
 

Integration of RGB Image and ALS for Color Constancy 

Ruikai He, Minchen Wei*, The Hong Kong Polytechnic University 

minchen.wei@polyu.edu.hk 

 

Abstract 
Illuminant estimation plays a key role in computational 

color constancy, which typically relies on RGB images alone. 

In recent years, smartphones are commonly equipped with an 

ambient light sensor (ALS) next to the rear camera, which 

records low-resolution spectral information. This paper 

proposes several methods to estimate the illuminant using both 

RGB images and ALS signals, which are based on the state-of-

the-art learning-based methods without significantly increasing 

computational cost. The proposed methods are found to result 

in better performance, in comparison to those only rely on RGB 

images. 

Introduction 
Computational color constancy aims to adjust the colors of 

images by removing the color cast of the illumination, 

simulating the relative color constancy perceived by the human 

beings due to the chromatic adaptation mechanism in the 

human visual system [1]. It requires accurate estimation of the 

illuminant, which remains a challenge especially for many 

corner cases [2], [3], [4]. Many statistics- and learning-based 

methods have been developed to estimate the illuminant based 

on the RGB images [5], [6], and some methods also use the 

image’s metadata [7], [8]. These methods effectively extract the 

relevant features from RGB images. For example, FC4 [9] uses 

the backbone similar to AlexNet [10], FFCC [11] and C5 [4] 

was inspired by CCC [12], and lightweight PCC [6] that was 

specifically designed for pure color image dataset. Recently, 

methods have been proposed to integrate additional metadata. 

For example, CCMNet encodes predefined illuminant colors 

using color correction matrices (CCMs) alongside images into 

several uv-histograms, enabling the network to adopt the 

unseen cameras [8]. Apart from CCMs, contextual metadata 

(i.e., timestamp and geolocation) has also been considered as 

the additional input to a network, which can help to reduce the 

possible range of illuminant colors [7].  

In recent years, smartphones have been equipped with 

ambient light sensors (ALS) to capture the light level and color 

of the ambient light, which are commonly used to adjust color 

of the display (e.g., True Tone display) [13]. When an ALS has 

multiple channels, the information it captures can provide some 

useful information about the spectral composition of the 

ambient light. Ilaria et al attempted to concatenate the 

multispectral information with fully connected image data to 

estimate the illuminant [2], but it was performed based on 

simulation [14]. 

In this study, we aim to investigate whether the ALS 

signals can be useful in illuminant estimation, and what is the 

effective way to use it for illuminant estimation. Instead of 

proposing new methods, PCC, UCC, C5 are fine tuned to take 

ALS signals as additional input. 

The investigations were performed on NUS-8 dataset [15] 

and also PolyU Pure Color dataset [6].We also collected a new 

dataset with both RAW images and ALS signals captured at the 

same time. 

Building upon PCC [6], C5 [4], and RACC for color 

constancy (U-Net [16] for color constancy), we proposed new 

frameworks via fine-tuning, which allows for the fusion of ALS 

information and RGB images without significantly increasing 

computational cost. This approach facilitates our exploration of 

how ALS information can be leveraged to develop more 

effective and practical solutions for illuminant estimation.  

For the existing datasets, whether consisting of RGB [15], 

[17], [18] or multispectral images [14], none contains ALS 

information necessary for our study. we collected new datasets 

using Xiaomi15Ultra to address this issue, and further details 

regarding the new datasets can be found in Experiment and 

Results. 

Proposed fine-tuning methods 
Fine tuning PCC is relatively straightforward, since it is a 

multilayer perceptron network. Since both ALS signals and 

RGB images are used as the input, the number of the neurons 

need to be increased, with the two vectors concatenated. The 

numbers of the hidden layers and neurons in each layer are 

correspondingly adjusted. 

The tuning of RACC and C5 follows a similar approach, 

as the two networks share similar structures. The ALS signals 

are integrated after the image latent feature getting 

downsampled. For C5, a two-step deconvoluntion is employed 

to decode the ALS signals into the same shape as the encoded 

latent image feature, with a matrix addition to integrate the two. 

For RACC, a two-step deconvolution is used to decode the 

ALS signals, which is then concatenated with the encoded 

latent image feature. 

Such fine-tuning allows flexible adjustments of the inputs 

without significantly increasing the computational costs. 

Experiment and result 
We used a smartphone for data collection, using the main 

camera to capture RAW images and the integrated 13-channel 

ALS to capture the ALS signals. For each scene, an image with 

a gray card placed in the image was used to capture the ground-

truth illuminant, and an image without the gray card was used 

in the experiment. The data collection was performed in three 

stages, with 486 pure color images and ALS signals collected in 

Stage 1, 210 normal scene images and ALS signals collected in 

Stage 2, and a total of 8,484 images and ALS signals collected 

in Stage 3. All the images were down-sampled to a resolution 

of 64 × 48. 

