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Abstract—Multiband imaging (the combination of image infor-
mation from different spectral bands) is becoming a very common
tool for image enhancement under low visibility conditions, due
to the advances and cost reductions in imaging technology,
particularly infrared (IR) sensors. As part of the development
of an enhanced flight vision system (EFVS), this work proposes
a laboratory setup to perform low visibility experiments in a
controlled environment, as well as a set of methods to analyze
and select the most adequate spectral bands in different scenarios.
To serve as a starting point for similar research, a series of state-
of-the-art band blending algorithms are provided, along with an
evaluation of their performance on selected images regarding
image quality and computation time.

Index Terms—image enhancement, multiband sensors, scatter-
ing, dehazing, EFVS

I. INTRODUCTION

Despite the many advances in the aviation industry, bad vis-

ibility still represents an important issue for pilots, especially

during critical operations such as approach and landing. In

these cases, complex instrument landing systems (ILS) can

be used sometimes [1] to complement the pilot’s ability to

locate the required visual references, but they are usually cum-

bersome and expensive. For this reason, new rules are being

published for landing operations with enhanced flight vision

system (EFVS) under conditions of reduced visibility [2].

The use of EFVSs provides many advantages over current

instrument operation modes, such as increased visibility and

extended situation awareness. It also offers similar operational

benefits as current synthetic vision systems (SVS) used for

approach and landing, with the added advantage of providing

real-time visualization of the environment, without relying on

the aircraft’s navigation system, GPS maps, and databases.

However, in spite of their many benefits, only a limited

number of aircrafts today are equipped with EFVSs, given

their elevated cost and the fact that pilots are required to have

a minimum number of flight hours on them.

Most of the currently used EFVSs use cryogenically-cooled

medium wavelength infrared (MWIR) imaging sensors to

obtain the sensibility needed to perceive the tiny temperature

differences required by these applications. This is because,

at the time when they were developed, cryo-cooled infrared

(IR) imaging technology was at the leading edge and the

best performing means of thermal imaging. But the need for

a cooling mechanism increased the size, weight, and power

consumption (SWaP) of the cameras. However, uncooled

sensing technology has developed very rapidly lately, and

modern sensors have increased in resolution and sensitivity,

while reducing their prices considerably. Compared to new,

uncooled, microbolometer-based sensors, the cryo-cooled units

are heavy, expensive, have low reliability, require troublesome

maintenance, and involve significant cooldown times before

they can operate. This has led to an industry trend towards

the use of uncooled IR technology in the newest EFVSs,

which are now introducing the use of multiband imaging.

In multiband imaging, images from sensors with different

spectral band ranges are combined to create a final composite

image that includes the most relevant information from each

source. These systems, along with new algorithms capable

of processing images in real time with higher resolution

and better capacity to penetrate low-visibility environments,

are currently being tested, and they exhibit the potential to

improve first-generation cryo-cooled sensors significantly.

This work takes place in the context of European project

SENSORIANCE1 and project PTQ-16-08620 of the Spanish

Torres Quevedo Program2. The purpose of this article is

to present a laboratory framework that allows to test the

individual performance of each imaging detector involved in a

1Project SENSORIANCE funded by the European Commission’s CleanSky
2 program (785315) – http://sensoriance.com/.

2Project PTQ-16-08620 funded by the State Secretariat for Research of the
Spanish Ministry of Economy, Industry and Competitiveness.
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solution to provide an EFVS with multiband vision. These per-

formance results can provide useful information to guide the

multiband image blending process, by determining the most

adequate spectral bands given a set of visibility conditions.

In what follows, section II discusses the importance of using

IR imaging to improve visibility in hazy and foggy scenarios,

and describes a experimental framework to analyze the effect

of fog and haze in images taken at different bands. We then

use this setup in our research to identify the most appropriate

imaging bands that maximize the performance of the EFVS

under low visibility conditions. In section III we present and

compare four different band blending algorithms by evaluating

their performance on a series of sample images according to

selected quality metrics, showing also results for an image

created in our own cabin.

