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1 Introduction

The MEAMS5200 Final Project is a pick-and-place task in which two teams control Franka Panda ma-
nipulators in a shared environment (Fig. 1) to acquire and stack wooden blocks. The objective is to
maximize the total score within fixed time duration. Score is determined only by the final block con-
figuration at the end of the match: stacking blocks higher yields more points, and dynamic blocks are
worth twice as much as static blocks at the same height. Accordingly, team’s goal is to execute reliable
block acquisition and tower-building actions that maximize the final score under sensing noise, motion
uncertainty, and time constraints.
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Figure 1: Simulated final project environment. (click here to view our controller’s performance)

The scope of this work focuses on grasping and placing blocks, as well as designing a decision-
making layer that maximizes score. We do not consider adversarial strategies such as interfering with
the opposing robot, nor do we aim to optimize raw motion execution speed. Instead, this work presents
and validates an end-to-end block-stacking framework composed of three core components: perception,
high-level control (think), and low-level execution (act).

At the perception layer, we use an end-effector-mounted camera with denoising strategies to detect
blocks and maintain an internal world state, including block availability and the current tower configu-
ration. This layer addresses the challenge of converting noisy, partial observations under random block
placement into a consistent representation suitable for planning.

At the high-level control layer, we implement a finite-state machine (FSM) that maps the evolving
world state into score-seeking manipulation decisions. This includes selecting which block source to
target, sequencing pick-and-place actions, and invoking recovery behaviors when failures occur, enabling
adaptable task execution.

At the low-level execution layer, we translate high-level policies into safety-constrained robot com-
mands through a collection of low-level controllers. This layer bridges the policy-to-command gap by
producing feasible and repeatable motions that respect system limits and operate consistently in both
simulation and on hardware.

Experiments are conducted in both simulation and on physical hardware to validate the proposed
framework. Performance is evaluated primarily by the final score at the four-minute mark, with addi-
tional metrics including grasp and transfer success rates and failure-recovery effectiveness. Detailed
evaluation metrics are introduced in the corresponding experimental sections.


https://youtu.be/aFbQ1mwTlsE

2 Method

2.1 High-level Controller (FSM)
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Figure 2: High-level diagram of FSM. The red arrows represent updating the world state

The overall structure of the high-level FSM is shown in (Fig. 2). When evaluating execution con-
ditions, the entire system relies on the current world state. We model the environment world state as a
collection of three dictionaries, including {picked static blocks, blocks in the main tower on the goal ta-
ble, loose blocks on the goal table}. The system starts from the idle state and first moves to a pre-defined
observation configuration above the static-block table to read the poses of all static blocks in one shot. It
then picks the block with the smallest norm distance to the current configuration. After each static-block
pick, the picked-static-block dictionary is updated. Only when no static blocks remain does the system
switch to picking dynamic blocks.

Figure 3: The robot observe the goal table before placing the block

After picking, the robot needs to place the block. During placement, the number of blocks currently
in the main tower on the goal table determines the placement strategy. If the number of blocks in the
main tower equals 0, it means there are no blocks on the goal table yet, so the block is placed at a
hard-coded position; if the number equals 1, it means there is already one block, so the current block
is placed directly on top of it. However, as the tower grows, relying on a fixed hard-coded increment
becomes risky. Therefore, starting from the third block, before each placement we re-observe the goal
table to update the world state (Fig. 3): how many blocks are in the tower and how many are loose
blocks (if a single block appears next to a stack, we define it as a loose block). If there is no loose
block, we read the (x, y) positions of all blocks in the tower, take the average to obtain the centroid, and
compute a weighted combination of this centroid and the hard-coded nominal position to generate the
next placement location; the robot then places the held block at this semi-hardcoded position (while the z
position remains hard-coded). If there is a loose block, the robot places the current block using the same
method, then prioritizes picking the loose block and stacking it onto the tower as a recovery mechanism
to handle unexpected collapses. After each placement, the world state is updated and the loop repeats.
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A special design choice is that once the main-tower height exceeds a threshold (MAX_tower_height),
further stacking is treated as high-risk. The robot then selects a new placement location from a pre-
defined list of candidate positions to start a new tower. After that, subsequent blocks are placed on this
new tower, and the previous tower is treated as “‘complete”. To identify which stack is the main tower, we
use the rule that blocks whose (x, y) coordinates lie within a threshold are considered stacked together
as one tower; if that tower’s height is below the maximum tower height, it is considered incomplete and
will be further built in subsequent steps.

