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Abstract: UAV network operation enables gathering and fusion from disparate information 10 
sources for flight control in both manned and unmanned platforms. In this investigation, a novel 11 
procedure for detecting runways and horizons as well as enhancing surrounding terrain is 12 
introduced based on fusion of enhanced vision system (EVS) and synthetic vision system (SVS) 13 
images.  EVS and SVS image fusion has yet to be implemented real-world situations due to signal 14 
misalignment.  We address this through a registration step to align the EVS and SVS images.  15 
Four fusion rules combining discrete wavelet transform (DWT) sub-bands are formulated, 16 
implemented and evaluated. The resulting procedure is tested on real EVS-SVS image pairs and 17 
pairs containing simulated turbulence.  Evaluations reveal that runways and horizons can be 18 
detected accurately even in poor visibility.  Furthermore, it is demonstrated that different aspects 19 
of the EVS and SVS images can be emphasized by using different DWT fusion rules.  The 20 
procedure is autonomous throughout landing, irrespective of weather.  We believe the fusion 21 
architecture developed holds promise for incorporation into head-up displays (HUDs) and UAV 22 
remote displays to assist pilots landing aircraft in poor lighting and varying weather.  The 23 
algorithm also provided a basis rule selection in other signal fusion applications. 24 

Keywords: Unmanned Aircraft (UAV), Sensing, Intelligent transportation, Image fusion, Signal 25 
alignment, Runway detection, Image registration, Wavelet transform, Hough transform 26 

 27 

1. Introduction 28 

The precise detection of runways is crucial for safely landing aircraft; nearly half of aircraft 29 
accidents are reported to occur during the final approach and landing stages [1].  While 30 
instrumented landing systems have successfully been implemented to provide precise landing 31 
guidance, they are not available at all airports. Furthermore, smaller aircraft and fixed wing 32 
unmanned air vehicles (UAVs) often land in remote locations with only small runway strips 33 
available.  Thus, there is a clear need to assist pilots and remote operators using visual flight 34 
landing aids to detect runways accurately in varying weather conditions.  Readily available 35 
imaging systems offer obvious potential to address this issue, but a single mode of image capture 36 
often does not fully convey all vital landing information in time critical situations. Fusion of ground 37 
sensor arrays (e.g. infrared cameras [2]) have been proposed to provide real-time input to UAVs, in 38 
particular in the lack of GPS information [3].  Such systems can be enhanced with through the 39 
fusion of image information from disparate heterogeneous sensors in real-time. 40 

The convolution of output acquired from multiple sensors capturing complementary 41 
information has received significant attention in recent years.  Techniques for fusing such 42 
information from images have been applied to a diverse range of fields, including: medical imaging 43 
[4, 5], remote sensing [6,7], intelligent transport [8,9], surveillance [10], low altitude remote sensing 44 
[11], and color visibility enhancement [12]. Very recent approaches [13] have introduced weighted 45 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 October 2018                   doi:10.20944/preprints201810.0343.v1

©  2018 by the author(s). Distributed under a Creative Commons CC BY license.

mailto:afadhil@siu.edu
mailto:r.kannegantil@siu.edu
mailto:lgupta@siu.edu
mailto:r.vaidyanathan@ic.ac.uk
http://dx.doi.org/10.20944/preprints201810.0343.v1
http://creativecommons.org/licenses/by/4.0/


 

 

fusion strategies aimed at improving the robustness of detection robustness against the size of 46 
object.  Such approaches hold intriguing potential for detection of weakly illuminated areas, which 47 
provide particular challenges in recognition which have not been fully addressed today [14]. Fusion 48 
of images with complementary vehicle control information have been also been introduced for 49 
UAVs [15] as well as algorithms combining infrared and visible spectrum images for target tracking 50 
[16]. 51 

The accurate detection of runways has conversely received considerable attention in the 52 
literature.  A variety of techniques have been developed to detect runways in aerial images using 53 
the Hough transform and least squares to obtain boundary information [17], registering the runway 54 
with known reference images in different orientations [18], edge detection in conjunction with 55 
Hough transform line detection [19], and intensity and contrast of the runway and background [20].  56 
Runways have also been detected in satellite images using texture properties [21], edge detection in 57 
conjunction with the Hough transform and chain codes [22], Helmholtz principle [23], shape and 58 
chroma features [24], as well as edge detection and fuzzy logic [25].  Detecting runways is also an 59 
important part of obstacle detection on runways [26]–[28].  Related efforts have also focused on 60 
horizon detection in low visibility conditions [26] and to identify the ground in images for 61 
emergency landings [30]. 62 

