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Abstract

A novel algorithm, called semantic line combination de-
tector (SLCD), to find an optimal combination of semantic
lines is proposed in this paper. It processes all lines in each
line combination at once to assess the overall harmony of
the lines. First, we generate various line combinations from
reliable lines. Second, we estimate the score of each line
combination and determine the best one. Experimental re-
sults demonstrate that the proposed SLCD outperforms ex-
isting semantic line detectors on various datasets. More-
over, it is shown that SLCD can be applied effectively to
three vision tasks of vanishing point detection, symmetry
axis detection, and composition-based image retrieval. Our
codes are available at https://github.com/Jinwon-Ko/SLCD.

1. Introduction

A semantic line [15] is defined as a meaningful line sepa-
rating distinct semantic regions in an image. Besides this
unary definition, multiple semantic lines in an image are
supposed to convey the global scene structure properly [13].
It is challenging to detect such semantic lines because they
are often implied by complicated region boundaries. More-
over, they should represent the image composition opti-
mally by dividing it into semantic regions harmoniously.

Semantic lines are essential elements in many vision ap-
plications. For example, a horizon line [14, 30, 34, 40],
which is a specific type of semantic line, can be exploited to
adjust the levelness of an image [15, 29]. A reflection sym-
metry axis [3, 4, 6, 7, 20], which is another type of semantic
line, provides visual cues for object recognition and pattern
analysis. Vanishing points, conveying depth impression in
images, can be estimated by detecting dominant parallel se-
mantic lines in the 3D world [1, 12, 39]. In autonomous
driving systems [13, 26, 36], boundaries of road lanes can
be also described by semantic lines.

Recently, several attempts [9, 12, 13, 15, 35] have been
made to detect semantic lines. These techniques perform
line detection and refinement sequentially. At the detection
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Figure 1. After selecting reliable line candidates, there are two
existing approaches to semantic line detection. The first approach
in (a) focuses on locating a line near a region boundary and elimi-
nating overlapping lines. However, a redundant line still remains,
since this approach does not consider how well a group of detected
lines represents the layout of a scene. The second approach in (b)
takes into account only the pairwise correlation between two lines,
so it may fail to assess the overall harmony of more than two se-
mantic lines. In contrast, in (c), the proposed SLCD generates a
number of line combinations, analyzes all lines in each combina-
tion at once, and then finds the most harmonious combination that
conveys the global scene composition optimally.

stage, they extract deep line features to classify and regress
each line candidate. At the refinement stage, reliable se-
mantic lines are determined by removing redundant lines.
Specifically, to refine line candidates, non-maximum sup-
pression (NMS) is performed in [9, 12, 15], as illustrated
in Figure 1(a). Lee er al. [15] iteratively select the reli-
able line near boundary pixels and remove overlapping lines
with the selected one. Han et al. [9] simplify the NMS pro-
cess by adopting a Hough line space. Jin et al. [12] process
each candidate through comparative ranking and matching.
These techniques, however, do not consider the overall har-
mony among detected lines. To cope with this issue, Jin et
al. [13] estimate the relation score for every pair of detected
lines and then decide harmonious semantic lines via graph
optimization. But, they may yield sub-optimal results, since
only the pairwise relationships between lines are exploited,
as in Figure 1(b).
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Figure 2. Overview of the proposed SLCD algorithm.

In this paper, we propose a novel algorithm, called se-
mantic line combination detector (SLCD), to find an opti-
mal group of semantic lines. It processes all lines in a line
group (or combination) simultaneously, instead of analyz-
ing each pair of lines, to estimate the overall harmony, as
in Figure 1(c). Figure 2 shows an overview of the proposed
SLCD. First, we select reliable lines from line candidates
and then generate a number of line combinations. Second,
we score all line combinations and determine the combina-
tion with the highest score as the optimal group of semantic
lines. To this end, we design two novel modules for seman-
tic feature grouping and compositional feature extraction.
We also introduce a novel loss function to guide the fea-
ture grouping module. Experimental results demonstrate
that SLCD can detect semantic lines reliably on existing
datasets and a new dataset, called compositionally diverse
lines (CDL). Moreover, it is shown that SLCD can be used
effectively in various applications.

