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SALSA: A low-cost self-driving lab modular add-on for 
salt solubility assessment for battery electrolytes†

Tianyi Zhang,∗a Hongyi Lin,∗a Yuhan Chen,b and Venkatasubramanian Viswanathana,b

Solubility is the maximum amount of solutes that can dissolve in a certain amount of solvent at a 
certain temperature, and it is significant in battery electrolyte research since it confines the design 
space. Thus, solubility measurement is a critical constraint on running self-driving labs for battery 
electrolyte design. Herein, we introduce a low-cost experiment-execution and decision-making level 
Self-Driving Lab (SDL) modular add-on for automated solubility measurement of liquid electrolytes, 
enabling automated liquid dosing, powder dosing, weighing, stirring, temperature tracking, and 
dissolution recognition process via Python control, which plays a crucial role in accelerating electrolyte 
discovery and optimization. This solubility testing add-on module costs around 100 US dollar to build 
(in addition to the system previously built in our research group), gains good performance against 
benchmark data, and collects new solubility results of Sodium Bis(fluorosulfonyl)imide (NaFSI) salt 
in pure and mixed solvents of Acetonitrile (ACN), 1,2-dimethoxyethane (DME), and Ethyl Methyl 
Carbonate (EMC) under tracked room temperature of 25.4 ± 0.2 ◦C.

1 Introduction
Batteries are electrochemical devices that store and convert chem-
ical energy into electrical energy through redox reactions, making 
them essential for a wide range of applications, from consumer 
electronics to electric vehicles and grid storage. 1 In essence, a 
battery consists of three primary components: the anode, the 
cathode, and the electrolyte. The electrolyte, a crucial compo-
nent, facilitates the movement of ions between the electrodes 
during its operation. 2 The performance and longevity of a bat-
tery are highly dependent on the electrolyte’s ionic conductivity, 
electrochemical stability, and interfacial compatibility with elec-
trode materials. 3 As battery research progresses, innovations in 
electrolyte formulations continue to play a pivotal role in enhanc-
ing battery performance, lifespan, and safety. 4

One critical aspect of battery electrolyte design criteria is salt 
solubility, which directly influences ion transport, electrochemical 
stability, and overall battery performance. In high-concentration 
electrolytes, solubility becomes particularly crucial, as it dictates 
the maximum achievable ion concentration, which in turn affects 
ionic conductivity and electrochemical behavior. 5 Unlike conven-
tional dilute electrolytes, where ions are freely solvated, highly
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concentrated electrolytes form unique solvation structures that 
can enhance electrochemical stability, suppress solvent decom-
position, and improve interfacial compatibility with electrodes. 6 
However, poor solubility at high concentrations can lead to salt 
precipitation, increased viscosity, and hindered ion mobility, ulti-
mately limiting battery performance. 7 Achieving an optimal bal-
ance between stability and transport properties is essential for the 
development of next-generation batteries, particularly for next-
generation alkali metal battery systems, where electrolyte stabil-
ity and ion transport efficiency play a pivotal role in long-term 
cycling and safety. 8

