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Abstract—For the purpose of performing robotic assembly
from a novel graphical instruction, this paper proposes a
new method for aligning assembly parts based on the visual
information guided by the image in a graphical instruction
manual. Our proposed method comprises two phases: We first
detect an assembly part drawn in the instruction manual and
then estimate its relative pose among multiple assembly parts to
be assembled. For the detection of assembly parts, we build the
matching algorithm based on fast-directional chamfer matching
(FDCM) by utilizing multiple images of actual assembly parts
captured from multiple angles. For the relative pose estimation,
we collect the poses of the identified parts and match them
with the assembly scenes in the graphical instruction manuals.
We conducted collaborative assembly experiments between a
human and a robot for a set of furniture parts. We confirmed
that the captured images matched the graphics contained in
the assembly manual well. In addition, we confirm that, with
the help of a human, a robot can efficiently assemble furniture
with a novel instruction manual.

I. INTRODUCTION

In recent years, as the lifecycle of products has become
shorter, manufacturing processes have begun to change;
instead of mass-producing a single product, there is a shift
towards mixed small-batch production. However, high-mix
and low-volume manufacturing currently heavily relies on
human labor. To enable robots to carry out such manufac-
turing tasks without the need for detailed task descriptions,
robots must be able to automatically understand the details of
the task and complete it based on simple or vague knowledge
instructions. Written, oral, and graphical instructions are the
most common types of task instructions widely used by
humans. To adopt these types of task instructions on robots, it
is necessary for robots to understand the meaning of abstract
instructions and convert them into a form that robots can
execute.

Among such task instructions, we focus on graphical
instruction, which we commonly use to assemble furniture
like IKEA [1] and NITORI [2]. So far, we have proposed an
assembly task planning from a graphical instruction manual
in which we complement the lacking information in the
manual for a robot by building the ATSG (Assembly Task
Sequence Graph) expressing a possible sequence of assembly
task [3]. However, we have used the object recognition
models trained by using the same instruction image from
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Workflow of our proposed method

the same perspectives; this significantly limited the imple-
mentation of the assembly to novel instruction manuals.

In this paper, we propose a vision-based robotic assembly
method from novel instruction manuals where our method
does not use any prior information on the objects” 3D shapes
for recognition. The overview of our proposed method is
shown in Fig.1. Our proposed method realizes the assembly
task by comparing the real image of the assembly parts with
the image drawn in the instruction manual, just as a human
does when he/she buys new furniture. Our proposed method
comprises two phases: assembly part detection by matching
the actual assembly part with its image in the instruction
manual and relative pose estimation among multiple assem-
bly parts by referring to the image drawn in the instruction
manual.

For assembly part detection, we first extract the part
images from the instruction manual to serve as templates.
We then take the actual part’s image from various angles.
We also extract multiple features from the part images to
robustly match the actual part’s image with the image drawn
in the instruction manual. Our matching algorithm is based
on the Fast Directional Chamfer Matching (FDCM) [4].

For relative pose estimation, we obtain the pose of each
assembly part by referring to the image of assembly parts
drawn in the manual. By utilizing a camera mounted on the
robot’s wrist, we capture the image of the corresponding
assembly part from multiple different poses. Image matching
is performed based on FDCM. Once an image is successfully
matched, we can obtain the corresponding pose of that object.
After identifying the pose of each part to be assembled, we
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can determine the relative poses of the two parts during
assembly and apply this information to robotic assembly
planning.

We evaluate the effectiveness of our proposed method
through experiments. In the experiment of assembly part
detection and relative pose estimation, we recognized eight
parts from two furniture sets. The recognition accuracy and
time were recorded, and the robustness of the method was
analyzed. For the assembly experiment of a NITORI [2]
chair, we focus on how to use manuals for path planning in
pick and place tasks during robot-assisted furniture assembly,
so we performed the human-robot collaborative assembly
where the robot was responsible for joining parts, and
the human was responsible for tightening screws. We first
obtained the relative poses among the assembly parts from
the furniture assembly scene. The robot then carried out the
pick-and-place of furniture parts. Subsequently, the human
completed the assembly. We recorded the similarity between
the found relative postures and the postures on the furniture
part manual and completed the assembly of the furniture
parts.