While image fusion represents an obvious approach for runway detection, Liu and Yu [31] 63 
argued that the majority of approaches today still rely on the assumption that source images are 64 
perfectly aligned.  This is not the case in many practical field applications of image processing.  65 
The runway and horizon detection and enhancement approach introduced in this paper is based on 66 
exploiting information from enhanced vision system (EVS) and synthetic vision system (SVS) 67 
images of the runways.  Therefore these images for aircraft runway detection and enhanced 68 
situational awareness first need to be aligned to fully capture their complementary image 69 
information. 70 

 71 

 

(a) 

 

(b) 

Figure 1: An example of (a) EVS and (b) SVS image frames. 72 

Figure 1 shows examples of EVS and SVS images of a runway. The EVS image is an infra-red 73 
image of the runway and the SVS image is a GPS generated image of the runway.  The EVS image 74 
can be used by pilots during landing but the quality of the EVS image is affected by adverse weather 75 
conditions.  Unlike the EVS image, the SVS image is not affected by the weather. However, the SVS 76 
image is not a “real” image of the runway and cannot be used solely to help the pilot safely land the 77 
aircraft.  The approach developed in this paper is to exploit the weather-invariant SVS image 78 
information to accurately detect the runway in the weather-dependent EVS image and to generate 79 
an EVS-SVS composite image which contains information from both images.  The EVS and SVS 80 
images are not aligned, therefore first the images are registered using runway and horizon features 81 
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prior to fusion.  Different fusion rules are developed to combine the EVS and SVS images and 82 
evaluated in the presence of varying levels of atmospheric turbulence. 83 

The principal research objective is to create image frames that contain enhanced runway and 84 
surrounding information by fusing the EVS and SVS images so they can be incorporated into 85 
head-up displays (HUDs) or unmanned aerial vehicle (UAV) remote displays to assist pilots in 86 
safely landing aircrafts. The objective requires both accurately detecting the runway in a sequence of 87 
frames through registration and then enhance the information surrounding the runway by fusing 88 
the EVS and SVS images.  Information from the weather-independent SVS image are used to 89 
approximate the runway and horizon in the weather-dependent EVS image.  The SVS image is 90 
aligned and fused with the EVS image. The most critical need for accurate runway detection is 91 
during the landing phase, therefore the focus is on registering and fusing the EVS and SVS images 92 
when the aircraft is close to the runway.  The procedure is made autonomous from frame-to-frame 93 
by deriving parameters from the SVS image.  The performance of the fusion methodology is 94 
validated on a data set consisting of 1350 pairs of EVS and SVS frames of the runway acquired while 95 
an aircraft was landing.  Furthermore, additional subjective and objective evaluations are 96 
conducted using simulated EVS images with varying levels of atmospheric turbulence.   97 

Related work includes noteworthy studies that focus on using synthetic vision data to 98 
accurately locate the position of the runway and then detect moving objects on the runway [28], 99 
fusing real and virtual information to enhance airport scenes [32], and integrating EVS and SVS data 100 
to improve visibility in adverse atmospheric conditions [33].  The work described in this paper 101 
differs from these, because the primary focus is on both runway and horizon detection as well as the 102 
fusion of EVS and SVS images to provide improved visual information of the runway scene.  The 103 
formulations of the steps to detect runways and horizons, to fuse images, and to evaluate the 104 
performance subjectively represent the principal contributions of this work.. 105 

2. EVS and SVS Image Registration 106 

In general, image registration is the geometrical alignment of two or more images of the same 107 
scene it can be particularly challenging when images may exist in different feature spaces [34].   108 
Image registration algorithms can be classified into two groups: feature-based registration and 109 
area-based registration [35].  The feature-based registration method is employed in this study.  110 
Because the goal of this study is to fuse the runways as well as the surrounding areas, features for 111 
registration are derived from the runways and the horizons.  The features selected for registration 112 
are the runway corners and the horizon end-points.  It is assumed that the runway is a quadrilateral 113 
and the horizon is a long straight-line segment in both the EVS and SVS images. The runway 114 
quadrilateral is composed of two long line segments and two shorter line segments.  The runway 115 
corners can, therefore, be determined by detecting the end-points of the two long line segments.  116 
The horizon end-points can be determined from the line segment corresponding to the horizon.  117 
The first step, therefore, is to detect line segments in the EVS and SVS images and select those line 118 

