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a b s t r a c t 

This paper proposes a region-aware fusion method, called RaIF, for RGB and near-infrared (NIR) outdoor 

scenery image fusion. The method is motivated by the observation that current fusion approaches pro- 

duce gray appearance in overexposed sky regions and distortion in vegetation regions. RaIF generates 

the region probability maps by exploiting their specific characteristics in the visible and NIR spectra. It 

recovers the overexposed sky regions by employing the intrinsic channel correlation between RGB and 

NIR images, and enhances the vegetation regions in an adjustable manner. RaIF formulates image fusion 

problem as a gradient-domain optimization problem with luminance and chromaticity regularizations. 

Experimental results validate the superiority of RaIF that produces fused images with improved appear- 

ance in the sky and vegetation regions, and achieves the state-of-the-art performance quantitatively and 

qualitatively. Furthermore, RaIF can act as a refinement module that improves the fusion results of cur- 

rent deep learning based approaches. It is also capable of recovering specular highlight regions other than 

sky overexposure. 

© 2023 Elsevier Ltd. All rights reserved. 

1

c

p

s

o

a

m

r

s

e

s

u

a

s

e

(

Y

s

d

m

o

i

c

v

p

r

w

e

m

fi

c

c

t

m

i

h

0

. Introduction 

Image fusion integrates information of different images with 

omplementary characterisitics and thus has a wide range of ap- 

lications in visual enhancement [1,2] , remote sensing [3] , image 

egmentation [4] , image classification [5,6] , etc. This work focuses 

n image fusion of outdoor scenery images acquired in the visible 

nd near-infrared (NIR) spectra for the purpose of image enhance- 

ent. 

RGB and NIR images have distinct characteristics because of the 

adiation variation of scenes in the visible and NIR spectra, re- 

pectively. Hence, image enhancement can be achieved by prop- 

rly fusing RGB and NIR images. Most of the current image fu- 

ion approaches aim to improve the visibility of image textures 

sing either traditional or deep learning techniques [7,8] . Those 

pproaches make full use of the structural information of the 

ource images and generate detail-enhanced fusion results. How- 

ver, some practical issues have not been well addressed up to 
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ate. For example, color loss caused by sky overexposure is a com- 

on phenomenon in RGB images. The current fusion approaches 

nly fuse the luminance of the source images and adopt the orig- 

nal color of RGB images. As a result, the fused images may lack 

olor and appear fake in the overexposed regions. Furthermore, the 

egetation regions seem “glowing” in NIR images, while they ap- 

ear darker in RGB images because vegetation reflects more NIR 

adiations. The current approaches tend to assign larger fusion 

eights to the NIR image, and consequently the fused image may 

xhibit brightness and color distortions in the vegetation regions. 

This work proposes a region-aware RGB and NIR image fusion 

ethod, called RaIF, to tackle the mentioned issues. The method 

rst detects the sky and vegetation regions and generate their 

orresponding probability maps by exploiting the regions’ specific 

haracteristics. To deal with the sky overexposure, RaIF predicts 

he color and texture of the overexposed sky using a gain-gamma 

odel based on the channel correlation between the RGB and NIR 

mages. To improve the visual fidelity of the vegetation appear- 

nce, RaIF enhances the brightness of the vegetation regions in 

n adjustable manner according to the probability map. Finally, 

e solve the RaIF problem in the gradient domain with neces- 

ary luminance and chromaticity constraints. An example of RGB 

nd NIR image fusion is illustrated in Fig. 1 . It is observed that, 

ompared with DenseFuse [8] , the proposed RaIF method can re- 
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Fig. 1. An example of RGB and NIR image fusion. The red and yellow boxes highlight the fusion differences of DenseFuse [8] and the proposed RaIF method in the overex- 

posed sky regions and vegetation regions, respectively. 
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over the color and texture of the sky regions and improve the vis- 

bility of the vegetation regions with less distortion. Furthermore, 

aIF can act as a module to refine the fusion results of the current 

eep learning-based image fusion approaches, and can also recover 

pecular highlight regions. In summary, the main contributions are 

s follows: 

• This work proposes a region-aware RGB and NIR image fusion 

method, called RaIF, to enhance the outdoor scenery images, es- 

pecially in the sky and vegetation regions. 
• The method generates the region probability maps by explor- 

ing the specific characteristics in the RGB and NIR images, with 

which the color and texture of the sky regions can be reliably 

generated and the vegetation regions can be precisely enhanced 

in the fused image. 
• The method formulates the region-aware image fusion as a 

gradient-domain optimization problem with additional lumi- 

nance and chromaticity regularizations under the guidance of 

the region probability maps. 

. Related work 

We briefly review the RGB and NIR image fusion approaches, 

hich are approximately divided into four categories, i.e., multi- 

cale fusion, saliency-based fusion, gradient fusion, and deep learn- 

ng fusion. 

Multi-scale fusion decomposes the RGB and NIR images into 

ulti-scale components and fuses the two source images in mul- 

iple scales. Two-scale decomposition is a common way to ex- 

ract the detail and base layers of the source images for detail- 

reserving fusion [9] . Multi-scale decomposition leverages the 

ulti-frequency components of the source images to improve the 

aturalness of the fused image by using wavelet transform [10] or 

aplacian pyramid [7] . 

Saliency-based fusion enhances image contrast and texture us- 

ng RGB and NIR saliency maps. FIE [11] computes saliency fusion 

aps by extracting the local contrast of the NIR and RGB images 

o produce detail-enhanced RGB images. WLS [12] designs visual 

aliency maps using the sum of local absolute differences and em- 

loys the saliency maps for base layer fusion. 

