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Fig. 1: Our method achieves optimal parameter tuning for automatic white
balance (AWB) in nighttime scenes through a hybrid combination of a novel
statistical color constancy algorithm and reinforcement learning. Due to the
complex lighting conditions in night scenes and the presence of significant noise in the
images, traditional AWB tuning faces relatively difficult and time-consuming challenges
when adapting parameters for night scene images. Our method can optimize parameters
for different night scene images at a faster speed without requiring prior knowledge of
illumination ground-truth, and has better cross-sensor generalization advantages.

Abstract. Nighttime color constancy still remains a challenging prob-
lem in computational photography due to low-light noise and complex
illumination conditions. We present RL-AWB, a novel framework com-
bining statistical methods with deep reinforcement learning for night-
time white balance. Our method begins with a statistical algorithm
tailored for nighttime scenes, integrating salient gray pixel detection
with novel illuminant estimation. Building on this foundation, we de-
velop the first deep reinforcement learning approach for color constancy

* The first two authors contributed equally to this work.
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that leverages the statistical algorithm as its core, mimicking profes-
sional AWB tuning experts by dynamically determining image-specific
parameters at inference time, without requiring ground-truth illumi-
nants or reference images. To further facilitate cross-sensor evaluation,
we introduce the first multi-sensor nighttime dataset. Experiment re-
sults demonstrate that our method achieves strong generalization capa-
bility across low-light and well-illuminated images. Project page: https:
//ntuneillee.github.io/research/rl-awb/

Keywords: Auto White Balance - Color Constancy - Reinforcement
Learning - Nighttime Imaging - Low-light

1 Introduction

Auto White Balance (AWB) is a fundamental component of camera image
signal processing (ISP) pipelines that estimates scene illuminant and corrects
color casts, ensuring white objects appear neutral across varying lighting con-
ditions [18}36]. While existing methods achieve robust performance in well-lit
daytime scenarios [1}/11}/22], nighttime environments present a fundamentally
different challenge. Low illumination, high ISO settings, and severe chromatic
noise violate the statistical assumptions underlying conventional AWB algo-
rithms [87,/101], leading to highly unstable illuminant estimates. This instability
is further exacerbated in cross-sensor deployment, where the same model often
produces significant and unpredictable color shifts across different camera sensors
and ISP configurations [1,28]. Addressing robust cross-sensor nighttime AWB
is therefore critical for real-world applications, including mobile photography,
surveillance systems, and automotive imaging.

The core difficulty of nighttime AWB stems from the breakdown of reliable
color statistics. Statistical methods |181/36}/101] assume sufficient scene diversity
and stable gray pixel detection, which fail under extreme low-light conditions
where sensor noise dominates signal [27]. Deep learning approaches [11,[22}[51],
while effective in daytime scenarios, require extensive labeled nighttime training
data and suffer from severe generalization degradation when deployed on unseen
camera sensors [1,/55]. Furthermore, nighttime scenes exhibit heightened sensi-
tivity to algorithmic parameters: small variations in parameter selection can lead
to dramatically different illuminant estimates.

To address these challenges, we present RL-AWB, the first framework that
integrates reinforcement learning into automatic white balance for nighttime
color constancy. Our approach fundamentally differs from existing paradigms by
formulating AWB as a sequential decision-making problem, where an RL agent
learns adaptive parameter selection policies for a novel statistical illuminant
estimator. This hybrid design preserves the interpretability and sensor-agnostic
nature of statistical methods [36,/87] while gaining the adaptive capability of
learning-based approaches [1,/11], all with minimal training data requirements.

In summary, we make the following contributions:
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Fig.2: Overview of the proposed RL-AWB framework. (A) Given an input
image, the proposed nighttime color constancy algorithm SGP-LRD estimates the scene
illuminant conditioned on two hyperparameters (gray-pixel sampling percentage N
and Minkowski order p). (B) A SAC agent selects parameter updates based on image
statistics and current AWB settings. (C) The policy outputs one action per parameter;
actions are sampled, squashed by tanh to [—1,1], and rescaled to valid ranges. (D)
The rescaled actions update the two hyperparameters and are applied to SGP-LRD to
produce the illuminant estimate. Repeat until the termination criterion is met.

