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Abstract 
Multispectral images captured by near-infrared (NIR) filtered 

devices have an attractive potential for numerous applications in 
computer vision, robot vision, and an artificial intelligence system. 
Although near-infrared (NIR) filtered devices display some unseen 
details, but their colors contain false colors affected main color 
components. Therefore, the color restoration of near-infrared (NIR) 
filtered images is a challenge for human perception. To overcome 
the challenge, the proposed method has four main steps: i) color 
balance with chromatic adaptation; ii) color component switching; 
iii) Hue-Saturation-Lightness adjustment; and iv) image fusion 
using a proportional-weighing metric. The proposed results achieve 
to: i) restore RGB color component, ii) remove the color-overlapped 
effect and generate structure details close to the ground truth 
images; and iii) preserve overall brightness. 

Introduction  
The computer vision and its related field are dramatically 

expanding in different directions. Among technological 
advancements in hardware and artificial intelligence (AI) 
capabilities, they have generated much new distance in an extensive 
range of applications. Currently, there are several devices that are 
capable of capturing the visual details [1] in different spectral bands, 
which cover visible wavelengths and infrared band [2]. Traditional 
image processing algorithms (image enhancement, segmentation, 
haze removal, super-resolution, color restoration, image re-coloring, 
image and video compression [3-6]) use advantages of multispectral 
technology. Currently, RGBN images can be used in many 
applications related to image compression [7], color restoration [8], 
and image denoising [9]. 
 Fig. 1 illustrates the issues of infrared-filter images. The scene 
illustrates several colors in the outdoor that is reflected by intense 
sunlight (near the infrared radiation). The details in dark green (see 
Fig. 1(a)) can be observed by an infrared-filter image (see Fig. 1(b)). 
The intensity distribution of an infrared-filter image has the 
relationship to red and green components when luminance is less 
than 190, and to green and blue components, when luminance level 
is more than 190 (see Fig. 1(c)). In addition, it can be noticeable that 
visible wavelength components (RGB-components) are expanded 
through 700 nm to 1000 nm, approximately [10] (see Fig. 1(d)). 

The construction of a chromatic image with color-component 
images depends on several factors, for instance, ambient light, 
surface reflection, and sensors [1, 11]. All factors related to a 
wavelength (𝜆), which turn a multispectral image having 
components as {𝐶 } = {𝑅 ∪ 𝐺 ∪ 𝐵 ∪ 𝐼𝑅 }. 𝐶( ⋅ ) denotes a 
chromatic image, composed of red - 𝑅( ⋅ ), green - 𝐺( ⋅ ) and blue - 
𝐵( ⋅ ) components with additional infrared-filter component - 𝐼𝑅( ⋅ ).  
 

 

 
a) ground truth image 

 
b) infrared-filter image 

 
c) RGB+N histogram 

Figure 1. The effect of color component changed by an infrared-filter. 
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d) Spectral sensitivity comparison with RGB and NIR [10] 

Figure 1(Continued). The effect of color component changed by an 
infrared-filter. 

 
The multispectral image with an infrared-filter component is 

commonly used in many applications, such as surveillance, night-
vision images, and thermal images. The objective of the RGB color 
restoration is to acquire an image in the visible spectral range (400 
– 700 nm). 
 Most applications mentioned above are based on the use of 
binocular, one for the visible wavelength and another one for near-
infrared band. In fact, visible wavelength sensors generate color 
scenes with noise and motion blur while infrared sensor generates 
the monochrome image with extensive details and fewer noises. 
Therefore, a) color restoration and b) noise deduction can be 
challenging tasks. 

This paper present the color restoration of multispectral 
images: near-infrared (NIR) filter-to-color (RGB) image based on 
the novel color-component switching. It is less complexity, making 
proper for real-time applications like surveillances or video 
interactive devices. The rest of the paper is organized as follows: 
Section 2 presents the proposed method to restore color-
components. Section 3 introduces computer simulation and 
experimental results. Finally, Section 4 offers the conclusion and 
ideas that can be applied for commercial applications. 
 

1. Take an input infrared-filter image 
2. Apply a color balance to the input image 
3. Switch color components of the color-balanced image 
4. Apply a color balance to the switched color-component 

image 
5. Adjust Hue-Saturation-Lightness (HSL) of the color-

balanced image in step 4 
6. Calculate the proportional-weighing metric by using the 

input image 
7. Generate an RGB image by fusing the HSL-adjusted image 

and the input infrared-filter image with adaptive weighing 
metric 

8. Obtain an output RGB image 
Figure. 2. The proposed framework 

 
Proposed Method 

In this section, we introduce the framework to restore RGB 
color for infrared-filter images. It has four main steps (see Fig. 2): i) 
color balance; ii) color component switching; iii) Hue-Saturation-
Lightness adjustment; and iv) image fusion using a proportional-
weighing metric. 