2.2 Perception Module

In the FSM, each time the robot observes block poses to update the world state, it relies on the camera
input. Block poses are estimated via AprilTag detection in camera frame {C'}. The detector provides
transformations 7} for each detected block. The block pose in robot base frame {0} is computed via
the transform chain, T = T?2(q) - T¢ - Tf (where T is the fixed camera-to-end-effector calibration
transform).

In simulation, the detector provides perfect transformations 7 for each block without noise. How-
ever, this is not the case for AprilTag detection on real hardware. To mitigate sensor noise and detection
jitter, pose estimates are refined using temporal averaging over a sliding window. For each block b,

Nyindow CONsecutive measurements {TO[ 1} iv i are collected at a fixed viewing configuration gyjew,
an initial mean of all these readings is calculated. To further improve the reading robustness, an addi-
tional outlier rejection is performed using the Frobenius norm as a distance metric. For each measurement

T [k], the deviation from the initial mean is quantified as:

dp = | TPR) = T = Z (TP k)i — TPi5) ®)

Measurements satisfying dy < Toutier are retained. The final filtered reading is obtained by averaging
these refined values.

2.3 Low-level Controllers

2.3.1 Block Grasping Controller

To grasp a block, we first need to align the end effector’s (z., ye) axes to the block. Blocks may have
arbitrary planar orientation on the table surface. To compute a grasp pose, we first identify the block’s
horizontal axes, which are parallel to the global zy-plane (same as robot base zy-plane).

Let R) € SO(3) denote the rotation component of 7, with columns [z, ys, 2] representing the
block frame axes in robot base coordinates. For each axis u; € {x, ys, 25}, compute its projection onto
the zy-plane:

Ui flat = [Wiws Uiy, O]y 1 = ||ty |2 3)

The axis with maximum planar projection is selected, and then two orthonormal horizontal axes are

constructed as: .
Vi* flat zZ X up
Uy =, U2 =
Ti* ||Z X ’LL1||2

4)

where 2 = [0,0,1] " is the vertical axis.

To align the end effector with the block, four candidate grasp orientations are available (Fig. 4). For
each mode, IK is attempted in sequence. The first available IK solution will be deployed to the robot.
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Figure 4: Four different alignment mode

One of the rationale behind this is grasp stability. Aligning the parallel-jaw gripper with the block’s
flat faces maximizes contact area and friction, avoiding the slip associated with corner grasps. Second,
it leverages kinematic redundancy. While the four orientations (w1, *us) yield the same physical
grasp, they require different joint configurations. Iterating through these options increases the likelihood
of finding a valid IK solution.

After obtaining the alignment pose, the robot simply moves to a fixed position above the block, lowers
the gripper, closes the gripper, and lifts to complete the grasp. This controller serves as the baseline for
both static and dynamic block grasping.

2.3.2 Dynamic Block Grasping Controller

The dynamic-block grasping procedure consists of five main steps. The robot first moves to a fixed
observation pose above the turntable. It then estimates the current angular velocity of the turntable and
uses it to predict the target block pose after a fixed time horizon. Next, the robot moves to the predicted
pose and grasps the block, and finally transfers it to the goal table.
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Figure 5: Dynamic controller architecture

Turntable Velocity Estimation: The turntable angular velocity w is estimated via linear regression
on observed angular positions. For each block b on the turntable in the current field of view, its angu-
lar position at time ¢ is computed in the turntable frame {7} as 0,(t) = arctan2(y](t), ] (t)), where
(x7(t),y] (t)) denotes the planar coordinates of block b expressed in {7}. The turntable frame origin
coincides with the center of the turntable and shares the same z-axis as the robot base frame.