This work has the following major contributions:

» SLCD finds an optimal combination of semantic lines by
processing all lines in a line combination at once.

» We construct the CDL dataset containing compositionally
diverse images with implied lines. It will be made pub-
licly available.!

e SLCD outperforms conventional detectors on most
datasets. Also, its effectiveness is demonstrated in three
applications: vanishing point detection, symmetry axis
detection, and composition-based image retrieval.

2. Related Work

Semantic lines, located near the boundaries of different se-
mantic regions, outline the layout and composition of an
image. They play an important role in various vision ap-
plications. Horizons [14, 30, 34, 40] are a specific type
of semantic lines, which can be applied to adjust the lev-
elness of images and improve their aesthetics [15, 29]. In
[1, 12, 39], dominant parallel lines in the 3D world are de-
tected to estimate vanishing points, which convey depth im-
pression on 2D images. Also, in [3, 6, 7, 20], reflection
symmetry axes are identified to analyze the shapes of ob-
jects or patterns. These types of lines can be regarded as

ICDL is available at https://github.com/Jinwon-Ko/SLCD.

highly implied semantic lines. In [13, 26, 36], straight lanes
are detected to aid in vehicle maneuvers in road environ-
ments. Furthermore, semantic lines are essential visual cues
in photographic composition [16, 18]. They direct viewers’
attention and help to compose a visually balanced image.

Several semantic line detectors [9, 12, 13, 15] have been
proposed. They perform in two stages: line detection and
refinement. At the detection stage, deep line features are ex-
tracted to classify and regress each line candidate. At the re-
finement stage, reliable semantic lines are determined by re-
moving irrelevant candidates, based on NMS [9, 12, 15] or
graph optimization [13]. More specifically, Lee et al. [15]
detect reliable lines with classification probabilities higher
than a threshold. They then iteratively select semantic lines
and remove overlapping lines with the selected one, by em-
ploying the edge detector in [31]. Han er al. [9] predict the
probability of each candidate in a Hough parametric space.
They simplify NMS by computing the centroids of con-
nected components in the Hough space. Jin et al. [12] de-
sign two comparators to estimate the priority and similarity
between two lines. Then, they determine the most reliable
lines and eliminate redundant ones alternately through pair-
wise comparisons. However, these techniques [9, 12, 15] do
not consider how well a group of detected lines represents
the global scene structure. To address this issue, Jin et al.
[13] analyze the pairwise harmony of detected lines. They
first estimate a harmony score for a pair of detected lines.
They then construct a complete graph and determine har-
monious semantic lines by finding a maximal weight clique.
Their method, however, may yield sub-optimal results be-
cause it considers only pairwise relationships between lines.
On the contrary, the proposed SLCD finds an optimal com-
bination of semantic lines by analyzing all lines in each
combination simultaneously.

3. Proposed Algorithm

We propose a novel algorithm, called SLCD, to detect
an optimal combination of semantic lines, an overview of
which is in Figure 2. First, we select K reliable lines from
line candidates and then generate a number of line combina-
tions. Second, we score all the line combinations and deter-
mine the combination with the highest score as the optimal
group of semantic lines.
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Figure 3. The architecture of SLCD. CA and FC denote cross-attention and fully connected layers, respectively. The blue, red, yellow, and
green boxes indicate encoding, semantic feature grouping, compositional feature extraction, and score regression, respectively.

3.1. Generating Line Combinations

Initializing line candidates: We generate line candidates,
which are end-to-end straight lines in an image. Each
line candidate is parameterized by polar coordinates in the
Hough space [9]. By quantizing the coordinates uniformly,
we obtain NV line candidates. The default N is 1024.

