexFormer for illumination estimation
and initial enhancement, then applies a lightweight condi-
tional U-Net refiner conditioned on the low-light image,
the stage-one output, and the illumination map to predict
a residual that improves detail and reduces colour cast and
noise; the two stages are trained end-to-end on paired im-

ages. Experiments on the construction night dataset show
that RetinexRefiner reaches 28.07 dB PSNR and 0.83
SSIM, outperforming the stage-one baseline and compar-
ison methods (LIME, RetinexNet, KinD, RetinexFormer),
demonstrating its effectiveness for low-light imagery rel-
evant to modular construction and similar dim environ-
ments. The approach is broadly applicable to construc-
tion sites, indoor sites, and other scenarios where reliable
imaging in the dark is needed.

Future work will focus on: (1) exploring unpaired low-
light enhancement methods and using real paired data
from construction or field imagery to improve robustness
under domain shift; (2) validating the impact of enhance-
ment on downstream tasks such as object detection and
semantic segmentation, and reporting task-level metrics
(e.g. detection accuracy on enhanced images); (3) incor-
porating no-reference image quality metrics and subjec-
tive user studies to assess perceptual quality beyond PSNR
and SSIM.
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