When multiple blocks are visible in FOV, individual velocity estimates are computed per block.
Outliers are rejected using median absolute deviation, and the final estimate is the mean of inliers, similar
to our prior method of noise reduction when detection blocks’ pose.

We chose regression over averaging instantaneous velocities (Af/At) to handle sensor noise. Dif-
ferentiating noisy position data amplifies high frequency jitter, which results in unstable estimates. Re-
gression uses the entire window of data to fit the underlying trend, which is another form of performing
a smoothing operation.



Figure 6: Turntable velocity estimator

Block Pose Prediction: The robot should decide which block to pick in FOV. When multiple dynamic
blocks are visible, the robot selects the block that will reach the picking region the latest, giving more time
to solve IK. Concretely, for the red team we choose the visible block with the minimum z-coordinate,
while for the blue team we choose the visible block with the maximum 2x-coordinate.

Given target block’s initial pose pj (to) = [0, Yo, 20] T, the robot will utilize the turntable velocity
to predict its future pose after a fixed time interval. The position at (to + At) is simply estimated by
first converting block’s initial position in turntable frame to polar coordinates, advancing the angular
component by wAt, then converted back to (x,y) coordinate in {7}. The orientation estimation first
computes the angle o between the block’s midline at its initial position and the turntable tangent direction
(clamped to an acute angle). Since a dynamic block does not move relative to the turntable, this angle
remains constant after At. Therefore, we can use the predicted position to determine the tangent direction
at the predicted location, and then recover the block’s orientation accordingly (Fig. 7).
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Figure 7: Orientation estimator

Timing-Based Grasp Execution: The overall dynamic-grasp procedure is mapped onto a timeline
(Fig. 8). At time t, the robot first records the initial pose and uses it together with the estimated turntable
angular velocity to predict the block pose at ¢ + At, followed by IK solving. To avoid collisions with
non-target blocks while waiting at the grasp pose (which could disturb the prediction), the arm waits at a
pre-grasp configuration with a fixed height above the turntable until the preceding block clears the grasp
zone. Upon reaching this pre-grasp configuration, we record the time ¢, to compute the remaining time
before the predicted grasp moment. If this remaining time is negative, the robot can no longer catch the
block and the procedure restarts. Otherwise, the remaining time is scaled by a weighting factor w and
executed via rospy.sleep. After the wait, the robot lowers the gripper and immediately closes it to
complete the grasp (can check the video in Fig. 1 for better interpretation).

Post-grasping block handling: Since we cannot be as confident as in the static case that the dynamic
block is centered in the gripper, placing a potentially offset block directly onto the tower could destabilize
the existing stack. Therefore, after grasping a dynamic block, we first “drop” it to a corner of the goal
table and then re-observe the goal table. This allows the robot to re-grasp the dynamic block using the
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Figure 8: Timing-based grasp execution

same pipeline as for static blocks and place it on top of the tower without the offset issue.

2.3.3 Block Placement Controller

After picking a static or dynamic block, we need to place it to the top of the tower. For simplicity, we
didn’t implement any path planning algorithm such as RRT or APF. To prevent the carried block from
inadvertently contacting the existing tower during transport and placement, we adopt a side-approach
stacking strategy (Fig. 9). Specifically, the robot first moves to a lateral offset pose beside the tower, then
transitions to a pre-place pose directly above the tower, and finally descends vertically for placement.
The lateral approach direction is computed from the difference between the block lift location and the
tower base (x, y) location, ensuring the end-effector approaches from the safer side rather than sweeping
across the tower.

&

Figure 9: Side-approach stacking strategy

It’s crucial to ensure the smoothness of the landing process of a block. A fast landing with high impact
could cause lower-level blocks to slide, rotate, oscillate etc., deviating from their original placement
location and orientation, changing the centroid location of the tower, possibly causing upper-level blocks
to collapse. Thus, we use an impedance control strategy and generate a smooth vertical trajectory from
the pre-placement configuration gapeve to the target descent height 2rget using a cubic polynomial profile:

t 2 ¢ 3
( ) (Tdescent) (Tdescent> [ descent] ( )

The commanded configuration and velocity at each timestep are:

Gemd (t) = {above + S(t) (qtarget - Qabove) (6)
s(t 4+ At) — s(t)
At

The smooth velocity profile reduces abrupt velocity changes and minimizes impact on the stacked struc-
ture.

q.cmd(t) = (Qtarget - Qabove) (7

3 Evaluation & Analysis

We evaluate our approach on both the provided simulator and a real Franka robot. Due to limited hard-
ware accessibility, most testing of the control logic was carried out in simulation. Hardware experiments
instead focused on tuning a small set of parameters that are critical in the real system but show little
effect in simulation (e.g., camera filtering parameters).