Filtering line candidates: Given the N line candidates,
there are 2V possible line combinations in total. Since this
number of combinations is unmanageable, we filter out ir-
relevant lines to maintain K reliable ones only. To this end,
we design a simple line detector by modifying S-Net in [13].
Given an image, the detector obtains a convolutional feature
map and extracts line features by aggregating the features of
pixels along each line candidate. Then, it computes the clas-
sification probability and regression offset of each candi-
date. We select the most reliable candidate with the highest
probability and remove overlapping lines with the selected
one. We iterate this process K times to determine K reli-
able lines. The default K is 8. Figure 4 shows examples
of selected reliable lines. Note that, in this filtering, false
negatives occur rarely because the K lines are selected via
NMS even though their classification probabilities are not
high. The architecture of the modified S-Net is described in
detail in the supplemental document.

Generating line combinations: From the K reliable lines,
we generate all 2% line combinations.

3.2. Assessing Line Combinations

When a line combination divides an image insufficiently or
over-segments it into unnecessary parts, it does not describe
the overall structure of the scene properly. On the contrary,
an optimal combination of semantic lines should convey the
image composition reliably and efficiently (i.e. with a small
number of lines). To find the best line combination, we de-
velop the semantic line combination detector (SLCD). Fig-
ure 3 shows the structure of SLCD, which performs encod-
ing, semantic feature grouping, compositional feature ex-

Figure 4. From a set of line candidates, the line detector selects
K reliable lines, depicted in orange. A high recall rate is achieved
because a sufficient number of reliable lines are selected through
NMS. Ground-truth semantic lines in green are in the insets.

traction, and score regression. The detailed architecture of
SLCD is described in the supplemental document.

Encoding: Given an image, we extract multi-scale feature
maps of ResNet50 [11]. Then, we match their spatial res-
olutions via bilinear interpolation and concatenate them in
the channel dimension. We then squeeze the channels us-
ing 2D convolutional layers to obtain an aggregated feature
map F € RIWXC where H, W, and C are the feature
height, the feature width, and the number of channels.

Semantic feature grouping: Semantic lines are located
near the boundaries between distinct regions. For their re-
liable detection, it is desirable to separate different regional
parts more clearly. We hence attempt to group pixel features
into multiple regions through cross-attention [2, 22, 32, 33].
We employ three cross-attention modules.

Let R € RM*C be a learnable matrix representing M
regions, called region query matrix. Then, we convert R
into queries and F' into keys and values by

Ry = RU,, F=(F+8)Us, Fo=(F+8)U, ()
where S € RYWXC denotes the sinusoidal positional en-

coding [28], and U,, Uy, U, € R*® are projection matri-
ces for queries, keys, and values. We then obtain an updated
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Figure 5. Visualization of semantic feature grouping results. The
top row shows input images with ground-truth lines. The bottom
one presents the membership maps, representing the semantic re-
gion that each pixel belongs to.

region query matrix R by

A= softj\r/[nax(RqF,;F /7), R=AF,+R, (2)

where A € RM*HW g the attention matrix with a scaling
factor 7, and the letter A/’ means the softmax operation is
done in the column direction, as in [22, 32, 33]. Then, in
the last cross-attention, we generate a semantic feature map
F, e RH WxcC by

F,=ATR. 3)

Finally, we channel-wise concatenate F' and F to obtain a
combined feature map X € RHWx2C

Note that, in (2), the softmax function is applied along
the query axis. Thus, in A = [py, ps,. .., Paw], each col-
umn p; € RM is a probability vector. Specifically, the mth
element p}" in p; is the probability that pixel 7 belongs to the
mth region query. Figure 5 visualizes membership maps,
computed by

[argmax(pl), argmax(pa), . . ., argmax(pHW)] 4

where each element is the index of the region query that
the corresponding pixel most likely belongs to. We see that
each image is partitioned into M/ meaningful regions. Thus,
F in (3) represents the regional membership of each pixel
and is used to make the feature map X more discriminative.
To produce the attention matrix A reliably, we design a
novel loss function in Section 3.3. The default M is 8.

Compositional feature extraction: For each line combi-
nation, we generate three types of feature maps to extract
a compositional feature map. First, we generate a binary
mask B € REW for each line combination. Each element
in B is 1 if the corresponding pixel belongs to any line in
the combination, and 0 otherwise. Then, we decompose the
combined feature into a line feature map X; and a region
feature map X, by

Xi=X®B, X,=X&(1-B), )

where ® is the element-wise multiplication. In other words,
X, € RFWX2C ¢ontains contextual information for the line
pixels only, whereas X, € R¥Wx2C does for the pixels
strictly inside the regions divided by the lines.

