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Autonomous, high-accuracy powder dispensing of heterogeneous solid materials remains an open challenge in
automated chemistry laboratories. Existing systems often fail with diverse powder morphologies because they
neglect the critical initial material acquisition step (ie., scooping). We present an end-to-end, vision-guided
powder dispensing system that integrates an adaptive scooping mechanism with a deep reinforcement
learning-based policy for dispensing. Our system utilises a parametrised scooping motion and assesses visually
the acquired material volume after each scooping attempt. This visual feedback drives an iterative correction

loop, allowing the robot to adjust its motion parameters to reject failures and obtain a suitable quantity for
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Accepted 21st April 2026 subsequent dispensing. We evaluated our system in real laboratory conditions using a set of 7 powders wi

varying physical properties. Our experiments demonstrate that the fully adaptive system outperformed fixed

DOI: 10.1039/d5dd00565h scooping baselines, achieving the lowest average absolute weighing error of 1.93 mg + 2.04 mg across all materials.
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1 Introduction

Accelerating chemical and material discovery is critical to future
societal and industrial impact.' Stemming from an increasing
demand of global challenges, Al-driven robotics is essential to
accelerate scientific discovery, improve data quality, and simulta-
neously safeguard human scientists' health in academic and
industry R&D labs.> Autonomous robotic systems have shown
success in executing different experiments;® however, these lack
the generalisability and robustness necessary especially in the
realm of early-stage materials discovery where sample properties
are heterogeneous and unpredictable. This underscores the critical
need for developing robust robotic solutions for foundational, low-
level tasks that can be employed across multiple domains.

Solid dispensing is a core task across a variety of different
chemical domains® including solid-state materials chemistry,*
photocatalysis,® process chemistry,® and organic synthesis.” Several
commercial platforms are available using mechanisms such as
screw feeders, vibrators, or revolving plates to induce powder
flow.** However, these systems often require time-consuming,
material-specific calibration and inherently struggle with abra-
sive or sticky powders.*'® For these instruments to function reli-
ably, large-grain solids frequently require pre-treatment, such as
grinding, to prevent particles from blocking the dispensing heads.
For instance, Jiang et al.'® found dispensing failures to commonly
occur due to either blockages in the dispensing pathways (e.g., the
cartridges in Chemspeed systems or the dosing heads in Quantos
devices) or mechanical damage to internal moving parts caused by
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highly abrasive solids. Furthermore, these hardware limitations
significantly impact operational costs:® while some platforms
utilise relatively inexpensive consumables like glass capillaries,
others rely on dosing heads with a pre-defined maximum number
of usage cycles. As these consumable heads are often recom-
mended to be restricted to a single specific solid, the running costs
of the platform might increase.® To overcome these issues, recent
works have focused on methodological advancements to handle
complex powder dynamics. For example, Fermier et al.** developed
a high-precision, open-loop powder dispensing station that relies
on meticulous offline optimisation of material-specific physical
parameters like vacuum flow rate. Jiang et al.'® proposed a dual-
arm robotic system that uses a spatula and an analytical balance
to iteratively dispense and correct the weighed amount. Kadokawa
et al* trained a sim-to-real deep reinforcement learning (DRL)
policy that modulates the parameters of a predefined shake and
tilt motion for a robot arm, while Radulov et al.*® extended this
with a framework that uses material properties (i.e., flowability) to
create higher fidelity simulations for powder dispensing robotic
policies. Despite these advances, autonomous, high-accuracy
dispensing of solid materials remains an open challenge due to
the wide range of material properties.