— We develop SGP-LRD (Salient Gray Pixels with Local Reflectance Differ-
ences), a nighttime-specific color constancy algorithm that achieves state-of-
the-art illuminant estimation on public nighttime benchmarks.

— We design the RL-AWB framework with Soft Actor-Critic training and two-
stage curriculum learning, enabling adaptive per-image parameter optimiza-
tion with exceptional data efficiency.

— We contribute LEVI, the first multi-camera nighttime dataset comprising
700 images, enabling rigorous cross-sensor color constancy evaluation.

— With only 5 training images per dataset, RL-AWB generalizes across unseen
sensors better than fully-supervised state-of-the-art methods, demonstrating
high data efficiency.

2 Related Work

Statistical Color Constancy. Statistical methods exploit scene statistics via achro-
matic averages (Gray World [18]), maximum responses (Max-RGB) rooted in
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Retinex theory [63|, unified by Minkowski norms [36]. Gamut mapping meth-
ods [34l38)41] constrain feasible illuminants using observed colors, while Bayesian
approaches [17,/40| formalize probabilistic priors over illuminant distributions.
Edge-based approaches [101] use derivatives with photometric weighting |43| and
local statistics [33]. Corrected-moment estimation [35] and spatio-spectral statis-
tics |21] further improve classical estimators. Recent advances include grayness
indices [87], FFT acceleration (700 FPS) |12], spectral methods [59], attention
mechanisms [62], and multi-scale spatial statistics [L00|. For comprehensive eval-
uations, we refer readers to [10,42|. Unlike these methods using fized parameters
or heuristics, we employ reinforcement learning to automatically learn optimal
parameter adjustments for varying nighttime conditions, combining statistical
efficiency with adaptive optimization.

Learning-Based Color Constancy. Deep learning approaches feature CNNs with
log-chrominance localization and confidence pooling [11,/51], enhanced by cas-
cades [117], contrastive learning [75], and adaptation [1]. Earlier works include
CNN-based illuminant classification [15//83], multi-illuminant CNN estimation [16],
deep specialized networks with multi-hypothesis selection [91], and metric learn-
ing formulations |112]. Multi-hypothesis approaches [49] further enable camera-
agnostic probabilistic estimation. GAN-based methods [32,[92] address multi-
illuminant scenarios through domain translation. Quasi-unsupervised training [14]
and few-shot meta-learning |78| reduce label requirements. Recent diffusion meth-
ods [22] achieve 4.32°—5.22° worst-25% error via inpainting, while self-supervised [85]
and uncertainty-aware [19] approaches further reduce supervision. Extensions
address multi-illuminant [69], post-editing [3], mixed lighting [4], style-based
AWB [57], and brightness |26}/111]. Simple features with ensemble learning [29]
bridge statistical and deep learning paradigms. In contrast to these data-hungry
approaches requiring extensive labeled nighttime data, our method achieves
cross-dataset generalization through sample-efficient RL tuning of interpretable
statistical parameters, combining both paradigms.

Nighttime and Low-Light Color Constancy. Nighttime scenes present unique
challenges that fundamentally violate daytime color constancy assumptions:
mixed illumination from multiple light sources, severely low light levels, and el-
evated sensor chroma noise [23|. Early methods [24,46,/108| targeted brightness.
Recent work employs transformers [201/105}/113|, adaptive masking [68|, synthetic
data [86], noise-resistant detection [27], and joint restoration [76,[109,(116}128].
Diffusion-based approaches [52}[106] and Fourier-domain methods [65}/102] offer
new paradigms for low-light enhancement, while novel color spaces |114] address
color handling under extreme darkness. Nighttime rendering benchmarks |70}/71|
further establish standardized evaluation protocols. For a comprehensive survey,
see [66]. However, these methods rely on pseudo-labels with error propagation or
fized parameters. We formulate nighttime AWB as sequential decision-making,
where RL learns dynamic parameter adjustment strategies.
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Reinforcement Learning for ISP. RL enables adaptive ISP policies for expo-
sure [504120], color enhancement [84], rapid convergence |64] (5 frames, 1ms), and
artifact filtering |9). The seminal RL-Restore |118] introduced toolchain selec-
tion for image restoration via DQN. Applications span pixel-wise correction |39),
software parameters [60], personalization [115,/127], sequential optimization [94],
and module selection [107,{125]. Our framework adopts the Soft Actor-Critic al-
gorithm [47,/48] for its sample-efficient off-policy updates and automatic entropy
tuning. These works validate RL for ISP but focus on daytime scenarios with
camera settings as actions. We extend to nighttime AWB where actions con-
trol statistical algorithm parameters, requiring noise-aware rewards and robust
optimization.

