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Abstract
We present a machine learning based and wavelet enhanced line feature descriptor for line feature matching. Therefor we
trained a neural network to compute a descriptor for a line, given preprocessed information from the image area around the
line. In the preprocessing step we utilize wavelets to extract meaningful information from the image for the descriptor. This
process is inspired by the human vision system. We used the Unreal Engine 4 and multiple different freely available scenes
to create our training data. We conducted the evaluation on ground truth labeled images of our own and from the Middlebury
Stereo Dataset. To show the advancement of our method in terms of matching quality, we compare it to the Line Band Descriptor
(LBD), to the Deep Learning Based Line Descriptor (DLD), which we used as a starting point for this work, and to the
Learnable Line Segment Descriptor for Visual SLAM (LLD). We publish the project on github to support the community:
https://github.com/manuellange/WLD

CCS Concepts
• Computing methodologies → Matching; Computer vision; Neural networks; Machine learning;

1. Introduction

Many computer vision related problems are based, or, at least, sup-
ported by visual features, for example: Object recognition [Low99],
Multi-View Stereo [GSC∗07], 3D reconstruction [MVGV09]
[FLG14], Structure from Motion (SfM) [SSS06], Visual Odome-
try (VO) [NNB04], Visual Simultaneous Localization and Map-
ping [DRMS07], place recognition [Mil13] and terrain classifica-
tion [FB12]. All of the afore mentioned works deal with point fea-
tures to address their problem. But points are not always available
in sufficient quantities. They can be hard to find in blurred or noisy
images, or in images with many homogeneous areas like in man
made environments. Buildings, for example, are hardly textured,
but they yield structural information through the edges formed by
its silhouette, or by features like doors and windows.

1.1. Line Features

In recent years, line features received more attention and made
it possible to improve the robustness, and accuracy for solutions
of computer vision challenges mentioned earlier. Line features are
well suited to represent structure [HMB14]. They helped improve
Structure from Motion [ZK14], Visual Odometry [LRS19], Visual
Simultaneous Localization and Mapping [GOZNM∗17], and place
recognition using a bag of words technique [DWLK19].

A method for line detection that was published in the early sev-
enties is based on the Hough transform [DH71]. A disadvantage is

its relatively high computational cost. Faster algorithms were re-
leased in the last decade. Famous ones are the EDLine detector
from Cuneyt Akinlar and Cihan Topal [AT11], the LSD Line Seg-
ment Detector by Rafael Grompone von Gioi et al. [VGJMR12],
and a work of Jin Han Lee et al. [LLZ∗14], which was coined Fast
Line Detector.
The matching of features is fundamental when using them to ac-
complish computer vision tasks. Geometric, and descriptor based
methods are most common. If features shall be tracked in a video
stream with small displacements between frames, matching, based
on predictions and simple geometry, is often used as it is fast
[NPVCL08] [GOGJ18] [LRS19]. However, if there are no predic-
tions, and the distance between images is larger, tracking typically
fails, and more complex geometric approaches are required.
A recent approach of Wang et al. forms groups of lines to cre-
ate ’line signatures’ in order to match them over wide baselines
[WNY09]. Kim and Lee focused on matching images based on
coplanar line intersections while they designed their work "for
dealing with poorly textured and/or non-planar structured scenes"
[KL10]. Li et al. [LYL∗16] developed a hierarchical method, which
is based on ’Line-Junction-Line’ structures, that are each formed of
two adjacent lines incorporating their intersection. A mix using ge-
ometric ideas and the computation of a descriptor is presented by
Kwon et al. [KKKM16]. They construct a descriptor out of multiple
line segments. Their intention is to tackle the difficulty that the end-
points of lines may change between different images, e.g. on curved
objects, or due to occlusions. But their descriptor is computation-
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ally expensive. The calculation of their descriptors takes 7 seconds,
and matching another 6 seconds (on 700× 500 image resolution).
Lilian Zhang goes into more detail about geometric methods in his
dissertation [Zha13].
Geometric approaches are in general computationally expensive
compared to descriptor based methods. This disadvantage also
holds for patch matching [ZK17] where one could see similari-
ties to line matching when the region around the line is seen as
a patch. Furthermore, lines have specific characteristics like a dis-
tinct direction and a left and right side which can lie on different
surfaces if the line lies on the edge of an object. We argue that
a network which always gets the lines vertically and centered in
the middle is more likely to specialize on the characteristics of a
line. Additionally, descriptors have the advantage that, once they
are computed, distance calculation and matching is fast, and de-
scriptors can be reused which is important when matching features
between more than two images, e.g. for SLAM, or for reconstruc-
tion purposes. Because of these reasons, we focus on descriptor
based line matching. An early line descriptor was proposed by
Wang et al. [WLW09]. They place small regions along the line,
calculate a Harris matrix, and compute a descriptor from this in-
formation (HLD). Liu et al. [LWD10] proposed to place point de-
scriptors along the lines in order to describe them while Hirose
and Saito used Histograms [HS12]. The mean-standard deviation
line descriptor (MSLD) by Wang et al. [WWH09] is similar to the
HLD, and also works on regions along, and next to the line. It com-
putes the mean and standard deviation vectors in those regions to
create a descriptor. The MSLD has often been compared to by ear-
lier works; also Lilian Zhang evaluated his Line Band Descriptor
(LBD) and the MSLD in his dissertation [Zha13]. He showed that
his band wise approach is superior to the region based method. For
this reason, we chose the LBD as one of the works to compare to
and to go more into detail about it in our Results 3. There we also
explain more about the Learnable Line Segment Descriptor for Vi-
sual SLAM by Vakhitov and Lempitsky [VL19], which is a recent
learning based method we also included in the benchmarks.