segments that correspond to the two longer runway segments and the horizon line.  The  EVS 119 

and SVS frames are represented by  and , respectively.  Because the SVS image 120 
quality is good and is unaffected by the weather conditions, the runway and horizon are first 121 
detected in the SVS image.  The SVS runway and horizon information are used to estimate the 122 
runway and horizon in the corresponding EVS image.  Because similar operations are performed 123 
on successive frames, the formulations of the steps to register and fuse the SVS and EVS frames are 124 

simplified by dropping the subscript . 125 

2.1 SVS Runway and Horizon detection 126 

A careful examination of the SVS image frames reveal that the following useful information (i) 127 
the image is a simple gray-scale image, (ii) the runway is outlined by a bright boundary, and (iii) the 128 
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horizon is a distinct boundary between the all-dark sky and the brighter non-sky regions.  In the 129 

first step, the runway is detected by segmenting  according to: 130 

 131 

 (1) 132 

The factor  is determined empirically so that the resulting binary image 133 

  contains only the bright runway border.  The four corner points of the runway are 134 
selected as runway registration control points in the SVS image. The end-points of the horizon, 135 
which will serve as horizon registration control points, are found by detecting the transition point 136 
from the dark pixels to the brighter pixels in the first and last columns of the image.  The line joining 137 
the end-points defines the horizon in the SVS image. Figure 2(a) shows, in blue, the runway and 138 

horizon extracted from the SVS image in Figure 1 using  which was found to give good 139 

segmentation results across all 1350 SVS frames.  If  is the binary image of the runway and 140 
horizon, the angles of the two long runway line segments and the horizon line can be found from the 141 

co-linearity Hough transform  of .  Let  be the Hough transform 142 

accumulator cell with the highest count and let , and  be the cells with the next 143 

two highest counts.  Then, the horizon angle is given by  and the runway angles are given by  144 

and .  The angle parameters will be used to determine the runway lines and horizon in the EVS 145 

image.  Additionally, the area , of the runway quadrilateral is determined.  As noted in the 146 
introduction, the focus is on registering and fusing the EVS and SVS images only when the aircraft is 147 
approaching the runway. The runway area is used as a parameter to indicate when the registration 148 
and fusion should begin.  To make this parameter dimensionless, the parameter is normalized by 149 

dividing it by the frame area , that is, .  Registration begins when the area ratio exceeds a 150 

threshold .  This step may seem unnecessary, however, there is clearly no need to register the 151 
images when the aircraft is far from the runway. 152 

2.2 EVS Runway and Horizon Detection 153 

Unlike the SVS image, the EVS image can be relatively complex.  Consequently, the runway 154 
cannot be determined directly through segmentation.  Nor can the horizon be detected using the 155 
method developed for the SVS image.  Moreover, the EVS frames are bound to be degraded with 156 
noise.  In order to decrease the effects of noise, the EVS frames are filtered using a Weiner filter [36].  157 
In the frequency domain, the EVS filtered image is given by 158 

  (2) 159 

where  is the degradation function,  is the Fourier transform of , and 160 

 is a specified constant.  The main degradation is assumed to be atmospheric turbulence, 161 
therefore, the function:  162 

  (3) 163 

which is often used to model turbulence [36], is selected.  The constant  can be adjusted 164 
according to the amount of turbulence. 165 

The runway and horizon in the EVS image  are detected using information extracted 166 
from the SVS image.  The SVS runway and horizon serve as initial approximations for the EVS 167 
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runway and horizon, respectively.  In order to detect the runway in the EVS image, let   be 168 
a rectangular region encompassing the approximated runway.  The two long runway sides are 169 
within the diagonal and vertical orientations when the aircraft approaches the runway.  Therefore,  170 

 is converted into a region  containing vertical and approximately vertical lines by 171 

applying a  vertical line detection mask [36].  The region  is converted into a 172 

binary region  using the following segmentation rule: 173 

  (4) 174 

where,  is determined empirically so that the resulting binary image contains only the bright 175 

line segments and removes the lower-intensity line segments.  The Hough transform  of  176 

 is computed and the pixels contributing to accumulator cells  and 177 

 are selected to determine line segments that have approximately the same 178 

orientations as the SVS runway.  The two largest line segments satisfying  and 179 