While the aforementioned works focus primarily on refining
the final dispensing stage, they often overlook the initial acqui-
sition of the material. Previous work that does address the
material acquisition (or scooping) phase has largely been focused
within the food industry.**® For instance, Takahashi et al."” rely
on visual feedback to select a grasp point for a target mass, while
Grannen et al.'® use a bimanual setup with visual feedback to
prevent fragile item (food) breakage, rather than to control
quantity. Tai et al.*® use active perception to understand material
properties, which aids in generalising to previously unseen data
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and consequently enhances the success rate of achieving
a minimum scooping amount. Given that the food industry typi-
cally handles much larger quantities (in grams) than scientific
labs (in milligrams), it mitigates the concern of small clump
inclusion, which is a major source of error when weighing small
quantities for materials science. For autonomous powder scoop-
ing in chemistry labs, Takahashi et al.*® introduced a soft conical
universal-hand, which relies on a physically adaptive end-effector
for scooping powders, where its mechanical design allows it to
conform to different container geometries without advanced
sensing. Building on this hardware, Wang et al*" introduced
a physics-based simulation framework that enables scooping in
a wide range of container shapes. By exploiting this high-fidelity
simulator and jointly optimising the tool's motion parameters
and its rolling angle, their method produces strongly effective
scooping trajectories for diverse geometries that transfer to the
real world with minimal sim-to-real gap. Critically, however, none
of these methods effectively address the coupled, sequential
dependency between the scooping and dispensing stages. Since
the same scooping action can yield variable outcomes depending
on material properties, the amount scooped introduces signifi-
cant perturbations into the dispensing system, directly affecting
the final result. Previous works lack the integrated, multi-stage
pipeline necessary to handle this variability.

In this work, we address this critical initial scooping phase by
proposing an adaptive scooping mechanism that leverages visual
feedback for active quantity control and integrate it into an end-to-
end powder dispensing system. We first define a parametrised
scooping motion and systematically investigate its effect on the
resulting powder quantity. To enhance robustness, we integrate
visual feedback for detecting failed scooping attempts, and eval-
uate its performance in typical laboratory conditions (e.g., with
different lighting). This capability enables the intelligent coupling
of our adaptive scooping module with a DRL-based powder
dispensing strategy, based on our previous approach.® Finally, we
evaluate the performance of the complete system for autono-
mously weighing heterogeneous materials, demonstrating how
the adaptive scooping method outperforms a baseline method
with predefined, fixed scooping motion.

In summary the contributions of this work are:

1. A parametrised scooping motion that allows for fine-
grained control over the scooped powder quantity;

2. Avision-based feedback system for the robust detection of
failed scooping instances and accurate estimation of the scoo-
ped powder quantities;

3. A demonstration and empirical evaluation of the adaptive
end-to-end powder dispensing system across the tested range of
powder materials.

2 Methodology

This work introduces an end-to-end method coupling the mate-
rial scooping state with the dispensing stage to improve auton-
omous powder weighing. We first define scooping as
a parametrised motion primitive (Section 2.1) and implement
visual feedback (Section 2.2) for identifying scooping failures.
Finally, we detail the complete system (Section 2.3) where we use
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an iterative correction loop to condition the quantity prior to the
DRL-based dispensing method.™

2.1 Parametrised scooping motion

The parametrisation of the scooping motion is motivated by
human heuristics observed in manual scooping tasks. Humans
intuitively adjust their scooping motions based on the required
volume and material consistency; for instance, they employ
shallow, short movements when only a small quantity is needed.
Similarly, the robotic scooping action is a parametrised parabolic
trajectory originating from a user-defined point 4, as depicted in
Fig. 2. The trajectory is defined by its maximum depth D, hori-
zontal length L, and a constant tool pitch angle 6. The tool pitch
angle is critical for handling heterogeneous materials; for
example, a steeper angle can help reject clumps during manip-
ulation of cohesive samples. Concurrently, D and L directly
control the scooped volume. To execute the trajectory, it is di-
scretised into N waypoints for the tool centre point (TCP). Each
point is defined in a 3D Cartesian space and can be sampled by
using eqn (1), where ¢ € [0, 1].

x(t) = Ax +tL

y(1) = Ay (1)
z(t) = Az —4D-t(1 — 1)

The robot executes the trajectory via these waypoints using
a Cartesian motion planner.*” The impact of each parameter on
the scooped quantity is detailed in Section 3.2.

