
Facial-Centric Color Constancy Dataset to Improve Scenario-
Specific White Balance Algorithms
Yuyang Liu, Minchen Wei*, The Hong Kong Polytechnic University, *minchen.wei@polyu.edu.hk

Abstract
Eliminating the color cast of the illuminant is a critical step

in modern image processing systems, which has been addressed
with a great number of illuminant estimation algorithms. The al-
gorithms are found not effective for some specific contexts and ap-
plications, which leads to the development of scenarios-specific
algorithms leveraging domain-specific cues. This paper investi-
gated how facial cues help illuminant estimation. A total of 1299
images were captured under various dual-illuminant conditions,
including real-world environments and lab settings. Modifica-
tions were made on existing methods by considering the facial
information, which resulted in better performance.

Introduction
Illuminant estimation is a core challenge in image process-

ing, aiming to eliminate the color cast of the illumination achieve
color constancy. This process simulates the chromatic adaptation
mechanism of the human visual system. In modern digital cam-
eras, it corresponds to the white balance adjustment in the image
signal processing (ISP) pipeline, ensuring colors are rendered as
if they were captured under a standard “neutral” light source.

The fundamental goal of white balance is to estimate the
color of the illuminant based on a RAW image, which is indeed
challenging due to the difficulties to separte the illuminant and
object colors from the image. Traditional statistics-based meth-
ods address this by imposing some assumptions about the scene
reflectance properties. For instance, the gray world method as-
sumes that the average reflectance across the scene approximates
a neutral gray, as in [1,2]. The gray edge method relies on the hy-
pothesis that chromatic transitions (edges) are predominantly neu-
tral, as proposed in [3–5]. The white patch approach assumes the
presence of a white object in the scene, where the brightest pixel
corresponds to the illuminant color, as detailed in [6–8]. And the
achromatic pixel method identifies the gray pixels by detecting
minimal color variation across the RGB channels in localized ar-
eas, as described in [9, 10]. All these methods work generally
well if the assumptions hold. Many corner cases, however, cannot
satisfy these assumptions, resulting in bad performance.

Instead of proposing more constraints or assumptions, great
efforts have been made to develop learning-based methods, which
rely on large-scale datasets. For instance, the FC4 method
[11] employs a deep neural network to process RAW input im-
ages, using implicit semantic information to reduce the effects
of metamerism. The CCC [12], FFCC [13], and C5 [14] meth-
ods convert images into log-uv histograms and formulate the task
of illuminant estimation as a two-dimensional detection problem,
which are also computationally efficient. The C4 method [15]
builds upon the FC4 method by arranging three instances of its
architecture in a cascaded configuration to iteratively enhance the

estimation accuracy. The CLCC method [16] enhances FC4’s ro-
bustness through a contrastive learning, guaranteeing that the in-
termediate outputs remain consistent and reliable across varying
conditions. The OneNet method [17] assumes that the seman-
tic information is irrelevant for illuminant estimation and instead
employs CNNs with 1×1 kernels to achieve its objectives.

All these methods are based on the global illuminant as-
sumption, with the performance validated on some color con-
stancy datasets (e.g., INTEL-TAU [18] and NUS [5]). While im-
proving the performance for covering a wider range of conditions
remains an active research area, designing methods for specific
cases can also be beneficial.

The facial skin appearance is always a critical element for
image quality, and past studies (e.g., [19]) suggest that the human
skin exhibits a limited color gamut and can be used as a stable
reference for illuminant estimation. In this work, we collected
a large-scale multi-illuminant color constancy dataset containing
face-centric scenes and demonstrated its usefulness in developing
illuminant estimation methods.