Gradient fusion methods fuse two source images in the gradi- 

nt domain and reconstruct the fused image using gradient infor- 

ation. GTF [13] converts the gradient of the visible image to the 

nfrared image using total variation minimization. SpE [14] fuses 

he gradient of the RGB image and a higher-channel image based 

n the texture tensor, and recovers the final color image using a 

ookup-table-based reconstruction algorithm [15] . 

Deep learning-based methods achieve image fusion by con- 

tructing multi-input neural networks and training them in a 

elf-supervised or unsupervised manner. DenseFuse [8] employs a 

ense block in the feature encoder to exploit shallow and deep fea- 

ures of the input images for image fusion. SEDRFuse [16] employs 

kip connections from the encoders to the decoder to reuse some 

issing details in the fusion network. CSF [17] pre-trains a pixel- 

ise classifier to explain the importance of the extracted feature 

aps and fuses the features using importance maps. STDFusionNet 
2 
18] introduces saliency masks in the loss function to encourage 

he two encoders to extract background details in the visible im- 

ge and salient targets in the infrared image, respectively. 

Overall, most of the current approaches focus on enhancing the 

etails and contrast, but do not pay much attention to the limita- 

ions in fusing the sky and vegetation regions. To the best of our 

nowledge, the proposed RaIF method is the first one to fuse RGB 

nd NIR images based on the spectral characteristics of different 

egions, and produces fused images with good appearance. 

. Proposed approach 

Fig. 2 illustrates the framework of the proposed RaIF method. It 

onsists of five main modules. 

1) In the region map generation module, feature maps are ex- 

tracted from the RGB and NIR images to generate the sky and 

vegetation probability maps. 

2) In the overexposed sky recovery module, a gain-gamma model 

is employed to establish the relationship between the NIR and 

RGB sky pixels. 

3) In the gradient fusion module, the RGB and NIR gradients are 

fused using structure tensor. 

4) In the image reconstruction module, the fused image is recon- 

structed by solving an optimization problem with gradient con- 

straint, luminance regularization, and chromaticity regulariza- 

tion. 

5) Finally, the luminance range is compressed and the vegetation 

map is used to enhance the vegetation regions in an adjustable 

manner. 

More details will be elaborated in the following. 

.1. Region map generation 

.1.1. Sky Map Generation 

The sky map generation process is based on the following three 

riors: (a) The sky region is always far away from the shooting po- 

ition, (b) the sky region is usually smooth, and (c) the sky region 

s usually at the top of the image. Accordingly, we generate three 

aps: distance map M dis , smoothness map M smo , and height map 

 height . 

Distance Map. According to the haze degradation model, the 

ransmission value denotes the portion of the light that reaches 

he camera without scattering [19] . It is negatively related to the 

istance from the shoot scene to the camera. Hence, the distance 

ap M dis is computed as 

 dis = 1 − f norm 

( M tr ) , (1) 

here f norm 

(·) is the normalization operation that linearly scales 

he range of the map to [0,1], M tr is the transmission map com- 

uted according to [20] . 

Smoothness Map. The smoothness map reflects the smooth- 

ess of each pixel. The degree of pixel smoothness is measured 

sing local entropy 

(x, y ) = −
∑ 

(x ′ ,y ′ ) ∈N 
p 
(

f (x ′ , y ′ ) 
)

log p 
(

f (x ′ , y ′ ) 
)
, (2) 
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Fig. 2. The framework of the proposed RaIF method. 
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Fig. 3. The stacked histograms of (a) sky maps and (b) vegetation maps in ten 

scenes before mapping. The red curves in (a) and (b) are the probability mapping 

functions h sky (·) and h veg (·) , respectively. 
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here p( f (x ′ , y ′ )) denotes the occurrence probability of the f -th 

ray level at pixel position (x ′ , y ′ ) , and N denotes the local neigh-

orhood around pixel (x, y ) . We compute the local entropy maps 

 gray and E nir from the grayscale image G (average of the red, 

reen, and blue channel images) and the NIR image N . We further 

efine the maps E gray and E nir using guided filtering GF r,ε (·, ·) with 

 and N , respectively, as 

 

′ 
gray = f norm 

( GF r,ε ( E gray , G ) ) , (3) 

 

′ 
nir = f norm 

( GF r,ε ( E nir , N ) ) , (4) 

here r denotes the filter radius, and ε denotes the regularization 

arameter. Here, r = 32 and ε = 1 × 10 −6 . Then, the smoothness 

ap M smo is computed as 

 smo = f norm 

((
1 − E 

′ 2 
gray 

)
�

(
1 − E 

′ 2 
nir 

))
, (5) 

here � denotes element-wise multiplication. 

Height Map. Inspired by [21] , the height map M height at posi- 

ion (x, y ) is computed as 

 height (x, y ) = exp 

(
−
(

y 

1 . 2 H 

)2 
)

, (6) 

here H denotes the height of the image. 

Finally, the sky probability map is computed using the above 

hree maps as 

 sky = h sky 

(
M tr � M smo � M height 

)
, (7) 

here h sky (·) denotes a probability mapping function aiming at ex- 

anding the probability difference between the sky and non-sky 

egions. Its form and parameters will be discussed later in this sec- 

ion. 

.1.2. Vegetation Map Generation 

The vegetation probability map is generated based on the fol- 

owing three priors: (a) The sky region should not be the veg- 

tation region, (b) normalized difference vegetation index (NDVI) 

22] is usually high in the vegetation region, and (c) the inten- 

ity of the green channel image is usually higher than those of the 

ed and blue channel images in the vegetation region. Accordingly, 

e generate three maps, i.e. , non-sky map (1 − M sky ) , NDVI map

 NDVI , and ratio map M ratio . 

NDVI Map. The NDVI map M NDVI that reflects vegetation cover- 

ge [22] is computed as 

 NDVI = f norm 

( ( N − R r ) � ( N + R r ) ) , (8) 

here � denotes element-wise division, and R r the red channel 

mage. 