1.2. Wavelets

In the eighties the term wavelets was coined by Alex Grossman
and Jean Morlet [GM84]. While researching square integrable real-
valued functions, they found that these can be represented by cre-
ating a family of functions using shifts and dilations on a sin-
gle function, which they called wavelet. There are different types
of wavelets, and some have already been found before the eight-
ies. Famous ones are the Haar wavelet, the Cohen-Daubechies-
Feauveau-Wavelet and the Gabor wavelet. The Haar wavelet has
been named after Alfréd Haar, who proposed the Haar sequence
in 1909, long before wavelets became a field of research on their
own. It is widely used in image processing and pattern recognition
due to its low computing requirements and its simplicity [PL04].
The Cohen-Daubechies-Feauveau-Wavelet (CDF-Wavelet) is used
for image compression in the JPEG 2000 format. There are differ-
ent variants of it: the CDF-5/3-Wavelet (developed by D. Le Gall
and Ali J. Tabatabai) is for lossless compression, and the CDF-9/7-
Wavelet (by Ingrid Daubechies) is used in the lossy compression
algorithm. Gabor wavelets, which are similar to Morlet wavelets,
have been named after Dennis Gabor, who researched communica-

Figure 1: Top left shows the original image and top right shows
the multi-scale pyramid of it, both with some line segments high-
lighted for visualization. Middle right depicts the Wavelet convolu-
tion. The results of all layers are stacked together with the original
rgb cutout, as shown in the middle left image. The cutout stack is
the input to the ResNet which calculates a descriptor (bottom left).
This descriptor can be compared to other descriptors for matching
(bottom right).

tion theory [Gab46]. They minimize the uncertainty of the informa-
tion that they carry by optimizing the trade off between spatial and
frequency resolution [Dau85]. Gabor wavelets are used in all kinds
of perception and vision related tasks as, for example, in motion
estimation [BP02], object representation [KS01], visual attention
analysis [BSV05], and texture classification [GPK02]. They are
even represented in the mammalian visual cortex as they support ef-
ficient processing of visual information [Dau85] [Mal89] [Lee96].
Therefore, we chose the Gabor wavelet to extract important infor-
mation from our images as a preprocessing step in our method.
As a starting point of this work we used the Deep Learning based
Line Descriptor (DLD) from our group [LSS19]. We extended this
approach by incorporating larger surroundings of the lines for the
computation of each line descriptor. However, this would overly in-
crease the size of the used neural network and, thereby, slow down
processing. To avoid this, we use a multiscale image pyramid. Ad-
ditionally, we introduce wavelets to preprocess the image parts of
the pyramid. In this preprocessing we use Gabor wavelets to extract
the important information from the image area, which is biologi-
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cally motivated, as mentioned before. An overview of the descrip-
tor creation is given in Fig. 1.
The rest of this paper is structured as follows: The next Section 2
explains our approach in detail. After that, we present the results in-
cluding comparisons to other methods in Section 3. Finally, Section
4 concludes this paper.