2.2 Visual feedback for scooping failures

The variability in the physical properties of materials makes
a fixed set of scooping parameters infeasible. A trajectory opti-
mised for highly flowable materials, may scoop large clumps
from cohesive materials, leading to quantity errors before
dispensing begins. To address this, we implement a visual
feedback system to evaluate the acquired material within the
spatula. We formulate the scooping material detection task as
a binary classification problem, classifying each attempt as
successful or unsuccessful. The system estimates scooped
volume by quantifying the material's pixel area, segmented
using colour similarity to the source powder. The volume esti-
mation process is given in Algorithm 1. Image data (Fpgr) is
sampled every Atypdaee Seconds (using the REeTrRiEVEFRAME()
function) and transformed into the CIELAB colour space (Fiag)
to facilitate perceptually uniform colour comparisons (using the
ConvertToLag() function). As the camera, tool, and source
container have fixed relative positions after a scoop motion is
executed, predefined region of interests (ROIs) are extracted
(GerRoI()) for the tool (Rs) and the source container (R¢). The
average colour of the material Cs is computed from Rc.
Subsequently, a binary mask (Mpinary) is generated for the tool's
ROI (Rs), which is achieved by thresholding the Euclidean
distance (d) of each pixel's (p) colour and the reference colour
(Cref)- The largest interconnected area within the mask (Apowder)
is identified as the scooped material using the Block Based
labelling with Decision Trees (BBDT) algorithm,> as
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implemented in the OpenCV?* library. A fill percentage (Pg)) is
then computed as the ratio of the area of the powder (Apowder) tO
the total area of the tool's ROI (Agpoon)- The latter is calculated by
multiplying the width (Rs-w) and the height (Rs-#) of the tool's
region of interest. To ensure a robust measurement, multiple
samples are collected in a history buffer (Hg;) and the mean fill
percentage is returned as the final volume estimate of the
retrieved powder. Finally, the timestamp of the most recent
sampling event (typdate) is set to the current time (tnow)-

Algorithm 1 Vision-Guided Adaptive Scooping Method

Require: 7.,,,: Colour distance threshold (in LAB space);
Atypaae: Interval for updating scoop status; N: number of
samples

1: Hpy < NEWBUFFER (maxlen = N)
2t typdate < tnow
3: while true do
4 if (twow — tupdate) > Atupdate then
5: FpGr + RETRIEVEFRAME()
6: Frap < CONVERTTOLAB(FpgR)
7: R¢ < GETROI(Fy43, CONTAINER)
8: Rs + GETROI(Fp45,SPOON)
):‘IECIRC
9: Cref — TII?CI !
10: for pat (r,¢) in Ry do
11: d(—\/(pfcref)z
12: if d < 7.4, then
13: Mbinary[rv C] 1
14: else
15: Mbinary [l’, C] <0
16: end if
17: end for
18: Apowder — BBDT(Mbinary)
19: Aspoon < Rg.w X Rg.h
20: Pyt + ’}(I—” x 100
21: Hyjyp < Hpig U Py
22: if ‘Hfill‘ = N then
):\Hf,//\ Hpn
. i=1 wl
23: return Sl
24: end if
25: tupdate < thow
26: end if

27: end while

2.3 End-to-end powder weighing system

To facilitate end-to-end automation, the system is designed to
manage the complete experimental pipeline, including the
loading and unloading of tools and source containers. A user first
registers the coordinates of key locations for recipients and tools.
Using these coordinates, the system calculates safe, collision-free
paths for all transfer motions. These paths are constrained
within a predefined “safezone”, a designated area in the robot's
workspace that needs to be kept clear of potential obstructions.
The autonomous powder dispensing process (Algorithm 2)
begins with an iterative correction loop designed to ensure
a successful initial scooping motion. A scooping motion is gener-
ated and executed (ScooP(fcurrents Deurrent)) With an initial set of
parameters, tool pitch 6;,;; and depth Dy, according to eqn (1).
After the robot scoops the material, our vision system measures
the volume within the spoon (MeasureVorume()) by implementing
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the method from Section 2.2 to estimate the acquired volume (Pgy)
and comparing it against two predefined thresholds: a minimum
threshold, fempy, to detect insufficient acquisition, and
a maximum threshold, Zcjumps, to identify over-scooping, which is
often caused by large clumps in cohesive materials. If the esti-
mated volume is outside this acceptable range, the scooping
parameters are adjusted, and the action is repeated. For an under-
scoop (P < tempty), the trajectory is made more aggressive by first
decreasing the pitch angle 6 or, if the new pitch angle 6., is below
the lower limit, by increasing the depth D. For an over-scoop (Pgj >
taumps), the trajectory is made less aggressive by first increasing 6,
or, if the new pitch angle 6, is above the upper limit, D is
decreased. This iterative process is motivated by our experimental
findings (Section 3.2) which demonstrated that 6 and D provide the
most direct control over the acquired material volume.