Ratio Map. The ratio map M ratio is computed as 

 ratio = f norm 

( R g � ( R r + R g + R b ) ) , (9) 
3 
here R g and R b denote the green and blue channel images re- 

pectively. 

Finally, the vegetation probability map is computed using the 

hree maps as 

 veg = h veg ((1 − M sky ) � M NDVI � M ratio ) , (10) 

here h veg (·) denotes a probability mapping function to ex- 

and the probability difference between the vegetation and non- 

egetation regions. 

.1.3. Probability Mapping Function 

The probability mapping functions h sky (·) in (7) and h veg (·) in 

10) are in the form of sigmoid function, 

 (z) = 1 − 1 

1 + exp ( −α(β − z) ) 
, (11) 

here the parameter α adjusts the degree of probability, β deter- 

ines the adjustment threshold. The probability increases when z

s above the threshold β and decreases when below the thresh- 

ld. Fig. 3 shows the stacked histograms of the sky and vegetation 

aps in 10 scenes before mapping, respectively. The probability 

oundary between sky and non-sky pixels is around 0.4 and that 

etween vegetation and non-vegetation pixels is around 0.2. There- 

ore, we set β = 0 . 4 in h sky (·) and β = 0 . 2 in h veg (·) . Besides, we

mpirically set α = 20 in both h sky (·) and h veg (·) . The red curves in

ig. 3 (a) and Fig. 3 (b) are the final mapping functions h sky (·) and

 veg (·) , respectively. 

.1.4. Region Maps Comparison 

To illustrate the advantages of the proposed region map genera- 

ion algorithm, we compare it with the semantic segmentation ap- 

roach UperNet [23] . Fig. 4 and Fig. 5 illustrate the resultant region 

aps and fused images of the Lakeside and Plants scenes, respec- 

ively. The proposed algorithm produces soft probability maps that 

re more reliable and flexible for image enhancement. Brightness 

rtifacts are obvious at the sky-vegetation boundary when using 

he region maps produced by UperNet (see Fig. 4 (g) and Fig. 5 (g)).
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Fig. 4. The sky and vegetation region maps produced by UperNet [23] and the proposed algorithm of the Lakeside scene, as well as their corresponding fusion results. (a) 

RGB image. (b) NIR image. (c) Sky map produced by UperNet. (d) Sky map produced by the proposed algorithm. (e) Vegetation map produced by UperNet. (f) Vegetation 

map produced by the proposed algorithm. (g) Fusion result using the region maps produced by UperNet. (h) Fusion result using the region maps produced by the proposed 

algorithm. 

Fig. 5. The sky and vegetation region maps produced by UperNet [23] and the proposed algorithm of Plants scene, as well as the corresponding fusion results using the 

different maps. Red boxes highlights the details in the fusion results. (a) RGB image. (b) NIR image. (c) Sky map produced by UperNet. (d) Sky map produced by the proposed 

algorithm. (e) Vegetation map produced by UperNet. (f) Vegetation map produced by the proposed algorithm. (g) Fusion result using the region maps produced by UperNet. 

(h) Fusion result using the region maps produced by the proposed algorithm. 

Fig. 6. The precision-recall curves of the proposed probability map generation algo- 

rithm and the precision-recall points of UperNet [23] , as well as their corresponding 

F1-scores. (a) Sky region. (b) Vegetation region. 
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n contrast, the fusion results are fine when using the region maps 

roduced by the proposed algorithm. Furthermore, we manually 

nnotate the sky and vegetation regions of 30 images as ground 

ruths and compare the proposed algorithm with UperNet. Fig. 6 

hows the precision-recall curve of the proposed algorithm and the 

recision-recall point of UperNet, as well as their F1-scores [24] . It 

s observed that the proposed algorithm obtains higher F1-scores 

han UperNet in both the sky and vegetation regions, indicating its 

igher detection performance. 

.2. Overexposed sky recovery 

In this module, we first divide the sky regions into overex- 

osed and non-overexposed parts by judging whether the maxi- 

um channel value of each pixel is equal to 1. We then attempt 

o recover the overexposed sky regions by mapping the sky pixel 

ntensities from the NIR spectrum to the RGB spectrum with the 

ssistance of the non-overexposed sky regions. According to the 

maging model [25] , for an object under the same lighting con- 
4 
ition, its NIR irradiances should be proportional to the red, green, 

nd blue irradiances. This is validated in Fig. 7 (c), which clearly 

hows a linear relationship between the NIR and red intensities in 

 captured image pair. However, as shown in Fig. 7 (d), the linear 

elationship will break when the nonlinear camera response func- 

ion [26] in the image signal processing (ISP) pipeline is enabled 

uring image acquisition. By using inverse response functions, the 

inear relationship can be established as 

f −1 
rgb 

(
R sky ,i 

)
= k i · f −1 

nir 

(
N sky 

)
, i ∈ { r, g, b} , (12) 

here k i denotes the irradiance ratio, f −1 
rgb 

and f −1 
nir 

denote the in- 

erse response functions applied to the RGB and NIR images, re- 

pectively. Previous work have collected a diverse database of real- 

orld camera response functions (DoRF) and introduced empiri- 

al model to obtain accurate camera response functions [26] . Since 

he sky pixel range is usually limited, this work employs a gain- 

amma model [27] because it needs fewer parameters and has bet- 

er adaptability: 

R sky ,i 

) 1 
γ1 = k i ·

(
N sky 

) 1 
γ2 , i ∈ { r, g, b} , (13) 

here γ1 and γ2 are gamma parameters. Equation (13) can be 

implified to 

 sky ,i = a i · N 

γ
sky 

, i ∈ { r, g, b} , (14) 

ith gain a i = k 
γ1 
i 

and gamma γ = 

γ1 
γ2 

. To compute the parameters, 

e sample γ in the range [0.5,2.2] with an interval 0.1, and solve a i 
sing weighted least-squares. The weight of each pixel is its proba- 

ility belonging to the sky region. The parameters with the lowest 

tting error are regarded as the final solution. 