II. RELATED WORK

As an application of Al algorithms, assembly planning
problems have been focused [5], [6]. On the other hand,
the primary target of this research is the robotic furniture
assembly. Reinforcement learning is also hot in 3D part
assembly [7], [8] of furniture. Lee et al. [9] developed a
system for simulating furniture assembly over 80 different
furniture models used for reinforcement learning. Yu et
al. [10] also established a virtual assembly environment.
Aslan et al. [11] has developed a system for assembly
learning based on objects’ point cloud. Knepper et al. [12]
proposed a robot system that aims to assemble furniture
using the part’s CAD model. Similarly, there has been a
wealth of research in determining grasp poses [13], [14]
and human-machine interaction [15]-[17] for assembly tasks.
For utilizing a graphical instruction manual, our previous
research [3] has proposed a method named ATSG to generate
assembly instructions based on the image in the manual; we
build a deep-learning model for recognizing actual parts and
generate available assembly sequence for the robot. Lee has
also proposed a system for generating assembly planning
based on manual [14]. But both these methods need to first
train a deep-learning model for recognition, which will limit
the application to novel instruction manuals.

Our proposed method uses object recognition and pose
estimation from RGB images. The object recognition [18]—
[20] and pose estimation [21], [22] have been extensively
researched over the decades [23] based on deep learning.
Our method for object recognition and pose estimation uses
the feature-based method without learning to cope with a
novel instruction manual. Imperoli et al al. [24] proposed a
method to recognize 3-D parts named Directional Chamfer
Matching [4]. The method matched the CAD 3-D model of
the part with the real image based on the edge map by using
a tensor-based optimization. For pose estimation, Li et al.
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Fig. 2. The workflow of the part detection algorithm

in [21] focused on the category-level pose estimation for
articulated objects from a single depth image.

On the other hand, this is the first trial of vision-based
robotic assembly based on novel graphical instruction man-
uals.

III. ASSEMBLY PART DETECTION

The method we introduce now separates posture recogni-
tion from object recognition, but we have also considered
combining the two. However, after multiple experiments and
tests, we found that merging them into one would consume
more time, as the image precision required for posture
recognition is far greater than that for object recognition.
Therefore, separating them into two processes is the most
time-efficient approach. And as the first step of the proposed
method, we explain our method for detecting the assembly
part drawn in the instruction manual. We detect the assembly
object drawn in the instruction manual from the real world
by comparing the image of the real assembly part with the
template image of the instruction manual. To this end, we set
up cameras at multiple angles to take images of the object,
assuming that the images we capture include the surfaces
of the parts drawn in the instruction manual. The overview
of the detection algorithm is shown in Fig.2. We first extract
the contours of the assembly part’s RGB image. Then, as we
rotate the image, we compare it with the template’s contour
of the instruction manual. From the comparison results, we
select multiple templates with a lower matching cost as
candidates. The algorithm is detailed in the following.

A. Image Processing

The method for image processing for the assembly part
detection is shown in Fig.3. We first set the query image of
the assembly part taken from the RGB camera. Then, we
extract the image of the assembly part from the instruction
manual and set its size to be the same as the size of the
query RGB image. To compare the query image with the
image of the instruction manual, we first obtain the grayscale
image of the query. Next, we apply the Gaussian filter for
noise reduction, after that, we use the Canny operator [25]
to extract the binary image. However, the binary image of
the actual object obtained through Canny extraction is not
as clear in its contour lines of the manual, such as light
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Fig. 3.
a) RGB image of the actual part, b)Extracted binary image, c) Extracted
contour map, d) Fitting orientation in the image coordinate system, e)
interpolated rotated image and f) the target template image.

The process of extracting features from actual part images where

reflections on the actual object, making the boundaries in
the binary image discontinuous. To cope with such situations,
we also implemented a simple algorithm to extract contours.
We traverse each point in the image, and for each point,
establishing several rays originating from that point, evenly
distributed. If every ray has other points, then the point is
judged as inside the contour; if at least one ray does not have
any points from the image on it, then the point is judged as
on the contour.