2. Our Method

In this section we give a detailed explanation of our method, includ-
ing the data generation for the learning process, the preprocessing
using gabor wavelets, and the training itself with details about the
network and the loss function.

2.1. Data Generation

In order to generate large amounts of learning data with ground
truth information, we needed a suitable simulation environment.
It should also yield quite realistic image data so that it worked
well with real world data. Therefore, we chose the Unreal Engine
4 [Epi], which is able to visualize very realistic scenes, as a simula-
tion environment for our data creation. There are various sceneries
which are freely available. We chose four different ones with vary-
ing environments: Epic Zen Garden, which shows an outdoor gar-
den area including a pond, and an angular concrete house with big
glass windows, Infinity Blade: Grass Lands is an earthy and rocky
area including an old citadel reaching out of the surrounding water,
Scifi Hallway, showing a futuristic hallway which could be part of
a space station, and Living Room, which was used as tech demo for
the Engine. We created splines in each of these scenes to move the
camera along them. The camera is moved stepwise, and images are
taken at every step. In total the scenes contain 37689 labeled stereo
images, one for each step (12068 in Epic Zen Garden, 17875 in In-
finity Blade: Grass Lands, 5328 in Scifi Hallway and 2418 steps in
Living Room). The image-data includes the color information, the
depth, and, additionally, 3D coordinates for each pixel in the image.
It is used to detect the lines visible from the current camera posi-
tion and also to calculate the ground truth matching information of
the lines. Altogether we collected about 11.9 Million line segment
matches for our training.

2.2. Preprocessing

We call the image area around a line segment a cutout. The cutout
of a line segment is rotated by the same angle as the line segment,
and contains the line segment itself in its center. Depending on
its size it includes more or less of the area surrounding the line
segment. A line segment’s neighborhood is very helpful when
matching lines, but there are cases where the broader neighborhood
is especially important. For example, the line segments on a bigger
building with many similar windows are likely to look alike. This
makes matching difficult when only the closer surrounding is in
focus. But if more of the neighboring area is regarded, matching
gets more reliable. For example, if the information is included that
the line segment on the window frame is close to a downspout, or
that it is on the third window counted from the right edge of the
building. Therefore, this should be part of the information when
creating a descriptor for a line segment.

Wavelet Integration: We wanted to include a broader area
around the line without using large input layers in the network. For
that reason we chose to shrink the cutout area and, additionally,
precompute it using Gabor wavelets. These wavelets are especially
well suited for image processing as they optimize the trade off
between spatial and frequency resolution [Dau85], and they have
been found in the human vision system [Dau85] [Mal89] [Lee96]
(see also 1.2). In order to increase the receptive field to include a
wider area around the line, we use an image pyramid. The pyramid
has 5 levels and the width and height are reduced by a factor of
2 from level to level. The lowest level is the original image with
three channels for red, green, and blue. From this level, we copy
a rectangular region around the line segment including all three
color channels for the cutout. We will not consider the color for
the remaining levels. Thus, for the next octave, we convert the
image to grey values and scale it down by a factor of two. Then we
convolve it with the Gabor wavelet kernels. The 2D Gabor wavelet
is given as:

ψ(x,y;σ,θ,λ,φ,γ) = e−
x′2+γ

2y′2

2σ2 · ei(2π
x′
λ
+φ), (1)

where x,y are the coordinates of the center location, σ is the stan-
dard deviation of the Gaussian window function, θ is the wavelet
orientation angle, λ is the wavelength of the sinusoidal factor, φ is
the phase shift and γ is a factor defining the spatial aspect ratio. x′

and y′ are given as:

x′ = xcosθ+ ysinθ,

y′ =−x sinθ+ ycosθ.
(2)