Algorithm 2 End-to-end Powder Weighing System

Require: 7.,;y: Threshold volume for detecting an empty scoop;
teumps: Threshold volume used for detecting clumps; 6,:
Minimum allowed pitch; 6,,,,: Maximum allowed pitch;6;;;:
Initial tool pitch D,;;,,: Minimum allowed depth; D,,,,: Max-
imum allowed depth; D;,;: Initial scoop depth; Af: pitch
change; AD: Depth change; 7n: Dispensing policy; wgpa:
Amount to be dispensed; 6yjspensing: The starting tool pitch
for the dispensing phase; E;jesnoiq: Maximum accepted error
for a successful dispensing; &jeng: Dispensing episode length

1: Deyrrent < Dinit

2: ecurrent — 6init

3: while Deyrrent € [DminaDmax] do

4 scoop (ecul'l'ent bl D current )

5 Pyij; < MEASUREVOLUME ()

6: if Pfill <lempty then

7 6new < ecurrem — A6

8 if Ben < Omin then
9: Dcurrenl — D(JMVV@”[ +AD
10: else

11: ecurrent <~ 9new

12: end if

13: else if Py > tejymps then
14: Onew < Ocurrent +AO
15: if 60y > Oy then
16: DCMI‘I‘BV![ — Dcurrent - AD
17: else

18: chrrent <~ enew

19: end if

20: else

21: break

22: end if

23: end while

24: Werrent < 0

25: 6 edi.s'pensing

26: i+ 0

27: while ‘Wcurrenr _Wgoall > Eihreshold do
28: Aincline>Ashake <~ ”(Wcurrenh 0, Wg(ml)
29: Weurrent <= ROBOT-EXECUTE(aincline ) ashake)
30: i+ i+1

31: if i > Ejepgn then

32: break

33: end if

34: end while

Once an acceptable quantity is contained in the spatula, the
system transitions to the dispensing phase. We adapt the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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flowability-informed powder weighing (FLIP) DRL-based
policy,*® specifically utilising the random version of FLIP, to
ensure a controlled experiment. This approach avoids the
complex, entangled interaction effects that would arise from
combining our method with a separate curriculum learning
policy, allowing for a clear evaluation of our scooping mecha-
nism's specific impact. However, we modify the previous reward
function to discourage overly aggressive actions and prevent the
policy's tendency to overshoot the target mass. As shown in eqn
(2), we introduce an exponential penalty term (p):

Rnew = RION (2)

where R is the original reward function from the previous
work,™ N is the current step, and the hyperparameter p is tuned
and set to 1.1. All other hyperparameters remain as specified in
the previous work.™ The policy is transferred to the real system
via zero-shot transfer, with output actions from the policy being
directly fed to the robot (Rosor.execute()). The speed and
shake amplitude of the real system were calibrated to
match the simulator. Before dispensing starts, the scale is reset
(Weurrent < 0) and the robot moves to the initial pouring posi-
tion (Ogispensing)- When dispensing, the system is allowed a total
Of €jength Steps, each comprising an incline (@jnciine) and a shake
action (@ghare), Similar to the approach by Kadokawa et al.** The
dispensed weight (Weurrent) is updated at the end of each step,
once both actions are executed. Additionally, we implement an
early stopping mechanism, terminating the dispensing
process when the absolute error £ = |Wgispensed — Wrarget| falls
below Ethreshold = 1 Mg.

3 Experiments

Our system was evaluated in real-world laboratory conditions.
We focus on material control via parametrisation, robustness of
visual feedback for detecting failed scoops, and comparing
adaptive versus fixed scooping performance.