II. SPECTRAL BAND SELECTION

There are five main spectral bands available for image acqui-

sition, each corresponding to different detector technologies:

the visible (vis) and near infrared (NIR) bands use silicon

detectors arrays; the short wavelength infrared (SWIR) bands

commonly use indium gallium arsenide (InGaAs) or polycrys-

talline lead sulfide (PbS) detectors (cooled and uncooled); the

mid-wavelength infrared (MWIR) band uses cooled InGaAs,

PbS, or mercury cadmium telluride (HgCdTe) technologies

(among others); and the long wavelength infrared (LWIR)

band uses cooled HgCdTe or uncooled amorphous silicon (α-

Si) microbolometers [3]. The visible band covers between

0.38 μm and 0.78 μm wavelengths, NIR band between 0.78

μm and 1.1 μm, SWIR between 1 μm and 3 μm, MWIR

between 3 μm and 5 μm and LWIR between 7 μm and 14

μm. Given the wide range of technologies, selecting between

all the available bands becomes a very important issue when

starting the design of a multiband imaging system.

The proposed EFVS intends to improve visibility under

all illumination and weather conditions. In good weather

conditions, a visible band camera is used to provide accurate

images of the environment in daylight and a NIR camera is

used to improve visibility in low light. Fog is very problematic

for critical flight operations such as landing or takeoff [4]. It

strongly affects all the spectral bands but, due to scattering,

bands with shorter wavelengths are affected the most. for

this reason, under foggy conditions, visible band images are

quickly blurred and glared by scattering (mainly backscatter-

ing), so selecting the right spectral bands for the EFVS is

essential to minimize the effect of the fog on the blended

images.

A. Scattering analysis

To simulate the effect of fog on light of different wave-

lengths, the Mie scattering [5] has been calculated for a series

of water droplets of different sizes dispersed on air, using

the MiePlot v4.6.13 software by Philip Laven [6]. The sizes

of the water droplets have been chosen by following the

NASA technical report on the size distribution of droplets on

convective and advective fogs [4] (Figure 1).

Fig. 1. Distribution of particle sizes dispersed on air for Mie scattering
calculations.

As shown in Figure 2, the Mie scattering intensity calculated

for this normal distribution of water particles dispersed on air

is up to five orders of magnitude lower for the LWIR band than

for the visible band. In addition, backscattering is negligible

for the LWIR band (unlike for the rest of the spectral bands),

which means that the veiling glare generated by backscattering

will not be present for LWIR.

Fig. 2. Mie scattering intensity vs scattered angle calculated for five different
wavelengths including all the available spectral bands.

The results of this scattering analysis suggest that, in good

visibility weather, the most appropriate bands to use in the

EFVS are indeed the visible and NIR bands, for they offer the

highest definition under all illumination conditions. However,

in general, the LWIR band can offer the highest definition

under all visibility conditions (including bad weather).

B. Low-visibility cabin experiment

A big challenge that arises during the research of deweath-

ering methods for systems such as ours is to recreate in the

laboratory the same foggy or hazy weather conditions that

we can find outdoors. This is important because it allows

to reproduce the same visibility conditions as many times
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as needed —outdoors the conditions will most likely vary

between tests— in a controlled environment (albeit of much

more reduced dimensions). To test the image quality in the

different wavelength bands, and to quantify the quality loss

due to different fog levels, we have designed and built a cabin

to perform imaging experiments in low visibility conditions. In

addition, we have designed and performed several laboratory

tests on the cabin to compare the effect of fog on visible and

LWIR images.
1) Materials and methods: We have built a transparent

tempered-glass cabin of 1 x 1 x 2 meters with some apertures

left to attach the units being tested. Figure 3 shows the

different components used in the low visibility tests that have

been performed. To simulate fog, an ultrasonic humidifier

is used to nebulize water without any heat source which,

according to recent studies [7], can produce droplet diameters

between 0.2 μm and 12.5 μm. To test the performance loss

on visible images, an IR-filtered 1920 x 1080 CMOS detector

was used with a lens of f#1.4 aperture and 25 mm focal

length. The lens focus, aperture, CMOS exposure time, and

gain were kept fixed during the experiment. For the tests, a

1956 EIA resolution chart was imaged. The loss in contrast

was evaluated for two regions of the resolution chart: one for

vertical contrast and another for horizontal contrast. Figure 4

shows the resolution target with the two contrast evaluation

regions, corresponding to a resolution of 0.45 line pairs per

mm.

Fig. 3. Low visibility cabin set up. 1: Contrast test. 2: Black body for LWIR
band testing. 3: Laser. 4: Infrared camera. 5: Visible camera. 6: Cabin. 7: Lux
meter. 8: Humidifier.