Figure 10: Dynamic mode logic and task sequence verified in simulation

3.1 Simulation Testing
3.1.1 Full-Program Run-Through & Overall Performance Evaluation

Setup: To verify the high-level logic of FSM, we first run through the full program in the simulator 20
times. Each trial run begins with 4 static blocks randomly placed in the source region and 8 dynamic
blocks on the turntable, and the program is executed without interference until 3 dynamic blocks are
stacked on the goal table. 15 of the trials set max tower height = 5, the remaining trials set max tower
height =4. We check if FSM correctly executes the planned sequence of tasks following the correct logic
as described in (Fig. 2). Key metrics includes block-grasping success rate, block-placement success
rate, cycle run-time, and resulting tower height within the set time limit. We record significant flaws
if any, including collision, unsafe positions, unwanted response to failure of intermediate tasks (such as
immobilization or random movements) etc.

Results: In every single trial, the FSM executed the exact sequence of planned tasks following the
correct decision logic without any noticeable flaws. Specifically, it correctly performs in planned actions
in chronological order as discussed in 2.1. Across all trials, the high-level decision logic of the FSM
exhibited zero error. Furthermore, there was no collision, no unsafe pose, unwanted failure response
or any other significant flaws, suggesting that the code logic is sound and complete, and our geometry
calculations are correct.

Corner Cases: In addition to run-through trials, we specifically tested the FSM’s response to the corner
case of a tower collapsing due to failed placement. In these tests, we manually re-locate the top 1 or 2
blocks in the main tower to the table surface and rotate them into arbitrary orientations. We observe that
the FSM correctly identifies the presence of these stray blocks and successfully re-stack them onto the
main tower with good accuracy before proceeding to grab the next available block. In another test, we
deliberately placed the tower in the collision zone and let the full tower collapse as the robot approaches.
In this case, the FSM is still able to re-assemble all scattered blocks into a standing main tower. In
our simulation trials, the FSM successfully rebuilds collapsed towers 100% of the times. The case of IK
failure is also tested. The FSM correctly abandons the current grasp attempt and returns to the observation
pose to identify an alternative target. The robot doesn’t freeze or move unexpectedly. In summary, the
FSM logic sensibly automates all tasks required for the project goals. Simulation results verify that
the FSM takes into account all possible configuration types on the goal table, anticipates the full range
of circumstances, including corner cases, that could arise during the grasping and placement of target
blocks, and issues the appropriate response action accordingly 100% of the times, therefore in terms
of high-level logic our program is a complete solution that successfully addresses the full scope of the
project.

Global Performance Data: Across the 20 run-through trials, the robot arm executed in total 80 and 84
moves to pick static and dynamic blocks respectively. Among them, all 80 static blocks were successfully
picked up while 60 dynamic blocks were successfully picked up, corresponding to a success rate of about
70%. Every block that was successfully picked-up was then successfully placed at its planned position
on the goal table. Placement success rate is 100%. No trial reached the max tower height in less than
3 minutes. Around 80% of the trials reached the max tower height within the 5-minute time allotted,



depending on whether the first dynamic grasp is successful, and the average time to complete one pick-
and-place action is found to be 20 seconds for static blocks and 46 seconds for dynamic blocks. These
results show that the low-level execution of planed tasks is reasonably robust, while there is still room
for improvement in dynamic block grasping. Improvement strategies are discussed in the next sections.