Color balance with chromatic adaptation  
Let 𝐼 , ,  be infrared-filter photography and 𝜇  is the average 

luminance of the 𝑘  color component. The concept of the color 
balance with chromatic adaption [13] can be defined as: 
 

𝐶𝐵 , ,

𝐶𝐵 , ,

𝐶𝐵 , ,

=

𝜇
𝜇
𝜇

𝐼 , ,

𝐼 , ,

𝐼 , ,

 (1) 

 
where 𝑘 = 1, 2 and 3 represent a red, a green and a blue component, 
respectively. 
 
Color component switching 

In general, infrared-filter photography has false colors. For 
example, the red component is preserved by an infrared filter, the 
green color becomes red, and the white component is transformed 
by a blue component (see Fig. 2). Therefore, the swapping of color 
components is very important at this stage. It can be calculated as: 
 

𝑆 , , =

⎩
⎪
⎨

⎪
⎧mean 𝜌 𝐶𝐵 , , , 𝜌 𝐶𝐵 , , , 𝜌 𝐶𝐵 , , , 𝑘 = 1

mean 𝛾 𝐶𝐵 , , , 𝛾 𝐶𝐵 , , , 𝛾 𝐶𝐵 , , , 𝑘 = 2

mean 𝛽 𝐶𝐵 , , , 𝛽 𝐶𝐵 , , , 𝛽 𝐶𝐵 , , , 𝑘 = 3

  (2) 

 
where 𝜌( ∙ ), 𝛾( ∙ )  and 𝛽( ∙ )  are color constant, 0 ≤ 𝜌( ∙ ), 𝛾( ∙ ), 𝛽( ∙ ) ≤

1 . ( ∙ ) , ( ∙ )  and ( ∙ )  represent a red, a green and a blue 
component, respectively.  
 
Hue-Saturation-Lightness (HSL) adjustment  

For some color correction method, for instance, scaling on a 
very narrow color-distributed range. The proposed HSL can be 
adjusted in a board color-distributed range and can be calculated as: 

𝐻𝑆𝐿 , , =

⎩
⎪
⎨

⎪
⎧

, ,

, ,
, 𝑘 = 1

, ,

, ,
, 𝑘 = 2

, ,

, ,
, 𝑘 = 3

  (3) 

where 𝐻 , , 𝑆 ,  and 𝐿 ,  are a hue, a saturation, and a lightness 
component, respectively. 
 
Image fusion using a proportional-weighing metric  

In this sub-section, we attempt to restore the blue component 
form an input infrared-filter image. The proportion of the blue 
component can be calculated as: 

 

𝜔 , =
, ,

   ;    𝑘 = 3 (4) 

 
where 𝐼 , ,  is an input infrared-filter image. 𝐿 is the total luminance 
levels of a blue component. 
The proportional-weighing metric can be applied by fusing the two 
images: color image adjusted by an HSL color-component image 
and the input infrared-filter image. The calculation of an image 
fusion can be described as: 
 

𝐹 , , =

⎩
⎪
⎨

⎪
⎧ 𝑅𝐺𝐵 , , , 𝑘 = 1

𝑅𝐺𝐵 , , , 𝑘 = 2

𝜔 , ∙ 𝑅𝐺𝐵 , , + 1 − 𝜔 , 𝐼 , , , 𝑘 = 3

  (5) 
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where 𝑅𝐺𝐵 , ,  is the color image adjusted by an HSL color-

component image. 𝜔 ,  is a proportional-weighing metric 
 
Experimental Results 

This section explains the evaluation procedure and the 
performance of the proposed framework. For infrared-filter images 
and testing process, as mentioned below, the test images are 
available at: RGB-NIR Scene Dataset, Image and Visual 
Representation Lab (IVRL) [14]. The image size is: 382×576 in 
RGB file format (ground truth) and IR file format (infrared-filter 
images). 

Because of the fact that there are any no standard methods to 
evaluate the performance of an infrared-filter removal, we use three 
measures: i) colorfulness (CF) [15-16], ii) structural similarity index 
metric (SSIM) [17], and iii) logarithmic luminance error (LLE) [18-
19], which are widely used in color-related literature. These results 
can be observed subjectively in Table I-III and objectively in Fig. 3. 
 
Colorfulness (CF) 

It is one qualification of the chrominance feature that humans 
comprehend. [20-21] introduced a linear colorfulness function, but 
human perceptions are not linear. Therefore, it is reasonable to use 
a non-linear function for estimating colorfulness, corresponding to 
the human visual system (HVS) [15-16]. 
 

