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Figure 1. This paper introduces CCMNet, a framework for cross-camera color constancy. CCMNet uses pre-calibrated color correction
matrices (CCMs) from camera ISP hardware to train an encoder that generates a camera fingerprint embedding (CFE), capturing the testing
camera’s color space. In (A), we show a raw image from a Canon 550D. In (B), we present C5 [6], which generalizes using randomly
selected unlabeled images from the test camera—C5’s performance varies depending on the image set. In (C), we show our results, relying
only on fixed CCMs in the ISP. Neither method used Canon 550D data during training. Gamma correction was applied for visualization.

Abstract

Computational color constancy, or white balancing, is a
key module in a camera’s image signal processor (ISP)
that corrects color casts from scene lighting. Because this
operation occurs in the camera-specific raw color space,
white balance algorithms must adapt to different cameras.
This paper introduces a learning-based method for cross-
camera color constancy that generalizes to new cameras
without retraining. QOur method leverages pre-calibrated
color correction matrices (CCMs) available on ISPs that
map the camera’s raw color space to a standard space
(e.g., CIE XYZ). Our method uses these CCMs to trans-
form predefined illumination colors (i.e., along the Planck-
ian locus) into the test camera’s raw space. The mapped
illuminants are encoded into a compact camera fingerprint
embedding (CFE) that enables the network to adapt to un-
seen cameras. To prevent overfitting due to limited cameras
and CCMs during training, we introduce a data augmenta-
tion technique that interpolates between cameras and their
CCMs. Experimental results across multiple datasets and
backbones show that our method achieves state-of-the-art
cross-camera color constancy while remaining lightweight
and relying only on data readily available in camera ISPs.
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1. Introduction

Computational color constancy ensures that object colors
remain consistent under varying lighting conditions [10]. In
digital cameras, this is achieved through white balancing,
which adjusts raw image colors to simulate neutral light-
ing [11, 20, 31]. This involves two main steps: illuminant
estimation and linear white-balance correction [21].

Illuminant estimation predicts the color of the scene’s
light source under the assumption of single-source illumi-
nation [31]. The estimated illuminant color is then used
in linear white-balance correction to counteract the effects
of lighting and camera response biases [17, 26]. These
steps are applied early in the image signal processor (ISP)
pipeline to raw images [4] and are influenced by the cam-
era’s sensor-specific characteristics, such as response func-
tions and lens properties [2, 53]. These factors compli-
cate the generalization of illuminant estimation algorithms
across cameras with varying characteristics [3].

Recent work on illuminant estimation achieves promis-
ing results using learning-based models [7, 30, 49, 66].
These models learn a mapping between input image colors



and scene illuminant colors using pairs of images and corre-
sponding ground-truth illuminant colors, typically captured
by the same camera used in testing [54]. Consequently,
most learning-based methods struggle to generalize to new
cameras with different characteristics than those used dur-
ing training [3]. This limitation hinders their practical ap-
plicability in manufacturing, as fine-tuning or retraining is
necessary for each new camera introduced. Some recent
attempts have proposed solutions for improved adaptation
through few-shot learning [64], or by using additional un-
labeled images captured by the testing camera at inference
time to facilitate generalization to the testing camera’s color
space [6]. While these methods show promising results,
they require capturing new images with the testing camera
for adaptation [47], making their performance inherently
dependent on the characteristics of those images [6].

While camera ISPs rely on pre-calibrated, camera-
specific information to assist in color processing after white
balance has been applied, to the best of our knowledge, no
prior work has leveraged this calibrated information for the
cross-camera color constancy task. Specifically, consumer-
grade ISPs rely on calibrated color correction matrices
(CCMs) to transform the camera’s raw color space to a
device-independent standard color space (e.g., CIE XYZ).
These CCMs are carefully calibrated during ISP manufac-
turing [41], are easily accessible within the ISP’s firmware
[17, 21, 33], and are also available in DNG files for post-
capture raw rendering [39]. The availability of this informa-
tion motivated us to utilize this calibrated data to improve
cross-camera generalization.

