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ABSTRACT

We present a systematic evaluation of optimization strategies for high-throughput
organic photovoltaic (OPV) manufacturing. Analyzing 11,587 PBF-QxF:Y6 de-
vices across 11 manufacturing parameters through 25 optimization iterations, we
compared Bayesian Optimization (BO) and Random Search (RS). While BO
achieved 7.69% PCE versus RS’s 7.66%, this 0.03% advantage required 20x more
computational overhead. Statistical analysis revealed no significant performance
difference between methods (t-stat = 0.53, p > 0.05). Environmental factors, par-
ticularly humidity (r = 0.380), showed stronger correlation with performance than
optimization strategy choice. Manufacturing process control, rather than algorith-
mic sophistication, emerges as the critical factor for high-throughput OPV opti-
mization. These findings suggest prioritizing robust process control systems over
complex optimization algorithms in manufacturing environments.

1 INTRODUCTION

The scale-up of organic photovoltaic (OPV) manufacturing faces a fundamental challenge: optimiz-
ing numerous processing parameters simultaneously while maintaining high throughput (Carlé et al.,
2017; Ng et al., 2018; 2024). Recent advances in OPV materials have demonstrated remarkable ef-
ficiencies exceeding 19% in laboratory settings(Zhu et al., 2022; Yuan et al., 2019), yet translating
these achievements to roll-to-roll manufacturing remains challenging, with efficiencies typically be-
low 10% (Lee et al., 2019; Na et al., 2018). This “scaling gap” stems partly from the complexity of
optimizing multiple interdependent manufacturing parameters simultaneously.

Roll-to-roll manufacturing of OPVs can feature a multitude of different variables to optimise. In
previous demonstrations this has shown to have over 30 controllable parameters, spanning mate-
rial compositions, environmental conditions, and processing variables (Figure 1a)(Ng et al., 2024;
Destouesse et al., 2019; Yang et al., 2020). The complexity of this manufacturing process is com-
pounded by the multilayer device architecture (Figure 1b, c) and the need for precise control over
each deposited layer. Traditional approaches to this optimization challenge fall into two categories:
systematic design of experiments (DoE)(Fisher, 1936; Cao et al., 2018) and trial-and-error opti-
mization. DoE becomes impractical at this scale - even with minimal parameter sampling, the
number of required experiments grows exponentially with parameter count (Figure 1f). For in-
stance, exploring just two values per parameter in our 36-parameter system would require over 68
billion experiments(Dixon et al., 2024). The optimization challenge can be understood by consid-
ering parameter space complexity. While optimizing a single parameter might reveal multiple local
maxima (Figure 1d), adding just one more parameter creates a complex landscape of interactions
(Figure le). In real manufacturing environments, these parameter interactions often manifest as
unexpected dependencies between processing conditions. For example, the optimal coating temper-
ature might depend on ambient humidity, while material ratios could affect ideal web speeds(Cao
et al., 2018; Butler et al., 2018). Bayesian Optimization (BO) has emerged as a promising alter-
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native to traditional approaches, offering efficient parameter space exploration through surrogate
modeling and intelligent sampling(Shahriari et al., 2016; Snoek et al., 2012). By building a prob-
abilistic model of the parameter space and using acquisition functions to balance exploration and
exploitation, BO promises to find optimal conditions with fewer experiments than traditional meth-
ods(Frazier, 2018). However, its practical value in manufacturing environments remains unclear,
particularly given the computational overhead and implementation complexity inherent to sophis-
ticated optimization approaches(Hippalgaonkar et al., 2023; MacLeod et al., 2020). Recent work
with photovoltaics has highlighted the potential of non-fullerene acceptors (NFAs) in achieving high
performance(Xiao et al., 2025). The PBF-QxF:Y6 system used in this study has shown particular
promise, with reported efficiencies of 13.99% in spin-coated devices and 9.63% in R2R-coated de-
vices with vacuum-deposited electrodes(Yang et al., 2020). While these achievements demonstrate
the potential of roll-to-roll processing, they also highlight the persistent gap between laboratory and
manufacturing performance.

