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Abstract: The goal of the optimal viewpoint path estimation is to generate a path to the optimal viewpoint location where
the robot can best see the Point of Interest (POI). There are several learning-based methods to find an optimal viewpoint,
but these methods are limited to a specific object POI and it is necessary to newly learn in a situation where a new POI
is added, and not robust to the environment changes. In this paper, we propose an algorithm that generates a path to the
optimal viewpoint by using the geometrical features of the environment in the situation where the target POI is in the field
of view. This method makes it easy to add new POIs and is robust to environmental changes because it uses semantic
and geometric information. We assume that the robot can make a simple estimation of the geometric characteristics of
the surrounding environment by using pretrained networks or by using sensor values. We collected the Kwanjeong street
dataset for testing our algorithm. In this dataset, the distance accuracy of our method to reach the optimal viewpoint of

the POI achieved 81.8% and 70.9% for template matching accuracy.
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1. INTRODUCTION

Robot localization in a lost situation is an important
problem in the long-horizon visual navigation problem
that needs to travel a very long path [2, 5, 11]. Since
there are localization errors in a robot, if a robot gets lost
while navigating in the absence of GPS, the robot navi-
gates to nearby places to find a known point of interest
(POI) to update its position. In this stray situation, it is
better to find a POI which should exist nearby. There-
fore, to reduce the localization uncertainty of a robot, the
robot finds an optimal viewpoint of a POI where the POI
is best viewed. Even though there are several learning-
based methods [3, 710, 13] to find an optimal viewpoint,
these methods are limited to a specific object POI and it is
necessary to newly learn in a situation where a new POI
is added, and not robust to the environment changes.

In this paper, we propose a method to generate a path
toward an optimal point where the POI to be searched is
best viewed using geometric information about the sur-
roundings. Semantic information is extracted using pre-
trained depth estimation, surface normal estimation, and
text detection networks, which helps to determine the ge-
ometry around the robot and create a suitable path to get
to the optimal viewpoint. As shown in Figure 1, path
generation consists of three steps. First, the POI is cen-
tered in the image to obtain accurate semantic informa-
tion. Here, the rotation angle of the robot is calculated
using depth information. Second, the most suitable text
proposal is selected through matching text proposals and
a template of the POI. Comparing the size of the POI and
the whole image, the distance for the optimal viewpoint
from a POI is calculated. Lastly, using the fact that the
optimal viewpoint is in front of the POI, a path to the op-
timal viewpoint is created. In summary, we use all steps to
create command as follows: “Turn 30° to the right, then
move 7m in the direction of 30°, and turn 80° to the left.”

Generated Command

1. Rotate 30° for POI centralization
2. Go straight 5m in the direction of 15°

3. Turn left by 60°

Fig. 1: Example output of our optimal viewpoint path
estimation algorithm. When the upper image came in,
our algorithm firstly finds the target (Sign of Lotteria)
and makes a robot to rotate. Secondly, it finds an optimal
viewpoint, where the target is most visible, and move to
the optimal viewpoint.

Then the robot moves according to this command (see
Figure 1).

To test our algorithm, we collected the Kwanjeong
street dataset, which consists of 44x7x12 images of
30 degrees at each grid node. As a result, our algo-
rithm shows the distance accuracy of 81.8% and template
matching accuracy of 70.9% on the Kwanjeong dataset.

2. RELATED WORK

The problem of optimal viewpoint path estimation is
related to various tasks, e.g., visual navigation and active
viewpoint estimation. Below, we briefly introduce repre-
sentative methods.

There are many papers in visual navigation tasks [2,5].
[2] generates topological graph for each location and con-
nect the relationship between nodes to transfer informa-
tion about the location to other locations. [5] uses Trans-
former [12] for effectively following a path.
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Fig. 2: Output of the sub-algorithms in optimal viewpoint
path estimation. (a) Original image, (b) Depth estimation,
(¢) Text estimation, (d) Surface normal estimation.

In active viewpoint estimation, the key problem to
tackle is occlusion of the target objects [3, 13]. For reduc-
ing occlusion, [3] finds an optimal viewpoint of an object
by constructing a 3d object. Although [3] works well, it
did not generate a path for the object. The most similar
work with ours is [13], which learns to move to reduce
the occlusion of the target object. These researches all
used learning techniques and tested only on the simulator,
while our work use pretrained visual geometric knowl-
edge for environment-robust optimal viewpoint path esti-
mation and tested on the real-world.