Despite the significance of solubility in battery electrolytes, the 
traditional way of manually measuring solubility is time consum-
ing and prone to human errors. 9,10 These limitations have mo-
tivated growing interest in automated and data-driven experi-
mental paradigms. In this context, Reber et al. highlighted 
the need for robotically automated solubility measurement sys-
tems as a critical step toward overcoming the inefficiency and 
variability of conventional techniques. 11 This perspective aligns 
with the broader emergence of Self-Driving Laboratories (SDLs), 
which couple automated experimentation with artificial intelli-
gence (AI)–guided decision making to accelerate scientific dis-
covery. 12 Currently multiple SDLs have been built for a variety
of applications. 13–18 Yik et al. developed ODACell, an automated
robotic setup capable of coin cell assembly and electrolyte for-
mulation, 19 Oh et al. developed Electrolab, a commercial 3D 
printer adapted SDL for automated characterization of redoxac-
tive electrolytes, 20 MacLeod et al. developed Ada, a SDL capa-
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Fig. 1 (a) Front-left view: (1) desktop, (2) 10-port valve, (3) 9 vials containing feeder solvents, (4) peristaltic pumps, (5) integrated weighing, liquid 
dosing, solid dosing system (breakdowns explained in (c)), (6) 3-way valve, (7) 24V USB relay controlling 3-way valves, (8) 12V USB relay controlling 
DC motors. (b) Back view: (1) USB dock, (2) USB thermometer, (3) waste tanks. (c) Breakdown of (5) in (a): (1) balance and webcam, (2) 3D 
printed vial holder and vial with magnetic stir bar inside, (3) magnetic stirrer consisting of a 12V DC motor and a 3D printed mounting with magnetic 
bars inside, (4) 3-way valve connected with liquid tubes, (5) 12V motor, 3D printed Archimedes screw, and 3D printed tube with funnel.
Note: yellow tubes indicate wires connecting electronic devices and blue tubes indicate tubes transferring liquid(s).

ble of autonomously synthesizing, processing, and characterizing 
organic thin films commonly used in perovskite solar cells and 
consumer electronics, 21 Fisker-Bødker et al. developed AMPERE-
2, a robotic platform for automated electrodeposition and elec-
trochemical validation, 22 and Wang et al. developed NIPS, a 
fully automated platform for fabrication and characterization of 
porous polymeric membranes. ?

This work builds upon Clio, an automated non-aqueous liquid 
electrolyte testing system capable of density, conductivity, and vis-
cosity measurement. 23 Clio functions in a way that saturated so-
lutions with salt dissolved in solvent at the highest possible con-
centration are pre-made manually, thereby allowing built-in al-
gorithms to make desired solutions with concentration below or 
equal to solubility. However, since available resources provide ex-
perimental salt solubility data for a limited range of non-aqueous 
electrolytes 24 and rigorous solubility calculation is computation-
ally demanding, 25 often times solutions need to be manually pre-
pared iteratively to find the concentration upper bound, which is 
time-consuming. To address this problem, in this work, coupled 
with the valves, pumps, and balance previously installed in Clio,

an automated solubility screening platform is built.
For solubility measurements, two main approaches are com-

monly used: the excess solid method and the excess solvent 
method. 26 In the excess solid method, solute is gradually added 
to a fixed volume of solvent until undissolved solids appear, pro-
ducing high-quality data but requiring time-consuming analyti-
cal techniques such as high-performance liquid chromatography 
(HPLC), 27,28 which slows down the workflow and contradicts 
with the high throughput purpose. By contrast, the excess sol-
vent method incrementally adds solvent to a fixed amount of so-
lute until complete dissolution is achieved. Shiri et al. demon-
strated a fully automated closed-loop robotic platform for the ex-
cess solvent method, integrating both solid and liquid handling 
to achieve high-precision results. 29 Shiri et al.’s work does set 
a great example of automated solubility measurement in gen-
eral chemical discovery, but there was no such platform designed 
specifically for battery electrolyte research. Also, their system re-
lies on a high-precision robotic arm and an automated solid doser. 
Both devices are prohibitively expensive, with costs in the tens of 
thousands of US dollars. Since precise automated solid dosing is
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(a)

(b)

Fig. 2 (a) Overall structure: Valves and pumps transfer the liquid to the 
vial while the motor attached to the Archimedes screw dispenses solid to 
the flask, with weight measured by the balance below the vial. The motor 
attached to the stirrer stirs the mixture while the webcam integrated with 
computer vision algorithm detects whether the salt is dissolved or not. 
Throughout the process, the temperature is tracked using a thermometer.
(b) Excess solvent method: Solvent is added stepwise to a solute until a 
fully dissolved state is observed to calculate solubility.

typically more technically challenging and costly than automated 
liquid dosing, 30 we developed a low-cost solid doser based on a 
3D-printed Archimedes screw.