B. Detection Algorithm

We then scale down the input image proportionally, We
perform a planar rotation of the query image’s contour
based on the difference in orientation between the object and
the template in the image coordinate system, and compare
the rotated contour with the template’s contour. From the
comparison results, we select multiple templates with a lower
matching cost as candidates.

After that, we want to select the matched template in
those candidates. We detect the assembly part by matching
the query image with the instruction manual image. Here,
we have to consider that the view pose of the query image
is not always the same as the view pose of the instruction
manual image. To compare the query image with the image
of the instruction manual, we use the Homography Tram-
snsformation(HT) [26] to modify the query image. The HT
algorithm can calculate the planar perspective transformation
matrix through corresponding points, and by applying the
perspective transformation, we can adjust the posture on the
query image to more closely resemble the posture depicted
in the manual.

This significantly reduces the demands on the view pose
of the query image to be precisely the same as the view pose
of the image in the instruction manual. As for the selection of
corresponding points required by the HT algorithm, we first
extract corner points from the contours of the query image
by using the Shi-Tomasi method [27].

First, we fit the center of the object, and using this center
as the origin, we construct a Cartesian coordinate system
based on the previously fitted orientation of the image layer
and its perpendicular direction. This divides the entire image
into four sections. For each previously extracted corner point,

Fig. 4. Homography transformation (HT) of part’s image. We first divided
the image into four areas with fitted orientation of an object, then selected
the corner point, and applied the HT algorithm to the query image to
transform the pose.

we search within the divided area for the point that is farthest
from the origin to serve as the matching point, as shown in
Fig4.

However, since we apply a perspective transformation to
the image after obtaining the transformation through the HT
algorithm, it results in distortion of the image after the trans-
formation, especially when there is a significant difference
in posture between before and after the transformation. To
cope with this problem, we considered the matching scores
using both the contour image and the original image after
applying the HT.

C. Image Similarity Evaluation

We then introduce the method for evaluating the similarity

between two images. We choose Fast Directional Chamfer
Matching(FDCM) to evaluate image similarity. This is be-
cause the FDCM is a method to match two images based on
the chamfer distance, which works well on the line segment
features. Since the image in the instruction manual is a binary
image, it contains line segment information, which best
suits this situation. In addition, compared with the original
chamfer matching [28], FDCM not only matches the shapes
but also takes into account the orientation of the shapes,
resulting in more accurate matching results.
By translating the template image, the FDCM tries to
minimize the chamfer distance. In addition to the original
FDCM, we take the object size of the template image into
consideration.

In summary, the similarity score between the input query
image and template image in the instruction manual is calcu-
lated as follows. For the smaller-scaled rotated contour ob-
tained from the query image, we apply the FDCM to compute
the cost;. By comparing cost;, we can filter out a certain
number of candidate templates with quantity limitations. In
addition, we apply HT to transform the contour obtained
from the query image. We apply the FDCM to this image and
compute the cost costy. We will filter the matching results
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Fig. 5. The workflow of pose estimation of an assembly part. We first
take images of the part from different angles. By comparing the similarity
of the images, we filter out candidates and then select the best pose.

Fig. 6.
spherical coordinate system attached to the object, we generate random
points with fixing the radius. We set the camera to face the origin of the
spherical coordinate system. For each position, we take the image and record
it with the camera’s pose.

Data collection for pose estimation where, with respect to the

among the candidate templates using Equation 1.

cost = « costy + B costy, (1)
where o and 3 are coefficients.

IV. RELATIVE POSE ESTIMATION

In this section, we explain a method for estimating the
relative pose between two parts to be assembled from the
instruction manual. We consider a situation in which two
parts to be assembled are described in a single image of the
instruction manual.

We first estimate the pose of each assembly part placed on
the table by matching its image with the image drawn in the
instruction manual, where its workflow is shown in Fig.5.
Then, we identify the relative pose between two assembly
parts. For the relative pose searching process, we assume that
the initial poses of the components when unassembled are
known. To search for the pose of an assembly part, we attach
the spherical coordinate system to the assembly part. By
fixing the radius, we generate uniformly distributed random

points on the spherical surface. We obtain a set of RGB
images assuming the camera is attached to each distributed
point facing the center of the coordinate system as shown in
Fig.6.