L= [Ly, Ly, Ls]

1

(b) (©)

Figure 6. Illustration of the line collection map generation when
K = 3: (a) reliable lines, (b) line combinations, and (c) line col-
lection maps.

Moreover, we generate a line collection map L =
[Ly,La,...,Lg] € RIWVXE where L, € RV is a
ternary mask for the kth reliable line, as illustrated in Fig-
ure 6. If the kth reliable line does not belong to the line
combination, all elements in L; are set to 0. Otherwise,
each value in Ly is set to either 1 or —1 to indicate where
the corresponding pixel is located between the two parts di-
vided by the kth reliable line. In other words, L; informs
how the kth line splits the image into two regions. We then
produce a positional feature map P € RW*2C by apply-
ing a series of fully connected layers to L. Then, we yield a
compositional feature map Z € R7W*6C py

Z = [XlaX'mP]y (6)

which contains information about how the lines in the com-
bination separate the image into multiple parts.

Score regression: Lastly, using a regressor, we estimate
a composition score for each line combination. Then, we
declare the line combination with the highest score as the
optimal group of semantic lines. The regressor takes the
compositional feature map Z in (6) as input and predicts a
composition score s within [0, 1]. It is implemented using
a bilinear interpolation layer and a series of 2D convolution
layers and fully connected layers with the ReLU activation.

3.3. Loss Functions

To train SLCD, we design two loss functions.

Semantic region separation loss: When two pixels ¢ and
7 are located in distinct regions, they should be assigned to
different region queries. In other words, their probability
vectors p; and p; in the attention matrix A should be far
from each other. Let X and Y be the two regions divided
by a ground-truth line. Their probability vectors are defined

as
1 1
Px=721% py=7ZPjy )
X =

which should be also far from each other, for the ground-
truth line divides the image into two semantic regions.

To measure the distance between probability vectors, we

adopt the Kullback-Leibler divergence (KLD) [5]. Then,
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Figure 7. The proposed CDL dataset contains 9,100 images in
seven composition classes: Horizontal, Vertical, Diagonal, Trian-
gle, Symmetric, Low, and Front. The ground-truth semantic lines
are depicted in green.

we define the semantic region segmentation (SRS) loss, by
employing all ground-truth lines, as

T

Lsrs = — Y [Dpx|pvi) + D(pvillpx,)]  ®
=1

where D denotes the KLD, px, and py, are the regions
divided by the [th ground-truth line, and 7" is the number of
ground-truth lines. Both D(px, || py,) and D(py; || px;)
are computed because D is not commutative. With Lggrs,
it is possible to roughly segment an image into meaningful
parts, as illustrated in Figure 5, even though no ground-truth
labels for semantic segmentation are used for training.

Regression loss: We also design a loss for regressing the
composition score of each line combination. To this end,
we employ the HloU metric [13] that quantifies the struc-
tural layout of a line combination. Let ¢ and c¢* denote a
line combination and the ground-truth combination, respec-
tively. We compute the HIoU between c and c¢* and use
it as the ground-truth composition score 5 of c. Then, the
regression loss is defined as

Lieg = (s — 3)* ©)

where s is the predicted score of c. To reduce L., effec-
tively, a ranking loss L,k is also employed as in [17].

4. Experimental Results
4.1. Implementation Details

We adopt ResNet50 [11] as the encoder of the proposed
SLCD. We use the AdamW optimizer [19] with a learning
rate 1074, a weight decay of 1074, v = 0.5, 31 = 0.9,
and B2 = 0.999. We use a batch size of two for 400,000
iterations. Training images are resized to 480 x 480 and
augmented by random horizontal flipping. We fix the num-
ber of line candidates, reliable lines, and region queries to
N = 1024, K = 8, and M = 8, respectively. We set
H =60, W =60, and C' = 96.

Table I. Comparison of the HIoU scores (%) on the SEL,
SEL_Hard, NKL, and CDL datasets.