Contribution In this paper, we present CCMNet, a
learning-based method for cross-camera color constancy
built on the convolutional color constancy (CCC) frame-
work [6, 12, 13, 37]. Our method leverages pre-calibrated
color correction matrices (CCMs) available from camera
ISPs to transform predefined illuminant colors along the
Planckian locus from the device-independent CIE XYZ
color space into the raw space of the test camera. These
transformed illuminations encode the unique characteris-
tics of the camera’s response function and serve as refer-
ence points. The transformed illuminations are compressed
into an §-dimensional embedding, allowing a learnable hy-
pernetwork to adapt to the test camera’s raw color space
and generate a camera-specific CCC model tailored to the
input image. Additionally, we introduce an augmentation
technique that maps training images from a limited set of
cameras to imaginary raw spaces, improving generalization.
Consequently, CCMNet, which combines a design that dy-
namically adapts to the raw space of various cameras with a
robust data augmentation strategy, accurately estimates illu-
minant colors for cameras unseen during training (see Fig.
1-C). Our approach is lightweight, accurate, and requires no
additional test camera images, unlike prior work [6].

6199

2. Related Work

A camera’s ISP includes several color processing modules
applied in a pipeline fashion. One of the early-stage mod-
ules corrects the colors of the captured raw image through
two key steps [17, 26, 40]: (1) image white balancing
(Sec. 2.1) and (2) transferring the camera raw colors to a
standard color space via CCMs (Sec. 2.2).

2.1. Auto White Balance

As discussed in Sec. 1, auto white balance modules con-
sist of two steps: illuminant estimation and correction.
The correction is applied to the linear raw image colors,
often using a diagonal correction matrix [10]. Most re-
search focuses on illuminant estimation, which determines
the scene’s illuminant color in the camera’s raw space. This
can be categorized into learning-free (statistical) methods
(e.g.,[18,19,23,32,46, 56,57, 61, 62]) and learning-based
methods (e.g., [7, 12, 36, 49, 60]).

Statistical methods rely on specific hypotheses (e.g.,
gray-world [18], gray-edges [62], etc.) and use statistics
from the input raw image colors to estimate the illuminant
color. As aresult, they inherently generalize across different
cameras. However, these methods often have limited accu-
racy and may fail in scenarios where the scene’s illuminant
cannot be reliably inferred from the captured image.

Learning-based methods (e.g., [12, 13, 16, 29, 30, 36,
42, 43, 48, 49, 54, 55, 59, 65, 66, 68]) improve accuracy
by training models to map raw colors to illuminant col-
ors. However, most fail to generalize to unseen cameras
[3]. Some approaches attempt adaptation via meta-learning
and few-shot learning [51], assuming access to a range of
illuminant colors from the testing camera [34, 69], or cre-
ating generic methods that require fine-tuning on the new
camera [14].

Among these efforts, our work falls into a category of
methods designed to achieve adaptation without requiring a
paired set of images from the test camera, even if that set is
small. To this end, the work in [3] (termed SIIE) maps input
raw images from different cameras to a learnable working
space, reducing disparities in raw color spaces before illu-
minant estimation. However, this method assumes access
to a diverse range of training cameras to effectively learn
this mapping, making its accuracy dependent on the vari-
ability of the training data. More recently, C5 [6] utilizes
additional images captured by the test camera during infer-
ence to dynamically generate a CCC model [12, 13]. While
this method achieves promising results, its accuracy heav-
ily depends on the characteristics of the additional images
provided (see Fig. 1-B).

In contrast, our method leverages a static set of prede-
fined guidance colors along with pre-calibrated data from
the test camera, enabling consistently high accuracy with-
out requiring additional images from the test camera.



2.2. Color Space Transfer via CCMs

Camera sensors exhibit unique spectral sensitivity and bias,
resulting in each camera having its own native RGB color
space. Camera ISP manufacturers calibrate and apply color
correction matrices (CCMs) to facilitate image processing,
ensuring an appropriate transformation between the native
RGB space and a device-independent standard color space
(e.g., CIE XYZ) within the imaging pipeline [15, 40].

Although the transformation between the camera’s raw
space and a standard color space is often nonlinear [24,
25, 35, 38], cameras primarily rely on linear transformation
matrices due to their simplicity and practical benefits [24].
CCMs are typically calibrated by fitting a 3 X 3 matrix
that maps the raw RGB values of a calibration object (e.g.,
a color chart) to their corresponding values in a standard
color space under an illuminant with a specific correlated
color temperature (CCT) [39, 41]. To accommodate diverse
lighting conditions, CCMs are precomputed for at least two
illuminants (typically for low and high CCTs [52]) and in-
terpolated for intermediate conditions (see Fig. 2).