 are selected as the runway line segments in the EVS image.  The parameter  is 180 
included to account for the fact that runway is not perfectly aligned in the SVS and EVS images.  181 
The end-points of these two line segments give the runway registration control points in the EVS 182 
image.  Moreover, the lines connecting the runway control points define the estimated runway in 183 
the EVS image.  The estimated runway, which tends to compactly enclose the actual runway, is 184 
superimposed onto the EVS image using an intensity equal to 255.  In a similar manner, the horizon 185 
in the EVS image is estimated by using the SVS horizon as an initial approximation and finding the 186 

dominant line within   from the Hough transform in a band encompassing the initial 187 
approximation.  The two-end points of the horizon give the horizon control points in the EVS 188 
image.  The line joining the two end-points is superimposed on the EVs image using an intensity 189 
equal to 255.  Figure 2(b) shows the estimated runway and horizon in the EVS image of Figure 1 190 

using the following values for the parameters: , , , .  These 191 
values were found to give good results across the last 350 EVS frames that were involved in 192 
registration. 193 

(a) (b) 

Figure 1: The runway and horizon detected in the (a) SVS image (b) EVS image. 194 

The horizon is assumed to be a straight line in the above formulations because the horizons in 195 
the data set used in this study are straight lines.  Moreover, it is not unusual to make this 196 
assumption [29; 30].  The formulation can, however, be modified for the more general case in which 197 
the horizon is not a straight line.  For example, the pixels forming the SVS horizon can be found by 198 
detecting the transition points from the dark pixels to the brighter pixels in all columns of the SVS 199 
image.  This horizon will serve as the initial approximation in the EVS image.  The EVS horizon 200 
can then be determined in a band containing the initial approximation by detecting the sky-to-land 201 
transitions in each column of the EVS image. 202 
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2.3 Jitter Detection and Correction 203 

The detection of the runway corners in the EVS image depends on its quality.  Frame-to-frame 204 
changes can vary the detected corner locations significantly resulting in “jitter” in the detected 205 
runway across successive frames.  This jitter is clearly undesirable because the detected runway 206 
should not “bounce around” while the aircraft is landing.  In order to avoid runway jitter, the 207 
corners of the previous frame are used to determine if the corners in the current frame will lead to 208 

jitter.  If is the distance between each pair of corner points  and  in the 209 

current and previous frames, respectively, and  is the area of the runway in the EVS image, the 210 

normalized distance  in the current and previous frame is compared with a threshold .  211 

If  exceeds the threshold , the corner point in the current frame is replaced with the 212 
corner point in the previous frame to prevent jitter.  The median of the five previous corner points is 213 
used to update the previous frame corner points to insure accuracy even when the corners in the 214 
previous frames are indistinct. 215 

2.4 Horizon and Runway Registration 216 

Although not obvious visually, the runways and horizons in the SVS and EVS images are not 217 
aligned in Figures 2(a) and 2(b).  This is demonstrated in Figure 3(a) which shows the result of 218 
superimposing the SVS runway and horizon of Figure 2(a) onto Figure 2(b).  Clearly, the two 219 
images have be registered prior to fusion.  A two-step registration procedure is developed in which 220 
the two images are first globally aligned based on horizon registration and then locally aligning the 221 
runways in the horizon-aligned images.  Because the key information for landing is in the real EVS 222 
image, the SVS image is registered to the EVS image.  That is, the SVS image is the target image and 223 
the EVS image is the reference image.   The horizon corner points, top image corner points, and 224 
the bottom image corner points are the six pairs of control points selected for the horizon based 225 
registration.  The runway corner points and the corner points of the runway encompassing 226 

rectangle  are selected as the control points for registering the runways.  The rectangle 227 

 covers exactly the same regions in both images and is the also the same as region  228 
used to encompass the initial runway approximation in the EVS image.  For both steps, the 229 
projective transformation is applied to register the images and the results of registering the images 230 
in Figure 2(a) and 2(b) are shown in Figure 3(b).  Note that the blue and white lines are perfectly 231 
aligned and almost appear as single blue lines.  Additional registration examples will be presented 232 
in conjunction with the SVS and EVS fusion results. 233 

(a) (b) 

Figure 2: Superimposed SVS horizon and runway onto the EVS image with (a) no registration (b) 234 
with registration. 235 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 October 2018                   doi:10.20944/preprints201810.0343.v1

http://dx.doi.org/10.20944/preprints201810.0343.v1


 

 