Here, as shown in Fig.6, we kept the camera’s 2’ axis con-
stantly pointing toward the sphere’s center, and the camera’s
2’ axis perpendicular to the zoz’ plane for image sampling.
Since assembly parts are usually drawn in a manual as placed
on the horizontal plane, we can find the image taken by the
camera, which is close to the image of assembly parts drawn
in the instruction manual in most cases. However, there are
some perspectives, e.g., a top-down view, where the image
has to be rotated about the 2’ axis of the camera coordinate
system. To cope with such a situation, we have added the
rotation about the 2’ axis of the camera coordinate system
to search for the pose of an assembly part. Therefore, when
we successfully match the image taken at different locations
on the sphere with the images in the instruction manual, we
can get the angles the assembly part needs to rotate from its
initial pose.

We now explain the algorithm for pose estimation. For
the basic comparison algorithm, we still choose the FDCM
algorithm. Even in cases of incorrect posture, the FDCM
algorithm can still provide an evaluation of image similarity,
and based on this, we can determine whether the correct
relative posture has been found. Of course, this process
requires search optimization. If we need to keep the error
margin sufficiently small, we need to make our sampling
interval small enough. However, this will lead to an increase
in data volume and thus slow down the search process. To
solve this problem, we mainly considered two solutions. The
first idea is to use the gradient descent algorithm for the
search. We uniformly deploy cameras on a sphere, mainly
involving two variables: polar angle 6 and azimuth angle
¢. Besides, we also consider the rotation in the camera
coordinate system; we give a variable 1) for the rotation in
this flat. We perform gradient iteration for the cost calculated
by FDCM in each variable direction to reach the final target.
In practical implementation, this method has significant
problems. First, parts have symmetry, so theoretically, there
are multiple local minima and no global minima, which cause
oscillation in the gradient descent process. Second, the cost
calculated by FDCM does not change regularly with the
variation of polar and azimuth angles; it is not linear, and
even within a certain range without theoretical local minima,
oscillation may occur. Based on these reasons, we adopted
a combination of ’candidate’ + ’voting system’. First, we
use an object contour of a proportionally smaller size to
compare with a template in the instruction manual. This step
is much faster, and we can select a certain amount of relative
posture candidates. Then, for each candidate’s posture, we
select a certain amount of points around it and the candidate
itself, decide the weight based on distance, and conduct
’voting® to determine the final cost for each candidate. If
we define the polar angle is 6, the azimuthal angle is ¢, the
camera coordinate system rotation angle to 1, the amount
of voting points to m, the distance between the voting point
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Algorithm 1 Pose selection
1: initial candidate list C' and the amount of posture is n.
2: the amount of candidate is /n, the amount of voting
posture is m.
3: for each posture p do
4. if cost,, is the lowest \/n cost then
5: Add posture p to candidate list C'
6: end if
7
8
9

: end for
: Initial minCost < oo
. Initial bestPose <— null
10: for each candidate posture p € C' do
11:  Get the cost of the nearest m posture
122 Get every point’s cost by using Equation. 2 as

COSteandidate
13:  if costeandidate < minCost then
14: minCost < costcandidate
15: bestPose < p
16:  end if
17: end for

18:
19: return bestPose

and candidate point is d, and cost, to represent the candidate
point’s FDCM cost, then the cost for the candidate can be
represented like in Equation.2.

m
COStd = Z COSti .e_k\/(gs_Hi)2+(¢s_¢i)2+(7/)s_wi)2 +COSt5.

i=1
2)

And the algorithm for searching is shown in the Algorithm
1. The greatest advantage of this algorithm is that it balances
speed and accuracy. The candidate mechanism speeds up
the search process, while the voting mechanism reduces
the randomness of the FDCM algorithm results, making the
algorithm robust.