CCMs serve as the critical link between a camera’s
unique color characteristics and a standard color space.
While most CCMs are designed to transform white-
balanced camera raw-RGB to CIE XYZ, some types of
CCMs within the ISP operate in the reverse direction, map-
ping observed CIE XYZ under a specific illuminant back to
the camera’s native raw-RGB space, as shown in Fig. 2-A.
This inverse transformation, in particular, provides insight
into how various illuminants are represented in the native
raw-RGB space. By leveraging this transformation, we can
approximate the color trajectories of illuminants in the raw-
RGB domain across a range of CCTs.

We leverage this property of CCMs as a bridge to in-
troduce a novel illuminant estimation method that adapts to
the color space of unseen cameras. While previous studies
have leveraged CCMs for data augmentation [6], none have
explored their use during inference to improve illuminant
estimation across different cameras. Additionally, we intro-
duce a data augmentation strategy that exploits the linearity
of CCMs to enhance generalization. Specifically, we pro-
pose a technique to generate imaginary camera images with
corresponding CCMs, further improving the robustness and
adaptability of our model.

3. Method
3.1. Preliminary

Auto White Balance Formulation. Assuming a single
global illumination, a given linear raw image, I, is formed
as the element-wise product of its white-balanced counter-
part, W, and the global illuminant RGB color vector, ¢,
at every pixel location z. This can be mathematically de-
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Figure 2. Example of CCM calibration (A) and application (B).
CCMs are calibrated to transform between CIE XYZ chromatic-
ity and camera-specific raw-RGB values under standard illumi-
nants with predefined color temperatures (e.g., 2856K, 6504K).
For other illuminants, the calibrated CCMs are interpolated. As
a result, CCMs reflect the camera’s unique color characteristics,
capturing how the camera perceives illuminants along the color
temperature trajectory.

scribed as follows:

I"=W%0l V,. (1)

The conventional goal of the auto white-balance task is
to optimize a model f that estimates the illumination RGB
from a given raw image I:

(lr,lc, lp]" = f(I).

Convolutional Color Constancy (CCC). As shown in the
upper flow of Fig. 3-A, our method is fundamentally based
on the CCC framework [12, 13], which transforms the im-
age histogram NV into an illuminant heatmap P, using a fil-
ter F' and a bias B. CCC reformulates the illumination es-
timation problem as a coordinate localization task on a log-
chroma histogram [22], commonly termed a wwv-histogram.
Specifically, for an image’s RGB pixel [Ir, I, I 5], the log-
chroma values, u and v, are calculated as follows (pixel co-
ordinate z is omitted for simplicity):

I, =log(lg/IR), I, =log(lz/IB). 3)

After that, a uv-histogram can be generated as follows:

(@)

N(u,v) =Y I, (1F —ul e ALY =0 <, @)

where € is the width of the histogram bin and ||1*||, is the
weighting factor for each pixel, defined as the L2 norm of
the raw RGB values of the pixel. In other words, the value
of N (u,v) represents the weighted count of pixels in image
I that fall within a certain range (¢) around the point (u, v).

The goal of CCC is to optimize a global filter F' and bias
B, to predict a probability map P of the illumination within
the histogram space using the following equation:

P=o(B+) (N;*F)), )
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Figure 3. Overview of the CCMNet architecture. (A) Based on CCC [12] and C5 [6], CCMNet includes a network f that generates
filters and bias from the uv-histograms of the input image. To process query images from diverse camera domains with varying spectral
sensitivities, CCMNet uses a camera fingerprint embedding (CFE) as guidance. (B) The CFE for three example cameras (A, B, V)—two
real (A, B) and one imaginary (V)—is constructed by mapping predefined illuminants (2500K-7500K along the Planckian locus) from the
CIE XYZ space to each camera’s native raw RGB space using calibrated CCMs. These values are converted into a 64 x 64 histogram and

encoded into a 1D vector via a lightweight encoder.