PolyU Face Color Constancy Dataset
Dataset description

The PolyU Face Color Constancy Dataset was collected for
developing illuminant estimation methods for multi-illuminant
scenes. The dataset includes 1299 facial images, with each im-
age containing a facial portait and two illuminants, which were
collected in field and lab settings. A total of eight human models
were involved in the data collection. Such setups make the dataset
useful for some applications, such as video streaming and self-
ies. The dataset includes a wide range of illuminants, as shown
in Figure 1. Unlike the other multi-illuminant color constancy
dataset (e.g., LSMI [20]) providing pixel-wise illuminant maps,
this dataset only provides foreground and background illuminant
conditions to simplify the problem formulation and data collec-
tion.

Dataset acquisition
The images were captured using the main camera of a com-

mercially available smartphone, with the ISO set to a low value
(i.e., 200) to reduce the noise. A standard ColorChecker was used
to capture the lighting condition. Each scene contains two illu-
minants, with a background illuminant behind the portrait and a
foreground illuminant shining on the portrait. For the lab settings,
we used to two LED light sources to provide the background and
foreground illumination Lb and L f ; for the field settings, the back-
ground illumination Lb was from the ambient light (a single am-
bient illuminant) and the foreground L f was provided by our light
source. The LED light sources were tunable, so that we were
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Figure 1: Distribution of the illuminants in the dataset in the cam-
era color space. (a) Foreground illuminant; (b) background illu-
minants.

Figure 2: Examples of data collection.

able to create a wide range of lighting conditions. The intensity
of the foreground illumination was carefully adjusted, so that it
would not affect the background illumination. During the data
collection, we used the ColorChecker to capture the background
illumination Lb, and let the model to hold the ColorChecker when
capturing the foreground illumination L f . Figures 2 and 3 give
examples of how we captured the background and foreground il-
lumination during the data collection. Thus, each setting had three
RAW images, with two images for capturing the ground-truth il-
luminants of the foreground and background illumination and one
image for the portrait. During the data collection, around five to
ten different foreground illumination share the same background
illumination, by varying the color of the light source.

All the RAW images were 10-bit files and were converted to
16-bit PNG files with three steps:

1. Black-level subtraction and scaling: images were normal-
ized to the range [0,1] using the black and white level values
from the EXIF metadata.

2. Demosaicing: the RAW images were in an RGGB Bayer
pattern. Demosaicing was performed using a simple
method, where the two green channels in each 2× 2 pixel
block were averaged to derive the value G.

3. Resolution adjustment: the RAW images were downsam-
pled to a resolution of 1024×768.

For the ground-truth illuminant color, the 20th patch on the
ColorChecker was used, with the average value of a small window
at the center of the patch used to reduce the effect of noise.

Methodology
Image model

For a pre-procssed RAW image I, typical methods assuming
a single illuminant define the image model as

I =W ×L (1)

where W is the white-balanced image, and L = {R,G,B} repre-
sents the global illuminant color. In such a case, the white balance
algorithms aim to predict L from I.

For the algorithms deriving pxiel-wise ground-truth under
two illuminants (e.g., [20]), the problem is formulated as:

I(x) =W (x)×α(x)La +(1−α(x))Lb (2)

where x represents the pixel location, La and Lb are the first and
second illuminants respectively, and α is the coefficient map for
the first illuminant. For such a formulation, the algorithms must
predict either La, Lb, and α , or the illuminant map derived from
La, Lb, and α directly.

In contrast, We simplify such a problem by removing the
coefficient map α , which is indeed difficult to obtain in real-world
conditions. In our formulation, for a RAW image I, white balance
algorithms are expected to predict two illuminants La and Lb in
the scene.

Multi-illuminant white balance algorithms
Most previous algorithms predict the primary illuminant in

a scene, and some of them can be extended to multi-illuminant
conditions with some minor modifications. In this work, we adapt
several state-of-the-art algorithms to fit such a formulation.