3. PROPOSED APPROACH
3.1 Sub-Algorithms

The proposed optimal viewpoint path estimation algo-
rithm uses four sub-algorithms (depth estimation, surface
normal estimation, text detection, and template match-
ing). Since sub-algorithms are important for the perfor-
mance of our algorithm, the sub-algorithms are explained
in detail. The result of the sub-algorithm can be seen in
Figure 2.

3.1.1 Depth estimation

For depth estimation, we used pretrained Taskon-
omy [14]. The output of the algorithm gives a value from
0 to 1. If the closer it gets to 0, the farther it gets 1. In
order to transform this value to the meter, we used the
distance correction value M, which is multiplied to the
depth estimation value (M = 19.2).

3.1.2 Surface normal estimation

We used pretrained Taskonomy [14] for surface nor-
mal estimation. The output of the estimation is from -1 to
1 with a 3-dimensional vector. Because it was trained in
an indoor environment, there are some errors in the out-
door environment, such as the environment we tested.

3.1.3 Text detection

The CRAFT [1] was used for text detection. This algo-
rithm is the best performing text detection algorithm that
is currently open-source. When we tested the CRAFT al-
gorithm [1], the algorithm is the best working when the

POI POI

B Robot Robot B
(a) Case 1 (b) Case 2
Center Center
POI POI
, L .
Robot B B Robot
(c) Case 3 (d) Case 4

Center

] -

Robot B B Robot
(e) Case 5 (f) Case 6

Fig. 3: Six arrangements of a POI and a robot. (a) Case 1:
PB > CR and POI on the right side, (b) Case 2: PB >
CR and POI on the left side, (c) Case 3: PB < CR,
POI on the right side, and ZCPR < 90°, (d) Case 4:
PB < CR, POI on the left side, and ZCPR < 90°, (e)
Case 5: PB < CR, POI on the right side, and Z/CPR >
90°, (f) Case 6: PB < CR, POI on the left side, and
ZCPR > 90°.

size of the text is within a certain distance. Therefore, in
order to better detect a small text, which is located far
away, we use multi-scale images as input. Then the out-
put text boxes are collected to detect multi-scale text de-
tection.

3.1.4 Template matching

Template matching is used to find the target POI. Here,
the template of the POI is an object image taken from
various angles. After resizing the template and the text
box to be tested to a size of 224x224, we calculate a co-
sine similarity of two images using the last feature point
of the ResNet18 [0] pretrained with ImageNet [4]. After
measuring the cosine similarity between the template of
the POI and the detected text detection box, we extract
the template with the highest value. If the similarity score
is 0.5 or higher, the text box is considered as the POL

3.2 Optimal Viewpoint Path Estimation

In order to estimate the optimal viewpoint, we divided
the problem into six cases using the relative position of a
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Fig. 4: The three steps of the optimal viewpoint path estimation. (a) A robot makes the POI into the center of the image by
rotating as an amount of 6,.. (b) Using the height of the POI and the surface normal vector of the POI plane, the location
of the target is estimated. (¢) Using the geometric information from the sensor, calculate the path to reach the optimal

viewpoint (6;1, D, and ;- are the path parameters).

POI and a center from a robot (see Figure 3). Since the
cases mostly affect to the rotation direction of a robot,
we only explain a single case of Figure 3(c) where the
plane of a POI is located on the left side of a robot, the
POI is on the right side of the screen, and the distance
to a center is shorter than the distance to a POI from a
robot. We will notice if there is a change in the equation
for each case. As shown in Figure 4, the process of the
optimal viewpoint path estimation is composed of three
steps: (1) POI centralization, (2) Target estimation, and
(3) Path estimation.

3.2.1 POI centralization

Firstly, we centralize the POI to the camera center for
better geometric estimation from the visual input. The
robot extracts the multiple text boxes and compares the
boxes with the POI templates to select the most similar
text box with the target POI. Then, surface normals corre-
sponding to the text box are extracted and then averaged
to obtain an accurate surface normal vector of the POI.
We do the same for the image center.