We get an image for each kernel from which we copy another
rectangular region around the line segment with the line segment in
its center. These rectangular regions are of the same size as the ones
from the previous level. But they contain more of the surrounding
of the line segment as the image is scaled down, compared to the
previous level. Also we did not extract the color information here
but the result of the convolution with the Gabor wavelet kernels.
We get one rectangular region for each kernel we convolved with
and stack them on top of the already extracted regions. We con-
tinue the process of scaling, convolving and extracting the region
for the next three levels. But for them, we only keep scaling the
width of the region (perpendicular to the line segment’s direction)
as the length of the region mostly is already far beyond the extent of
the line segment after scaling it once by a factor of 2. An overview
is given in Table 1, to efficiently compute this in our implementa-
tion, we start by extracting the largest region around the line seg-
ment. This is determined by the top most level in the pyramid. After
the extraction, we rotate it to the same angle as the line segment.
This rotated image patch is the source for all the other levels. This
way we only have to rotate once per line segment. An alternative
option would be to precalculate different levels and wavelet convo-
lution directions of the whole image, and extract the patches from
them. We want the Gabor wavelet kernel direction to be adjusted
to the line segment direction. Thus precomputing the convolutions
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on the whole image would mean to precompute the convolutions
in many different angles, so that there would be a pre-convolved
image ready for every line segment angle. If we accepted an an-
gle difference tolerance of up to one degree, we would need 360
precomputed convolution directions of the whole image for every
level. This would result in more calculations than the firstly de-
scribed process which we chose. This is because a usual Full HD
image only contains a couple hundred lines.

Here we want to note that at first a fixed size for the rectangular
region around a line segment does not seem to be a good choice.
One could think that lines will grow drastically if the image size is
increased. But while this can be the case for a few lines, the major-
ity of lines will be around a similar length in pixels. Lines are more
likely to get split in multiple parts if the resolution increases. This
is because small curvatures reach over more pixels in higher reso-
lution images; also other influences can get more prominent. Both
may cause the detector to finish a line segment earlier. Usually with
higher resolutions more lines are found. One reason is that addi-
tional lines are split in multiple parts, while another reason is that
some lines will be detected which would not have been detected in
lower resolutions as they are too small or the gradient is not sharp
enough. The size of the line mostly depends on the line detector
and its settings. The region size we chose works very well with the
EDLine detector [AT11] and with the LSD [VGJMR12] using stan-
dard settings. While training works better with fixed region sizes,
variable line lengths can also be used in normal operation due to
the pooling layers in the network.

Table 1: Network input - Layers of the cutout stack

Layer Description Level Size Receptive field

C
ol

or

Red Channel 0 100 x 27 100 x 27

Green Channel 0 100 x 27 100 x 27

Blue Channel 0 100 x 27 100 x 27

G
ab

or
W

av
el

et
D

ir
ec

tio
n Vertical 1 100 x 27 200 x 54

Horizontal 1 100 x 27 200 x 54

Vertical 2 100 x 27 200 x 108

Horizontal 2 100 x 27 200 x 108

Vertical 3 100 x 27 200 x 216

Horizontal 3 100 x 27 200 x 216

Vertical 4 100 x 27 200 x 432

Horizontal 4 100 x 27 200 x 432

2.3. Training

The ResNet architecture set a new state of the art when it was re-
leased [HZRS16]. In general, one would think that a more complex
neural network will at least perform as well as a less complex ver-
sion of it, which has fewer layers, but, besides that, is the same
network. This is not guaranteed and until there was the ResNet
architecture so called exploding and vanishing gradients posed a
difficult problem. The reason is that in a larger network the gradi-
ents, which are propagated back through the network, pass through

more matrix multiplications, and are, thereby, more likely to shrink
until they vanish, or increase till they are overly huge. To address
this problem, Kaiming He et al. introduced skip connections. Those
connections forward the input of a layer to its output. When the
weights are initialized at zero and no training has adjusted them,
the values before and after a layer are the same. This means that
the layers start with identity mapping and their weights are only
changed if it is beneficial to the networks performance. If there are
unnecessarily many layers, a lot of them do not change weights
which results in identity mapping. Theoretically a network could
also learn an identity mapping for several layers. But in practice
this does not work as well, likely due to the interplay between lay-
ers. Due to this advancement, we chose a ResNet architecture for
our problem.

The triplet loss: is well suited [WS09] [SKP15] as error func-
tion for our problem as it has been shown that it is applicable
for Nearest-Neighbour-Classification and computer vision tasks
[HBL17]. Our goal is the computation of a line segment descriptor
which is very different to other line segments’ descriptors, but sim-
ilar to descriptors computed of the same line segment from other
images. The triplet loss is ideal for our problem as it rewards simi-
larity of descriptors of the same line segment and penalizes similar-
ity of other line segments’ descriptors at the same time. In the ter-
minology of the triplet loss, our line segment descriptors are called
embeddings. The triplet loss L is defined as follows:

L= max
[(

dist(ea
i ,e

+
i )−dist(ea

i ,e
−
i )+δ

)
,0
]
, (3)

where ea
i is the anchor embedding, e+i is the positive match and

e+i the negative match respectively. The positive embedding is com-
puted from the same origin as the anchor, but of another sample
of it (which would be a descriptor computed from the same line
segment, but of another image in our case). The negative embed-
ding is from another origin (from another line segment in our case).
The anchor is compared to the other two embeddings using a dis-
tance measure dist(·), which, in our case, is the squared euclidean
distance between the descriptors. During training, the triplet loss
function aims to achieve a small distance between anchors and the
corresponding positive embeddings, and a larger distance between
anchors and negative embeddings. For a faster convergence of the
training, negative embeddings, that are closer in distance to the an-
chor, are favored (hard negatives) in the triplet selection process,
over those which already have a larger distance. But to make sure
that not only the most difficult ones are selected, which are possibly
outliers, a margin δ is used. This margin promotes a certain mini-
mum distance difference between the distance of the anchor and the
negative embedding, and the distance of the anchor and the positive
embedding, and, therefore, defines which triplets are difficult and
which are not.

3. Results

Parameters: We created the wavelets using the following parame-
ters: σ = 1, θ = {0, π

2}, λ = 2 ·σ, φ = π

2 , γ = 1. The kernel is set
to a size of only 5× 5 resulting in a faster convolution compared
to larger sizes. The results show that this choice is not too coarse.
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We use two wavelet kernels, one with θ = 0 and the other with
θ = π

2 . They are oriented 90◦ to each other and thereby respond
differently to vertical/horizontal information in the image. This is
also depicted in Fig. 1. For each line segment the layers from the
multi-scale pyramid are convolved with each of the two kernels, as
listed in Table 1 and stacked on the cutout stack. Table 2 shows the
values of the Gabor Wavelet kernel with θ = 0. The kernel with
θ = π

2 is the same, just transposed. In our implementation we scale
the kernel down by factor 2π to ensure staying in data type range.

Table 2: Kernel of the Gabor Wavelet with θ = 0.

0.0183 0.0821 0.1353 0.0821 0.0183

-0.0821 -0.3679 -0.6065 -0.3679 -0.0821

0.1353 0.6065 1 0.6065 0.1353

-0.0821 -0.3679 -0.6065 -0.3679 -0.0821

0.0183 0.0821 0.1353 0.0821 0.0183

Setup: We conducted our experiments on a Core i7-4700MQ
mobile CPU. The preprocessing during testing took about 1ms, and
the descriptor calculation by the network also took about 1ms per
line, both on the CPU. The calculation time could be decreased
by integrating the preprocessing directly into the framework of the
network, and running it on a GPU. The training was conducted
on a cluster using one GeForce GTX 1080 where we trained for
about a week. The bottleneck during training was not the graph-
ics card’s performance, but the loading of the data, which could
be accelerated by more prefetching if training time was a concern.
The ResNet we used is similar to the one in [LSS19], it is like
a 10-layer ResNet variant. We achieved the best training results
with batch normalization deactivated. But this also contributed to a
slower convergence. The network with the best results was set to a
descriptor size of 512 Bit. A fixed line length of 100 pixels worked
well during training. In normal usage, the line size does not have
to be fixed, but it is beneficial during training to help the network
converge. Additional explanation is given at the end of Section 2.2.
The EDLine detector’s [AT11] OpenCV [Bra00] implementation
was used for the line detection. To examine our line descriptors
matching performance, we compare it against the results of three
other methods which we will elaborate in more detail now.
LBD: The Line Band Descriptor from Lilian Zhang and Reinhard
Koch [ZK13] is an analytical approach in which they first crop out
a rectangular area which is centered around the line. Then they use
differently parametrized, one dimensional Gaussian filters and con-
volve along the line, with each of them defining a so called Band.
The values of these filtered Bands are then averaged and used to
construct a descriptor. A disadvantage of this method is that struc-
tural information is lost as the values are averaged along the line.
Nevertheless, it outperformed all other methods when it was re-
leased, and, up to today, it is still among the best line descriptors,
and the only one implemented in the OpenCV library [Bra00].
DLD: The Deep Learning Based Line Descriptor for Line Feature
Matching is a method published in 2019 by Lange et al. [LSS19].
Like the LBD it crops out a rectangular area which is centered
around the line. The size of the area was set to the same size as
for the LBD. One goal was to find out if one could do better than