3.1 Experimental setup

Our setup (Fig. 1) utilises a Franka Research (FR) 3 (ref. 25)
robot arm with a Robotiq 85F gripper mounted parallel to the
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Fig. 2 The scooping action is defined as a parametrised parabolic
motion where L is the length of the parabola, D is the parabola's depth
and @ is the tool pitch angle.

working surface to facilitate tool manoeuvring, and an external
Intel RealSense D405 RGB-D camera. A Sartorius Entris II
precision scale weighs the samples, with the data fed directly to
the dispensing policy. Both the spatula and the source
container are initially set in custom holders for simplified pick-
and-place operations. The robot's workflow for autonomously
weighing samples involves the following sequential operations:
retrieving the source container and positioning it onto the
scale's designated holder (1), grasping the tool and traversing to
the parametrised start point (2), iteratively executing scooping
actions until the visual feedback system confirms successful
material acquisition (3), transferring the tool above the 20 mL
target vial (4), and running the DRL-based dispensing policy
until the target weight is reached (5). We selected a set of 7
powders (silicon dioxide (SiO,), sugar, sodium chloride (NaCl),
semolina, sodium bicarbonate (NaHCOj;), pectin, and wheat
flour) to rigorously test the handling capabilities of the auto-
mated system. These materials were chosen to represent
distinct flow characteristics, ranging from free-flowing mate-
rials (e.g., NaCl, sugar) to highly cohesive, fine powders prone to
agglomeration and static bridging (e.g., pectin, flour). We
characterise the powder flow by determining the static flow-
ability via the angle of repose (AoR), as presented in Table 1. By
encompassing a broad spectrum of particle sizes and bulk
densities, these powders serve as challenging, non-hazardous
surrogates for the diverse materials typically encountered

Fig. 1 An overview of the end-to-end system. Following user initialisation (Cartesian coordinates of containers and tool, materials, target
weight), the system executes the following procedure: (1) the robot loads the source container for the scooping action; (2) it grasps the tool; (3)
the system initiates an iterative scooping loop: a trajectory is executed, and the acquired volume is visually evaluated. If the volume is outside
acceptable thresholds, the trajectory is reformulated and the process repeats until a suitable quantity is acquired. (4) The robot positions the tool
loaded with powder above the glassware on the scale; (5) the material is dispensed using the DRL-based policy.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Powder flowabilities expressed as the AoR, obtained using
averaged manual measurements performed according to the ISO
8398:1989 standard

Material AoR (°)

Sio, 27.69 + 2.54
Sugar 30.93 £+ 0.87
NaCl 35.8 £1.71
Semolina 40.91 + 1.85
NaHCO; 43.14 + 1.0
Pectin 46.35 & 2.45
Flour 51.21 + 1.25

across a wide range of materials chemistry workflows. This
selection of materials allows for characterisation of the system's
performance in a bench-safe environment, without the safety
constraints associated with hazardous or reactive chemical
handling.

3.2 On quantity control with parametrised scooping motion

To quantify the influence of each motion parameter (Section
2.1) on the acquired material quantity, an empirical grid search
was conducted. The search space was defined for the tool pitch,
6 € [20°, 60°] (10° step); depth, D € [0.013, 0.017] m (0.001 m
step); and length, L € [0.021, 0.029] m (0.002 m step). Each
parameter was varied in isolation while the others were held
constant at their central values (f = 40°, D = 0.015 m, L = 0.025
m). The results were averaged over 5 trials for each parameter
combination and illustrate that D and 6 were the primary
influencing factors for the acquired quantity. The results for ¢
and D are shown in Fig. 3a and b respectively, where the high-
lighted area represents the target scooped quantity required for
the ideal initial conditions for the DRL-based dispensing
policy.” This target range is based on the conditions used to
train the policy in simulation, which was exclusively exposed to
initial states where the spoon was loaded with these specific
quantities. Varying the scooping motion length L had a negli-
gible effect (Fig. 3c), with the scooped quantities consistently
remaining within a 10 mg range of each other. The only notable
exception is sodium bicarbonate, which exhibits a descending
trend. For this material, increasing the trajectory length resul-
ted in a 13.8 mg decrease in the acquired quantity.