Cross-Sensor Generalization. Cross-sensor generalization remains a challenge in
color constancy, as different camera sensors exhibit varying spectral responses
and ISP characteristics |72]|. Methods evolved from dataset evaluation [28] through
fine-tuning [1], sensor-independent representations [2], embeddings [55], to domain-
invariant learning [96l{126]. Multi-camera benchmarks [56] establish standardized
cross-sensor evaluation. Calibration-light methods use dual-mapping [122] (sin-
gle D65), self-supervision [31], multi-domain architectures [110], and HDR [5].
Test-time adaptation [541|73}/95,/103] enables training-free deployment, with re-
cent advances in continual [104] and improved [25] test-time strategies. Unlike
methods requiring test-time multi-image access or camera-specific calibration,
we achieve generalization through (1) sensor-agnostic statistical algorithms and
(2) curriculum learning exposing agents to diverse conditions, enabling few-shot
inference on unseen cameras.

Hybrid Statistical-Learning Approaches. Hybrid methods combine classical al-
gorithms with deep learning. Algorithm unrolling, pioneered by LISTA [45] and
surveyed in [79], transforms iterative optimization into trainable networks, as
demonstrated for image restoration [81,123l/124]. Differentiable ISP pipelines [80]
981[119] enable end-to-end optimization of classical processing modules. Other hy-
brid strategies include learned parameter dictionaries |30], energy landscapes [§],
and hyperparameter prediction [67]. Our work follows this paradigm, combining
statistically-grounded illuminant estimation with RL-based parameter optimiza-
tion and preserving interpretability.

Curriculum Learning in RL. Curriculum learning, introduced by Bengio et
al. 13| and extended via self-paced learning [53}61], improves training efficiency
through progressive difficulty. In the RL setting, survey works [82,93] system-
atize task sequencing strategies, including teacher—student approaches 77|, re-
verse curriculum generation [37,[97], self-paced deep RL [58|, automated task
selection [44], and strategic sampling |7,/89]. Our two-stage approach: (1) single-
instance stabilization addresses cold starts, (2) cyclic multi-instance balances
exploration and stability.
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3 Method

3.1 Nighttime Color Constancy Algorithm

Salient Gray Pixel Detection. Under the narrow-band spectral assumption, the
linear image I is modeled as I = W - L + 4§, where W is the white-balanced
image, L is illuminant, and § is noise. Neglecting § and applying log-transform
followed by local contrast operator C{-} (Laplacian of Gaussian) yields:

C{log(I")} ~ C{log(W ™))} (1)

This shows local contrast depends solely on surface reflectance. Let A;(x,y)
denote the local contrast at (z,y) for channel i € {R,G, B}. Following Qian
et al. |88, achromatic pixels have contrast vectors A(x,y) = [Ar,Ag, Ap|T
aligned with the gray direction g = [1,1,1]T. Grayness is measured as:

(Alz,y): 8) ) .
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G(x,y) = cos™! (
The top N% pixels ranked by G(z,y) are selected as gray candidates. We then
apply a two-layer filtering process to refine this candidate set, mitigating the
adverse effects of noise and chromatic outliers prevalent in low-light imagery:

Local Variance Filtering. For each pixel in the initial detected gray pixel mask,
we compute the variance across the logarithmic RGB channels. Pixels where the
intra-pixel variance is too small often lack reliable color information. By applying
a lower bound threshold, VarTh, we filter out these unreliable candidates.