SEL SEL_Hard NKL CDL
SLNet [15] 77.87 59.71 65.49 57.78
DHT [9] 79.62 63.39 69.08 63.24
DRM [12] 80.23 68.83 67.42 63.96
HSLD [13] 81.03 65.99 74.29 64.98
Proposed 84.09 68.15 76.21 68.85

4.2. Datasets

SEL [15]: It is the first dataset for semantic line detection.
It contains 1,750 images, which are split into 1,575 train-
ing and 175 test images. Each semantic line is annotated
by the coordinates of two endpoints on an image boundary.
In SEL, most images are high-quality landscapes, in which
semantic lines are often obvious.

SEL_Hard [12]: It contains 300 test images only, selected
from the ADE20K segmentation dataset [37]. It is challeng-
ing because of cluttered scenes or occluded objects.

NKL [35]: It is a relatively large dataset of 5,200 training
and 1,300 testing images. It includes both indoor and out-
door scenes.

CDL: We construct CDL to contain 7,100 scenes with di-
verse contents and compositions. It is split into 6,390 train-
ing and 710 test images. As in Figure 7, the images are cat-
egorized into seven composition classes: Horizontal, Ver-
tical, Diagonal, Triangle, Symmetric, Low, and Front. In
Low and Front, humans and animals are essential parts of
the image composition. In the other classes, most images
are outdoor ones, as in the other datasets. To construct CDL,
semantic lines were manually annotated in about 200 man-
hours. More examples and the annotation process are pro-
vided in the supplemental document.

4.3. Metrics

As mentioned earlier, the harmony of detected lines is more
important than individual lines in semantic line detection.
Therefore, the main paper discusses only HIoU perfor-
mances. The precision, recall, and f-measure results, which
are metrics used in previous work, are compared in the sup-
plemental document.

HIoU: An optimal group of semantic lines conveys a har-
monious impression about the composition of an image.
To assess the overall harmony of detection results, we use
the HIoU metric [13]. It measures the consistency be-
tween the division of an image by detected lines and that
by the ground truth. Let S = {s1,s2,...,sn} and T =
{t1,ta,...,tp} be the regions divided by the detected lines
and the ground-truth lines, respectively. Then, HIoU is
computed as

?7:1 maxy loU(s; atk>+Z§i1 maxy IoU(t;,s%)

HIoU = = Shp>

10)
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Figure 8. Comparison of detected semantic lines. From the left, two images are selected from each of the SEL, SEL_Hard, NKL, and CDL

datasets.

Specifically, for each s;, the most overlapping region
is chosen and the intersection-over-union (IoU) is calcu-
lated. This is performed similarly for each Z;. Then, the
HIoU score is given by the average of these bi-directionally
matching loUs.

4.4. Comparative Assessment

Table 1 compares the HloU scores of the proposed SLCD
with those of the existing detectors [9, 12, 13, 15] on the
SEL, SEL_Hard, NKL, and CDL datasets. Also, Figure 8
compares detection results qualitatively. The existing de-
tectors miss correct lines or fail to remove redundant lines,
yielding sub-optimal results. In contrast, SLCD detects se-
mantic lines more precisely and represents the composition
more reliably than the existing detectors do. More detection
results are available in the supplemental document.

Comparison on SEL: In Table 1, SLCD outperforms the
existing detectors on SEL. Compared with the second-best
HSLD, SLCD yields a wide HIoU margin of 3.06. This in-
dicates that SLCD finds an optimal group of semantic lines
more effectively by processing all lines in each combina-
tion simultaneously, instead of performing pairwise com-
parisons in HSLD.

Comparison on SEL_Hard: As done in [12], we conduct
experiments on SEL_Hard using the networks trained on the
SEL dataset. In Table I, SLCD ranks 2nd on SEL_Hard.
DRM provides a better result than SLCD, but it demands

Table 2. Comparison of the HloU scores (%) on the CDL dataset
according to the number M of region queries.

M 4 8 16 32
HloU 66.43 68.85 68.11 67.07

M=4 M=8

M =16 M =32

Figure 9. Visualization of the membership maps according to M.

much higher complexity, as will be discussed in Section 4.5.