The Archimedes screw is a widely adopted solution for solid 
dispensing in industrial systems, including those offered by sup-
pliers such as Sirius Automation, demonstrating its reliability 
and suitability for controlled solid handling. 31 Implementing 3D 
printing to this mechanism not only reduces expenses but also
promotes innovation by enabling researchers to share, modify 
and improve existing designs. 32

Within the platform, this solid doser is tightly integrated into 
the autonomous solubility workflow, as it directly interfaces with 
the motors and relays already deployed in the Clio system. To-
gether with a highly precise yet affordable peristaltic pump for 
liquid handling, this integrated solid–liquid dosing configuration 
provides a cost-effective and scalable solution for automated sol-
ubility experiments.

Meanwhile, classifying dissolution status is another critical 
component of solubility measurement. Shiri et al. proposed a 
functional solution for this task: firstly identifying the vial within 
the image, and then determining the dissolution status by analyz-
ing turbidity over time. 29 While effective, this method requires 
reference images, region of interest selection and repeated image

analysis over extended periods, causing intensified complexity, re-
duced flexibility, and increased runtime. Therefore, a classifica-
tion model made with YOLO (You Only Look Once), a real time 
object detection algorithm, 33 is developed for determining the 
dissolution status. The model also uses a two-step pipeline: using 
computer vision algorithm to first locate the vial, and then di-
rectly classify the dissolution status with only one image through 
YOLO model. This approach increases the simplicity, flexibility, 
and efficiency of the pipeline.

In this paper, inspired by Shiri et al.’s work, we introduced 
the first automated solubility measurement system in the field 
of battery electrolyte research using a novel Archimedes screw-
based automated solid dosing system and a computer vision algo-
rithm for dissolution detection. Given the fact that high-precision 
automated solid dosing is generally more costly and challeng-
ing than high-precision automated liquid dosing, 34 SALSA (SALt 
Solubility Assessment) implements the excess solvent method 
to facilitate high-throughput salt solubility analysis using liq-
uid handling and weighing systems developed in our previous 
work. 23 The system is first validated against established bench-
mark solubility data of Sodium Nitrate (NaNO3) and Lithium 
sulfate (Li2SO4) in DI water respectively. Then, it is used to 
collect new solubility data for sodium salts, specifically Sodium 
Bis(fluorosulfonyl)imide (NaFSI) in both pure and mixtures of 
non-aqueous solvents of Acetonitrile (ACN), Dimethyl Ether 
(DME), and Ethyl Methyl Carbonate (EMC).

2 Experimental
2.1 Hardware Pipeline
The 3D CAD design figure of the whole platform is shown in Fig. 
1, and this platform is fully controlled by our Python-based GUI 
system, ElyteOS, 35 and consists of: (a) liquid transfer, (b) solid 
transfer, (c) stirring, (d) dissolution recognition, and (e) temper-
ature tracking as in Fig. 2.

The system initiates operation by dispensing at least a prede-
termined amount of 0.3g solid via the auto-solid doser. The doser 
is fabricated in a way that a motor is attached to a 3D printed 
Archimedes screw, and the screw is placed inside a y-shaped 3D 
printed Polylactic Acid (PLA) tube with one end storing solid and 
the other end rotating the screw to dispense solid. And for the 
mass, it is read from the balance placed below the vial holder and 
uses closed-loop mass feedback. The balance has a highly precise 
resolution of 0.1 mg and the reading is only considered stable 
after 15 consecutive identical readings.

Once the salt is in place in the vial, the pump will dispense 
a predetermined 0.5ml liquid(s) of the desired concentration(s) 
from the 10-port valve that is connected to the feeding solvents. 
The Python controllable peristaltic pump used is Longer L100-
1S-2, and it is capable of accurately dispensing liquid of a given 
volume.