To centralize the POI, we calculate the rotation an-
gle between the camera center and the POI (0, in Fig-
ure 4(a)). By measuring the depth of the POI (P) and the
center (C) from the camera plane, we can calculate the
PB and CR. Then, the angle between the surface nor-
mal of the plane containing the POI and the camera plane
surface normal is the ZPCR. Using CR, PB, /PCR,
we can calculate 0,.:

6,  tan-1 (CRZPB)tan (LPCR)
PB

The robot rotates by the 6,. for making the robots’ cen-
ter align with the POL

3.2.2 Target estimation

Target estimation refers to the process of estimating
where the target which is the optimal viewpoint of a POL
The optimal viewpoint is located on the surface normal
line of the POI (PE in Figure 4(b)). Since the POI is not
easily visible when it is too close or too far from POI,

the target with a proper distance was set as the target.
The proper distance is defined by using the ratio of the
height of the POI in the image and the total image height.
We used the height because the width of the POI can be
changed according to the angle change of a robot, but the
height is directly proportional to the distance between a
robot and a POL.

Note that even though the center of the robot be-
comes closer to the POI, the center and the POI cannot
be aligned perfectly because of the localization error of a
robot. As can be seen in Figure 4(b), the distance between
the center and the POl is not zero. In this situation, the po-
sition of the POl is estimated using the template matching
and the surface normal (ﬁ) and the depth (PB) of the
POI, and the depth of the center (C'R) is estimated. As in
the POI centralization, the angle (£LE P B) between the
surface normal vector of the plane to which the POI be-
longs and the surface normal vector of the robot camera
can be obtained.

Then, the height of the POI is calculated, and the ratio
(\) between the height of the POI and the height of the
current image is calculated. P7”, which is the most suit-
able distance for viewing a POI, is calculated as follows
(Figure 4 (b)):

PT" = PR- /7 ors @)

where PR = \/ﬁ2 + ((PB - CR)/tan (LEPB))".
Aor 18 an optimal ratio of a POI’s height and an image
height. Since PT” = PT, calculating the point which
has the distance P1" on the surface normal vector (PE)
of a POI, we can estimate the target position.

3.2.3 Path estimation

After finding the target location, the robot generates
the path to approach a target viewpoint. The robot firstly
rotate left as 6;; and move forward D meters, and then
rotate right as 6y to reach the optimal viewpoint for a
POI (see Figure 4 (c)). For this, the robot calculates the
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node has 12 images at 30°intervals. The right bottom point is

Table 1: Distance accuracy and Template matching accuracy for each target POI in the Kwanjeong Dataset.

Frangcors Fancy

CU Hugh Gimbap Lotteria Paris Baguette Cafe Pascucci Lotte Tour mean ACC

Distance Accuracy 85.8 93.6 89.6
Template matching accuracy 97.2 98.8 36.0
ZPRB:
PB —— PB-CR
ZPRB =tan"' —, where RB= —— .
o gp Ve tan (LTPA)
3)

Since APRB is a right triangle, /ZRPB = /2 —
ZPRB. Using this, we can calculate the ZRPT. There
is a difference while calculating ZRPT for each cases.
For case 1 and 2,

/RPT =7/2— /PRB + /TPA, 4)
and for other cases,

/RPT =7/2— /PRB — /TPA. (5)

Since TF = PF sin(LZRPT) = (PR - PT
cos (LRPT)) tan (LPRT),

PTsin (LRPT)
PR — PTcos (/RPT)

/PRT = tan! (6)

We calculate the 6;;, D = RT, and 6,5 using eq (3),
eq (4), eq (5), and eq (6):
0y = ZCRT =n/2 — Z/PRB+ ZPRT,
PT
02 = LRPT + /PRT.

D =sin (LZRPT) (7

In summary, (1) the robot is rotated by 6, to central-
ize the POI. (2) The target viewpoint point is calculated
using the height of the POI on the image and the surface
normal of the POL. (3) Then, we tackled the problem of
generating the optimal viewpoint path by calculating 61,
D, and 6;5. For the case 1, 4, and 5, the 64 is positive
(turn left) and 6,5 is negative (turn right).For other cases,
01 is negative (turn right) and 6;5 is positive (turn left).

784 68.2 82.0 753 81.8
63.5 79.3 91.2 316 70.9
4. EXPERIMENTS

4.1 Kwanjeong Street Dataset

To test the optimal viewpoint path estimation algo-
rithm, we collect a total of 3696 images from the street
next to the Seoul National University Library (Kwan-
jeong street dataset). There are 44 horizontal and 7 verti-
cal nodes at 1.2m intervals (see Figure 5). At each node,
12 images are collected at 30° intervals at each node be-
cause it is important to move at an accurate angle to esti-
mate the optimal viewpoint. The original size of the im-
age is 6000 x 3376 (width x height) and there are a to-
tal of seven POIs (Frangcors Fancy, CU, Hugh Gimbap,
Lotteria, Paris Baguette, Cafe Pascucci, Lotte Tour) in
the Kwanjeong street dataset. Optimal viewpoints of the
POIs are labeled as positive when the POI has a height of
10% of the total image height and the POI is in the right
front. Then, we estimate the height of the POIs in the op-
timal viewpoint to use it as \,,.. The test set consists of
1679 pairs of a starting point and a target POI. Even if
only a small portion of the target POI is visible, it is in-
cluded in the test set. Since the POI candidates cannot be
obtained when text is not detected from the starting point,
these are not included in the test set.