2.5 Absence of Runway Approach-Line in the EVS and SVS Images 236 

Typically, the runway approach-line (the bottom line of the runway) is not visible in the SVS ad 237 
EVS images when the aircraft is about to land on the runway as shown in Figure 4.  This case is 238 
automatically detected when two corner points fall in the last row of the SVS image.  At this stage of 239 
landing, the primary focus is on aligning and fusing the runways in the SVS and EVS images.  The 240 
runway has a center line which pilots use to align the aircraft. This line is approximately vertical and 241 
can be determined from the Hough transform of the EVS image.  A center line is generated in the 242 
SVS runway by connecting the midpoints of top and bottom corner points.  The images are 243 
registered by aligning the pair of center lines.  Examples will be shown in the experiments section. 244 

 
(a) 

 
(b) 

Figure 3: Frames which do not contain the runway approach-line (a) EVS frame (b) SVS frame. 245 

3. EVS and SVS Image Fusion 246 

Image fusion is the process of combining two or more images in such a way that information 247 

from both images is preserved [38].  The goal here is to generate an image  which is 248 

obtained by fusing the Weiner filtered EVS image  and the registered SVS image .  249 
The fused image is given by 250 

  (5) 251 

where  represents the fusion rule.  Different aspects of the two images can be displayed in a 252 
single image by applying different fusion rules.  The images can be fused directly in the spatial 253 
domain [38] or in a transform domain such as the wavelet domain [37].  Although quite simple, the 254 
spatial domain rules are limited to the global application of operations such as pixel averaging or 255 
maximum selection [39], [40].  Conversely, the wavelet domain rules offer greater flexibility in 256 
developing fusion rules.  For example, different fusion rules can be applied to combine the wavelet 257 
sub-bands [38-43].  This flexibility is the primary reason for selecting and developing fusion rules 258 
based on the DWT in this study.  In most fusion applications, equal weightage is given to both 259 
images in the sense that fused image should capture the information from both images equally.  260 
Consequently, the correlation between the fused image and the two original images is often used as 261 
a measure to evaluate the fusion performance [40; 41; 44].  In this study, however, equal weightage 262 
is not assumed because the EVS image is more important than the “supplementary” information in 263 

the SVS image.  If the dimension of  is assumed to be , the DWT of  can 264 
be written as 265 

  (6) 266 

 (7) 267 
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where the scaled and translated basis functions are given by: 268 

 (8) 269 

 (9) 270 
The basis functions are assumed to be separable and can, therefore, be written as 271 

 (10) 272 

 (11) 273 
In a notable study, extensive experiments have shown that different basis functions tend to give 274 

similar fusion results [42].  The Haar wavelet transform is selected in this study because of its 275 
computational simplicity.  For the Haar transform, the 1-dimensional scaling and wavelet vectors 276 
are given by: 277 

  (12) 278 

  (13) 279 
The corresponding inverse wavelet transform is then given by: 280 

 (14) 281 

where , , , and  are the four  282 

sub-bands of the DWT of .  These sub-bands are the approximation, vertical detail, 283 

horizontal detail, and diagonal detail sub-bands of .  Similarly, , , 284 

, and  represent the sub-bands of the DWT of .  Using the DWT 285 
sub-bands the images can be fused according to the following rules: 286 

Maximum Selection Rule 287 

 (15) 288 

 289 

 290 

 291 
Average Selection Rule 292 

  (16) 293 

 294 

 295 

 296 
Mixed Selection Rule 297 

  (17) 298 

 299 

 300 

 301 
Modified Selection Rule 302 
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  (18) 303 

 304 

 305 

 306 

where, , , , and  are the sub-bands of the EVS-SVS 307 

fused image.  The fused image  is obtained from the inverse wavelet transform after 308 
application of the selection rule.  Note that most often, images are fused using the maximum, 309 
average, or mixed rules [38-43]. The modified rule is introduced to give more weight to the EVS 310 
image by preserving the EVS information in the approximation band and can be regarded as a 311 
modification of the maximum and mixed rules.  All four fusion rules are implemented and 312 
evaluated in the next section. 313 

4. Registration and Fusion Experimental Results 314 

This section describes the experiments designed to evaluate the overall procedure developed to 315 
register and fuse the EVS and SVS image frames.  The data set, provided by Rockwell-Collins, 316 
consists of 1350 EVS and SVS image pairs acquired from the infra-red sensor on an aircraft and a 317 

satellite, respectively.  The dimensions of EVS and SVS frames are  and the frame 318 

rate was 6 fps.  The following values were used for the parameters: , , 319 

, , , , , . After setting the parameters, 320 
the entire sequence of frame pairs were processed autonomously without any intervention. 321 