After both solid and liquid are transported into the container, 
the stirrer, made from a 3D printed stirrer rod attached to a 12V 
motor, will facilitate the mixing of the solutions. During the mix-
ing process, the webcam integrated with computer vision algo-
rithm captures the predetermined region of the vial and deter-
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Fig. 3 Workflow: (a) For each run, solid is transferred into the vial first, 
then the solvent is dosed next. (b) Mix the solid and liquid mixture. (c) 
Use the camera integrated with Computer Vision algorithm to determine 
dissolution. (d) If dissolved, calculate the solubility. If not, iterate the 
process to add solvent stepwise till complete dissolution is observed or 
the maximum volume of the vial is reached. (e) If the maximum liquid 
volume threshold of the vial is reached without full dissolution, the system 
outputs a lower-bound solubility estimate (Solubility < X).

will be put into the vacuum oven overnight before returning to 
use.

2.2 Computer Vision Algorithm

The dissolution status of the solution was determined using com-
puter vision algorithms. Images were acquired via a webcam po-
sitioned approximately 20 cm from the vial, with the focus value 
optimized to 55 cm (Figure S5) and LED light as light source 
attached directly on top of the webcam. Inspired by the Hein-
sight framework 29, a two-stage pipeline was implemented: first, 
a YOLO detection model was applied to localize the vial; subse-
quently, a YOLO classification model was used to assess the disso-
lution status. YOLO was selected due to its efficiency—processing 
each image in a single pass 33—and its robust performance on 
small datasets enabled by transfer learning 36. Unlike turbidity 
sensors that might better suit well-defined solvent systems, com-
puter vision enables discrimination between multiple dissolution-
relevant states, including undissolved solids settled at the bot-
tom, transient clouding during mixing, bubble formation, and 
wall adhesion artifacts, which are difficult to distinguish using 
single-channel turbidity measurements. Also, turbidity thresh-
olds are highly solvent and path-length dependent, requiring re-
calibration for each solvent system. In contrast, CV enables qual-
itative dissolution state recognition without assuming a linear 
optical response. Therefore, in this scenario, vision-based ap-
proaches offer greater flexibility for heterogeneous workflows.

Two image classes were defined for model training: “clear” 
(DI water) and “sediment” (liquid containing visible undissolved 
NaNO3 or NaFSI). Representative examples are shown in Figures 
S4 and S16, and the dataset distribution is summarized in Table 
S4. The detection model parameters are provided in Table S2, 
with corresponding results shown in Figures S6–S12. Similarly,
the classification model parameters are listed in Table S3, with
results presented in Figures S13–S15.

mines whether the solute is dissolved or not based on whether 
the turbidity is stable over time.

If the computer vision algorithm determines that the salt is 
fully dissolved, the mass of solute and the volume of solvent 
will be recorded to calculate the solubility. If not, solvent will 
be added stepwise at an increment of 0.1 mL per step at a rate 
of 5 mL per minute along with a 2.5s predetermined equilib-
rium period and iteratively until salt dissolution is detected or 
the maximum volume of the vial is reached. And if the maximum 
volume is reached, SALSA will report a solubility lower than a 
lower-bound solubility estimate based on the amount of salt and 
solvents added till this point.

Since solubility is inherently temperature-dependent, a ther-
mometer was placed adjacent to the vial holder, measuring and 
tracking ambient temperature near the solution throughout the 
entire experiment.

Alongside with the main pipeline, careful cleaning, flushing, 
and drying procedures are carried out to ensure electrolyte purity. 
After each experiment, the solution will be manually dumped into 
the waste tank and rinsed with DI water. After that, all used vials

During classification, an image was captured and evaluated fol-
lowing each round of liquid addition. The process continued ir-
respective of the interim results. A solution was considered fully 
dissolved only when the model predicted “clear” in three consec-
utive classifications; any “sediment” prediction reset this count.

