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Abstract -

Robotic manipulation is a promising technology that has
the potential to further automate construction tasks such
as bricklaying, concrete printing, or crane assembly of pre-
fabricated components. With the increasing complexity of
modern construction projects, more sophisticated planning
algorithms are needed to optimize the efficiency of robotic
manipulator operations. Reinforcement learning (RL) has
emerged in recent research as a way to solve planning prob-
lems in high-dimensional state spaces or where the world
model is unknown or noisy. Most RL algorithms for robotic
manipulation target low-level control and is not scalable to
multi-object or complex assembly tasks. This research pro-
poses a reinforcement learning framework with integration
of vision-based state estimation and inverse kinematics for
generalized robotic assembly tasks. A contour detection and
linear regression algorithm is used to perform initial state es-
timation and grasp point regression, whereas the reinforce-
ment learning algorithm involves a discrete state space where
transitions between states are handled using inverse kinemat-
ics. The proposed framework is validated through a physics
simulation as well as a lab-based experimental setup with
robotic assembly of wooden blocks.
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1 Introduction

Automation of construction work is of great need in
the building industry to allow construction tasks to be
carried out more accurately and efficiently, especially in
view of the increasing shortage of skilled workers. In the
construction industry, roboticized work can come in the
form of robotic bricklaying [1], concrete printing [2], or
crane assembly of prefabricated components [3]. Still,
using robotics technology for construction work remains
challenging due to the unstructured and heterogeneous
nature of construction environments [4].

Reinforcement learning (RL) has emerged as a promis-
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ing research area for robotic control and robotic assembly
of complex objects [5, 6]. Contrary to prior methods
which rely on having a known physical model of an en-
vironment, reinforcement learning allows a robotic agent
to learn the characteristics of an unknown environment
directly through experience and taking actions in that en-
vironment.

Existing work in reinforcement learning for robotic as-
sembly tasks [7, 6] usually define the states as end effector
pose and actions as end effector displacements, both in
continuous Cartesian space. However, the limitation of
this approach is that the learning process involves long
convergence times and low success rates due to the large
state space and action space, making the task extremely
difficult to learn. Additionally, robotic movement does not
lend itself to discrete timesteps; robots require time to start
and stop movement and so additional work is needed to
ensure that an agent does not attempt to take actions when
the robot is incapable of doing so. These obstacles can
largely be overcome in simulation, but additional issues
are faced when moving from a simulation of a robot to the
real world.

To address these issues, this research proposes to lever-
age underlying inverse kinematics mechanisms for the
robotic manipulator, allowing the reinforcement learn-
ing algorithm to act at a high level with a smaller state
space, thus simplifying the learning problem. In addition,
a vision module is used for state estimation, allowing the
robot to adapt to equipment and materials being trans-
ported about in a dynamic construction environment.

2 Literature Review
2.1 Robotic assembly tasks

Robots are uniquely suited to handle many assembly
tasks that are dull, dirty, or dangerous. As a result, robots
are deployed to accomplish basic tasks in the construc-
tion industry [8], such as laying bricks [1], concrete 3D
printing [2], etc. Other tasks include assembling interior
structures, such as flooring installation [9], HVAC and
plumbing installation [10], and assembling furniture such
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as an IKEA chair using multiple collaborative robotic ma-
nipulators [11].

2.2 Planning methods in construction robotics

Planning methods find many applications in construc-
tion robots, such as for crane lift planning [12]. Work
in [13] considers building information modeling in con-
struction robotic task planning. [14] addresses the is-
sue of long-horizon multi-robot planning in construction
assembly. Sampling-based planners, such as RRT [15],
have been used for crane planning and beyond. However,
state-space planners and sampling-based planners mostly
assume a known environment with static obstacles. To
work in dynamic construction environments, multi-modal
perception is key for real-time feedback and situational
awareness in planning [16]. In the domain of crane lift
planning, relevant work include dynamic 3D modeling in
environments with low visibility and dense obstacles [17],
and real-time monitoring of crane load [18].

2.3 Learning methods in construction robotics

Recently, learning methods have also been explored in
construction robotics [19] to tackle problems of higher
complexity and improve operation in uncertain environ-
ments. Robots empowered by reinforcement learning, for
example, Deep Deterministic Policy Gradient (DDPG),
have been used for the robotic assembly of timber joints
[20]. Human-robot collaboration in construction [21] can
also be achieved viareinforcement learning with safety and
efficiency. Another learning paradigm, imitation learning,
or Learning from Demonstration (LfD) [22] is also de-
ployed in construction robots, such as performing quasi-
repetitive construction tasks through human demonstra-
tion [23]. Moreover, [24] developed an imitation learning
approach for robot teleoperation in construction. Never-
theless, research gaps remain in integrating these black-
box learning-based methods with more established plan-
ning or kinematics frameworks, and also in integrating the
manipulation system with vision-based feedback. There
is also a research need for scalable reinforcement learning
algorithms [25] that can work for complex, multi-agent
[26] tasks in construction environments.