Comparison on NKL: SLCD surpasses all existing detec-
tors. For example, its HIoU score is 1.92 points higher than
the second-best HSLD.

Comparison on CDL: Table 1 also lists HIoU scores on
the proposed CDL dataset. For a fair comparison, we train
the existing detectors on CDL using their publicly available
source codes. We see that SLCD outperforms all existing
detectors on CDL as well. SLNet, DHT, and DRM yield
poor results because they do not consider the overall har-
mony of detected lines. HSLD is better than these detec-
tors but is inferior to the proposed SLCD. We compare and
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Table 3. Comparison of the HIoU scores (%) on the CDL dataset
according to the usage of the SRS loss Lsgrs.

w/o Lsrs Proposed
HloU 66.71 68.85

Table 4. Ablation studies for the compositional feature extraction
on the CDL dataset.

Line Region  Positional HIoU
I v 65.12
I v 65.74
111 v v 66.37
v v v v 68.85

discuss the detection results according to the composition
classes in the supplemental document.

4.5. Analysis

‘We conduct several ablation studies to analyze each compo-
nent of the proposed SLCD.

The number of M: Table 2 lists the HIoU performances
on the CDL dataset, according to the number M of region
queries. At the default M/ = 8, SLCD achieves the best
performance. When M is smaller or bigger than 8, the per-
formance degrades due to under- or over-segmentation of
semantic parts, respectively, as shown in Figure 9.

Efficacy of Lsrs: In Table 3, if the proposed SRS loss
Lsrs in (8) is excluded from the training, the performance
drops by 2.14 points. It means that the composition analysis
based on the SRS loss is essential for finding optimal line
combinations.

Efficacy of compositional feature extraction: SLCD ex-
tracts the compositional feature map Z for each line com-
bination, by processing the line feature map X, the region
feature map X, and the positional feature map P in (6). In
Table 4, Method I uses the line feature map only, while II
uses the region feature map only. Method III utilizes both
feature maps. Method IV, which is the proposed SLCD,
uses all three maps.

Method I yields the worst result, for it uses only the con-
textual information near line pixels. Method II is slightly
better than Method I, by exploiting the regional informa-
tion. Using both line and region feature maps, III provides
a better result. Moreover, IV further improves the perfor-
mance significantly by utilizing the positional feature map.
This is because the overall harmony is estimated more ef-
fectively, by combining the line structures in the positional
feature map with scene contexts.

Runtime: Table 5 compares the runtimes of SLCD and
the existing detectors in seconds per frame (spf). We use
a PC with AMD Ryzen 9 3900X CPU and NVIDIA RTX
2080 GPU. The proposed SLCD takes 0.114spf, adding

Table 5. Runtime comparison of the proposed SLCD and the ex-
isting detectors. The processing times are reported in seconds per
frame (spf).

SLNet [15] DHT [9] DRM [12] HSLD[13] Proposed
0.136 0.033 0.952 0.046 0.114

Table 6. Comparison of the AA scores (%) of VP detection.

AA1° AA2° AA10°
Zhou et al. [39] 18.5 33.0 60.0
Jin et al. [12] 8.6 22.9 68.3
Proposed 16.6 36.9 78.3

Figure 10. Detected dominant parallel lines and their intersections
are depicted by yellow lines and green triangles, respectively. The
ground-truth VPs are depicted by red dots.

up 0.030spf and 0.074spf for generating and assessing line
combinations, respectively. DHT is the fastest detector, but
it is inferior to SLCD on all datasets. On the other hand,
even though DRM performs better on SEL_Hard, it is about
8.4 times slower than SLCD.

5. Applications

We apply the proposed SLCD to three vision tasks: domi-
nant vanishing point detection, reflection symmetry axis de-
tection, and composition-based image retrieval. Note that
the first two tasks were considered in [12]. Due to the page
limit, more details and results are described in the supple-
mental document.