(a) (b) (c)

Fig. 4 (a) Confusion matrix of the YOLO classification model on the 
validation dataset. (b) A boundary solution classified as "clear". (c) A 
boundary solution classified as "sediment".
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Fig. 5 NaNO3 and Li2SO4 solubility in DI Water (in g/100 ml of solvent) 
validation against benchmark results in PubChem and Chemical Book

ging and ensure smoother powder flow. Due to the more coarse 
particle size distribution, and less flowability behavior, which af-
fect screw-based dosing reproducibility, it leads to the higher vari-
ability observed for NaNO3 as shown in S2 of Supplementary In-
formation. And specifically in the context of battery electrolyte 
research, since the set of salts commonly explored is relatively 
limited compared to the number of possible solvents, these salts 
are generally well characterized in terms of their physical han-
dling behavior and SALSA currently assumes a prior knowledge 
of material handling requirements.

As shown in Fig. 5, the solubility values obtained with SALSA 
fell within 20% of benchmark values from PubChem 37 and Chem-
ical Book, 38 which is a significant improvement over conventional 
simulation discrepancies that often exceed 50%. Although a 20%

(a) NaFSI in DME/ACN
6

5

4

3

2

1

(b) NaFSI in DME/EMC
6

5

4

3

2

1

deviation remains relatively high, this error primarily arises from 
several inherent system limitations, including less precise con-
trol of solid dispensing and temperature, uncertainty in CV-based 
phase classification near saturation, calibration drift in the pump 
and balance, rapid solvent-addition rate, and short equilibration 
time. Nevertheless, the results demonstrate SALSA’s capability to 
reliably characterize known salts. Moreover, in battery electrolyte
research, relative solubility trends across different solvent compo-11

0
0 50 100

Molar % of DME in solvent (%)

0
0 50 100

Molar % of DME in solvent (%)

sitions are often more critical than exact absolute values. From
this perspective, SALSA’s primary contribution lies in automat-
ing labor-intensive experimental workflows and enabling high-

Fig. 6 Solubility (in M) with error bar v.s. solvent molar percentage in
solvents (in %) (a) NaFSI in ACN/DME (b) NaFSI in DME/EMC throughput solubility trend mapping at scale, rather than replac-

ing high-accuracy analytical instrumentation.
Building on these benchmarks, we further explored new solu-

3 Results and discussion
Our solubility screening platform integrates a computer vision al-
gorithm with a modular hardware system to enable automated 
solubility measurements using the excess solvent method. Clear 
and sediment images were collected to train and validate the CV 
model, while benchmark solubility data from publicly available 
chemical databases were used for cross-validation prior to gener-
ating new experimental datasets.

Fig. 4 presents the performance of the CV model in classify-
ing clear and sediment states. The model achieved 100% accu-
racy when identifying the sediment state and 90% accuracy when 
identifying the clear state. While the latter reflects strong overall 
performance, occasional misclassifications of the clear state may 
undermine the reliability of solubility assessments. To mitigate 
this issue, a stricter classification protocol was implemented, re-
quiring three consecutive clear predictions before confirming a 
fully dissolved state, as illustrated in Fig. 3. This refinement sub-
stantially reduces the likelihood of false positives in practice and 
enhances the robustness of automated solubility determinations 
in downstream analyses.

We next validated the accuracy of solubility measurements us-
ing two salts with distinct solid-flow properties: coarse-grained, 
less viscous NaNO3, and fine-powder, more viscous Li2SO4, both 
dissolved in DI water. To accommodate their different dosing be-
haviors, two customized solid-doser heads were designed as in S1 
of Supplementary Information file: a standard funnel for NaNO3 
and a wider-neck, shorter-exit funnel for Li2SO4 to mitigate clog-

bility measurements of NaFSI salt in both pure and mixed non-
aqueous solvents, including ACN, DME, and EMC. Fig. 6 shows 
subtle interplay for multi-component solvents where we consid-
ered two cases, both with DME as the base solvent and adding 

ACN and EMC. At 50:50 ratio, we observe both negative and pos-
itive excess solubility, showing that SALSA is capable of generat-
ing consistent and chemically meaningful solubility data across 
multi-solvent systems, providing a foundation for mapping com-
plex electrolyte–solvent interactions relevant to battery research. 