We performed the training on the three datasets, with a 

three-folded cross validation using the three fine-tuned 

networks, and calculated the angular error between the ground-

truth and estimated illuminants. For the fine-tuned PCC, we 

used three sets of input, including only RGB images (ORGB), 

only ALS signals (OALS), and RGB images and ALS signals 

(DUAL). For the fine-tuned RACC and C5, only ORGB and 

DUAL were used as the input. Figure 3 summarizes the 
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statistics of the angular errors. It is can be observed that the 

integration of the ALS signals can generally reduce the angular 

errors in comparison to only using the RGB images as the input, 

especially to the worst 5% cases, though the performance varies 

with the methods and datasets. For the PCC method, it is 

obvious that only using the ALS signals resulted in smaller 

angular errors than only using the RGB images, especially to 

the pure color images. Such results clearly suggest the 

effectiveness of using ALS signals in illuminant estimation.

 

 
Fig. 1 Architecture of the fine-tuned PCC method. 

 
Fig. 2 Architecture of the fine-tuned RACC and C methods. 

Ablation studies were then conducted to evaluate the 

contributions of the different inputs. For the methods trained 

using both RGB images and ALS signals, we evaluated the 

contributions by setting one of the two inputs into zero, and 

then compared the results to DUAL, as summarized in Table 1. 

We can find that setting one input to zero significantly 

increased the angular errors, and we did not find consistent 

results in terms of the importance of the two inputs. Figure 4 

shows the subjective results of the various methods.
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Fig. 3 Summary of the angular errors of the fine-tuned methods on the three datasets. 

Table 1 Summary of the angular errors of the fine-tuned methods on the three datasets for the ablation study. 

 MEAN. MED. BST.25% WST.25% 

ucc C5 PCC ucc C5 PCC ucc C5 PCC ucc C5 PCC 

Pure Dataset 

DUAL 3.41 3.45 3.33 2.54 2.69 2.69 0.81 7.20 0.76 7.37 11.49 7.04 

ALS set to 0 7.52 5.87 8.69 4.88 4.91 6.32 1.34 1.37 1.53 18.01 11.58 18.09 

RGB set to 0 5.76 20.06 4.93 4.41 20.69 4.24 1.47 15.73 1.30 12.69 25.37 9.72 

Normal Dataset 

DUAL 2.34 2.52 1.90 1.53 2.20 1.43 0.47 0.80 0.49 5.64 4.77 4.00 

ALS set to 0 2.75 5.55 3.58 1.56 4.94 3.12 0.45 2.41 1.35 7.07 9.64 6.50 

RGB set to 0 30.83 19.22 12.33 33.35 19.26 13.46 20.23 16.89 5.40 37.34 21.59 18.50 

Mix Dataset 

DUAL 2.33 2.21 2.31 1.54 1.54 1.66 0.49 0.43 0.47 5.52 5.14 5.27 

ALS set to 0 6.89 8.57 6.71 4.02 7.76 6.20 0.84 2.33 2.01 17.27 15.62 12.35 

RGB set to 0 4.10 19.74 7.68 2.99 19.61 7.61 0.86 17.96 2.36 9.35 21.76 13.43 
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Fig. 4. Illustration of the fine-tuned methods. 

 
Fig. 5. Illustration of the distribution of the training and testing datasets, and the distribution of the ground-truth and estimated illuminants using the linear-

transformation of the ALS signals of the testing datasets.
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Table 2. Comparison of the performance, in terms of the angular error, of using linear-transformation and the fine-tuned PCC method 

for illuminant estimation using the ALS signals as the input. 

 MEAN. MED. TRI. BST.25% WST,25% 

Pure Dataset 

PCC (OALS) 3.58 2.89 2.99 0.95 7.37 

Linear transformation 7.10 5.28 5.68 1.76 15.63 

Normal Dataset 

PCC (OALS) 2.01 1.60 1.72 0.67 3.96 

Linear transformation 2.43 1.88 2.03 0.66 5.11 

Mixed Dataset 

PCC (OALS) 2.52 1.83 1.99 0.51 5.70 

Linear transformation 4.04 3.09 3.30 1.05 8.68 

 

Linear transformation or CNN for ALS to 
RGB? 

Though the learning-based methods reported above can 

generally produce good results. We were wondering whether it 

is possible to adopt a linear transformation to convert the ALS 

signals to RGB, and how would be the performance in 

comparison to the PCC-OALS method. A K-Means method [19] 

was used to selects several cluster centers, with the ALS signals 

and ground-truth RGB signals used as a training set to derive the 

conversion matrix M13×3. The hyperparameter, the number of 

clusters, is determined by Gap-statistic [19]. Figure 5 shows the 

distributions of the training and testing sets and the performance 

of the illuminant estimation through the linear transformation 

using the ALS signals, with Table 2 summarizing the angular 

errors derived from the linear transformation and the PCC-

OALS methods. It can be observed that the learning-based 

method can consistently produce better results. 

Conclusion 
In this work, we aimed to investigate whether the ALS 

signals can help the illuminant estimation. We fine-tuned several 

learning-based illuminant estimation methods, by integrating the 

ALS signals as the inputs, and tested the methods on a dataset. 

We found that the ALS signals can definitely improve the 

accuracy of the illuminant estimation. Also, we found that when 

ALS signals or RGB image information was missing, the 

performance of the methods was significantly reduced, which 

suggests the importance of considering the robustness of the 

methods. Last but not the least, we compared the performance of 

learning-based method and linear transformation method for 

only using the ALS signals as the input, and found that the 

learning-based method can result in much better performance. 
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