Color Deviation Filtering. The second stage filters out pixels that are too distant
from the dominant color cast of the scene’s illuminant. We first compute the
mean logarithmic intensity for each channel of the image: M = [Mp, Mg, Mp|T,
and then calculate the maximum absolute color deviation, X (x,y), for each
pixel from this mean. We define a threshold T = ColorTh - min(M). Any initial
detected gray pixel exceeding this deviation is removed.

Following these two refinement layers to the initial detected gray pixels, we
obtain the Salient Gray Pixels (SGPs).

Gray-pizel Confidence Weighting. Let R(i,7), G(i,j), and B(i,7) denote the
normalized pixel intensities at location (i, j) in the three channels, respectively.
The luminance map for SGPs is then computed as LM (4, j) = (R(i, )+ G (4, 5)+
B(i,7))/3. The skewness value s s quantifies the asymmetry of the brightness
distribution and guides the selection of an adaptive exponent parameter E. We
set £ = 1.0 for highly skewed distributions (s > 1.5), F = 2.0 for moderate
skewness (0.2 < sy < 1.5), and E = 4.0 for uniform illumination (szp < 0.2).
Let LM denote the mean luminance of non-zero SGPs. The gray-pixel confidence
weight is then computed as:

(3)

Wsap(i,j) =1 —exp l— < —
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Pizel-wise Local Reflectance Difference. For each position (i,j) in an image,
a local window W, ; of size 3 x 3 is centered at that pixel. Let f.(x) denote
the detected SGP intensity for channel ¢, and W;'; represent the set of non-
zero pixels within W; ;. The pixel-wise normalized local reflectance difference at
position (4, 7) is then defined as:

Do fela) |/ IV

mEW,i*J

N = (@
max fe(z
oo fe()
For pixels where the maximum value is zero, we set N>/ = 0 to exclude invalid

regions from the computation. Finally, the illuminant is estimated as:

2o, (e Wsar(i )" v (5)
‘ ZQ (N2 Wsapli, 5))° ’

where (2 represents all valid pixel positions (N2 > 0), p is the mean intensity
of SGPs in W; ;, and p is the Minkowski norm parameter. The numerator ac-
cumulates weighted SGP intensity, and the denominator accumulates weighted
normalized local differences.

Our proposed algorithm, SGP-LRD (Salient Gray Pixels with Local Re-
flectance Differences), addresses nighttime color constancy through three key
design principles:

— Reliability amplification: Spatially coherent gray regions are sampled re-
peatedly across overlapping windows, naturally amplifying high-SNR gray-
ness signals while suppressing isolated spurious pixels.

— Implicit noise filtering: While spurious pixels from sensor noise appear
in limited windows with minimal contribution, genuine gray regions exhibit
consistent responses across neighboring windows, naturally distinguishing
signal from noise through spatial redundancy.

— Spatial prior exploitation: The overlapping design encodes the natural
prior that reliable achromatic surfaces exhibit spatial continuity, ensuring
that illuminant estimates are dominated by high-confidence information.

3.2 RL-AWB Framework

Algorithm Parameters. Two parameters critically determine the performance
of our SGP-LRD: the gray pixel candidate selection threshold N% and the
Minkowski norm exponent p. Lower N% for gray-rich scenes (higher purity);
raise it when gray cues are sparse (better coverage). Small p yields near-uniform
weighting; large p emphasizes high-confidence pixels; it is helpful when detec-
tions are reliable but brittle in ambiguous/low-light scenes. In low-light nighttime
images, the optimal (N, p) configuration is inherently scene-dependent. We ad-
dress this challenge through a reinforcement learning framework that learns to
adaptively select algorithm parameters based on scene characteristics.
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State Design. Our state design differs from RL-AE control [64]: the ground-truth
illuminant is unavailable at deployment in RL-AWB and thus cannot appear in
the state. We therefore encode rich chromatic statistics without privileged labels
and add a compact history descriptor for recent adjustments.