Fig. 8 illustrates the sky recovery results of three example im- 

ges using DoRF [26] and the gain-gamma model. It is observed 

hat the recovered sky using DoRF has less textures because the 
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Fig. 7. The histogram of NIR-red pixels of the sky regions in an example image pair. The red boxes indicate the pixels used for histogram plotting. (a) Sample RGB image. (b) 

Sample NIR image. (c) NIR-red histogram of sampling pixels in directly acquired image pair. (d) NIR-red histogram of sampling pixels when applying tone mapping to the 

image pair. 

Fig. 8. Sky recovery results using DoRF [26] and the gain-gamma model of three example sky image pairs. (a) RGB sky. (b) NIR sky. (c) Recovered sky using DoRF. (d) 

Recovered sky using the gain-gamma model. 
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unctions from DoRF strongly compress the luminance range of the 

ky regions and thus reduce textures. In comparison, the recovered 

ky using the gain-gamma model has vivid colors and textures. 

It is noted that the above computation assumes the sky regions 

re partially overexposed. However, in practical photography, the 

ky regions can be fully overexposed. To discriminate these two 

ases, this work computes the ratio of the weighted sum of the 

on-overexposed sky pixels and that of all the sky pixels. If the ra- 

io is below a threshold ( e.g. , 0.05), the sky regions are judged as

ully overexposed. In this case, this work uses the default parame- 

ers computed from the NIR-RGB image dataset. 

With the estimated parameter ˆ a i and ˆ γ , the image intensity of 

he overexposed sky can be recovered as 

 

 sky ,i = 

ˆ a i · N 

ˆ γ
sky 

. (15) 

.3. Gradient fusion 

Inspired by the spectral edge (SpE) algorithm [14] , this work 

uses the NIR and RGB images in the gradient domain and recon- 

tructs the image using the fused gradients. We keep the fused 

tructure tensor equal to that of the RGB-NIR four-channel image, 

nd the fused gradients approximately close to the gradients of the 

nput RGB image. It is noted that SpE [14] cannot obtain the correct 

tructure tensor in the overexposed sky regions with zero RGB gra- 

ients. This work can ensure correct gradient fusion by using the 

GB gradients recovered according to (15) . 

.4. Fused image reconstruction 

This work solves the gradient domain reconstruction problem 

y optimization to obtain a desired image fusion result. 

We denote by P i,x and P i,y the i -th channel of the fused gradient

eld in the horizontal and vertical directions, respectively, and de- 

ote by X i the i -th channel of the color image to be reconstructed. 

hen X is computed from the gradient domain as 

 = arg min 

X 
�(X ) + λ1 �(X ) + λ2 	(X ) , (16) 

here �(X ) denotes the gradient data term, �(X ) and 	(X ) the

uminance and chromaticity regularization terms, respectively. The 

wo balance parameters λ and λ are both set to be 1.0 in this 
1 2 

5 
ork. Compared to SpE [14] that only uses multichannel gradi- 

nts in image reconstruction, RaIF employs the two additional reg- 

larization terms, �(X ) and 	(X ) . This treatment encourages the 

used image to obtain close luminance and chromaticity to the RGB 

mage. 

The gradient data term �(X ) penalizes the difference between 

he gradients of the reconstructed image and the fused gradients, 

ormulated as 

(X ) = 

∑ 

i ∈{ r,g,b} 

∑ 

d∈{ x,y } 
‖ ∇ d X i − P i,d ‖ 

2 
F , (17) 

here ‖ · ‖ F denotes Frobenius-norm, ∇ x and ∇ y the gradient op- 

rators in the horizontal and vertical directions, respectively. 

The regularization term �(X ) imposes two luminance con- 

traints: 1) The luminance of the overexposed sky regions should 

e close to that of the recovered sky regions, and 2) the luminance 

f the other regions should be close to that of the original RGB im- 

ge. Accordingly, this term is defined as 

(X ) = ‖ (L − L sky ) � M 1 ‖ 

2 
F + ‖ (L − L org ) � M 2 ‖ 

2 
F , (18) 

here L is the luminance of the image X , formulated as 

 = ( X r + X g + X b ) / 3 . (19) 

 sky and L org are the luminance of the image ˜ R sky and R , com- 

uted using the similar form as L . M 1 denotes the overexposed sky 

eight mask, computed as 

 1 = M sky � M overexposed , (20) 

nd M 2 is the complementary weight mask of M 1 and is computed 

s 

 2 = 1 − M sky � M overexposed , (21) 

Similarly, the regularization term 	(X ) imposes two chromatic- 

ty constraints, i.e. , 1) the chromaticity of the overexposed sky re- 

ions should be close to that of the recovered sky regions, and 2) 

he chromaticity of the other regions should be close to that of the 

riginal RGB image. This term is defined as 

(X ) = 

∑ 

i ∈{ r,g} 
‖ (C i − C sky ,i ) � M 1 ‖ 

2 
F + ‖ (C i − C ori ,i ) � M 2 ‖ 

2 
F , (22) 

here C i is the chromaticity channels of the image X , formulated 

s 

 i = X i � ( X r + X g + X b ) . (23) 
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Fig. 9. Fused images with various parameters η. (a) η = 0 . (b) η = 0 . 1 . (c) η = 0 . 3 . (d) η = 0 . 5 . 
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Algorithm 1: Region-aware Image Fusion (RaIF) 

Input : NIR image N , RGB image R . 

Output : Fused image X enh . 