where F' and B have the same shape as the uv-histogram
N, * represents the convolution operation (accelerated using
fast Fourier transforms), o represents the softmax operation
over the uv-coordinate space, and the subscript ¢ denotes the
index corresponding to the filter and histogram. Here, i = 0
refers to the original raw image, while ¢ > 1 corresponds to
augmented images (e.g., texture, edge). We can interpret P
as a heatmap of confidence for each u, v coordinate, so the

final prediction (¢, ¢,) is expressed as a weighted sum of
the coordinates using P:

0, = ZuP(u,v), 0, = ZUP(U,U). (6)

u,v u,v

The final RGB illumination estimate, @, is obtained by in-
verting the transformation in Eq. (3):

i — [exp (—éu) 1, exp (—l%)} :

where the green channel is assumed to be G=1. Alterna-
tively, £ can be normalized to ensure that the vector has unit
length.

(7

The training objective of CCC is to optimize the filter
and bias to minimize the angular error between the pre-
dicted illumination RGB and the ground truth illumination
in the training dataset. For cross-camera color constancy,
C5 [6] proposes a hypernetwork version of CCC that dy-
namically generates F' and B for the test image after ana-
lyzing histograms of additional images taken by the same
camera.

6201

3.2. CCMNet

The proposed CCMNet framework is built upon C5 [6]. As
mentioned above, C5 is a hypernetwork version of CCC
[12, 13], where the network dynamically generates filters
and bias. However, unlike C5, CCMNet does not require
additional images from the target camera (typically 6-8).
Instead, our method leverages two pre-calibrated Color Cor-
rection Matrices (CCMs) for low and high correlated color
temperatures (CCTs) embedded within the ISP (see Fig. 3-
A). These CCMs provide stable guidance via Camera Fin-
gerprint Embedding (CFE) (see Fig. 3-B), ensuring consis-
tent performance across diverse camera domains without
extra test images. The core formulation of CCMNet is as
follows:

{Fo, F1, B} = CCMNet(No, N1,CCMouw, CCMpigr), (8)
where Ny and N; denote the original raw image and
its edge-augmented counterpart, CCM;,,, and CCMp;g4p
are pre-calibrated matrices corresponding to low and high
CCTs (typically 2500K and 6500K). The outputs Fy, F,
and B, generated by CCMNet, are used to estimate the final
uv coordinate of the illumination through Egs. (5)—(7).

In Sec. 3.3, we introduce Camera Fingerprint Embed-
ding (CFE), a method for extracting device-specific guid-
ance features using CCMs. Additionally, in Sec. 3.4, we
propose an imaginary camera augmentation technique to
mitigate overfitting to the limited number of cameras and
CCMs used during training. These strategies (CFE and aug-
mentation) enhance CCMNet’s ability to generalize across
diverse spectral sensitivities, achieving state-of-the-art per-
formance in cross-camera color constancy tasks.



3.3. Camera Fingerprint Embedding

Cross-camera color constancy aims to estimate the chro-
maticity of the light source while adapting to unseen sensor
domains. To this end, we introduce a device-aware guid-
ance feature called Camera Fingerprint Embedding (CFE).
CFE encodes the color trajectory of light sources observed
by each camera within a specific color temperature range
into an 8-dimensional vector. As a result, it inherently cap-
tures each camera’s unique color characteristics, enabling
the model to adapt to the color space of previously unseen
cameras. As shown in Fig. 3-B, CFE is generated through
a two-step process. First, a set of illuminants along the
Planckian locus (covering color temperatures from 2500K
to 7500K) is converted into the specific camera’s native
raw RGB space using its pre-calibrated CCMs. Second,
the resulting RGB illuminant colors are transformed into
uv-histogram, which is then processed by a CNN-based en-
coder to extract device-specific feature.

Camera-Native Guidance Illuminants. Our goal is to ob-
tain L, the chromaticity set of light sources within a specific
color temperature range as observed by a given camera. To
achieve this, we use calibration matrices that transform the
CIE XYZ coordinates of standard illuminants A or D65 into
the camera’s raw space. These calibration data are typically
provided during camera manufacturing and can be extracted
from DNG files produced by most cameras. For simplic-
ity, we refer to these matrices as CCM;,,, and CCMy,; 41,
throughout this paper, as used in Eq. (8). For details on
CCM properties and extraction methods, please refer to the
supplementary materials.