3.3 On scooping robustness with visual feedback

To validate the performance of our vision-based estimation for
detecting failed scoops, we conducted an experiment corre-
lating the estimated fill percentage (Pg;) with the measured
weight of the acquired sample. For each powder, we performed
a series of scooping actions by systematically varying the tool
pitch angle from 20° to 60° in 5° increments. Five trials were
executed for each angle setting per material. In each trial, the
Pg-weight pair was recorded. Fig. 4 shows the results obtained
for our materials. The optimal value for the empty-scoop
threshold, tempy = 16, is selected based on the empirical rela-
tionship between the estimated fill percentage (Pgs;) and the
measured weight. The goal is to identify the minimum Pg); that

2124 | Digital Discovery, 2026, 5, 2120-2127
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Mean Measurement vs. Angle (degrees) for Pectin
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—$— NaHCO;3
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Mean Measurement vs. Depth (m) for Pectin
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Mean Measurement (mg)
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Mean Measurement vs. Length (m) for Pectin
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Fig. 3 Evolution of scooped quantity per material, (a) relative to tool
pitch @ and (b) scooping trajectory depth D, averaged over 5 trials.
Figure (c) shows scooped quantity per material relative to motion
length L averaged over 5 trials.

ensures a scooped quantity of at least 20 mg for the largest
possible subset of materials. This selection is further con-
strained such that the chosen threshold must be within the
range of Pg values observed for every material. This constraint
is critical to prevent certain powders from being systematically
misclassified as empty scoops.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Estimated vs. Weight by Powder Material
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== Flour
- Nacl
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-~ Pectin
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|
i

s 100 125 150 175
Weight (mg)

Fig. 4 The relational trends between the estimated fill percentage Pg
and the real sampled weight. The red line represents the chosen tempry
value. The highlighted areas represent the optimal weight conditions
for the dispensing policy.

While this fixed threshold is highly effective for our current
setup, it is important to note that fempy requires manual
retuning under two conditions. First, any hardware modifica-
tions that alter the camera's perspective or the dimensions of
the scooping tool will change the designated Rol, requiring
recalibration. Second, because Py acts as a visual proxy for
volume, these thresholds are sensitive to extreme variations in
material bulk density. Introducing a material with a signifi-
cantly lower density than the optimised range could yield a high
Pg; value while failing to meet the minimum required mass,
necessitating a higher fenpt, threshold to prevent false-positive
detections.

We tested the system under varying illuminance intensities
(40 lux, 130 lux, and 700 lux), defining a scoop as unsuccessful
only if the extracted amount falls below the minimum threshold
of the optimal dispensing conditions (<20 mg).

Fig. 5 presents the confusion matrices evaluated on the three
different illuminance levels. For each illuminance, the evalua-
tion data was comprised of:

1. Positive class: 105 points, consisting of 15 successful
scoops for each powder;

2. Negative class: 60 points, comprised of 15 attempts with
a completely empty source container and 15 attempts each on
containers with the following materials: flour, sand or pectin.
Since our volume approximation method relies on colour
matching these specific powders were chosen as their colours
are representative of the full range found within our dataset.

The different illuminance conditions were created by
controlling the number of active lighting fixtures in the labo-
ratory. Overall our system predicts successful scoops with
89.21% accuracy and unsuccessful scoops with 96% accuracy
across all conditions.

Failure to detect empty scoops is a critical issue that leads to
a reduction in efficiency. Furthermore, persistent acquisition
failures under high-yield motion parameters can signal
a depleted source container, triggering an alert for operator
intervention.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.5 Confusion matrices for detecting empty and successful scoops
under varying lighting conditions.

3.4 Overall system evaluation

We conducted an end-to-end system evaluation of our adaptive
scooping method against fixed-motion baselines. The baselines
pair an empirically optimised scooping trajectory (D = 0.015 m,
6 = 40°) with either a low- or high-velocity dispensing profile,
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Table2 Real-world performance comparison for the powder weighing task with 15 mg target weight. Results represent the mean absolute error

and standard deviation over 10 runs

Method Sio, Sugar NacCl Semolina NaHCO; Pectin Flour
Baseline (high velocity) 0.73 £ 0.76 1.3 £ 1.36 3.85 +£2.90 6.0 £ 5.28 7.4 £ 5.48 6.56 £+ 7.83 18.06 £ 15.05
Baseline (low velocity) 0.97 + 0.96 3.19 + 2.05 7.30 = 5.54 6.64 + 4.57 23.86 £ 15.31 5.63 £ 6.42 11.68 £ 5.44
Adaptive scooping (high velocity) ~ 9.71 +£2.22  1.84 £1.23 11.80 +£3.71 1.52+1.52 221 £2.5 1.36 £ 0.85  3.85 % 2.06
Adaptive scooping (dual velocity) ~ 1.17 &+ 1.08  0.94 + 0.82 2.65 £ 2.51  2.50 + 2.82 1.98 + 2.20 0.97 + 0.96 3.3+31