3 Methodology
3.1 Problem setup

In this research, tasks such as bricklaying, crane as-
sembly etc. are represented as a generalized robotic as-
sembly problem. The generalized robotic assembly prob-
lem involves assembling n components from initial states
{s 1582, 83, eens s,,} toa complete structure with target states
{t1, 12,13, ...,t,}. The assembly task may involve order

constraints such that some components need to be installed
before other components are installed, which is specific to
the assembly task. The total manipulation cost is the time
taken to move each component from its initial state to the
final state ., T'(spn,?,). The key assumptions are that (i)
the initial states are unknown, and (ii) the manipulation
costs are unknown. Therefore, the optimization process
involves finding the least time required for a robotic ma-
nipulator to complete the assembly task.

3.2 Vision-based initial state estimation and grasp
point regression

The proposed method follows the framework described
in Figure 1.The vision module starts by obtaining an im-
age frame from a camera mounted near the end effector
of the robotic arm. The robot’s position remains con-
sistent during the image acquisition process, ensuring a
stable stream of extractable data. The image undergoes
several preprocessing steps, including grayscale and de-
noising filters. Non-local means denoising is chosen due
to its high retention of detail. Then, a contour detection
algorithm is utilized to obtain the outline of prominent
shapes within the frame. In this work, the specific tar-
get objects are rectangular wooden blocks, so our imple-
mentation uses OpenCV’s contour detection algorithm to
find the four corner points of any rectangular shape in the
image. The preprocessing steps, including the grayscale
conversion and denoising, were implemented to overcome
the noise limitations induced by the camera included with
the Kinova Robotic Arm. The area threshold for contour
detection was set to 100 pixels, as that value effectively fil-
tered out noise-induced false positives while maintaining
accurate detection for rectangular blocks.

The position of the points in the frame are represented
as (xPixel, yPixel) tuples, with the top-left corner of the
image serving as the origin (0, 0). At this point, the tuples
of the four vertices are known, but the specific object
corners they represent (top/ bottom, left/ right) are not.
To determine the correct assignment, we treat the 2 points
with the highest x Pixel values as our right points, and the
remaining points are treated as left points. Subsequently,
the yPixel values between the two right points and left
points are compared. Among the right and left side points,
the ones with smaller yPixel values are designated as top
points, and the remaining ones are assigned as bottom
points. With these four points identified, we can solve
for the correct rotation angle about the block’s z-axis as
well as the coordinates of the center of the block. These
coordinates of all blocks detected are stored as the initial
state of the assembly task.

Then, using the center of the block and its Z-axis ro-
tation, we pass this data to a regression model to cal-
culate the movement required by the robotic arm to
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Figure 1. Proposed framework for reinforcement learning with vision-based state estimation for generalized

robotic assembly (crane examples are adapted from [27])

successfully grasp the block. Our regression model is
a linear model consists of 50 data points of the form
(xPixel, yPixel) — (xMovement,yMovement), where
xPixel and yPixel represent the coordinates of the center
of the wooden block, and xMovement and yMovement
represent the translational displacement required to posi-
tion the robotic arm directly above the block to pick up.
The training data set was manually annotated through hu-
man demonstrations by calculating the block’s midpoint
and recording the movements needed for the arm to transi-
tion from the initial camera position to a pick-up position
above the block. The Z movement is not taken into ac-
count, as all blocks are assumed to be at the same height
when placed on the surface where the arm lies. Figures 2
and 3 show visualizations of the regression model trained
to predict the best robot manipulator pose given the vi-
sual position of the target object. In our study, the afore-
mentioned linear regression model demonstrated excellent
predictive performance, achieving R? scores of 0.9865 for
the X-coordinates and 0.9985 for the Y-coordinates.