1. Compute the sky map using (7); 

2. Compute the vegetation map using (10); 

3. Compute the parameters ˆ a i , i ∈ { r, g, b} and ˆ γ of the gain 

gamma model; 

4. Predict the overexposed sky regions using (15); 

5. Gradient fusion according to Section 3.3; 

6. Compute the luminance and chromaticity channels from 

the gradient domain using (16); 

7. Compress the luminance range using (24); 

8. Enhance the vegetation regions using (25). 

9. Reconstruct the fused image X enh from luminance L enh and 

chromaticity C r and C g . 
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1 https://www.ovt.com/products/ov04686-h67a/ 
 org ,i and C sky ,i are the chromaticity channels of the image ̃  R sky and 

 , computed using similar form as C i . 

We transform { X r , X g , X b } to { L , C r , C g } using (19) and (23) ,

nd apply alternative optimization [28] to solve (16) . Our experi- 

ents indicate that 2 iterations suffice to obtain a stable solution 

 L , C r , C g } . 
.5. Luminance compression and vegetation enhancement 

It is noted that the solved luminance of the overexposed sky re- 

ions usually exceeds 1. Linear normalization is a straightforward 

ay to compress the luminance to the range [0,1], but it can make 

ark regions further duller. To deal with this issue, this work em- 

loys a nonlinear function that keeps the luminance unchanged in 

he range [0,0.5] but compresses the luminance beyond 0.5, formu- 

ated as 

f (z) = 

{
z, 0 ≤ z < 0 . 5 

a ln (z + b) + c, 0 . 5 ≤ z ≤ z m 

, (24) 

here z m 

denotes the maximal luminance. The function should 

e continuous at z = 0 . 5 and properly compress the luminance in

he range [0 . 5 , z m 

] . Accordingly, f (z) should satisfy three condi-

ions, i.e. , f (0 . 5) = 0 . 5 , f 
′ 
(0 . 5) = 1 , and f (z m 

) = 1 . These condi-

ions uniquely determine the three parameters a , b, and c in (24) . 

We then enhance the compressed luminance channel using the 

egetation probability map to improve the visibility of the vegeta- 

ion regions, 

 enh = L + η · L � M veg , (25) 

here η is an adjustable parameter to control the luminance of 

he vegetation regions. Fig. 9 presents the fused images when 

= 0 , 0 . 1 , 0 . 3 and 0.5. It is observed that with different η, the veg-

tation is enhanced with varying degrees. Without loss of general- 

ty, we set η = 0 . 3 in the experiments ( Section 4 ). 

Finally, the fused image X enh is reconstructed using the en- 

anced luminance channel L enh and chromaticity channels C r and 

 g . 

.6. Algorithm summary 

For clarity, Algorithm 1 lists the entire algorithm of the pro- 

osed region-aware image fusion (RaIF) method. 

. Experiments 

In this section, we first introduce the datasets used in the ex- 

eriments. Then, we introduce 14 evaluating metrics, five of which 

valuate the sky recovery results and the others evaluate the image 

usion results. Finally, we present and analyze the experimental re- 

ults. 

We perform four kinds of experiments. First, we compare the 

roposed sky recovery algorithm with four grayscale image col- 

rization approaches including TCG [29] , CUO [30] , DEBC [31] , and 

CTDSC [32] , and six state-of-the-art image fusion approaches in- 

luding GTF [13] , SpE [14] , DenseFuse [8] , CSF [17] , SEDRFuse [16] ,

nd STDFusionNet [18] . Similar to RaIF, GTF and SpE fuse RGB and 

IR images in the gradient domain. DenseFuse, CSF, SEDRFuse, and 
6

TDFusionNet employ deep learning for image fusion. Second, we 

ompare the proposed image fusion method with the above six im- 

ge fusion approaches. Then, we employ RaIF as a module to refine 

he deep learning based image fusion approaches. Finally, we test 

he RaIF method on images with specular highlight regions other 

han sky overexposure. 

.1. Datasets 

We build a dataset with 20 RGB-NIR image pairs for the sky 

ecovery experiment. The images are acquired using a prototype 

amera equipped with an OmniVision ov4686-H67A sensor 1 . We 

roperly adjust the exposure time so that the RGB images are all 

ell exposed and can serve as ground truths. We then intention- 

lly overexposed the sky regions by multiplying the image inten- 

ity with a scale larger than 1. 

We collect 52 public RGB-NIR image pairs from the EPFL dataset 

33] for the image fusion experiment. Each image contains both 

ky and vegetation regions. Among these images, 24 ones are di- 

ided into the Sky-OverExposed group and the rest are divided 

nto the Sky-WellExposed group, judged by the criterion if the sky 

egions are overexposed. 

.2. Evaluation metrics 

Five quality metrics are used for sky recovery evaluation, in- 

luding �E [34] , spectral angle mapper (SAM) [35] , root mean 

quare error (RMSE) [35] , peak signal to noise ratio (PSNR) [36] , 

nd structural similarity (SSIM) [36] . �E measures the accuracy of 

olor restoration. SAM and RMSE measure the spectral quality and 

he spatial quality, respectively. PSNR measures the global quality 

f the recovered image, while SSIM measures the structure consis- 

ency of two images. 

Nine objective metrics are used for image fusion evaluation, in- 

luding entropy (EN) [36] , average gradient (AG) [36] , spatial fre- 

uency (SF) [36] , color naturalness index (CNI) [37] , colorfulness 

https://www.ovt.com/products/ov04686-h67a/
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Table 1 

The average metric values of the sky recovery results produced by RaIF, four grayscale im- 

age colorization approaches, and six image fusion approaches. The best ones are in bold. 