In Fig. 6, the concentration unit “M” denotes an approximated 
molarity, defined as moles of salt per liter of the final solution 

under the assumption of ideal volume additivity. Specifically, the 
salt mass measured by the balance was converted to moles using 
its known molar mass, while the solution volume was calculated 
summing up the dispensed solvent(s) volume and the calculated 
salt volume based on its density. This approximation avoids di-
rect density measurement of the final solution while maintaining
internal consistency for comparative analysis.

In summary, our results demonstrate that the integration of 
CV-based classification model with modular solid-dosing hard-
ware enables reproducible and flexible solubility measurements 
of a given salt across different solvent compositions and formu-
lations. While limitations of current restriction to single-salt sys-
tems, lack of precise control on solid dispensing and tempera-
ture, rapid solvent-addition rate, short equilibration time, the as-
sumption of prior knowledge of salt flowing properties, and the 
need to manually clean and dry vials after the experiments and 
manually replace dosing heads when switching materials remain,

Ideal: 5.07 M
(180.4 g/100 mL) Excess: -0.23 M

(-4.5 g/100 mL)5.42 M
(204.1 g/100 mL)

4.85 M
(168.2 g/100 mL) 4.46 M

(146.3 g/100 mL)

Ideal Linear Mixing
Excess Solubility 
Observed Solubility

Ideal Linear Mixing
Excess Solubility 
Observed Solubility

4.46 M
(146.3 g/100 mL)

3.91 M
(119.4 g/100 mL)

Excess: 0.97 M
(21.4 g/100 mL)

Ideal: 2.94 M
(79.7 g/100 mL)

1.09 M
(24.5 g/100 mL)
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SALSA represents a step toward more autonomous self-driving 
laboratories. Future work will focus on enabling multi known and 
unknown salt solubility measurements under improved solid dis-
pensing and temperature control, further refining CV-based clas-
sification strategies for higher accuracy, and a greater level of au-
tonomy.

4 Conclusions
In this work, we introduced SALSA, a low-cost experiment-
execution and decision-making level self-driving laboratory mod-
ular add-on for automated salt solubility assessment in battery 
electrolytes. The platform enables automated, high-throughput 
solubility measurements at a material and financial cost orders 
of magnitude lower than conventional robotic systems, and we 
include a comparison table comparing accuracy, throughput and 
initial cost among SALSA, Shiri et al., and manual measurement 
in the Supplementary Information. Validation against benchmark 
data confirmed the accuracy of the approach, while new mea-
surements in pure and mixed non-aqueous solvents demonstrate 
the platform’s ability to generate previously unavailable datasets 
critical for electrolyte design.

The combination of modular hardware and CV–based dissolu-
tion recognition highlights how inexpensive automation can ac-
celerate electrolyte discovery, streamline iteration cycles, and ex-
pand accessible chemical design space. More importantly, the crit-
ical data delivered lowers the barrier for broad adoption across 
academic and industrial research groups.

But still, some limitations remain: the current implementa-
tion, based on the excess solvent method, is best suited to single 
known salt systems and lacks precise control over dispensed solid 
mass with the observation that the doser has better control on 
fine-powder, more cohesive salt. Future development could focus 
on interchangeable multi-doser arrays and the development of 
a more universal doser head designed to robustly handle a wider 
range of powder morphologies and flow characteristics. Addition-
ally, the use of a basic webcam and non-optimized illumination 
constrains robustness across different vial geometries, solvents, 
and lighting conditions, and determining whether a training im-
age represents a fully dissolved or undissolved sample can be sub-
jective, introducing potential variability in the dataset. Future de-
velopment could incorporate higher-quality optical sensing tech-
niques or hybrid optics–computer vision approaches under con-
trolled lighting to more objectively identify dissolution states.

Overall, SALSA represents a step toward democratizing self-
driving labs by providing a scalable, adaptable, and affordable 
tool for electrolyte salt solubility measurement, which is essential 
for advancing next-generation batteries.
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