3.3 Simulation setup

The simulation consists of a modified Panda Gym en-
vironment from [7]. The Panda Gym environment was
selected because it allows for simulating robotic manip-
ulation tasks in an RL interface compatible with Stable-
Baselines3 [28]. In order to utilize RL algorithms for
planning, actions that normally consist of low-level move-
ments in the arm, such as changing joint position and
gripper width, are replaced by pre-planned actions. These
actions are higher-level, and correspond to the underlying
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Figure 2. Plot of training data points and line of best
fit for regression of desired manipulator pose

goal within the task; such as moving the arm to a specified
location and opening and closing the gripper. In our initial
work, we used the simulation of the Franka Emika Panda
robot that is present in the Panda Gym environment. This
robot was already present in the simulation software, and
is similar to the Kinova robot that we were able to utilize
it while implementing the Kinova robot. The simulation
runs at 25 Hz[7], and each task is given 100 timesteps in
order to complete each movement. Using the relationship
that a single timestep equals 2ms, we are able to determine
how long each subtask takes.
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Figure 3. Graph of regression line between the de-
sired robot manipulator pose and the visual position
of the target object to be manipulated

3.4 Reinforcement learning

In typical robotic manipulator simulations, the state of
the simulation is a set of continuous variables, that define
the position of the components of the robot in simulated
space. For example, in environments where the agent
controls the end-effector’s position, the coordinates of the
end effector are present in the state or observation. These
observations are used by the agent to select actions from
a policy m, in order to maximize the returns (or sum of
rewards) over the course of a training episode. These re-
wards are typically ’sparse” in manipulator environments,
meaning that the agent only receives a positive reward at
the completion of the task.

Whereas, in our proposed RL framework, a discrete
state space is used where transitions between discrete states
are handled using inverse kinematics. The learning pro-
cess thus assumes that there is an underlying inverse kine-
matics function which is an unknown model. The cost (i.e.
manipulation time) of applying this unknown inverse kine-
matics model has to be learned through interactions with
the environment. In this research, we also assume that
this cost of manipulation can be approximated through a
physics simulation. This way, the process of moving a
single object can be viewed as “deterministic” since it is
controlled by inverse kinematics and not varied by the RL
agent. The RL agent then handles the process of opti-
mizing the movement of multiple objects to complete an
assembly task.

3.5 Implementation Details

All code and algorithms are deployed using a software
stack consisting of the Kinova Gen3 API, OpenCV, Stable-
Baselines3, PyBullet, and Panda-Gym’s learning environ-
ment. OpenCV is used to estimate the real-world co-
ordinates of wooden blocks positioned on a lab bench.
Whereas, the Kinova API is used for manipulation plan-
ning, where our algorithm computes the desired goal state
of the robot’s end effector, and the underlying API will
calculate the required joint angles to reach that position
using inverse kinematics for the Kinova robot. The sim-
ulation environment is built upon Panda Gym, which al-
lows for modular integration between robot simulations
and reinforcement learning algorithms. The simulation
environment uses PyBullet, a physics engine that models
collisions, soft body dynamics, and rigid body dynamics
to replicate real world environmental constraints as closely
as possible. The Kinova Gen3 7DOF robot arm is loaded
into simulation using the Unified Robot Description For-
mat (URDF). The URDF contains information regarding
mass, moments of inertia and force limits for each of the
arm’s 7 joints. Finally, the reinforcement learning al-
gorithms used are obtained from the Stable Baselines3
library.

4 Results

4.1 Evaluation metrics in simulation

To evaluate the proposed framework, we design two as-
sembly tasks which are the 3-layer tower structure (6 com-
ponents) and the 3-layer wall structure (8 components).
The wall structure is designed to simulate the brick laying
task in construction. The tasks created in the simulator
were designed to match, as closely as possible, the tasks
performed in the lab setting. The metrics used for evalu-
ating the performance of the agents are the assembly time
and success rate, where a successful run is defined as one
in which the blocks are detected, picked up, and deposited
at the correct target positions accurately.

In order to evaluate our proposed “deterministic” ap-
proach compared to other RL algorithms, we evalu-
ated three current state of the art algorithms used in
robotic manipulation, Deep Deterministic Policy Gradi-
ents (DDPG)[29], Twin Delayed Deep Deterministic pol-
icy gradient (TD3)[30], and Soft Actor Critic (SAC)[31].
In addition, these algorithms make use of Hindsight Ex-
perience Replay (HER), which allows for a more sample
efficient agent training process. HER was used due to the
sparse nature of the rewards given in each task; with the
agent only receiving a reward at end of the training loop,
and even then, only when the agent has successfully com-
pleted the task. Hyperparameters used for the baseline
testing match those found in HER[32].
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For the RL agents, the training regime is 5S0M timesteps,
and the hyperparameters used match those used in Panda
Gym. The higher number of timesteps for training was
possible due to training the agents in parallel. The reward
each agent receives is -1 for each timestep taken for each
subtask (moving the arm to the object, opening and closing
the gripper, etc.), with a maximum number of timesteps
allowed per objective task of 350 for the 3-layer tower,
and 500 for the 3-layer wall and the total return and is
represented as:

T o
G=- Z Z Lsubtask &)
0 0

Where G represents the total episodic return, T represents
the total number of allowed timesteps and 7g,p;qsk 1S the
number of timesteps per deterministic subtask. Hyperpa-
rameters used in the deterministic approach are referenced
from work by Da Costa[33].