— Illumination-related Features. Following prior works [2,/6,/11], we rep-
resent an image with a log-chrominance (RGB-uv) histogram H € Rm>m*3
(granularity m = 60). We then apply ¢;-normalization to H, followed by
element-wise square-root, and flatten it to swg € R3m”

— Parameter-related Features. To capture the trajectory of parameter ad-
justments, analogous to how humans consider past tuning attempts, we ap-
pend a compact history vector h, € R!' that encodes recent parameter
values for both N% and p, along with a normalized timestep counter.

— Two-branch Backbone. The full state is s; = (sws,hs). Both actor
and critic employ two-branch MLP encoders that map each input to 64-
dimensional embeddings zwp and zpist, which are then fused. The actor
outputs p and log o2 € R? for reparameterized sampling of the two continu-
ous actions, while twin critics compute Q-values with minimum selection to
reduce overestimation.

Action Design. We use relative, continuous actions to jointly tune the gray-pixel
percentage N and Minkowski order p: param,,,; = param, + a;, with param €
{N,p}. Actions are sampled from the policy, squashed by tanh to [—1,1], and
rescaled to valid ranges (e.g., aEN) € [-0.6,0.6], aﬁ”) € [—4,4]). This yields smooth
updates and coordinated adaptation.

Reward Design. We measure the quality of illuminant estimation by the angular
error. To stabilize the training across images with different initial errors Fy, the
main reward signal is the relative error improvement:

E:( (€,¢) ) (6)

(7)

where ¢; is the average initial error and « = 0.6. To discourage overly large

moves, we add an action cost Ract = f/\\/(a1/0.6)2 + (az/4)?, where A=0.1 and
a1, as control the gray-pixel selection percentage N% and Minkowski order p. A
difficulty-aware relaxation scales the penalty: Rsiep = Rerr + (1 — Eo/c2) X Racs,
where ¢y is the maximum initial error. Episodes stop after three steps of estima-
tion stability. At termination, we add bonus R, € {+50,+30, 420, 410, —10} for
improvement ratio p = E;/ max(FEp, 10712) in ranges [0, 0.8), [0.8,0.9), [0.9,0.95),
[0.95,1.0), > 1.0, yielding Rgnal = Rstep + R)p-
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Fig. 3: Sample images from the proposed LEVI dataset with their corre-
sponding Color Checker mask annotations. The dataset captures diverse night-
time scenes with complex mixed lighting, low illumination, and high ISO conditions.

Optimization. We adopt the off-policy Soft Actor-Critic (SAC) algorithm [47]
with a stochastic policy and critics implemented with twin Q-value heads.

3.3 Curriculum Learning

Stage 1: Single-Image Parameter Tuning. Stage 1 uses a fixed training image
to train the agent on error reduction through sequential parameter adjustments
and termination detection. Once behavior stabilizes and the agent reliably stops
at convergence, we proceed to Stage 2.

Stage 2: Multi-Image Tuning. We use a curriculum pool D, = {z1,...,zpm}
(M=5). For each training data x;, the agent runs 5 consecutive episodes, then
cycles to x;11 (wrapping after x,). This cyclic schedule reduces environment
resets, captures short-horizon patterns in the replay buffer, and exploits SAC’s
off-policy experience reuse for stable updates.

4 LEVI Dataset

Prior to our work, NCC dataset |27] was the only public nighttime color con-
stancy benchmark, containing 513 images from a single camera. To enable cross-
sensor evaluation, we introduce the Low-light Evening Vision Illumination (LEVT)
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Fig. 4: Dataset statistics of the LEVI and NCC datasets. (a) Illuminant distri-
bution over all collected nighttime images. (b) Normalized mean luminance histogram
showing that LEVI contains more low-luminance images.

dataset. The first multi-camera nighttime benchmark comprising 700 linear RAW
images from two systems: iPhone 16 Pro (images #1-370, 4320x2160, 12-bit)
and Sony ILCE-6400 (images #371-700, 60004000, 14-bit), with ISO ranging
from 500 to 16,000. Each scene contains a Macbeth Color Checker with manual
annotations. Ground-truth illuminants are computed as median RGB values of
non-saturated achromatic patches. All images are black-level corrected and con-
verted to linear RGB. Fig. [3| shows sample images with Color Checker masks;
Fig. [a] and Fig. [db] compare the illuminant and luminance distributions of NCC
and LEVI datasets. LEVI complements NCC by covering broader lighting con-
ditions and containing more low-luminance nighttime images, offering a new
benchmark for low-light color constancy evaluation.