First, illuminant colors along the Planckian locus in the
device-independent CIE XYZ color space are sampled at
100K intervals within the 2500K to 7500K color tempera-
ture range. Each sampled XYZ point, X;, corresponding to
an illuminant with color temperature ¢, is then transformed
into a camera-native RGB color, Ly, using the following
equation:

L; = CCM; Xy, )

where CCM; is a transformation matrix for color tempera-
ture ¢ that maps the CIE XYZ values of an illuminant with
color temperature ¢ to the target camera’s raw space. Since
CCM;, and CCMy,; 4y, are calibrated at specific color tem-
peratures, interpolation is used to compute CCM; for an ar-
bitrary color temperature ¢. The interpolation of CCM; is
defined as:

CCM; = gCCM;0y + (1 — 9)CCMpigh,

_ _ (10)
t=1 = CCTy,

CCT,,,, — CCT,.,

low

where g =

where CCTy,,, and CCTpgp, denote the color temper-
atures of the standard illuminants for which CCM;,,,
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and CCMy,;gy, are calibrated, typically around 2500K and
6500K, respectively. The resulting set of camera-native
RGB colors, Ly | t € {2500, 2600, ...,7500}, represents
the illumination colors along the Planckian locus in the
camera’s raw RGB space, sampled within the 2500K—
7500K range as observed by a specific image sensor.

Histogram Conversion & Encoding. The camera-specific
guidance illuminant set, L, is transformed into a ww-
histogram using Eq. (3) and Eq. (4). As shown in Fig. 3-
B, the guidance illumination set follows distinct trajectories
for each device in the uv-histogram space. To convert these
trajectory differences into a device-aware embedding, we
employ a lightweight CNN, the CFE encoder, consisting of
four convolutional layers (with max pooling) followed by a
two-layer MLP. This network encodes each device’s locus
histogram into an 8-dimensional CFE feature. The encoded
CFE feature is then repeated along the u and v axes to match
the resolution of the input histograms. Finally, it is concate-
nated with the input histograms (Ny, N1) along the channel
dimension and provided as input to the CCC generator net-
work f, as shown in Fig. 3-A.

3.4. Imaginary Camera Augmentation

In prior illuminant estimation research, most data augmen-
tation techniques (e.g., [1, 5, 27, 50]) rely on transferring
ground-truth illuminant colors—randomly sampled from
a given dataset—to other images within the same dataset
(captured by the same camera) using chromatic adaptation.
However, this approach is incompatible with our method,
which is trained on raw images from different cameras,
each with a distinct raw color space. Another augmenta-
tion approach [6] leverages camera-specific information and
CCMs to perform raw-to-raw augmentation by transferring
images from a source camera to a target camera. While
promising, this method remains constrained by the limited
diversity of training camera raw spaces.

To address these limitations, we propose a novel aug-
mentation strategy that increases the diversity of camera
characteristics, even with a limited set of training cameras.
Specifically, we synthesize imaginary cameras by leverag-
ing the CCMs of available training cameras. This expands
the range of camera raw spaces encountered during training,
significantly enhancing generalization.

Imaginary Camera Image Synthesis. Under the assump-
tion of a single illuminant in the scene, the value of channel
¢ € {R,G, B} at pixel z in the camera’s raw space can be
expressed as:

L) = [ SOoRNQW A, an
where S(-) and R(-) represent the spectral power distribu-

tion of the scene and illuminant at pixel x, respectively, and
Q. is the camera’s spectral sensitivity for color channel c.



Canon 600D
(Mapped)

0.73 Nikon D810 + 0.27 Canon 600D
(Imaginary camera)

Figure 4. Visualization of our imaginary camera augmentation
process. An image from the Nikon D810 is white-balanced us-
ing the ground-truth illuminant, converted to CIE XYZ space, and
mapped to the target camera’s raw space. We illustrate two cases:
mapping to the raw space of a real camera (Canon 600D) and an
imaginary camera. Brightness is adjusted for clarity.

The integral is computed over A, corresponding to wave-
lengths in the visible light spectrum.