Method/Metric �E ↓ SAM ↓ RMSE ↓ PSNR ↑ SSIM ↑ 
TCG [29] 20.94 4.44 50.66 14.50 0.61 

Colorization CUO [30] 17.17 3.93 42.76 16.21 0.75 

approaches DEBC [31] 17.95 2.65 43.66 15.96 0.74 

PCTDSC [32] 27.23 1.55 76.39 10.72 0.73 

GTF [13] 17.58 1.57 41.35 16.20 0.71 

SpE [14] 36.05 2.74 102.98 8.41 0.50 

Fusion DenseFuse [8] 12.57 1.54 29.84 19.06 0.77 

approaches CSF [17] 15.87 1.54 41.76 15.69 0.74 

SEDRFuse [16] 23.22 1.54 62.49 12.67 0.64 

STDFusionNet [18] 24.11 1.55 67.65 11.38 0.67 

RaIF (Ours) 4.36 1.18 7.99 27.30 0.89 

Fig. 10. The sky recovery results of the handrail scene produced by the proposed RaIF, four grayscale image colorization approaches, and six image fusion approaches. (a) RGB 

image. (b) NIR image. (c) TCG [29] . (d) CUO [30] . (e) DEBC [31] . (f) PCTDSC [32] . (g) GTF [13] . (h) SpE [14] . (i) DenseFuse [8] (j) CSF [17] . (k) SEDRFuse [16] . (l) STDFusionNet 

[18] (m) RaIF (Proposed) (n) Ground truth. 

m

f

m

t

m

g

t

c

i

i

i

t

i

i

o

d

a

p

T

f

4

c

i

[

i  

S

t

l

i

b

o

o

m

P

t

s

t

t  

r

o

s  

h

R

4

R

p  

D

s

a

o

i

o

f

i

c

t

etric (CM) [38] , mutual information (MI) [36] , feature mutual in- 

ormation (FMI) [39] , visual information fidelity (VIF) [40] , and root 

ean square error (RMSE). EN measures the amount of informa- 

ion contained in a fused image. AG quantifies the gradient infor- 

ation of a fused image. SF measures the horizontal and vertical 

radient distribution of a fused image. CNI evaluates the color sta- 

istical naturalness of a fused image. CM measures the degree of 

olorfulness of a fused image. MI and FMI measure the amount of 

mage information and feature information transferred from source 

mages to the fused image, respectively. VIF measures the visual 

nformation fidelity of the fused image. RMSE measures the dis- 

ortion from the input RGB image to the fused image, and RMSE 

s only computed on the non-overexposed regions to eliminate the 

nfluence of the overexposed areas. It is worth noting that each 

bjective metric only reflects one aspect of the fused images and 

oes not ensure the superiority of image fusion approaches. For ex- 

mple, exaggerated contrast of fused images and artifacts can im- 

rove the AG and SF values but do not provide a good appearance. 

herefore, the quantitative results are analyzed together with the 

used image appearance produced by image fusion approaches. 

.3. Evaluation of sky recovery 

We evaluate the proposed sky recovery algorithm on the self- 

ollected 20 RGB-NIR image pairs, compared with four grayscale 

mage colorization approaches including TCG [29] , CUO [30] , DEBC 

31] , and PCTDSC [32] , and six image fusion approaches includ- 

ng GTF [13] , SpE [14] , DenseFuse [8] , CSF [17] , SEDRFuse [16] , and

TDFusionNet [18] . It is worth noting that, for the sake of quantita- 

ive evaluation, we adopt linear normalization instead of the non- 

inear mapping function (24) in luminance compression, because 

n this dataset the sky regions are intentionally made overexposed 
7 
y manual scaling. For a fair comparison, the metrics are computed 

nly in the sky regions. 

Table 1 lists the average �E , SAM, RMSE, PSNR, and SSIM values 

f the sky recovery results. It is observed that the proposed RaIF 

ethod obtains the lowest �E , SAM and RMSE values and highest 

SNR and SSIM values among these approaches. This demonstrates 

hat RaIF outperforms the competitors in terms of color accuracy, 

patial accuracy, global quality, and structure fidelity. Fig. 10 illus- 

rates the sky recovery results of the handrail scene. It is observed 

hat TCG [29] , CUO [30] , and DEBC [31] paint false colors to the sky

egions. PCTDSC [32] produces a quite bright sky that still contains 

verexposed luminance. GTF [13] and DenseFuse [8] generate gray 

ky. SpE [14] , CSF [17] , SEDRFuse [16] , and STDFusionNet [18] can

ardly recover the texture of the overexposed sky. In comparison, 

aIF produces colored sky that is very close to the ground truth. 

.4. Evaluation of image fusion 

We evaluate the image fusion approaches on the 52 public 

GB-NIR image pairs, comparing RaIF with the state-of-the-art ap- 

roaches including GTF [13] , SpE [14] , DenseFuse [8] , CSF [17] , SE-

RFuse [16] , and STDFusionNet [18] . 

1) Qualitative Comparison: Fig. 11 shows the fused images of 5 

cenes in the Sky-Overexposed group produced by different im- 

ge fusion approaches. The original RGB images all suffer from sky 

verexposure while the NIR images still contain sky information. It 

s observed that all the competitors except SpE [14] produce fake 

r gray skies in the Plantation, Trees1 , and Grass scenes, while SpE 

ails to fuse the textures of the overexposed regions from the NIR 

mage. It is also observed that GTF [13] generates blurred and un- 

lear fusion results, especially in the Lake and Trees2 scenes. Fur- 

hermore, artifacts arise (see red boxes) in the fused images pro- 
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Fig. 11. Image fusion results of 5 scenes in the Sky-Overexposed group, produced by GTF [13] , SpE [14] , DenseFuse [8] , CSF [17] , SEDRFuse [16] , STDFusionNet [18] , and RaIF. 