Clearly, it is not practical to show the results for all 1350 frame pairs, therefore, only a few select 322 
examples which show different stages of approach and landing are shown to conduct subjective 323 
evaluations.  Also, the real data set does not cover varying weather conditions.  In order to conduct 324 
more detailed subjective and objective evaluations, data sets containing various levels of 325 

atmospheric turbulence in the EVS frames are generated using the same degradation model  326 
used to filter the EVS image.  Two sets of EVS frames were generated to simulate intermediate level 327 
turbulence using k=0.001, and severe level turbulence using k=0.0025 in each frame.  Examples of 328 
degraded EVS frames are shown in Figure 5.  The registration performance can thus be evaluated 329 
objectively by the root-mean-square (rms) error between the manually detected runway corner 330 
points and horizon points in the EVS image, selected using mouse-clicks, and the corner points 331 
detected by the registration procedure. 332 

(a) (b) 

Figure 4: (a) EVS image with intermediate turbulence (b) EVS images with severe turbulence. 333 
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Figure 6 shows examples of fusing the EVS and SVS images directly using the maximum fusion 334 
rule without prior registration.  The runways, horizons, and center lines in the SVS and EVS images 335 
are shown in blue and red, respectively, to facilitate visual analysis.  Observe the following 336 
problems:  (i) the runways and horizons are not aligned in Figure 6(a), (ii) the horizons and runway 337 
center lines are not aligned in Figure 6(b) and (iii) the SVS runway is much larger than the EVS 338 
runway in Figure 6(a).  Similar problems are observed with the four other fusion rules.  Figure 7 339 
shows the fusion results of the same images after they have been registered.  Observe that the 340 
runways, center lines, and horizons are aligned quite well. 341 

  

Figure 5: Examples EVS-SVS image fusion without prior registration. 342 

  

Figure 6: Examples of EVS-SVS image fusion with registration. 343 

4. Discussion 344 

Examples of fusing pairs of registered EVS and SVS images using the four fusion rules are 345 
shown in Figures 8 and 9 for the original (no-turbulence assumption) and severe turbulence cases, 346 
respectively.  The most important results are for the severe turbulence case because there is not 347 
much need for runway and horizon detection when there is little or no atmospheric turbulence.  348 
The no-turbulence results are included to draw general conclusion relating to the characteristics of 349 
the images combined by using different fusion rules. It is interesting to observe the following 350 
characteristics in the results: 351 
(a) The results for the no-turbulence case show subtle but expected differences amongst the four 352 

rules. The maximum selection rule tends to favor the brighter image in the approximation 353 
band which is typically the EVS image. Selecting the maximum in the other sub-bands tends 354 
to sharpen the edges in the fused image.  Consequently, as evident in Figure 8(a), the runway 355 
and horizon appear brighter in the fused image.  The average selection rule preserves details 356 
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from both images with equal weighting.  However, there is a slight loss in contrast 357 
throughout the fused image due to smoothing which is typical of averaging. Moreover, 358 
averaging the approximation bands, which are low frequency bands, will tend to blur the low 359 
frequencies which is undesirable.  A careful examination of Figure 8(b) confirms this loss in 360 
contrast in the entire image.  The mixed selection rule preserves the EVS and SVS 361 
approximation details with equal weighting while sharpening the high frequencies.  As a 362 
result, the fused image in Figure 8(c) appears to be sharper, however, there is a slight loss in 363 
the contrast due to averaging the approximation sub-bands. The modified selection rule 364 
preserves the EVS approximation information completely while enhancing the high frequency 365 
information.  Consequently, the fused image in Figure 8(d) is sharper and looks similar to the 366 
maximum rule which favors the brighter EVS image. 367 

(a) (b) 

(c) (d) 

Figure 7: Fusion in no-turbulence (a) Maximum rule (b)  Average rule (c) Mixed rule (d) Modified 368 
rule. 369 