To quantify the atmospheric transmission in the visible band

inside the cabin, a heliumneon (He-Ne) laser of 0.633 μm was

used, with a spot diameter of 4 mm. The laser was positioned

pointing directly onto a LX1010B cosine-corrected lux meter

with a 12.5 mm diameter silicon photo-detector. The distance

between the laser and the detector was 2 meters. The atmo-

spheric transmission before powering on the fog generator was

approximated to 100%. The LWIR band absorption through

the cabin was measured using a radiometrically calibrated

Optris PI 640 thermal camera, and an Optris BR400 extended

area blackbody set at a fixed temperature. The difference

Fig. 4. EIA 1956 resolution target used for quantifying contrast loss. The red
rectangles indicate the areas where vertical and horizontal contrast loss have
been calculated. Public domain image by Wikimedia Commons [8]

between the temperatures measured before and after powering

on the fog generator were calculated to evaluate the LWIR

band absorption of the fog.

2) Results: The analysis of the data acquired during the

experiment confirms that LWIR light does indeed transmit

better through fog than visible light. Figure 5 shows that, for

small amounts of fog, the transmittance in both the visible and

the LWIR bands decays in a very similar manner; however,

the transmittance in the visible band falls very quickly when

fog particles accumulate —some nine minutes after powering

on the fog generator.

Fig. 5. Visible and LWIR light transmittance in the cabin.

Figure 6 displays the contrast loss due to fog inside the

cabin. The resulting graph shows that the measured contrast

loss behaves in a way that is proportional to the transmittance

of the visible light. This means that, as we can expect, the

scattering of light by the fog is strongly connected to the loss

of contrast in the scene, which supports the choice to use IR

cameras to improve the visibility in these situations.

III. EVALUATION OF BAND BLENDING ALGORITHMS

Some authors, such as Whannou et al. [9], El Khoury et

al. [10], or Liu and Hardeberg [11], propose state of the art

defogging methods that only require the original fogged image
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Fig. 6. Visible light contrast loss with respect to the initial contrast (value of
1) before powering on the fog generator.

to obtain a corrected, defogged result. Although using a single

image is a simpler and more convenient approach, we have

seen the relevance of using multiband imaging to improve the

vision capabilities of an EFVS in foggy environments [12]. To

produce a meaningful multiband image, we must be able to

combine the most relevant information from each individual

band into the final blended image. In this work, we have

evaluated a series of state of the art image blending algorithms

to combine visual information from images in the IR, NIR, and

visible spectra, and we have compared their results according

to selected quality metrics and computational speed.

A. State of the art

Many different image blending algorithms can be found

in the literature. Here, we have selected four of them based

on several aspects that make them adequate for our applica-

tion, such as metric-based performance, execution time, and

computational complexity. The first selected algorithm, AD-

PCA, proposed by Bavirisetti and Dhuli [13], uses anisotropic

diffusion and PCA to smooth images at homogeneous regions

while preserving the edges. The anisotropic diffusion process

decomposes the images into approximation and detail layers

using partial differential equations, which are further refined

using principal component analysis (PCA) and weighted linear

superposition. Useful information from these base and detail

layers is then integrated to form the final image.

The second algorithm, Hybrid-MSD (HMSD), was proposed

by authors Zhou et al. [14] and uses a hybrid multi-scale

decomposition (MSD) transform which, unlike conventional

MSD transforms, integrates multi-scale Gaussian and bilateral

filters to decompose the source images into multi-scale texture

details and edge features. The Gaussian filter is used for noise

reduction and image smoothing, and the bilateral filter can

smooth small details without losing edge information. This

decomposition allows for a better detection of multi-scale

spectral features in IR images, as well as to separate fine-

scale texture details from large-scale edge features, which is

essential for the fusion of IR and visible images since texture

details in the visible image can be used to improve the quality

of the final image.

The third algorithm, GFCE, also by Zhou et al. [15], pro-

poses to decompose the image only with a guided filter (GF)

to obtain a fused image more suitable for human perception.

First, the visibility of poorly illuminated details in the visible

image is enhanced adaptively via a GF-based process of

dynamic range compression and contrast restoration. Then, a

GF-based HMSD pass is performed to inject the IR image

information into the visible image through a multi-scale fusion

approach. A selection method based on a perceptual regular-

ization parameter is used to determine the relative amount of

the injected IR spectral features by weighting the perceptual

saliency of IR and visible image information. This fusion

method can successfully transfer the important IR information

into the fused image, and simultaneously preserve the details

and background scenery in the input visible image.

The fourth algorithm, WMG-LGP, proposed by authors

Vanmali et al. [16], uses a Laplacian-Gaussian pyramid based

multi-resolution fusion process, where the result is driven

by weight maps computed from local entropy, contrast, and

visibility metrics. The luminance information of the visible

and IR images is combined, keeping contrast and hue intact, to

produce a final fused result with vibrant colors, and enhanced

details and contrast.