Red boxes highlight the image fusion quality of GTF, DenseFuse, CSF, SEDRFuse, STDFusionNet, and RaIF. 
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uced by GTF [13] , DenseFuse [8] , CSF [17] , SEDRFuse [16] , and

TDFusionNet [18] in the Lake and Trees2 scenes. The reason is that 

hese fusion approaches are sensitive to minor misalignment when 

using textures in the source images. In comparison, RaIF gener- 

tes colorful sky that is harmonious with the scene appearances. 

oreover, RaIF also improves the visibility of the vegetation re- 

ions, which is clearly observed in the Grass and Lake scenes. In 

ddition, in the Lake scene, RaIF can improve the texture details of 

he mountain without introducing artifacts. 

Fig. 12 illustrates the image fusion results of 5 scenes in the 

ky-WellExposed group produced by different approaches. In this 

roup, RGB images are not overexposed but the details are de- 

raded by fog and haze. It is observed that GTF [13] generates 

lurred details in the Mountain2 and Rock scenes, and also pro- 

uces too bright vegetation in the Shrubs scene. SpE [14] gener- 

tes overexposed regions that lose textures in the Mountain1 and 

alley scenes. DenseFuse [8] , CSF [17] , SEDRFuse [16] , and STDFu- 

ionNet [18] significantly improve the contrast of the fuse images 

ut still have limitations. For example, STDFusionNet produces too 

right vegetation in the Shrubs scene and too dark mountain in the 

ountain1 scene. Color distortion appears in the purple boxes in 

he Mountain1 scene. Moreover, in the Mountain2 scene, the green 

rees turn to be cyan in the fusion results produced by DenseFuse, 
8 
EDRFuse, and STDFusionNet, as highlighted by blue boxes. Arti- 

acts also arise in the fused images produced by DenseFuse, CSF, 

nd SEDRFuse in the Valley scene (see red boxes). In the Rock 

cene, the vegetation turns to be gray (see white boxes), and fake 

hite edges arise around the tree (see yellow boxes) in the fusion 

esults of DenseFuse, CSF, SEDRFuse, and STDFusionNet. In compar- 

son, RaIF improves the visibility of textures, as can be observed in 

he mountain areas in the Shrubs, Valley , and Rock scenes. More- 

ver, the resulting images produced by RaIF are free of color dis- 

ortion, fake edges, and artifacts. 

2) Quantitative Comparison: Table 2 lists the average metric val- 

es of the fused images produced by different approaches of the 

ky-Overexposed group at the levels of the whole image and dif- 

erent regions ( i.e. , sky and vegetation regions). The metrics CM, 

NI, MI, and FMI are suitable to evaluate the performance of the 

ky region recovery. The metrics AG, SF, VIF, and RMSE are effec- 

ive to evaluate the visibility, as well as luminance and color distor- 

ions, in the vegetation regions. It is observed that SpE obtains the 

ighest average MI and FMI values at the level of the whole image. 

his is because SpE [14] aims to produce fused images with the 

istributions similar to those of the original RGB images. Therefore 

pE obtains very low MI and FMI values between the fused and 

IR images, and quite high MI and FMI values between the fused 
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Fig. 12. Image fusion results of 5 scenes in the Sky-WellExposed group, produced by GTF [13] , SpE [14] , DenseFuse [8] , CSF [17] , SEDRFuse [16] , STDFusionNet [18] , and RaIF 

of the Sky-WellExposed Group. Purple, blue, red, white and yellow boxes highlight the image fusion quality of DenseFuse, CSF, SEDRFuse, STDFusionNet, and RaIF, in terms 

of color distortion, color cast, artifacts, color fading, and fake edges. 

Table 2 

Average metric values of fused images in the Sky-Overexposed group using different fusion approaches. 

The best ones are in bold and the second best ones are underlined. 

Whole Image 

Method EN ↑ AG ↑ SF ↑ CNI ↑ MI ↑ FMI ↑ VIF ↑ RMSE ↓ 
GTF [13] 7.215 5.184 39.356 0.596 3.593 0.409 0.434 61.905 

SpE [14] 6.742 3.981 31.826 0.519 5.913 0.509 0.521 26.083 

DenseFuse [8] 7.358 4.314 31.553 0.575 4.849 0.432 0.448 37.013 

CSF [17] 7.440 4.803 35.918 0.574 4.556 0.359 0.452 29.468 

SEDRFuse [16] 7.185 4.683 35.379 0.569 4.234 0.392 0.435 33.941 

STDFusionNet [18] 7.175 5.207 39.891 0.625 4.768 0.411 0.453 49.033 

RaIF (Proposed) 7.438 5.369 40.567 0.582 5.674 0.476 0.528 15.214 

Sky Region Vegetation Region 

Method CM ↑ CNI ↑ MI ↑ FMI ↑ AG ↑ SF ↑ VIF ↑ RMSE ↓ 
GTF [13] 8.772 0.471 4.313 0.740 7.473 29.151 0.499 58.421 

SpE [14] 13.096 0.599 4.257 0.787 5.469 22.261 0.597 23.445 

DenseFuse [8] 12.811 0.573 5.454 0.765 6.289 23.478 0.564 38.892 

CSF [17] 12.476 0.611 4.667 0.735 7.069 27.124 0.514 23.183 

SEDRFuse [16] 12.551 0.597 3.444 0.765 7.134 26.899 0.513 30.320 

STDFusionNet [18] 13.069 0.685 4.752 0.750 8.108 30.239 0.520 46.864 

RaIF (Proposed) 15.190 0.678 5.245 0.784 7.967 30.473 0.639 16.764 

9 
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Table 3 

Average metric values of fused images in the Sky-WellExposed group using different fusion ap- 

proaches. The best ones are in bold, and the second best ones are underlined. 