After successfully matching the sampled photos with the
component photos extracted from the assembly manual, we
obtain the relative camera poses for that component in
the given scene. Furthermore, we perform a corresponding
sampling and matching process for the other components to
obtain their respective camera relative poses in the scene.
In this way, we have effectively quantified the relative
poses of the components in the original assembly scene
as previously mentioned. We achieved this by quantifying
relative poses through image comparison. By comparing the
differences in camera poses, we can determine how each
component needs to change from its initial state to achieve
the required pose for assembly. If after posture matching,
the camera pose of each matched part is (r, 61, $1,11) and
(r, 02, @2, 1), then to achieve the relative pose described in
the instruction manual the object need to make the rotation
of (61 — 02,01 — ¢2,11 — 13). That’s how we utilize the
relative pose.

To evaluate the accuracy of the method, we primarily

compare the differences between the actual images and
the template images. We mainly use the Intersection over
Union (IoU) to measure the differences in masks between
the actual and template images, and use FDCM to measure
the similarity of internal texture details. The reason we do
not solely rely on masks for measurement is that our parts
have rotational symmetry in their contours, whereas the
assembly positions of the parts may not necessarily possess
this property. Therefore, even if the contours are identical, it
does not necessarily mean that the correct posture has been
found, necessitating further evaluation by using FDCM.

V. EXPERIMENT

A. Assembly Parts Detection

We first verified the algorithm for assembly parts detection
introduced in subsection III-B. The parts we used are shown
in Fig.7. Cameras were set up at four different angles to take
the image of the assembly part: three on the sides and one
at the top, where examples of taken images are shown in
Fig.8. For each assembly part, we collected twenty sets of
image data to increase the diversity of the test data. We input
each set of data including four images into the algorithm.
Each set of images was tested for 100 times. We collected
images with same conditions of lighting, temperature, and
background. On the other hand, the camera parameters are
remained constant. In addition, as well as the Gaussian noise
reduction, we also applied the median filtering to remove
the salt-and-pepper noise in the background. We set o =
0.6, 3 = 0.4. Tables I and II show the statistical results of
the parts detection without and with the candidate selection,
respectively.

We conduct experiments in two scenarios. The first in-
volves quickly selecting candidate templates and then per-
forming a detailed analysis on them as mentioned in Section
III-B. The second scenario involves conducting a FDCM+HT
to the query edge directly. This comparison highlights the
superiority of the rapid screening method we propose. We
compiled statistics on accuracy, time, and robustness. For
Table I, we use the image whose size is around 400x400
pixels, and without a candidate system, while for Table II,
we scaled down the images proportionally to 150x150 pixels.
And if the cost of the matched object is defined as cost,,,
and the cost of the other templates smallest cost is cost,,
robustness is R, then the quantitative definition of robustness
is as follows.

R = (cost, — cost,, ) /cost,y,. 3)

It was observed that the detection accuracy of part 7 is
lower than others. This is because, as shown in Fig.7, the
shape of part 7 is more complex than others. Since our
algorithm is based on the chamfer distance, the matching cost
is inherently higher for complex-shaped parts. In addition,
there is a possibility that a simple image matches a part of
a complex image. However, the other parts performed very
well in our tests. At the same time, we can compare images

1225



EHILTH I

=10

% (E)Zé)@
I jﬁjﬁ

3
D ss> /
4 6

L

QJ

7

Fig. 7.

These pictures are from a NITORI [2] chair instructions. Fig.a) described the parts we used in our detection experiment. Fig.b), c), d) and e)

showcase the assembly issues we may encounter during the assembly process, including top-to-bottom assembly, assembly on inclined surfaces, and so

on, posing significant challenges to assembly path planning.

Fig. 8. The images taken from cameras which is set at different angle of
the object.
TABLE I
DETECTION RESULT WITHOUT CANDIDATE SELECTION
Part | Accuracy | Robustness | Time(s)

1 94% 0.32 15.81

2 100% 1.06 15.85

3 98% 0.62 15.34

4 96% 0.61 15.35

5 100% 1.67 17.55

6 96% 0.99 16.67

7 92% 0.15 18.91

8 98% 0.84 16.33

of two different situations with a candidate system for selec-
tion or directly apply FDCM and HT to the template. Where
with the candidate system, we use smaller-sized images for
selecting candidates without losing much accuracy, greatly
improving time efficiency. This is because the running speed
of the FDCM algorithm we use is highly dependent on the
size of the template and query.