B. Results

To demonstrate the effectiveness of the proposed meth-

ods, six different pairs of visible and NIR/IR image pairs,

commonly used by other authors [14], have been selected

(Figures 7 and 8). These images have been chosen because

they depict scenes that suit our purposes (e.g. they contain

smoke, clouds, and low light levels), and because they were

spatially registered, which simplifies the blending process. We

have introduced an additional pair of visible (grayscale) and

IR images created in our low visibility cabin —which we

have named Cabin—, in order to test the performance of the

algorithms on this type of images (Figure 9).

Fig. 7. Selected IR/NIR images used to test the algorithms. Their names are
(from left to right and top to bottom): Octec, Camp, Landscape 1, Landscape
2, Kayak, and Road

Given the lack of consensus on which type of metrics should

be used to evaluate the quality of restored images [17], authors
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Fig. 8. Selected visible images used to test the algorithms. Their names are
from left to right and top to bottom): Octec, Camp, Landscape 1, Landscape
2, Kayak, and Road

Fig. 9. Visible (bottom-left) and IR (bottom-right) images of a foggy scene
created in our cabin to test the algorithms. The top image is a photograph of
the cabin (full of artificial fog) when the images were taken.

Luzon et al. [18], [19] propose to quantify the performance of

image dehazing algorithms using a set of metrics that focus on

morphological characteristics in the images —such as edges

and texture— rather than assessing subjective criteria. In this

work, we are not comparing pairs of original/restored images,

but triplets of IR/visual/blended images. Therefore, we have

used some of these metrics, adapting them for our needs. The

selected metrics are:

• The Laplacian operator (LAP) [20] represents the number

of edges in the image. Higher LAP values are associated

with clearer images, since hazing typically produces

blurred edges.

• The gray mean gradient (GMG) [21] evaluates the im-

provements in texture contents, also in terms of the

number of visible edges. Higher GMG values are also

representative of clearer images.

• Descriptor e [22] is defined as the ratio between the

amount of visible edges in the blended image and that in

the visible and IR images. Two descriptors are computed

per triplet: the ratio between the blended and visible

image, and the ratio between the blended and IR image.

In this case, higher values will also be associated with

better results.

• Descriptor σ [22] is defined as the percentage of fully-

white or fully-black pixels in the blended image, disre-

garding those that were already fully-black or fully-white

in the original visible or IR images. Higher σ values are

associated with lower-quality results, because saturation

will be higher in the blended image than the originals.

All the blending methods that have been tested seem to

produce a similar general effect, consisting of enhancing the

information in the visible image by including information

from the IR image, without a noticeable degradation of image

background contents (see Figure 10). Nonetheless, the differ-

ences in the results are much more noticeable in images with

unusually low visibility like our cabin image from Figure 9, as

we can see in the blending results for this image (Figure 11).

Fig. 10. Blending results for the Octec image obtained with all four
algorithms. Left to right and top to bottom: AD-PCA, HMSD, GFCE, and
WMG-LGP.

The quality metrics obtained on the images (Table I) show

that GFCE yields the best results in most cases —notice, again,

the large differences in Table I between the metric results

obtained by this algorithm and the rest for the Cabin image—

followed closely by AD-PCA, which seems to do a better

job in reducing pixel saturation in the blended images, as

suggested by the value of the σ descriptor. These results are

consistent with how both algorithms work: GFCE, unlike AD-

PCA, takes into account the saliency of the information in the

IR image, so that not all areas are equally blended. As a result,

GFCE performs a dynamic range compression and improves

the image contrast, which improves the visibility of poorly

illuminated areas details, but also increases the contribution
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Image LAP GMG e (IR) e (Vis) σ
Octec 23.085, 18.996, 24.716, 15.427 2.638, 2.281, 3.487, 1.767 1.98, 0.77, 0.27, 1.18 4.85, 2.51, 1.51, 3.28 0.02, 0.00, 0.043, 0.01 %
Camp 13.461, 24.803, 33.098, 16.370 1.275, 2.471, 3.406, 1.813 2.23, 0.92, 2.98, 0.35 1.88, 0.71, 2.55, 0.20 0.01, 0.05, 0.8, 0.003 %

Landsc. 1 47.344, 51.202, 67.016, 23.684 6.057, 6.653, 8.721, 3.290 0.00, 0.71, 0.74, 0.45 0.00, 0.10, 0.10, 0.00 0.00, 0.00, 11.0, 0.00 %
Landsc. 2 43.289, 49.928, 59.937, 45.240 5.582, 6.539, 7.907, 5.951 0.18, 1.33, 3.21, 1.35 0.00, 0.01, 0.83, 0.02 0.00, 4.46, 4.81, 0.06 %