Quantitative results for assembling the 3-layer tower
and 3-layer wall are shown in Tables 1 and 2 respectively.
Results show that the proposed algorithm achieves higher
rewards (and therefore shorter number of steps to complete
the assembly task) compared to other algorithms. The
proposed algorithm also achieves a much higher success
rate: since the algorithm solves the state transitions in a
”deterministic” way using inverse kinematics, it is almost
guaranteed to finish the assembly task. Whereas, other RL
algorithms struggle to solve the task because they have to
search for a policy in a very large state space and action
space. Qualitative results of the completed assembly tasks
in simulation are shown in Figure 4.

Table 1. Performance comparison for 3-layer tower
assembly in simulation

Method Reward  Success Rate
DDPG -350 0.01
SAC -349 0.02
TD3 ) -350 0.01
Proposed deterministic ~ -315% 1.00

Table 2. Performance comparison for 3-layer wall
assembly in simulation

Method Reward Success Rate
DDPG -498 0.015
SAC -500 0.010
™D3 -500 0.010
Proposed deterministic  -494* 1.000

4.2 Qualitative results for lab testbed

Figure 5 shows proof-of-concept results for physically
assembling a 3-layer hollow tower, and a 3-layer wall struc-
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ture out of wooden blocks using a Kinova Gen3 L53 7
degree-of-freedom (DOF) robotic arm. The implemen-
tation makes use of the inverse kinematics module in the
Kinova API, and the geometry of the structure to be assem-
bled is pre-programmed in a Python script and deployed
on the robot.

Table 3 shows a comparison of the total assembly time
of the 3-layer tower as well as the 3-layer wall from the
lab testbed. The time taken to place each component
is highly dependent on the component’s target position
and orientation, as well as the specific implementation of
the underlying inverse kinematics algorithms (the same
end effector pose can be reached through many different
possible joint angles). Reinforcement learning provides
an opportunity to learn these interactions and arrive at an
optimized policy to minimize assembly time.

Table 3. Comparison of total assembly time from
the lab testbed

Structure #Components  Assembly Time (s)
3-layer tower 6 195
3-layer wall 8 180

5 Limitations and Discussion

Currently, the vertical (Z-axis) distance between the
arm’s end effector and the target object to be manipulated
is assumed to be fixed. Future work will look to overcome
this limitation by implementing triangle similarity or us-
ing depth images, allowing for more generalized behavior
that more closely resembles real-life construction envi-
ronments. Moreover, the current model only accounts for
rotation about the Z axis and not about the X and Y axes.
Moving forward, the regression model can be adjusted to
consider these additional rotation angles as parameters,
and allow for more robust grasping and manipulation of
objects. The current implementation only considers vi-
sion input in the initial stage for state estimation and grasp
point regression. Ideally, continuous vision feedback will
be important to correct state estimation errors or motion
noise. Theoretically, our approach can scale to larger con-
struction environments, as long as we can represent the
scene accurately in simulation and train the agent in sim-
ulation. Our approach relies on having access to inverse
kinematics and this is a key assumption. For complex con-
struction machinery where an inverse kinematics solution
is not available, probabilistic motion planning algorithms
may be a viable alternative [34].

6 Conclusion

This research proposes a reinforcement learning frame-
work with integration of vision-based state estimation and
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Figure 4. Results for 3-layer tower assembly and 3-layer wall assembly in the Panda Gym simulation

Figure 5. Qualitative results of a 7-DOF Kinova robot arm assembling a hollow tower (left 3 images) and a wall
structure (right 3 images) using wooden blocks

inverse kinematics for generalized robotic assembly tasks.
The advantage of the proposed framework is a generalized
formulation of robotic assembly tasks for reinforcement
learning algorithms that can also be adapted to arbitrary
initial states. Future work in this area involves exploring
multi-agent reinforcement learning algorithms that can al-
low the assembly tasks to be completed by two or more
robotic manipulators that can learn to coordinate with one
another. Human-robot collaboration [35] will also be ex-
plored to investigate how robotic agents can collaborate
with human workers to complete assembly tasks.
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