For the object pose estimation experiment, we estimated
the pose of assembly parts from a chair and utilized the
obtained relative pose relationships to complete an assembly
experiment. Since this process required sampling on a spheri-
cal surface, we mounted the necessary cameras on the robot’s
end effector and controlled the robot to achieve various poses
for data collection.

TABLE II
DETECTION RESULT WITH CANDIDATE SELECTION
Part | Accuracy | Robustness | Time(s)
1 92% 0.44 4.12
2 100% 0.96 3.41
3 97% 0.44 2.23
4 95% 0.38 4.35
5 98% 1.24 3.55
6 97% 0.83 4.67
7 93% 0.71 3.61
8 96% 1.21 4.23

We used the UR3e robot. Due to the limitation of its
motion range, we only generated camera position uniformly
on one hemisphere of range 6 € [0, 7] and ¢ € [7/6,7/2].
Practically, it is enough since the assembly parts used in this
study have symmetrical shapes. We generated 90 uniform
distributed positions. When measuring the accuracy, we
calculated the values of IoU and FDCM cost for the selected
images, where the IoU value ranges from (0, 1), with larger
values indicating closer proximity between the two, while
the FDCM cost is preferred to be smaller.

In this experiment, we extracted the relative poses of
two assembly parts from assembly scenes and applied them
to actual assembly processes. We utilized these poses as
intermediate ones for path planning. We conducted the
experiment using a set of chair components as the assembly
target.

To evaluate the experimental results, we directly compare
the values of IoU of these two assembly parts after scaling
them to the same size. In addition, we calculated the values
of FDCM, to compare the similarity of the images.

We note that there still existed some discrepancies from
the correct assembly poses during actual assembly processes.
This is because increasing the amount of data collected
would result in longer search times, and not all poses have
inverse kinematic solutions for the robot.

B. Assembly Experiment

This experiment primarily showcases the practical ap-
plication of the relative poses mentioned in Section V-A.
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Fig. 9. The snapshot of collaborative assembly experiment between a human and a robot, where the robot was responsible for roughly moving the parts
to the designated position, while a human was in charge of aligning the parts more accurately and assembling the screws. During this process, the robot
continuously held the parts to keep them from moving, making it easier for humans to assemble the screws.

TABLE III
POSE ESTIMATION RESULT

Matched pose "I;emplate IoU | FDCM | Time(s)
0.71 0.21 30.18
0.64 0.26 32.61
0.79 0.18 34.12
0.78 0.17 28.87
0.69 0.21 29.26

This is a human-robot collaboration assembly experiment
where humans are responsible for screw assembly, while
the robot is in charge of assembly planning and joining the
parts together. In the assembly experiment, we applied the
previously mentioned relative poses to the assembly process,
utilizing this pose as an intermediate variable for assembly
and performing path planning for the actual assembly pro-
cess. In the collaborative assembly experiment, we assume
that the grasping pose of an object is given.

However, relying solely on this pose is insufficient to
obtain a plannable intermediate pose. For angles in the
planning phase where the error with the actual planned pose
exceeds 10 degrees, we conducted optimization. Finally, we
used bounding boxes for the assembled objects based on their
maximum width, length, and height for collision detection
and intermediate path planning.

Once the intermediate relative poses were achieved, we
could directly move in the corresponding direction based
on the positional information obtained from the manual to
complete the assembly.

Furthermore, in the experiment, the initial poses of real
objects were known, and assembly hole information was
obtained from a depth camera. We determined the final
assembly poses based on the object’s position and structural
shape, as illustrated in Fig.9.

VI. CONCLUSION

In this study, we propose an method for aligning assembly
parts based on the visual information guided by the image
in a graphical instruction manual. Our approach involves
the identification of furniture components and the utilization
of relative poses in the assembly scenes depicted in the
instructions. Our experiments validated the accuracy and
robustness of the identification. Additionally, we successfully
assembled a NITORI chair using the obtained relative poses.

For future research, we will focus on improving the accu-
racy of pose identification methods and testing the generality
of the approach on a wider range of furniture items.
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