Table 1: Performance Statistics in Simulation

Metric Result

FSM Task Success Rate 100.0%

Static Grasp Success 100.0% (80/80)

Dynamic Grasp Success 70.0% (60/84)

Placement Success 100%

Avg. Cycle Time 20 s/static block, 46 s/dynamic block

3.1.2 Parameter Tuning

After verifying the correctness of the code structure, we proceed to tune the values of important param-
eters. All parameters used in the code and their final values are listed in Appendix A.

Velocity Estimation Window: As discussed in 2.3.2, before grasping dynamic blocks, the robot will
estimates the turntable speed by observing the positions of blocks within current FOV over a time window
of length Tyindow Seconds. The length of the window can affect of the estimation accuracy, especially
in the real world where camera noise is large. We vary the Tindow and observe the resulting estimation
accuracy in simulator first. Our goal is to find the smallest 7,inq0w that produces sufficient accuracy. The
data (Fig. 11) are plotted and a convergence toward the true turn-table speed and reduction of variance is
observed as the time window is increased. We settled for Tingow = 4 during competition since further
lengthening the time window no longer improves the mean estimated velocity noticeably.

Mean and SD vs Window Length (smooth interpolation)

0.05 4

Estimated Angular Velocity (rad/s)

L, Mean
e —=- Standard Deviation
i ® Mean=SD

T T T T T T T T T
2.0 25 3.0 35 4.0 4.5 5.0 5.5 6.0
Window length T (sec)

Figure 11: Estimated Angular Velocity vs. Length of Observation Window

Impedance Descent Parameters: As discussed in 2.3.3, to build a stable tower, we must ensure every
block is placed onto the existing tower in a soft and controlled manner. Here, a desired end-effector tra-
jectory given by parametric equation is prescribed, and a number of discrete points along the trajectory are
along with the velocities at these way-points are fed into the provided impedance controller to track the
trajectory. Here we test various descent trajectories s(¢) given by different types of functions, including
polynomials of various orders, trigonometric, and exponential functions, all designed to minimize
the block’s impact velocity upon landing. We then evaluate the performance of the impedance controller
at tracking the desired trajectory, particularly the influence of the number of discretize way-points on



the quality of the trajectory tracking. We consider the following trajectory functions, all approach zero
theoretical velocity as the block descends towards the tower.

Cubic Polynomial Quintic Polynomial Septic Polynomial
s(t) = 312 —2t3 s(t) = 10t — 15t* + 6t°  s(t) = 35t* — 84t5 4 70t0 — 20t7
Raised Cosine Exponential S-curve

1

s(t) = 2(1 —cos(mt))  s(t) = Py

We invoke the impedance controller to track these descent trajectories in simulation using 150 dis-
cretized way-points. The position vs. time graph (Fig. 12) shows that the quintic polynomial is least
smooth, while trigonometric and cubic are most smooth. This is further verified by computing the integral
smoothing-spline score J for each trajectories (The J score for each trajectory is tabulated in Appendix
C). In addition, Cubic Polynomial and Exponential descent trajectories are faster than the rest.(see figure

12) )
t 2
J= / ' (ddigt)> dt
to

We settled for cubic polynomial due to its smoothness, speed, and simplicity. We then observe the
quality of the trajectory traced when we vary the number of control way-points. It is apparent from
the data that fewer way points correspond to less high-frequency oscillation and hence lower smoothing
spline score. However with fewer way-points the trajectory is more fragmented with more distinct jumps
in velocity. (Fig.13) Both high frequency oscillations and discrete jumps have negative impact on block
placement. We identify a good balance between N = 100 and N = 150. We further verify that the in
this N range, the resulting end-effector velocity in the last time-step approaching the tower is vanishingly

small, approaching zero just as we desire. (see end effector speed in the last descent step in Appendix
D).

A possible explanation is that using a large number of way-points decreases the time step between up-
dates, which amplifies numerical differentiation noise and induces large apparent accelerations, which in
turn excites high-frequency jitter in the impedance-controlled response and increases interaction forces.
Moreover, the robot generate continuous joint motion segment-by-segment between way-points; when
segments become too short, the trajectory becomes more piecewise and less smoothly connected, which
further increases jitter. Using fewer way-points increases the time spacing between reference updates,
resulting in a more piecewise velocity profile.
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Figure 12: Position vs. Time during Impedance Descent for Figure 13: Position vs. Time during Impedance Descent for
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effector speed for the last descent step in Appendix D. trajectory); End effector speed for the last descent step in Ap-
pendix D.