(b) The general characteristics observed for the no-turbulence case also hold for the severe 370 
turbulence case, however, there are some important differences across the four fusion results 371 
shown in Figure 9.  For example, the maximum rule tends to preserve more of the SVS 372 
information, as seen in Figure 9(a) because the SVS image is brighter than the EVS image.  373 
This is quite undesirable.  The results for the average and mixed rules shown in Figure 9(b) 374 
and 9(c), respectively, are also quite unsatisfactory because of the overall decrease in contrast.  375 
The best result, shown in Figure 9(d), is obtained using the modified rule because it preserves 376 
the important EVS information while also fusing the lesser important SVS information.  Most 377 
importantly, the runway details are the clearest in Figure 9(d) which can also be useful for 378 
detecting obstacles on runways. 379 
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(a) (b) 

(c) (d) 

Figure 8: Fusion in severe turbulence (a) Maximum rule (b)  Average rule (c) Mixed rule (d) 380 
Modified rule. 381 

Although the differences in the fused images are subtle, the observed characteristics can be 382 
used as a guide for selecting fusion rules based on what aspects of the two images need to be 383 
emphasized in various applications.  The next set of results are included to evaluate the registration 384 
performance by evaluating the rms distance error between the locations of the manually detected 385 
runway and horizon corners points and locations of the registered runway and horizon corner 386 
points. Figure 10 summarizes the rms errors obtained from the original data set without registration, 387 
the original data set with registration, and the two simulated degraded data sets with registration. 388 
The results cover frames 1101 to 1190.  The frames are ordered such that the frame number 389 
increases as the distance between the aircraft and runway decreases. The original data set without 390 
registration is included to compare the registration performance. 391 

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

Figure 9: Corner and horizon registration rms errors (a) original data set with no registration (b) 392 
original data set with registration (c) data set with intermediate turbulence (d) data set with severe 393 
turbulence. 394 

The following points should be noted regarding the results presented in Figure 10: 395 
(a) When no registration is employed, the rms errors are relatively high.  Moreover, the rms 396 

errors increase when the distance between the aircraft and the runway decreases.  This 397 
increase is clearly undesirable because it is even more critical to detect the runway accurately 398 
as the aircraft gets closer to the runway. 399 

(b) The rms errors are smaller when registration is employed.  Most importantly, the errors do 400 
not increase when the aircraft gets closer to the runway. 401 

(c) The error trends across the registered results are quite similar. Furthermore, the increase in 402 
the rms errors in the presence of severe turbulence is marginal. 403 

(d) The various parameters were exactly the same for the four sets of results.  No attempt was 404 
made to adjust the parameters to accommodate the different levels of turbulence in Figures 405 
10(c) and 10(d). 406 

(e) Although it is not possible to show in this paper, the jitter is observed to be minimal when the 407 
registered and fused frames are displayed as a video at the frame capture rate. 408 

 409 

5. Conclusions 410 

An innovative procedure has been introduced to accurately detect runways and horizons as 411 
well as enhance surrounding runway areas by fusing EVS and SVS images.  Central to the 412 
procedure is a novel fusion method for EVS and SVS runway images captured from an aircraft in the 413 
final stages of landing.  A registration algorithm is further introduced to align the EVS and SVS 414 
images prior to fusion.  The most notable feature of the registration is its guidance is based solely on 415 
information extracted from weather-invariant SVS images.  Four fusion rules based on combining 416 
DWT sub-bands have been implemented, contrasted, and evaluated. The resulting procedure has 417 
been tested on real EVS-SVS image pairs and also on image pairs containing simulated EVS images 418 
with varying levels of turbulence.  The subjective and objective evaluations reveal that runways can 419 
be detected accurately, even in poor visibility conditions due to severe levels of atmospheric 420 
turbulence.  It has also been demonstrated that different aspects of the EVS and SVS images can be 421 
emphasized by use of different DWT-based fusion procedures.  The modified rule was judged to 422 
yield the best fusion results for the problem under consideration.  Another notable feature is that 423 
the entire procedure is autonomous throughout the landing sequence, irrespective of the weather 424 
conditions; the fixed parameters are set initially and variable parameters are determined 425 
automatically from image frames during operation. Given the excellent fusion results and the 426 
autonomous feature, it can be concluded that the fusion procedure developed holds strong potential 427 
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for incorporation into head-up displays (HUDs) to assist pilots in safely landing aircrafts in varying 428 
weather conditions.  The system can also be implemented to help remotely piloted UAVs landing in 429 
challenging conditions in remote locations.  Furthermore, the procedure developed can be easily 430 
modified to fuse image pairs in different applications.  The observations and results can also serve 431 
as a guide for selecting different fusion rules for a given application.  432 
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