FC4 [11]: FC4 takes a whole image as the input and uses
a relatively large convolutional neural network as a backbone to
extract the image feature maps and the corresponding confidence
maps. The final estimation results are derived as the weighted sum
of the feature maps based on the confidence map. In the original
design, the backbone outputs a tensor with a shape of h×w× 4,
where the first three channels represent the image features, and
the last channel is the confidence map. For our purpose, this ar-
chitecture can be slightly modified to output a tensor by doubling
the number of channels.

C5 [14]: C5 is a hyper-net that outputs parameters for the
FFCC algorithm [13] for each image, then applies the parameters
to produce the estimation result. Instead of using the whole image
as the input, it transforms the image into the log-uv color space
and uses the histogram for prediction. C5 can also be adapted to
our formulation by outputting another set of parameters, which
share the same regularization constraints as the original ones.

OneNet [17]: OneNet assumes that the semantic information
is irrelevant to white balance. It employs a simple convolutional
neural network for prediction, where all the convolutional opera-
tors are implemented as 1× 1 kernels to remove semantic clues.
In its original design, it directly predicts the global illuminant.
We, however, modify it to predict two illuminants.

Experiment and results
All the algorithms were implemented and evaluated in

Python. Learning-based methods were re-implemented in Py-
Torch [21] to ensure compatibility with our codebase when re-
quired.

For training and testing, all the images were resized to a res-
olution of 256× 256. In the training phase, data augmentation
techniques such as random cropping and random illuminant scal-
ing were applied to improve model generalization.

The learning-based models were optimized using the
AdamW optimizer [22] with a weight decay of 0.01. A linear
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Figure 3: Example of data acquisition process.

learning rate schedule was employed, starting from 0.002 and de-
caying to 0.0002 over 500 epochs. A fixed batch size of 32 was
utilized throughout the training. To mitigate the effects of ran-
dom initialization and sampling bias, a five-fold cross-validation
strategy was adopted.

A range of statistics- and learning-based methods were eval-
uated using standard metrics based on the angular error (Equation
3), such as: the average error, the median error, the tri-mean of all
errors, the average of the lowest 25% of errors, and the average
of the highest 25% of errors. For the statistics-based methods, no
modifications were applied to enable them to output multiple esti-
mations, with the estimated illuminant considered as both the first
and second illuminant in the scene.

lae =
180
π

arccos(
L̂ ·L

||L̂|| · ||L||
) (3)

Since there are two illuminants in each scene, the average
of the angular error values was calculated for the final compari-
son, with the results summarized in Table 1. It can be found that
all the statistics-based methods have much worse performance,
suggesting the failure for multi-illuminant conditions. Among
the learning-based methods, FC4 [23] had the best performance,
while both C5 [14] and OneNet [17] had worse performance, with
FC4 leverages full-image information and C5 and OneNet do not
rely on semantic information.
Table 1: Summary of the performance of various methods, in
terms of the angular error, evaluated on PolyU Face Color Con-
stancy Dataset, with the best result of each metric is highlighted
in red.

Method Avg
Mean

Avg
Med.

Avg
Tri.

Avg
Best
25%

Avg.
Worst
25%

White Patch [7] 14.98 15.55 14.81 6.21 23.98
Gray World [1] 9.70 8.19 8.50 4.16 18.13
Bright Pixels [8] 10.48 8.93 9.44 4.47 18.92
Gray Edge [4] 9.84 8.47 8.61 4.06 18.17
Shades of Gray [3] 12.80 11.75 12.07 5.84 21.64
PCA CC [5] 10.90 9.36 9.92 4.92 19.21
Gray Pixels [9] 11.43 9.89 10.27 4.28 20.93
Gray Index [10] 10.87 9.19 9.87 3.85 20.51
LSRS [24] 9.68 8.21 8.46 4.04 18.14
C5 (m=1) [14] 5.43 3.24 3.73 1.29 13.51
OneNet [17] 3.59 2.52 2.64 1.09 8.01
FC4 (SqueezeNet) [11] 1.12 0.92 0.94 0.45 2.16