𝐶𝐹 = 50𝑙𝑜𝑔
| | .

𝑙𝑜𝑔 .   (6) 

 

𝜇( ∙ ) = ∑ 𝛼 + ∑ 𝛽   (7) 

 

𝜎( ∙ ) = ∑ 𝛼( ∙ ) − 𝜇( ∙ ) + ∑ 𝛽( ∙ ) − 𝜇( ∙ )   (8) 

 
𝛼 = 𝑅 − 𝐺   ;    𝛽 = 0.5(𝑅 + 𝐺) − 𝐵  (9) 

 
where 𝑅, 𝐺 and 𝐵 are red, green, and blue components. 𝑁 represents 
the total number of pixels. 𝛾 is a power factor. 
 
Structural similarity index metric (SSIM) 
 It is a measure for estimating the perceived quality in digital 
images. SSIM is the measure of perception that considers image 
deterioration related to structural data changes including luminance 
and contrast attributes. 
 

𝑆𝑆𝐼𝑀 =
( )( )

 (10) 

 
𝑐 = (0.01𝐿)    ;   𝑐 = (0.03𝐿)   (11) 

 
where 𝐿 denotes the total luminance levels. 𝜎  represents the 
covariance of an input infrared-filter image and a resulting color 
image. 𝜇 is the averaging luminance and 𝜎 is variance. ( ∙ )  and 
( ∙ )  represent a ground truth image and a resulting color image, 
respectively. 
 
Logarithmic luminance error (LLE) 
 Logarithmic luminance error (LLE) is the cross-averaging 
luminance measure between two images. The measure estimates the 
performance in preserving the reference image brightness. Also, we 
calculate the measure in a logarithmic term due to the perception of 
the human visual system (HSV). 

𝐿𝐿𝐸 = 𝑙𝑜𝑔 |𝜇 − 𝜇 |  (12) 
 
where 𝜇  and 𝜇  are the averaging luminance of a ground truth 
image and a resulting color image, respectively. 𝛾 denotes a power 
factor. 
 Table I-III show the performance of colorfulness (CF), 
structural similarity index metric (SSIM), and logarithmic 
luminance error (LLE). The infrared-filter images get the worst 
results. Just two images have the similarity index close to the ground 
truth images more than 75.4% as shown in Table II. The proposed 
color restoring images obtain the best image quality assessment. The 
colorfulness in Table I shows the high number corresponding to Fig. 
3. Similarity index estimates the structural similarity up to 82.87%. 
The proposed-resulting images in Fig. 3 show non-color overlapped 
edges while some infrared-filter images have color-overlapped 
edges. Luminance error in Table III shows the brightness 
preservation performance. The proposed method preserves overall 
brightness close to the ground truth images. 

Table I Colorfulness (CF) [15-16] 

Name Infrared-
filter images 

Ground 
truth images 

Proposed 
images 

Forest 8.2096 10.7602 10.2164 
River 6.9599 11.2101 42.7649 
Street 4.9067 10.1386 14.6335 
Urban 5.8480 17.3311 15.6551 
Lake 5.2064 8.0668 16.4969 
Moutain 5.7444 8.3932 15.1921 

Table II Structural similarity index metric (SSIM) [17] 

Name Infrared-filter 
images 

Proposed images 

Forest 0.5534 0.6987 
River 0.7540 0.7542 
Street 0.4136 0.8235 
Urban 0.5093 0.7564 
Lake 0.6185 0.8287 
Moutain 0.7713 0.8032 

Table III Logarithmic luminance error (LLE) [18-19] 

Name Infrared-filter 
images 

Proposed images 

Forest 2.0364 0.8287 
River 2.5286 1.0281 
Street 1.7460 1.0183 
Urban 2.0699 1.0657 
Lake 2.0559 1.1202 
Moutain 2.7051 0.9865 

 
 

Color restoration of multispectral images: near-infrared (NIR) 
filtered-to-color (RGB) image is a challenging image processing 
with many color effects. The amount of infrared-filter component 
impacting RGB components depends on many factors, for instance, 
ambient light, surface reflection, and some kinds of sensors. The 
proposed method achieves to: i) restore RGB color component, ii) 
remove the color-overlapped effect and generate structure details 
close to the ground truth images; and iii) preserve overall brightness. 
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The proposed method can be applied for many near inferred-based 
applications such as surveillances, food-processing applications, 

military applications, computer graphic programs, video-interactive 
applications, entertainment applications, etc  

 
 

   

   

   

   

   

   
a) infrared-filter images b) ground truth images c) proposed images 

Figure 3. Comparison of images with different capturing environmental conditions (forest, river, street, urban, lake, and mountain) 
forest_0058, water_0001, street_0042, street_0038, water_0027, mountain_0040 
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