5 Experiments

5.1 Implementation Details

We normalize image resolutions across datasets by downsampling: iPhone 16
Pro captures in LEVI are resized by 0.25x, while Sony ILCE-6400 images in
LEVI and all NCC images are resized by 0.125x. The performance of color
constancy methods is evaluated by the standard angular error metric (measured
in degrees). RL-AWB (SAC) is trained on an Intel Core i5-13600K CPU. Training
batch size is 256, v = 0.1, 7 = 0.005, learning rate 3 x 10~%, and 16 parallel
environments over 15,000 timesteps, with updates starting after 100 initial steps.
At inference, the agent iteratively updates parameters until convergence (average
3 iterations), with a runtime of approximately 1.1s per image (~360 ms per call)
on an NVIDIA RTX 3080 GPU.

5.2 Results and Comparisons

Experimental results in Tab. [I] show that the proposed SGP-LRD consistently
outperforms other statistical baselines, yielding the minimum angular errors on
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Table 1: Evaluation of statistics-based methods on both the NCC and LEVI
datasets. Angular error in degrees.

| NCC | LEVI
Method | Med. Mean Tri. B-25 W-25| Med. Mean Tri. B-25 W-25
GE-1st [101] 414 517 435 125 10.87| 3.94 431 397 182 745
GE-2nd [101] 358 4.64 378 111 993 | 417 449 419 180 7.76
MSGP_ [88] 248 352 270 080 802 | 312 334 314 154 552
GI [87] 313 452 340 091 10.60| 3.0 342 315 149 591
BCC [99] 3.06 381 323 105 7.78 | 423 453 428 252 7.06
RGP [27] 222 333 244 068 7.81 | 321 356 329 163 6.12

SGP-LRD (Ours) 2.12 3.11 2.29 0.68 7.22 3.08 3.25 3.07 1.40 5.46

both NCC and LEVI datasets. Following our ablation study (Sec. , we train
RL-AWB using only 5 images per dataset. In contrast, all learning-based base-
lines (FFCC [12], C* |117], C® [1], FC* |51], PCC |121], GCC |22], ePCC |74])
are trained on the full training sets according to their official three-fold cross-
validation protocols. As shown in Tab. [2] our proposed RL-AWB framework
further enhances illuminant estimation performance. Despite the minimal su-
pervision (5 training images), RL-AWB remains competitive with fully-trained
models, showcasing a superior accuracy-data trade-off in the few-shot regime.

Existing learning-based baselines suffer from a substantial performance degra-
dation under cross-dataset evaluation. Specifically, for both NCC— LEVI and
LEVI— NCC, the median and worst-25% errors increase markedly compared
to their in-dataset counterparts. This degradation highlights the severe impact
of domain and sensor shifts, as the two datasets differ significantly in both
scene content and camera characteristics, hindering the generalization of mod-
els trained on a single domain. Rather than directly regressing illuminant RGB
as in deep learning-based methods, RL-AWB focuses on adaptively tuning the
control parameters of SGP-LRD on a per-image basis. [lluminant estimation is
then performed by the underlying statistical model, whose inherent robustness
to distribution shifts supports reliable cross-dataset generalization. These results
show that combining statistical estimation with reinforcement learning effec-
tively mitigates the severe generalization degradation typical of purely learning-
based methods. Fig. [5| shows qualitative results of cross-sensor performance on
several nighttime scenes from NCC and LEVI datasets.

Beyond nighttime color constancy, we further examine whether the proposed
method generalizes to daytime scenarios. To adapt SGP-LRD to well-lit datasets,
we remove the local variance and the color deviation filtering modules, and sub-
sequently perform our RL-based parameter tuning. The evaluation results on
Gehler-Shi dataset [40L|90] are shown in Tab. [3| Despite being tailored for low-
light nighttime scenes, RL-AWB achieves state-of-the-art generalization capabil-
ity compared with other baselines.
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Table 2: Cross-dataset evaluation of the learning-based methods between
NCC and LEVI datasets. All learning-based baselines are implemented using three-
fold cross-validation protocols and trained on the complete dataset.