Dynamic Wait Constant: As discussed in 2.3.2, the robot estimates the turn-table speed and predicts the
pose of the target block 20 seconds into the future (At = 20). The gripper is then moved to that predicted
pose and waits until the predicted arrival time of the block to lower the gripper and grasp the moving
block just as it passes under the waiting gripper. However, the gripper takes some time to lower and to
account for that time, we define a wait-constant vy,,i; (Fig. 8). We denote the ros time the robot arrives
at the waiting position to be ¢y, and command it to wait for yyait(t + At — tpre) seconds before lowering
and closing the gripper. We tuned 7yt primarily through iterative trial-and-error. Specifically, we tested
values in the range [0.2,,0.9] and observed grasp outcomes; when a setting failed, we qualitatively
attributed the failure to the gripper being lowered too early or too late. We finally selected Yyai¢ = 0.5,
which yielded the most reliable performance in our trials (up to a 70% grasp success rate as discussed in
Table 1).

In reflection, using a constant to 7yt to control the gripper descent time is not optimal because while
the gripper takes a fixed amount of time ¢, reach grasping height in each trial, ¢, is different for each
run, because each target block will be at a different pose 20 seconds into the future thus it takes a different
time ¢, for robot to solve IK and move to the wait position. A much better strategy is simply to measure
t4 and directly subtract set the wait time ¢ + 20 — #p is always accurate (where ¢ is the ros time at the
start of dynamic picking process).

3.2 Hardware testing
3.2.1 Camera Offset Calibration

The real robot and the simulator use different camera offsets, which makes the raw “I}, returned by the
detector helper function inaccurate if used directly. Therefore, for each robot, we apply a fixed compen-
sation offset to the (z,y, z) translation of the detected “I3,. These offsets were obtained empirically via
enumeration and repeated trials on the physical system. Specifically, we compared the gripper’s actual
reached (z, y, z) position with the measured block-center (z, y, z) position; when the absolute difference
in each axis was below 0.5 cm, the offset parameters were considered reliable. The calibrated offsets for
each robot are listed in Appendix B.

3.2.2 Block Placing Weighting Factor

As mentioned in Section 2.1, the placement location for each block is computed as a weighted combina-
tion of the observed tower centroid and a hard-coded tower base, controlled by weight w. When w = 0,
the placement is fully determined by the hard-coded tower base; when w = 1, it is fully determined by
the observed centroid. However, camera observation on hardware could degrade centroid-based place-
ment due to external noises. Therefore, on hardware we tested w € {0,0.25,0.5,0.75, 1} by stacking
three static blocks under the same setting and measuring the horizontal span between the leftmost and
rightmost edges of the stack (Fig. 14). Each setting was repeated three times and averaged. A span closer
to 5 cm indicates better alignment (— means no success trials to stack 3 blocks).

The results do not follow a strictly linear trend, as the distance span is influenced by factors beyond
the weighting factor itself, such as grasp centering errors caused by AprilTag pose inaccuracies. Ideally,
the block is centered in the gripper at grasp time; in practice, small offsets can occur, so even under
the same w the outcomes can vary slightly across trials. Nevertheless, the data suggest that smaller w
yields spans closer to 5 cm, indicating better alignment. When w = 1, where placement fully depends
on the vision-estimated centroid, none of the three trials succeeded. A likely cause is observation noise:
the measured (x, y) positions of the first two blocks can each shift by millimeters to centimeters, and
these errors compound as blocks stack higher. As a result, the computed centroid may deviate from the
true tower centroid, causing the third block to be placed off-center and leading to collapse. This also
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Table 2: Evaluation of weighting factor w.

w  Distance span (cm)

0.00 5.6
0.25 6.1
0.50 6.7
0.75 6.5
1.00 -

Figure 14: Distance
span for blocks

suggests that if the system relies heavily on pure vision feedback, accumulated measurement error will
grow with tower height and degrade centroid estimation. Therefore, our final system uses hard-coded
(z,y) placement (w = 1) based on the tower base as a fixed reference.