4.2 Performance Analysis

We made two measures to calculate the accuracy of
our proposed optimal viewpoint algorithm. Firstly, a dis-
tance accuracy is defined that the robot is well reached
an optimal viewpoint of a POI when the final position is
within 5m of the target POI and the viewpoint angle is
within 60 degrees from the optimal viewpoint angle. We
averaged the matching accuracy over each POI (see Ta-
ble 1). Since our method is to reduce the uncertainty of
the POI measurement, the second one measures how ac-
curate the template matching result of the final point is.
If the template matching accuracy is 1 when the template
matching result is 0.5 or higher (Table 1).

As a result, the distance accuracy was 81.8%, and
the template matching accuracy was 71.3%. The Paris
Baguette shows the lowest distance accuracy (68.2%), be-
cause of the poor template matching. Although there was
no ground truth box of POI for each image, it was not



Table 2: Ablation study on three key components in our algorithm for each target POI in the Kwanjeong Dataset.

Centralization Rotation Translation Frangcors Fancy CU  Hugh Gimbap Lotteria Paris Baguette Cafe Pascucci Lotte Tour mean dist. ACC

X 81.0 91.2 88.4 79.5 68.5 79.0 74.7 80.3
X 76.8 90.7 82.9 60.3 53.9 69.5 51.9 69.3

X 46.0 71.5 65.9 35.2 37.2 42.6 44.3 49.0

85.8 93.6 89.6 78.4 68.2 82.0 753 81.8

quantitatively evaluated, but after visualizing the failure
cases, we discover that it failed to match the template and
found a wrong bounding box. It means that our algorithm
can be improved by a better template matching algorithm.

4.3 Ablation Study

We measured the impact of three key elements of the
algorithm on distance accuracy. First, we measured how
much the POI centralization affects performance. Addi-
tionally, we show how much the distance accuracy dete-
riorates when the robot is not translated or rotated (see
Table 2).

As aresult, POI centralization caused an improvement
in distance accuracy by 1.5%, and rotation increased ac-
curacy by 12.5%, and translation increased accuracy by
32.8%. Therefore, translation is the most important com-
ponent for optimal viewpoint path estimation. The POI
centralization did not affect much on the distance accu-
racy since we design a path based on unaligned cases for
the robustness of our algorithm.

4.4 Qualitative Results

For qualitative results, we choose six examples with
different POIs. The left column is images from the start-
ing point, and the right column is the images taken from
the estimated optimal viewpoint (Figure 6). The POI is
written on the bottom right of each starting point image,
and the guidance command is written on the right of the
paired images. In almost all examples, we can see the
robot has reached the POI quite close. If the POI which is
located too far cannot be reached, as in the third example.
The problem is occurred because of the inaccurate depth
prediction algorithm, which gives a depth value between
0 and 1. This problem seems to be tackled by using a
depth sensor to the robot and using it as an actual value.

S. CONCLUSION

In this paper, we proposed an algorithm for generat-
ing a path for finding an optimal viewpoint of a target
POL. This algorithm geometrically calculates the param-
eters for generating a path. The geometric information is
extracted from pretrained deep learning networks, which
consists of depth, surface normal, text detection, template
matching algorithms. By dividing six cases of geometric
structures, we efficiently tackle the problem.

Additionally, we collected the Kwanjeong dataset
which has thousands of data nodes and images for algo-
rithm evaluation. Even though the dataset has a hard oc-
clusion of target POISs at the starting point, our algorithm
shows 81.8% of distance accuracy and 70.9% of template
matching accuracy. It means that our optimal viewpoint
finding algorithm can effectively reduce the uncertainty

in POI detection while visual navigation.
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1. POl is in center
2. Go straight 7.6m in the direction of right 8°
3. Turn left by 33°

Fig. 6: Results of the our optimal viewpoint path estimation. The left column shows the images from the starting point
and the right column shows the images from the estimated optimal viewpoint. We wrote the generated guidance sentences
next to the paired images.
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