Since a camera’s characteristics are defined by its spec-
tral sensitivity function @), an image captured by an imagi-
nary camera, denoted as V', can be approximated by linearly
combining the characteristics of cameras A and B with a ra-
tio «v, defined as:

g / SOVRM)(@QA + (1 — a)QP)(A) dA
= aIf +(1- a)[f ,

12)

where superscripts A, B, and V' denote different cameras,
including the imaginary camera, and o € [0, 1] controls
the contribution of each camera to the synthesized imagi-
nary camera (omitting x for simplicity). As illustrated in
Fig. 4, this approach allows mapping raw images to a spe-
cific target camera (e.g., Nikon D810 with o = 1) or to
an imaginary camera (e.g., blending the Nikon D810 and
Canon 600D with a 0.73 to 0.27 ratio). Additionally, the
ground truth illumination for the imaginary camera V' can
be synthesized as a linear combination of the ground truth
illuminations of cameras A and B, weighted by «. For addi-
tional details on augmentation methods, please refer to the
supplementary materials.

Derivation of the Imaginary Camera’s CCM. Since
CCMNet requires CCMs to encode CFE, it is also necessary
to derive CCMs for the imaginary camera. Let us assume
that cameras A, B, and the imaginary camera V' observe
a light source with a correlated color temperature CCTgy,.
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Based on Eq. (9) and Eq. (12), the observed raw RGB val-
ues for camera V' can be obtained as follows:

ceM), X =LY = aL? + (1 — a)L?
= a(CCMj,, X) + (1 — a)(CCM;, X) (13)
= [aCCM;},, + (1 — a)CCME X,

where the superscript V, A, B denotes the type of camera
(omitted the subscript CCTjoy for L and X for simplicity).
As aresult, the CCM;,,,, for the imaginary camera V' can be
defined as:
CCM},,, = aCCM;t 4 (1 — a)CCME . (14)
This relationship also holds for CCT},;4, and any arbi-
trary color temperature ¢ within the range of low and high
CCTs in the calibrated CCMs, as described in Eq. (10). We
randomly select two cameras from the training dataset to
generate an augmented set using the method outlined above.
The augmented images and CCMs approximate the spectral
sensitivity of the imaginary camera, enabling the CFE en-
coder to generalize to a wider range of cameras despite the
limited number of training cameras.

4. Experiments
4.1. Experimental Setup

Training. The input image and camera-specific raw RGB
illuminants (51 colors ranging from 2500K to 7500K, sam-
pled at 100K intervals) are represented as 64 x 64 wuv-
histograms. The uv-ranges are empirically set to [-2.85,
2.85] for the input query image and [-0.5, 1.5] for CFE en-
coding.

We use the Intel-TAU [45], Gehler-Shi [58], NUS-8 [19],
and Cube+ [9] datasets for training and testing. Each dataset
includes images captured by distinct cameras, with no over-
lap between datasets. The number of cameras varies be-
tween one (Cube+) and eight (NUS-8).

Following the protocol in C5 [6], we adopt a leave-one-
out cross-dataset evaluation approach, where the network is
trained on all datasets except the test dataset. For instance,
when validating on Gehler-Shi, the network is trained using
Intel-TAU, NUS-8, and Cube+, ensuring no camera overlap
between training and test datasets. We exclude the Sony-
IMX subset of Intel-TAU due to the absence of CCM infor-
mation, so Intel-TAU is used solely for training.

The mean angular error serves as the loss function dur-
ing training. Additional details on batch size, epochs, other
training hyperparameters, and model architecture are pro-
vided in the supplementary materials.

Data Augmentation. We augment the training data by se-
lecting two cameras from the training datasets and applying



camera-to-camera mapping with random ratio interpolation
to generate images and CCMs for imaginary cameras, as de-
scribed in Sec. 3.4. The total number of augmented images
matches the size of the original training set. Further details
are provided in the supplementary materials.

Testing. For evaluation, we report commonly used error
statistics: the mean, median, and tri-mean angular errors,
along with the arithmetic mean of the top and bottom 25%
angular errors between the predicted and ground truth illu-
minations.

4.2. Results

Results are presented in Table 1, where the first three tables
show the main experimental results for three test datasets:
Cube+, Gehler-Shi, and NUS-8. These results demonstrate
that CCMNet achieves state-of-the-art performance across
all datasets and metrics (see Fig. 5).