3.2.3 Camera Filtering Window Size

Our framework relies heavily on camera readings, which directly affect overall performance. As de-
scribed in Section 2.2, we estimate block poses using an averaging window with outlier rejection. To
obtain more accurate pose estimates on the real robot, we tune the averaging-window sizes of 10, 50,
100, and 150 using a fixed static-block arrangement (Fig. 15). For each setting, we recorded the total
time to obtain four block-pose estimates and the final poses reported in the terminal output.

Figure 15: The ground-truth block poses. The blue blocks illustrate example poses readings. For each
block, we compute the position error and the orientation (angular) error 6 with respect to the ground
truth.

To evaluate pose accuracy, we convert each estimated 4 x 4 transform into block horizontal axes as
described in Section 2.3.1. For each block ¢, we define a joint error as the sum of its position deviation
(in cm) and angular deviation (in degrees), e; = [|Apillem + @ideg, and aggregate the overall error
across the four blocks as Fig = 2?21 e;.

Table 3: Performance comparison across different window sizes for block detection.

Window Size Pos. Error (cm) Ang. Error (deg) Joint Error Detection Time (s)

10 19.80 34.63 54.43 1.36
50 2.36 9.74 12.10 1.71
100 1.81 593 7.74 3.37
150 0.67 7.795 8.46 4.01

From the data, a larger window size generally reduces the joint error as more data is averaged and
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evaluated. However, this trend is not guaranteed. For example, although 150 observations should theo-
retically yield a more accurate estimate than 100, our measured result at 150 was worse. This is likely
because we did not run enough trials for each window size on hardware, so a single test can be affected
by unexpected noise. Nevertheless, the overall trend still suggests that larger window sizes provide
higher accuracy: compared to using 10 observations, using 100 observations reduced the joint error by
approximately 86%.

One key trade-off is accuracy versus time: a larger window increases observation time and thus slows
down the overall system. Moreover, since the same observation module is also used for dynamic blocks,
overly long observation windows can become counterproductive when the block moves significantly
during sensing: the measurements may no longer capture the initial pose reliably. Considering these
factors, we ultimately chose a window size of 100 as a balance between acceptable sensing time and
pose-estimation accuracy.

4 Lessons we learned

* The most important lesson we learned is that AprilTag pose readings is highly unreliable on hard-
ware. Although our framework is appealing in simulator, it performed poorly on the physical robot
largely because we relied heavily on real-time observation while AprilTag measurements exhibit
bias and occasional missed detections. In the first round of the final competition, when placing
the third block, the robot pressed down on the tower because it detected only one stacked block
instead of two, causing the semi-hardcoded placement height to be underestimated by roughly one
block height. This failure was strongly tied to the side-view observation configuration, where the
camera could face oblique auditorium lighting that degraded detection. We therefore conclude that
for a simple and repetitive task, a complex re-observation mechanism may offer limited benefit
while increasing code complexity and reducing real-world robustness.

A more robust sensing pipeline could mitigate this “missed block™ issue. Our current implementa-
tion observes once from a single configuration and treats the result as final, making failures brittle.
A straightforward improvement is to observe from multiple configurations and fuse the results; our
initial code visited four viewpoints so a block missed in one view could still be detected in another.
However, we did not adopt this in the final system due to the key trade-off in time: multi-view
observation consumes substantial time on sensing rather than execution within the 4-minute limit.

In addition, we could experiment with more advanced filter mechanisms than our simple mean-
based method. Kalman filters, EMA, and other filters are reported to be effective in similar sce-
narios. It would also be informative to take a large set of data comparing the sensed position and
orientation with the exact and characterize the noise systematically. Knowledge of the nature of
the noise will allows us to design better filters or counter-noise methods. But over-all, for robust
real-world application, the entire perception pipe-line needs re-design. Both the perception hard-
ware and the underlying image processing math should be a studied carefully if similar grasping
tasks were to be successfully realized in homes or industry.