Train — Test \ NCC — LEVI \ LEVI — NCC

Method | Med. Mean Tri. B-25 W-25| Med. Mean Tri. B-25 W-25
FCt [51] 1.8 123 119 636 192 | 132 144 138 617 241
FFCC 12| 444 712 517 1.96 167 | 7.54 851 7.60 436 148
c* [117] 3.09 347 318 118 637 | 585 6.73 604 286 122
cs |1 912 117 985 376 234 | 447 546 468 1.70 10.9
PCC 121 11 125 1.7 736 197 | 896 104 935 6.24 167
Gee [22] 281 430 405 122 900 | 9.77 411 281 226  90.0
ePCC [74] 959 102 967 705 143 | 792 877 804 501 139
RL-AWB (Ours) 3.03 324 3.04 145 536 | 199 312 225 067 739

Table 3: Evaluation results on Gehler-Shi dataset trained on NCC dataset.
FC*, C*, C°, PCC, GCC, ePCC, and the proposed RL-AWB are trained on the NCC
dataset and evaluated on the Gehler—Shi dataset. Compared with our SGP-LRD, the
proposed RL-AWB framework achieves a reduction of 5.9% in the median angular error
and 9.8% in the best-25% angular error, showing that RL-AWB generalizes well across
low-light and well-illuminated images.

Method | Med. Mean  Tri. B-25 W-25
FC* |51 138 158 146 638 188
ct 117 562 652 584 243 120
c® ] 334 397 343 132 780
PCC[121] 4.97 850  6.07 164 209
GCC 22 844 202 968 306 589
ePCC [74] 410 508 411 149  10.7
SGP-LRD (Ours) | 238  3.64 264 051 889
RL-AWB (Ours) | 2.24  3.50 251 046  8.67

5.3 Ablation Studies

Necessity of the RL framework. We validate the necessity of the proposed RL-
AWB framework by comparing it against one-step parameter regressors. In prin-
ciple, a dense per-image grid search over the algorithm parameters can provide
parameters ground truth. Nonetheless, such a procedure requires illuminant
ground truth at test time to select the optimal configuration via an argmin
operation, making it incompatible with real-world deployment. For example,
evaluating 440 parameter configurations per image (11 values for N and 40
values for p) requires approximately 94 hours of computation. We utilize this
grid-search procedure only offline to generate supervisory targets for one-step
regressors. Specifically, we train both MLP and CNN models to predict (V,p)
directly from the same RGB-uv histogram used by RL-AWB, where the MLP
backbone is identical to the SAC actor network. The regressors are trained on
NCC (N), LEVI (L), and Gehler-Shi (G) datasets following the same evalu-
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(a) Raw Image (b)C* ©cC (d) FC4 (e) PCC (HGece (2) RL-AWB (Ours)  (h) Ground-truth

Fig. 5: Visual comparison of cross-dataset performance under domain shift.
Top: LEVI — NCC; Bottom: NCC — LEVI. Unlike prior learning-based approaches
that struggle to generalize to unseen sensor domains, RL-AWB shows superior robust-
ness across diverse sensor characteristics. Images are gamma-corrected for visualization.

(a) Raw Image (b) SGP-LRD (c) RL Step 1 (d) RL Step 2 (e) RL Step 3 (f) Tuning process

Fig. 6: Illustration of the RL-AWB auto-tuning process for representative
nighttime scenes. For each image, we visualize the initial input, several intermediate
correction results along the trajectory of the RL policy, and the final output, together
with the corresponding angular error at each step. As the agent iteratively updates
the SGP-LRD parameters, the corrected images gradually approach the ground-truth
white-balanced results, and the angular error decreases. Note that the images shown
are gamma-corrected for visualization.

ation protocol as RL-AWB, including three-fold in-domain evaluation and all
cross-domain transfer settings. The median angular error results are shown in
Tab.[d This performance advantage arises from RL-AWB’s iterative refinement
mechanism. Unlike one-step regressors, which must commit to a single parame-
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Table 4: Evaluation results on RL-AWB compared to one-step regressors.
RL-AWB consistently achieves lower final angular error than both one-step MLP and
CNN regressors, despite being trained with only five images.