Table3 Real-world performance comparison for the powder weighing task with 20 mg target weight. Results represent the mean absolute error

and standard deviation over 10 runs

Method Sio, Sugar NaCl Semolina NaHCO; Pectin Flour
Baseline (high velocity) 2.4+ 2.0 1.23 £ 0.65 5.28 £ 2.93 2.71 £ 4.14 6.29 + 8.34 4.94 + 2.71 27.48 £+ 19.40
Baseline (low velocity) 1.5 + 1.57 1.25 £ 0.96 8.54 £+ 5.30 5.00 £+ 5.35 23.83 £ 13.35 7.59 £+ 6.08 14.43 £ 5.59
Adaptive scooping (high velocity) 4.31 + 1.46 0.63 + 0.35 8.80 £ 3.94 2.48 + 2.17 3.97 £ 4.14 3.03 + 3.15 3.55 + 3.00
Adaptive scooping (dual velocity) ~ 1.88 + 0.97 1.4+ 0.85 2.55+1.57 2.21+1.60 1.64 £+ 1.11 2.33 + 1.58 3.2 +2.42

tuned for flowable and cohesive powders, respectively. We
tested a fixed high velocity adaptive scooping configuration and
a fully adaptive version that selects the dispensing velocity
based on the final scooping pitch angle (40° threshold). Vision
system thresholds were set to fempry = 16° and tejumps = 28°. As
shown in Tables 2 and 3, the adaptive systems outperform the
baselines on cohesive powders (e.g., flour, pectin). This perfor-
mance improvement over fixed-motion baselines stems from
the system's ability to regulate the acquired mass prior to
dispensing. When handling cohesive materials, the standard
fixed scooping trajectory frequently overloads the spoon or
acquires large clumps. These excessive initial quantities fall
significantly outside the optimal operational bounds of the
DRL-based dispensing policy, inevitably leading to target over-
shoots. In contrast, the vision-guided adaptive scooping
strategy successfully filters out these clumps and prevents
overloading during the acquisition phase. The dual velocity
adaptive scooping system achieves the lowest average powder
weighing error across all trials (1.93 mg), followed by high
velocity adaptive scooping (4.61 mg), the fixed scooping high
velocity system (6.11 mg) and finally, the fixed scooping low
velocity system (8.19 mg). However, the adaptive system with
a fixed high velocity performed poorly on highly flowable
materials (sand and salt). Excess material resulting from the low
pitch angle, combined with high-velocity dispensing, caused
the policy to overshoot the target. The dual velocity system
successfully mitigated this by selecting a lower speed, demon-
strating the benefit of a fully adaptive pipeline.

4 Conclusion

In this work, we presented an end-to-end, vision-guided powder
dispensing system that successfully integrates an adaptive
scooping mechanism with a DRL-based dispensing policy. We
introduced a parametrised scooping motion and used visual
feedback to robustly identify failed attempts. Our evaluation
showed that this adaptive system outperforms fixed-motion

2126 | Digital Discovery, 2026, 5, 2120-2127

baselines and demonstrated the critical benefit of dynamically
coupling material acquisition and dispensing.

One limitation of the current scooping-based approach is its
reliance on a sufficiently preloaded volume of powder in the
source container to ensure consistent retrieval. In our standard
experimental setup, an initial material quantity of between
13.81 g and 34.4 g was used. While adjusting the container size
and scooping trajectory length can reduce this operational
minimum, it remains a constraint within practical self-driving
labs when handling scarce, expensive, or custom-synthesised
materials. Consequently, while the current system is highly
robust for bulk reagent handling, future work will focus on
adapting the robotic trajectory and end-effector design to
accommodate sub-gram quantities, such as precision scooping
directly from small vials. Furthermore, while our current visual
feedback approach excels at detecting empty scoops, the
system's current reliance on manually defined thresholds (e.g.,
tempty telumps) based on a 2D area proxy (Pgy) limits its imme-
diate portability. To resolve this we plan to explore how machine
learning-based vision systems and direct mass feedback can be
integrated to further improve the accuracy and robustness of
material acquisition.
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