5.1. Dominant Vanishing Point Detection

A vanishing point (VP) facilitates understanding of the 3D
geometric structure. We apply the proposed SLCD to de-
tect dominant VPs, by identifying vanishing lines. We use
the AVA landscape dataset [39], in which two dominant par-
allel lines are annotated for each image. To detect a domi-
nant VP, we generate line combinations containing two lines
only. We then find the best combination, whose intersect-
ing point is declared as a VP. Table 6 compares this VP
detection scheme with the existing line-based VP detectors
in [12, 39]. The angle accuracies (AAs) [38] are compared.
We see that SLCD is better than the existing detectors, ex-
cept that its AA1° score is lower than that of Zhou et al.
[39]. Figure 10 shows some VP detection results.
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Table 7. Comparison of the AUC_A scores (%) of symmetry axis
detection.

ccv NYU SYM_Hard
Cicconet ef al. [3] 80.80 82.85 68.99
Elawady et al. [6] 87.24 83.83 73.90
Cicconet er al. [4] 87.38 87.64 81.04
Loy & Eklundh [20] 89.77 90.85 81.99
Jin et al. [12] 90.60 92.78 84.73
Proposed 93.15 93.51 88.03

Figure 11. Symmetry axis detection results. In the top row, the
ground-truth and predicted axes are depicted by dashed red and
solid yellow lines, respectively. The membership maps are also
visualized in the bottom row.

5.2. Reflection Symmetry Axis Detection

Reflection symmetry is a visual cue for analyzing object
shapes and patterns. Its detection is challenging because
the symmetry is only implicit in many cases. We test the
proposed SLCD on three datasets: ICCV [7], NYU [4],
and SYM_Hard [12]. In these datasets, each image con-
tains a single reflection symmetry axis. Thus, in the pro-
posed SLCD, each of the K reliable lines is regarded as
a line combination. Table 7 compares the AUC_A scores
[15] of the proposed SLCD and the conventional techniques
[3, 4, 6, 12, 20]. SLCD outperforms all these techniques
on all datasets. Figure 11 shows some detection results to-
gether with the membership maps. We see that regional
parts are symmetrically divided along implied axes, en-
abling SLCD to identify those axes effectively.

5.3. Composition-Based Image Retrieval

Existing image retrieval techniques focus on the visual con-
tents of a query image to find similar images in a database
[8, 21, 24, 25]. In this work, however, we attempt to dis-
cover images with similar compositions to a query image,
i.e. composition-based image retrieval.

We test the proposed SLCD on the Oxford 5k and Paris
6k retrieval dataset [23]. We first detect semantic lines in
every image, while storing the positional feature map P in
(6). We filter out some images whose composition scores
are lower than a threshold since a low score indicates a low-
quality image with inharmonious composition in general.
Then, for a randomly selected query image, we compute the
{y-distances between the positional feature maps P of the
query and the remaining images. We determine the images
with the smallest distances as retrieval results.

Figure 12 shows the top-4 retrieval results for four query
images. We see that SLCD returns structurally similar im-

® Cluster 1
® Cluster 6

® Cluster 2 ® Cluster 3 ® Cluster 4

© Cluster 9

® Cluster 5

® Cluster 7 ® Cluster 8 ® Cluster 10

Figure 13. t-SNE visualization [27] of the feature space for the
Oxford 5k and Paris 6k dataset [23].

ages to the queries. This means that the positional feature
maps P, containing the structural information of semantic
lines, can be used to compute the compositional differences.
Based on this observation, we perform data clustering by
employing k-means [10] on the feature space of P. Fig-
ure 13 is t-SNE visualization [27] of the clustering results.
The nine images nearest to each centroid are also shown.
Note that images with similar composition are grouped into
the same cluster, confirming the efficacy of SLCD in the
compositional analysis of images.

6. Conclusions

We proposed a novel semantic line detector, SLCD, which
processes a combination of lines at once to estimate the
overall harmony reliably. We first generated all possible
line combinations from reliable lines. Then, we estimated
the score of each line combination and determined the best
combination. Experimental results demonstrated that the
proposed SLCD can detect semantic lines reliably on exist-
ing datasets, as well as on the new dataset CDL. Further-
more, SLCD can be successfully used in vanishing point
detection, symmetry axis detection, and image retrieval.
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