Unlike other learning-based models that report zero-shot
results, DMCC retrains a target camera-specific network us-
ing calibrated matrices to transform training data (the Sony
IMX-135 subset from the Intel-TAU dataset) into the test
camera’s color space. Similarly, C5 requires additional im-
ages from the test camera for guidance, making it difficult to
determine the optimal number and content of these images.

In contrast, CCMNet achieves superior and more con-
sistent results by leveraging CFE features from two pre-
calibrated CCMs. CCMNet is simpler, more robust and
does not require retraining for each test camera or the use
of additional images. Notably, no data or CCMs from test
cameras are used during training, ensuring true zero-shot
generalization. Additional visual results are provided in the
supplementary materials.

We also report results on the cross-sensor (CS) validation
setup [3]. In this protocol, the network is trained on data
from seven cameras in the NUS-8 dataset, excluding one
as the test camera. This process is repeated for each of the
eight cameras, and the results are averaged.

Following this protocol, we train CCMNet using data
from Intel-TAU, Cube+, Gehler-Shi, and seven cameras
from NUS-8 (excluding the test camera), aggregating re-
sults over eight iterations. As shown at the bottom of Ta-
ble 1, CCMNet outperforms other methods under this eval-
uation protocol.

Another advantage of CCMNet is its lightweight design.
Since the CFE feature is fixed once the camera device is
determined, it only needs to be extracted once for a new
camera and can be reused thereafter. As a result, CCMNet’s
size and computational cost depend solely on the backbone
f, making it significantly more efficient than the C5 model,
which requires 6—8 additional histogram encoders.

As shown in the first table of Table 1, the C5 model (with
an additional 8 histograms, m = 9) requires approximately
2.09 MB of storage, whereas CCMNet, excluding the CFE

6204

Gehler-Shi [58] Mean Med. Tri. B.25% W.25% ‘ Size(MB)
2nd-order Gray-Edge [62] 5.13 444 462 2.11 9.26 -
Shades-of-Gray [23] 493 401 423 114 1020 -
PCA-based B/W Colors [19] 3.52 2.14 247 0.50 8.74 -
ASM [8] 380 240 270 - - -
Woo et al. [63] 4.30 2.86 3.31 0.71 10.14 -
Grayness Index [57] 3.07 1.87 216 0.43 7.62 -
Cross-dataset CC [44] 2.87 2.21 - - - -
Quasi-Unsupervised CC [14]  3.46 223 - - - 622
SIIE [3] 2.77 1.93 - 0.55 6.53 10.3
FFCC [13] 295 219 235 0.57 6.75 0.22
C5 (m = T7) [6] 236 161 174 044 5.60 1.74
C5(m =9)[6] 2.50 1.99 2.03 0.53 5.46 2.09
CCMNet (Ours) 2.23 1.53  1.62 0.36 5.46 1.05
Cube+ [9] Mean Med. Tri. B.25% W.25%
Gray-world [18] 3.52 255 2.82 0.60 7.98
Ist-order Gray-Edge [62] 3.06 205 232 0.55 7.22
2nd-order Gray-Edge [62] 3.28 234 258 0.66 7.44
Shades-of-Gray [23] 3.22 212 244 0.43 7.77
Cross-dataset CC [44] 247 1.94 - - -
Quasi-Unsupervised CC [14]  2.69 1.76  2.00 0.49 6.45
SIIE (3] 2.14 1.44 - 0.44 5.06
FFCC [13] 2.69 1.89  2.08 0.46 6.31
DMCC [67] 2.23 1.63 1.78 0.49 4.95
C5(m =T)[6] 1.87 1.27 140 0.41 4.36
C5(m =9)[6] 1.92 1.32 146 0.44 4.44
CCMNet (Ours) 1.68 1.16 1.26 0.38 3.89
NUS-8[19] Mean Med. Tri. B.25% W.25%
Gray-world [18] 4.59 346 3.81 1.16 9.85
Shades-of-Gray [23] 3.67 294 3.03 0.98 7.75
Local Surface Reflectance [28] 3.45 251 270 0.98 7.32
PCA-based B/W Colors [19] 2.93 233 242 078 6.13
Grayness Index [57] 291 197 213 0.56 6.67
Cross-dataset CC [44] 3.08 2.24 - - -
Quasi-Unsupervised CC [14] 3.00 2.25 - - -
FFCC [13] 287 214 230 071 6.23
C5(m =T7)[6] 268 200 214 0.66 5.90
C5(m =9) [6] 2.54 190 2.02 061 5.61
CCMNet (Ours) 2.32 1.71 183 053 5.18
NUS-8 (CS) [19] Mean Med. Trii B.25% W.25%
DMCC (CS) [67] 2.80 212 225 0.74 5.88
SIIE (CS) [3] 2.05 1.50 - 0.52 4.48
C5(m =9, CS) [6] 1.77 1.37 146 0.48 3.75
CCMNet (Ours, CS) 1.71 1.31 1.40 0.48 3.62