Kayak 19.012, 10.967, 15.230, 11.645 2.730, 1.346, 2.256, 1.844 3.98, 3.80, 1.74, 2.74 0.01, 0.00, 0.00, 0.00 0.00, 0.00, 0.01, 0.04 %
Road 19.784, 34.312, 33.781, 22.970 2.175, 5.063, 5.398, 3.847 1.57, 0.92, 1.11, 1.13 0.39, 0.04, 0.14, 0.15 0.00, 0.50, 2.70, 0.03 %
Cabin 4.793, 9.819, 49.566, 0.038 0.748, 1.413, 6.778, 0.005 0.38, 0.39, 1.56, 0.33 0.23, 0.20, 4.03, 0.31 0.00, 0.00, 0.00, 0.00 %

TABLE I
IMAGE QUALITY ASSESSMENT RESULTS FOR ALL THE IMAGES AND ALL THE ALGORITHMS. THE RESULTS FROM EACH ALGORITHM ARE LISTED,

SEPARATED BY COMMAS, IN THE ORDER: AD-PCA, HMSD, GFCE, WMG-LGP.

Fig. 11. Blending results for the Cabin image obtained with all four
algorithms. Left to right and top to bottom: AD-PCA, HMSD, GFCE, and
WMG-LGP.

of the IR image which, in the case of cloudy, smoky, or foggy

scenes, tends to contain much more dark pixels than the visible

band image. We can also notice that the algorithm yielding

the best results sometimes varies, depending on the image.

This suggests that the type of scene depicted in the image

might influence the performance of the blending algorithm. It

might perhaps be worth discussing whether or not the blending

process could benefit from a prior classification stage to help

select the most adequate algorithm based on which class the

image belongs to.

But let us not forget that these algorithms will ultimately

be implemented on an EFVS, and hence the computation

time is critical to deliver a real-time performance so that the

video shown in the displays corresponds with the reality. A

compromise must therefore be found between image quality

and execution time. In terms of execution time, the AD-PCA

algorithm seems to perform the best for most of our images

—note that in those cases where it is not the fastest one, it is

the second best by a very small difference—, with execution

times between 0.32 and 1.4 seconds per frame. Although this

is far from the desired real-time performance, it should be

possible to introduce some adjustments and optimizations in

the code so that it can provide a (near to) real-time throughput

once implemented in the corresponding embedded processor

—in our case, a field programmable gate array (FPGA).

Algorithm Octec Camp Landsc. 1 Landsc. 2 Kayak Road Cabin
AD-PCA 0.587 0.324 1.313 1.383 0.510 0.531 0.737
HMSD 5.988 2.126 12.799 13.257 4.407 5.026 4.580
GFCE 1.746 0.504 3.982 3.945 1.455 1.493 2.029

WMG-LGP 0.606 0.310 1.344 1.290 0.518 0.541 0.654
TABLE II

AVERAGE EXECUTION TIME (IN SECONDS) FOR ALL IMAGES AND ALL

FOUR ALGORITHMS. THE FASTEST TIMES FOR EACH IMAGE ARE MARKED

IN BOLD.

C. Discussion

One big challenge in developing modern EFVSs is to be

able to improve image quality with low visibility, primarily in

adverse weather conditions such as with fog or haze. We have

seen the importance of using multiband camera systems to

improve the visibility in foggy scenes and, more specifically,

how the LWIR band can mitigate the effects of scattering in the

images and complement the information provided by NIR and

visible spectrum images. To combine multiband cameras into

an EFVS, we need an algorithm that can blend each individual

image into a composite image that contains the most relevant

information from each band. Given the difficulties that we

have faced to test these algorithms outdoors, we propose in

this article a design for a fog simulation cabin which allows to

perform such tests in the laboratory, offering more flexibility,

repeatability, and control over the visibility conditions than

outdoor experiments. Moreover, we have identified a lack

of methodologies to test the results from multiband image

blending algorithms, so we propose and analyze a set of

algorithms and quality metrics that can serve as a starting point

to other researchers looking to work on similar projects. Given

the early stages of our work, the main goal of this paper is to

provide the necessary framework to guide research in this field.

We leave for future works to provide a more thorough analysis

of the methods and conclusions presented here, as well as

further studies with more complex foggy scenes created in

our low visibility cabin.
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