the LBD having the same input and also the same (output) descrip-
tor size. It turned out that a better matching performance can be
achieved by using the DLD.
LLD: The Learnable Line Segment Descriptor for Visual SLAM
from Alexander Vakhitov and Victor Lempitsky [VL19] is also a
machine learning based approach. In contrast to the previously de-
scribed methods their first processing step directly runs the whole
image through the network. They receive a matrix of the same
width and height as the input image, but with a depth of 64 channels
from originally one (gray) image channel. This means that the net-
work calculates some kind of region, or image descriptor. On that
basis, they build line descriptors by splitting each line segment into
multiple segments, calculating a feature vector for each subsegment
using bilinear interpolation, and obtaining the final descriptor by
averaging over the feature vectors. To calculate one large descrip-
tor on the whole image all at once can be faster than processing
one descriptor for each line segment successively, depending on
the number of lines in the image and also depending on the used
hardware. Another advantage of this approach is the possibly large
receptive field it provides for each line feature, with the actual size
depending on the choice of layers. However, one question is how
well the network is able to specify on the feature type of line seg-
ments, when trained that way. Lines have a distinct direction and
also a left and right side. Especially lines that lie on the edge of an
object have one side on the object itself and the other side from the
background. It is unclear if the network will be able to make use of
this information when it receives the lines all at once in one image
and oriented in many different directions. Most of the network’s
layers are convolutional layers which have proven to work well on
images [LB∗95] [LBBH98] [SSP∗03] and can cope with transla-
tions. But rotations are usually more difficult. Also, averaging over
multiple sub feature vectors incorporates the danger of loosing pre-
viously contained structural information.

Figure 2: This plot shows the receiver operating characteristic
curves of our method (WLD), vs the DLD, vs the LBD over all of
the eight labeled Middlebury Images [SHK∗14]. The legend shows
the False Positive Rate (FPR) at the True Positive Rate (TPR) of
95% (dashed line).
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Table 3: Correct first best matches on images of the Middlebury Stereo Dataset (2014) [SHK∗14].

Method
Number of correct first best matches for each scene

Adirondack Backpack Bicycle Classroom Couch Flowers Piano Vintage

WLD (Ours) 280 953 839 427 232 102 329 439

LLD 265 684 723 338 211 90 255 354

DLD 244 539 547 366 217 80 281 313

LBD 203 455 524 307 192 47 240 299

Labeled Matches: 318 1216 944 500 296 143 353 517

3.1. Performance on the Middlebury Stereo Dataset:

We selected eight images from the Middlebury Stereo Dataset
(2014) [SHK∗14] that we found to be interesting and challenging
to benchmark our and other line descriptors’ matching performance
on them. They show different indoor scenes such as a classroom,
or a computer lab, and also rooms with objects like a couch, a pi-
ano or a bicycle. To obtain the ground truth line matches of the
stereo images, we first used the provided depth images and our au-
tomatic matching procedure, which we also used in the training, to
get a set of initial line matches. Then we checked all these matches
and added additional ones by hand. Overall the eight stereo images
contain 4287 line matches.

Figure 2 shows the receiver operating characteristic curves of our
method (WLD) compared to the DLD and the LBD. These result-
ing curves show the characteristic over the eight labeled Middle-
bury Images [SHK∗14]. The closer to the left and the top one curve
is, the better the performance of the method. An advancement of
our WLD is clearly visible.
For methods like SfM, VO, etc. the number of correct first best
matches is especially relevant. For this reason we list the first best
matches of the compared methods for each scene in Table 3. The
numbers indicate the amount of correct first best matches for all the
lines of the left image matched with the lines of the right image. The
bottom row lists the total number of labeled ground truth matches
for each scene. The highest number of correct matches for each
scene is shown in bold. We can see that the LBD is outperformed in
every scene by the other three methods that are all machine learning
based. The DLD approach scores second best in three of the scenes.

The descriptor of Vakhitov and Lempitsky (LLD) yields the second
best number of matches on five of the scenes. Our method outper-
forms all the other methods with the highest number of correct first
matches in all of the eight scenes. While scoring only about 5% bet-
ter than the second best on the Adirondack and the Couch scenes,
relative to the total number of labeled matches, we achieve over
10% more of the possible matches on each of the other six scenes.
Our WLD even matches more than twice as many lines than the
LBD on the Backpack and the Flowers scenes.