Table 1. Experimental results on three benchmark datasets. CCM-
Net achieves the best performance across all metrics on various
datasets, including additional cross-sensor (CS) validation proto-
col. For C5 model, m represents the total number of images used,
including both the query image and additional images.

encoder, occupies only 1.05 MB—almost half the size. This
highlights CCMNet’s compactness, making it particularly
well-suited for integration into ISP modules, where efficient
resource utilization is crucial.

4.3. Generalization with SITE Backbone

We further explore using CFE with SIIE [3]. SIIE learns a
33 matrix by processing the raw image uv-histogram to
map raw colors to a color working space. In this experi-
ment, we replace C5 with SIIE as our backbone. Specifi-
cally, we input our CFE-concatenated uv-histograms, aug-
mented with the imaginary camera transformation, into the
SIIE backbone. As shown in Table 2, the best performance
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Model Cube+ Gehler-Shi NUS-8
SIIE [3] 3.39 3.67 352
w/ CFE 2.60 3.62 3.36
w/ aug. 243 3.12 3.00
w/ CFE & aug. 1.91 2.99 2.94

Table 2. Generalization with the SIIE [3] backbone. Reported
results show the mean angular error.

Model Aug. method Cube+ Gehler-Shi NUS-8
w/o aug. 2.22 2.79 2.88
Backbone f a=1 1.94 2.87 2.50
0<a<l1 1.78 2.53 2.54
CCMNet w/o aug. 2.23 2.74 2.70
(f + CFE) a=1 1.86 2.34 2.45
0<a<l1 1.68 2.23 2.32

Table 3. Ablation studies on the impact of the CFE encoder and
different augmentation strategies. The reported results are the
mean angular error.

(MAE) is achieved when both CFE and augmentation are
applied, confirming that CCMNet generalizes to different
backbones utilizing uv-histograms.

4.4. Ablation Studies

Table 3 presents the performance of the backbone f and
CCMNet trained under three setups: without augmentation
(w/o aug), with augmentation at « = 1, and with augmen-
tation for 0 < o < 1. Architecturally, the backbone f mir-
rors the m = 1 structure from C5 [6], excluding additional
images and encoders. Setting a = 1 in the augmentation
process replicates the camera-mapping strategy used in CS.

The training data is halved for the w/o aug. setup, and the
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number of iterations is doubled to ensure the same number
of model updates as in the other experiments. The results in-
dicate that the CFE encoder in CCMNet and the imaginary
camera augmentation play crucial roles in the cross-camera
color constancy task.

5. Conclusion and Discussion

In this paper, we propose CCMNet, a lightweight and ef-
ficient method for cross-camera color constancy that lever-
ages pre-calibrated CCMs available in camera ISPs. The
model utilizes these CCMs, which map a camera’s raw
color space to the device-independent CIE XYZ color space
or vice versa, to encode the camera-specific illumination lo-
cus into a guidance embedding. This feature, termed CFE,
directs a hypernetwork to quickly adapt to unseen cameras
during testing, enabling the generation of appropriate filters
and biases while achieving superior performance compared
to previous methods.

By taking advantage of the linearity of CCM operations,
the proposed imaginary camera augmentation technique al-
lows the model to learn a broader range of virtual camera
response functions during training, significantly improving
CCMNet’s generalization capability.

While most cameras include calibrated raw-to-XYZ
CCMs in their ISPs and DNG files, some smartphones may
not provide accurate CCMs in their DNGs. Instead, these
devices often include a single fixed matrix to convert raw
images to linear sSRGB. This limitation could hinder our
method’s ability to process DNG files from such devices
or necessitate an additional conversion step to adapt to the
raw-to-linear sSRGB matrix.
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