Method EN ↑ AG ↑ SF ↑ CNI ↑ MI ↑ FMI ↑ VIF ↑ RMSE ↓ 
GTF [13] 7.319 5.014 35.599 0.576 3.768 0.463 0.449 53.285 

SpE [14] 7.419 5.233 38.085 0.578 5.866 0.522 0.581 24.444 

DenseFuse [8] 7.368 4.525 31.129 0.567 4.231 0.453 0.462 33.128 

CSF [17] 7.547 5.232 36.464 0.561 4.081 0.383 0.468 29.109 

SEDRFuse [16] 7.545 5.176 36.169 0.577 4.391 0.435 0.465 33.195 

STDFusionNet [18] 7.506 6.315 44.518 0.595 4.532 0.457 0.512 50.298 

RaIF (Proposed) 7.535 5.508 38.750 0.590 5.429 0.489 0.524 12.746 
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nd RGB images. However, as mentioned above, SpE has poor per- 

ormance in fusing NIR textures, especially in the overexposed re- 

ions (see Fig. 11 ). CSF [17] obtains the highest EN value at the

evel of the whole image, but it cannot recover the overexposed 

ky and avoid artifacts. STDFusionNet [18] obtains the highest CNI 

alue at the level of the whole image and the sky region, indicat- 

ng that the fused images have the highest degree of naturalness. 

owever, STDFusionNet produces too large global luminance con- 

rast in the Trees1, Grass , and Lake scenes in Fig. 11 . The proposed

aIF method has the highest VIF value and the lowest RMSE value 

t the level of the whole image and the vegetation region, verify- 

ng that RaIF can produce fused images with good visual fidelity. 

urthermore, RaIF always has the best or the second best AG and 

F values at the level of the whole image and the vegetation re- 

ion, indicating that RaIF performs well in texture enhancement. 

aIF has the highest CM value at the level of the sky region since

t can generate sky regions with rich color information. Moreover, 

aIF has the second best CNI values, which indicates that the re- 

overed sky has a relatively natural color distribution. 

Table 3 lists the average metric values of the fused images pro- 

uced by different approaches of the Sky-WellExposed group for 

he whole image. It is observed that the proposed RaIF method 

btains the lowest average RMSE value. This indicates that RaIF 

roduces fused images with the least distortion from the RGB im- 

ges. Besides, RaIF obtains the second-best average AG, SF, MI, and 
Fig. 13. Image fusion refinement of the STDFusionNe

Fig. 14. Image fusion results of 2 scenes under the circumstance of specular highligh

10 
MI values, which validates that it keeps a good balance in detail 

nhancement and information preservation. Moreover, RaIF also 

anks second in CNI and VIF metrics, meaning that RaIF has rel- 

tively good color naturalness and visual fidelity. The above quan- 

itative results are expected since RaIF aims to tackle the sky over- 

xposure and weak vegetation visibility issues but not texture en- 

ancement. 

.5. Image fusion by using RaIF as a refinement module 

As discussed above, some state-of-the-art approaches have ad- 

antages in detail preserving and texture enhancement, but cannot 

ecover the overexposed sky and obtain vegetation with appropri- 

te luminance. In the following, we show that RaIF can act as a 

efinement module to overcome the limitation of these approaches 

ut still keep their advantages. 

For this purpose, we compute the guided gradients P in (17) , 

uided luminance L org in (18) , and guided chromaticity C org in 

22) using the fused images produced by the state-of-the-art ap- 

roaches. In addition, we also adjust the vegetation luminance of 

he fused images to obtain a relatively real appearance. 

Fig. 13 shows the image fusion results of two scenes produced 

y the state-of-the-art STDFusionNet [18] with and without RaIF 

efinement. It is observed that the original STDFusionNet produces 

ray sky and too bright vegetation, respectively, in the two scenes. 
t [18] result using RaIF module of two scenes. 

ts, produced by DenseFuse [8] , SEDRFuse [16] , and the proposed RaIF method. 
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n contrast, STDfusionNet with RaIF refinement successfully recov- 

rs the sky color and produces a more realistic appearance in the 

egetation regions with appropriate luminance. Overall, the RaIF 

odule can obviously improve the visual appearance of the state- 

f-the-art approach in the sky and vegetation regions. 

.6. Recovery of overexposed highlight regions 

It is noted that specular highlights can also result in overexpo- 

ure in RGB images. In the following, we demonstrate the capabil- 

ty of RaIF to deal with this circumstance. Fig. 14 shows the image 

usion results of two overexposed scenes produced by DenseFuse 

8] , SEDRFuse [16] , and the proposed RaIF method. It is observed 

hat DenseFuse and SEDRFuse result in color fading in the overex- 

osed wall and desk regions. In comparison, RaIF successfully re- 

overs the luminance and color information in these overexposed 

egions, thanks to the generalization ability of the sky region map 

eneration algorithm on other overexposed regions. 

. Conclusions 

This work proposes a region-aware RGB and near-infrared im- 

ge fusion method, called RaIF, based on the spectral characteris- 

ics of different regions. Different from the existing image fusion 

ethods, this work focuses on tackling the appearance issues of 

GB images in the sky and vegetation regions. The proposed RaIF 

ethod recovers the textures and colors of the overexposed sky by 

xploiting the relationship of NIR and RGB pixels, and improves the 

isibility of the vegetation regions in an adjustable manner using 

he generated probability map. Experimental results validate that 

aIF performs well on both sky overexposed and well-exposed im- 

ges. Furthermore, RaIF can be used as a module to improve the 

usion results produced by other state-of-the-art approaches. It can 

lso recover specular highlight regions other than sky overexpo- 

ure. The practical applications of RaIF include photo beautifica- 

ion and RGB-NIR joint high dynamic range imaging for outdoor 

cenery. 

A limitation of the proposed method is that it currently only 

eals with the sky and vegetation regions. In the future we will 

xtend our region-aware fusion method to a wider range of sce- 

arios by focusing on other interested regions. 
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