3.2. Performance under difficult conditions:

In order to test the methods under difficult, but not unrealistic con-
ditions, we took several photos of different scenarios and addition-
ally augmented some of them to benchmark the methods on them.
The results are shown in Table 4. The Blurring, Noise and Jpeg
Compression scenarios show the same corridor scene which was
augmented using Gimp [GIM] to test how well each of the meth-
ods can cope with blurring, noise and Jpeg compression artifacts
respectively. We can see that the LBD is far behind on all three
scenes. The LLD and DLD perform similarly well with the LLD
doing somewhat better on all three augmented images. Our WLD
achieves the highest number of matches in all three, matching even
more than twice as many lines correctly when the image is aug-
mented by blurring. This is probably due to the wavelets which
are used in multiple scales. The higher scales will be altered by
fewer extent from the blurring as they are already less sharp. The
DLD performs best in the Scale Change scenario. It weights the
near surrounding more than the WLD which seems to be slightly

Table 4: Correct first best matches under difficult conditions.

Method
Number of correct first best matches for each scenario

Blurring Noise Jpeg Com-
pression

Scale
Change

Viewpoint
Change

Rotation Tiles Repeating
Patterns

WLD (Ours) 235 320 342 10 69 106 219 110

LLD 113 203 300 6 33 6 190 77

DLD 99 168 273 12 44 100 210 49

LBD 58 111 194 3 25 81 152 49

Labeled Matches: 351 351 351 35 122 106 219 180
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beneficial here, but the distance is not as large as it is to the LLD
or the LBD. Our WLD matches all lines correctly in the Rotation
scenario with the DLD being close and the LBD gets about four
out of five lines correct. These three approaches make use of the
directional information of lines, whereby they cope well with rota-
tions. For the LLD they appear to be problematic. It is not supplied
with images showing large rotations during training as they focused
on "nearby frames in an input video-sequence" [VL19]. However,
we think that the main reason for the lack of ability to deal with
rotations comes from the point feature alike composition of the de-
scriptor that does not make use of the directional information a line
provides. The Tiles scene mostly shows a floor that is fully tiled.
The intention here was to challenge the approaches with a scene
that contains many similar lines, where making use of the struc-
tural information of the farther surrounding would be necessary to
perform well. Here we can see that our WLD approach matches
all lines correctly. But the other approaches, besides the LBD, also
manage to match most lines correctly. Since this scene did not turn
out to be as challenging as intended, we went outside to take some
images of an Institute Building for a Repeating Patterns scenery.
This scene is full of similarities like similar windows, rainwater
pipes and roof endings. It is more challenging than the Tiles scene
as we can see in the matching results. Our WLD approach was able
to match 110 lines correctly, followed with some distance by the
LLD successfully matching 77 lines. The DLD and the LBD only
manage to score a bit more than a quarter of the labeled matches.
This indicates that it is especially beneficial in scenes with repeat-
ing patterns like the Repeating Patterns scene to incorporate the
farther surroundings as it is done by the LLD and by our WLD. Be-
sides being close to the LBD in the Scale Change scenario, we can
see that overall our WLD can handle difficult scenes better than the
other methods.

4. Conclusion

In this paper we presented a new line feature descriptor which uses
wavelets and machine learning for robust line descriptor matching.
By using a multi-scale scheme, the receptive field around the line
which contributes to the descriptor calculation is quite large. In-
spired by the mammalian visual cortex, we used Gabor wavelets
to preprocess this information in a meaningful way. A ResNet type
neural network is trained to compute the line descriptor using a
triplet loss function. In the results, we compared our method to
other recent line descriptors on varying scenes and under difficult
conditions. It showed that we were not able to improve the results
for the scale change scenario compared to the DLD, on which this
method is build upon. However, we were able to do better than
the DLD and the other methods in all other scenarios, showing
a great improvement on images with blurring, noise, viewpoint
changes and repeating patterns which are typical difficult scenar-
ios for feature matching. The improvement was also apparent on
all of the Middlebury scenes. This proves that using a larger re-
ceptive field combined with Gabor wavelets is quite beneficial for
descriptor based line feature matching. We already know that Ga-
bor Wavelets, as they appear in the mammalian visual cortex, ex-
tract important information for detecting and describing structure
and texture. While convolutional layers could learn this on their
own, it is unknown how much data would be required to achieve

similarly well generalized results. In this work Gabor Wavelets act
like pre-trained filters, which favours convergence and generaliza-
tion. Future work could investigate this further. The project will be
published at: https://github.com/manuellange/WLD
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