Train: NCC Train: LEVI Train: Gehler
Method N—»N N—-L N—-G|L->»N L—-L L—-G |G—>N G->L G->G
MLP 2.01 3.07 2.29 2.25 3.02 2.39 2.20 3.13 2.34
CNN 2.06 3.05 2.34 2.17 3.04 2.35 2.07 3.17 2.30
RL-AWB 1.98 3.03 2.24 1.99 3.01 2.27 1.99 3.12 2.16

Table 5: Ablation on curriculum pool size (SAC). The results exhibit a U-
shaped performance trend. Small pools (< 5 images) lack sufficient diversity to learn
robust policies, while large pools ( > 5 images) reduce per-sample visitation under a
fixed replay budget, leading to excessive exploration noise.

| NCC LEVI
| Med. Mean W-25 Med. Mean W-25

3 2.16 3.29 7.69 3.05 3.28 5.55
5 1.98 3.07 7.22 3.01 3.22 5.32
7 2.09 3.19 7.54 3.04 3.28 5.53
9 2.13 3.23 7.63 3.03 3.23 5.39
15 2.24 3.21 7.47 3.06 3.24 5.41

ter estimate and cannot revise it afterward, the RL agent progressively adjusts
(N, p) over multiple steps and can recover from suboptimal intermediate deci-
sions. Such error-correction behavior is fundamentally unavailable to one-step
regression models by construction. Fig. [6] shows the stepwise corrections.

Training data number. We vary the Stage-2 curriculum pool size M € {3,5,7,9,15}
(Tab. [5]). We adopt M = 5 as the best trade-off.

SGP-LRD. We ablate the two key filtering stages of SGP-LRD to assess their
individual contributions. As shown in Tab. [6] optimal performance is attained
only when both the noise and color filtering modules are incorporated. It is worth
noting that the noise filter is designed as a robustness safeguard to mitigate the
impact of shot noise inherent in nighttime imagery, not an accuracy driver.

6 Conclusion

This study is the first to apply reinforcement learning to color constancy, show-
ing that DRL can be effectively used for white balance tuning. Our work makes
three contributions: (1) SGP-LRD, a novel statistical algorithm for nighttime
color constancy, (2) RL-AWB, a reinforcement learning framework for adaptive
parameter optimization, and (3) LEVI, the first multi-camera nighttime color
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Table 6: Ablation study on SGP-LRD components. Angular error in degrees.

\ NCC LEVI
| Med. Mean W-25 Med. Mean W-25

w/o Noise Filtering 2.12 3.12 7.32 3.09 3.26 5.48
w/o Color Filtering 2.51 3.90 9.54 3.25 3.68 6.61
Full SGP-LRD 212 3.11 7.22 3.08 3.25 5.46

(a) Raw Image (b) SGP-LRD (¢)RL Step 1 (d) RL Step 2 () RL Step 3

Fig. 7: Failure case analysis. Examples of failure cases in challenging nighttime
scenes, where RL-AWB over-corrects the illumination and produces visually degraded
outputs. Images are gamma-corrected for visualization.

constancy dataset. Experiments on both nighttime and daytime datasets demon-
strate that the proposed method achieves competitive performance compared to
existing baselines, while exhibiting strong cross-sensor robustness. Compared to
one-step regressors, RL-AWB provides a practical and deployment-compatible
solution that remains ground-truth free at inference time while generalizing ef-
fectively to unseen datasets and camera sensors.

Limitations and future work. While RL-AWB consistently reduces overall angu-
lar error, we observe one failure mode: for images with already low initial estima-
tion error, the RL agent may over-correct, leading to slightly degraded outputs.
Fig. [7] illustrates such cases where the agent’s parameter adjustments increase
the angular error from an initial estimate. Future work will explore safety-aware
reward formulations and constrained optimization strategies to mitigate over-
correction, as well as hierarchical policies to efficiently coordinate additional
tunable ISP parameters beyond the current two-parameter action space.
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