Discussion
It remains a topic of debate whether semantic information

is useful for illuminant estimation. Methods, such as FC4 [23],
CLCC [16], and C4 [15], were found to effectively deal with
the ambiguities between the illuminant and object colors, while
other methods, such as CCC [12], FFCC [13], C5 [14], and
OneNet [17], were found to achieve superior results without lever-
aging semantic information on the datasets (e.g., Cube+ [25],
INTEL-TAU [18], and NUS-8 [5]). In our previous work [26],
we also found that the semantic information does not enhance
performance in pure color scenes. Our results presented here,
however, suggest that the semantic information can significantly
improve the performance for multi-illuminant scenes containing
faces. This could be due to two reasons. Firstly, human faces
or skin tones serve as a stable and reliable cue for illuminant es-
timation, as demonstrated in [19]; secondly, region separation is
inherently required for multi-illuminant estimation. Notably, the
learning-based methods that process full images are able to locate
the regions of face and infer the dominant illuminant color from
these areas, even without the ground-truth illumination maps.
This can be verified by activating the weighting mechanism in
FC4 [23] and visualizing the coefficient map, as illustrated in Fig-
ure 4 as an example.

(a) (b) (c)

Figure 4: Example of showing the effectiveness in isolating re-
gions of interest (ROI). (a) RAW input image; (b) ROI of the first
illuminant; (c) ROI of the second illuminant.

Pseudo pixel-wise white balance
Since the semantic-based models were found to be able to

isolate the face region from the image, it enables pixel-wise ad-
justments in post-processing, as illustrated in Figure 5. In our ex-
periment, the image encoder was based on the backbone of FC4
[11], though it can be replaced with other architectures that are
capable of extracting semantic information. The post-processing
converts the original attention maps A into weight maps W , which
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Figure 5: Illustration of post-processing for deriving a pseudo il-
lumination map.

are up-scaled to the size of the input RAW image. Since the atten-
tion maps highlight the regions of interest, overlapping areas and
ignored regions may exist at the same time. The Softmax function
is applied along the illumination axis to generate the weight maps,
assigning each pixel a weight corresponding to the two illumina-
tion. To control the blending strength of the two illumination, the
attention maps are first scaled to a range of [0,1] using their re-
spective maximum values. This scaled value is then multiplied by
a positive blending factor b before applying the Softmax function.
This can be expressed as:

W (x) = So f tmax(
A(x)
Amax

b) (4)

A filter is then used to smooth the edges for a better appearance,
with the final weight map showing the coefficients of the two il-
luminants for each pixel. Combined with the predicted illumi-
nant colors, these maps are used to compute the final illumination
maps. Figure 6 shows an example of applying the pseudo illu-
mination map. In our design, the blending parameter b balances
the visual artifacts and the correctness of the white-balanced re-
sults, a lower b value reducing the artifacts at the edges by using
the average of the two illuminants and a higher b value introduc-
ing noticable artifacts by using one of the two illuminants, with
Figure 7 showing an example.

(a) (b) (c) (d)

Figure 6: Example of psudo pixel-wise white balance. (a) White
balance using the foreground illuminant only; (b) white balance
using the background illuminant only; (c) pixel-wise white bal-
ance using a pseudo illumination map; (d) the corresponding
pseudo weight map for deriving the psudo illumination map.

Conclusion
In this work, we present a color constancy dataset. The

dataset includes 1299 portrait images under multi-illuminant con-
ditions, which were specifically collected for enhancing perfor-
mance of white balance algorithms under multi-illuminant condi-
tions. It addresses a critical gap in the existing literature which
often overlooks the significance of human facial features in color
constancy. Through a systematic evaluation on the state-of-the-

(a) (b) (c) (d)

Figure 7: Example of how the blending parameter b affect the
final image. (a) b=0.5; (b) b=3; (c) b=5; (d) b=7.

art methods, we propose a simple method to adapt the methods
for performing white balance on portrait images.
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