* Although our robot implements a complete FSM that provides flexibility and adaptability, this
capability was not particularly critical for this competition. The task is primarily to stack blocks,
rather than to demonstrate how adaptive the system can be. To some extent, a complex FSM can
even reduce stacking efficiency: because it depends on the environment state, it spends more time
and steps on observing and updating the world state instead of executing grasps and placements. In
hindsight, prioritizing contingency handling (e.g., what to do if the tower collapses) may have been
less effective than first prioritizing straightforward strategies to build the tower higher. Moreover,
implementing a complex system inevitably consumed hardware testing time, leaving insufficient
time for thorough on-robot validation.
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A Hyperparameters Used in Final Submission

The code submitted on Gradescope is for hardware only (with calibrated camera offsets). To make
it work in simulator, please remove all camera offsets in function get_block_pose_in_F0OV and also
change GOAL_Z_SURFACE_dynamic to 0.200.

Table 4: Hyperparameter values for final submission.

Category Parameter Value
. Yoftset (robot base offset from global) 0.990 m
Coordinate Frames (¢, y¢) (turntable center in roﬁot frame) | (0,70.990) m
Nyindow (static blocks) 100
) Nywindow (dynamic blocks 2
Perception Toutlier (Fro}‘t])enius thresho)ld) 0.01
Niycan (scan configurations) 1
Welock (block width) 0.05 m
. 0Zpre (pre-grasp offset) 0.065 m
Grasping 5,2;&51, (grasp descent) 0.065 m
Wopen (gripper open width) 0.085m
Welose (gripper close width) 0.03m
ferip (gripper force limit) 55N
Tgoal (goal x-position) 0.625 m
Goal Region Ygoal (goal y-offset) +0.225m
Zsurface (platform height) 0.200 m
Tescent (descent duration) 1.5s
Impedance Niteps (control steps) 150
Hpnax (max tower height, static) 4 blocks
Hax (max tower height, dynamic) 5 blocks

Tower :
Teollision (Dase separation) 0.12m
Teluster (Clustering radius) 0.02m
Srower (tower base offset) 0.13m
dside (lateral approach offset) 0.05m
« (position blending weight) 0.75
. Twindow (velocity estimation) 40s
Dynamic At regict (prediction horizon) 200
Ywait (pre-descent wait ratio) 0.6

B Camera Offset for Hardware

Table 5: Empirical compensation offsets added to the translation of the detected T} for each robot

Robot Ty x offset (m) T y offset (m) T z offset (m)

Red 1 -0.008 0.000 0.0125
Red 2 -0.020 -0.015 0.0075
Blue 1 -0.020 0.005 0.0300
Blue 2 -0.015 0.005 0.0300
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C Smoothing Spline Score

names J
"trigonometric" 0.24387
"cubic polynomial™ 0.32818
"septic polynomial" 0.35304
"exponential™ 0.36e782
"quintic polynomial™ 0.36%96

Figure 16: Smoothness score of different trajectory functions (direct output from MATLAB). Lower
score indicates smoother motion.

N file J_int zddot2
10 "descent placement 1l0steps"” 0.0062277
30 "descent_placement_30steps" 0.011386
50 "descent_placement_50steps" 0.021788
70 "descent_placement_70steps" 0.051908
100 "descent_placement_100steps" 0.074952
150 "descent_placement_150steps™ 0.27922
200 "descent_placement_200steps™ 0.28998
500 "descent_placement 500steps™ 4.8386

Figure 17: Smoothness score for different numbers of waypoints NV (cubic polynomial trajectory).

D Instantaneous Speed at the Last Descent Step

N TerminalSpeed
10 -0.0016967
30 -0.00051787
50 -6.66672-05
70 -0.0010181
100 -0.00025613
150 0.0001
200 -0.00018709
500 -3.8294e-05

Figure 18: Robot speed in the last descent step for a cubic polynomial with various numbers of way-
points.
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TrajectoryFunctionX NumWaypointsN TerminalSpeed

"cubic polynomial" 150 -0.00040909
"gquintic polynomial"® 150 0
"septic polynomial” 150 0
"exponential” 150 -0.003
"trigonometric" 150 -0.0004375

Figure 19: Robot speed in the last descent step for different trajectory functions.
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