The present study addresses several critical questions in the context of high-throughput OPV manu-
facturing. First, we investigate whether the theoretical advantages of BO over simpler methods like
Random Search (RS) and exhaustive search translate into meaningful manufacturing improvements.
Second, we examine the practical implications of implementation complexity and computational
overhead in a production environment. Third, we evaluate the relative importance of optimization
strategy choice compared to fundamental process control.

2 METHODS

This study analyzes a comprehensive dataset generated from a high-throughput roll-to-roll manu-
facturing system designed for rapid production and characterization of organic photovoltaic devices
(Figure 1a)(Ng et al., 2024). The manufacturing platform, dubbed the microfactory, that generated
this dataset integrated multiple slot-die coating heads for sequential layer deposition, in-line an-
nealing stations for thermal processing, and automated characterization capabilities, producing and
characterizing 11,587 devices under varying processing conditions within a 24-hour cycle(Ng et al.,
2024).

The dataset contains performance metrics from devices fabricated with a conventional stack struc-
ture of PET/TCE/PEDOT:PSS/Active Layer/ETL/Ag, as detailed in Figure lc. The active layer
utilized PBF-QxF as the donor polymer and Y6 as the non-fullerene acceptor, chosen based on their
demonstrated high performance in both laboratory and manufacturing settings(Guo et al., 2024). All
materials were processed from environmentally friendly solvents following established protocols for
roll-to-roll compatibility.

The manufacturing system that generated this dataset provided control over 36 distinct parameters,
encompassing environmental conditions (temperature: 20-45°C, humidity: 25-65%), material depo-
sition parameters (flow rates: 0.1-2.0 mL/min, web speeds: 0.5-2.0 m/min), processing temperatures
(annealing: 80-140°C), and material compositions (donor:acceptor ratios: 1:0.8 to 1:1.4). From 36
initial parameters, we reduced to 12 key variables through systematic elimination: removing highly
correlated parameters (|| > 0.8), excluding non-controllable variables like humidity despite its
strong PCE correlation, and removing parameters with minimal variation in manufacturing data;
Ref: SI Table S1. Statistical significance between optimization methods was assessed using two-
sample t-test:
PCEp — PCERr 7.69 —7.66

2 2 - 2
Vo + o5 20

where o represents the standard deviation estimated from uncertainty bands in Figure 2a.

ty

Using this dataset, we implemented and compared two optimization strategies: Bayesian Opti-
mization and Random Search, ensuring matched experimental conditions for fair comparison. The
Bayesian Optimization implementation utilized a Gaussian surrogate model with RBF (Radial Basis
Function) kernel, chosen for its ability to model smooth and continuous functions commonly found
in high-throughput optimization of manufacturing processes(Shahriari et al., 2016). For selecting
new experimental points, we employed the Expected Improvement (EI) acquisition function(Mockus
etal., 2014; Jones et al., 1998), which provides a mathematical framework for balancing exploration
and exploitation during optimization; Ref SI S1. Both optimization methods were analyzed using
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Figure 1: Overview of high-throughput OPV manufacturing and optimization complexity. (a)
Schematic of roll-to-roll manufacturing system used to collect the dataset showing key components
including slot-die coating heads, annealing stations, and in-line characterization (inset: photograph
of slot-die coating in operation). (b) Photograph of manufactured flexible OPV strip highlighting
individual device regions. (c) Cross-sectional schematic showing device architecture and layer se-
quence (TCE: transparent conducting electrode). (d-f) Visualization of parameter space complexity:
(d) Single parameter optimization showing multiple local maxima, (e) Two-parameter optimiza-
tion landscape demonstrating increased complexity through parameter interactions, (f) Exponential
growth of search space with increasing number of parameters, illustrating the challenge of high-
dimensional optimization.

identical batch sizes of 25 samples per iteration over 25 iterations, totaling 625 evaluations per ap-
proach. Each method began with two randomly selected initial points from the dataset to establish
a starting reference. In BO, each iteration involved selecting 25 new points from a pool of 100 can-
didates that were optimized based on the EI criterion. In contrast, RS maintained a purely random
selection process throughout the optimization; Ref SI S2.

The dataset includes device characterization data collected under standard protocols, with PCE mea-
surements conducted under simulated AM1.5G illumination (100 mW/cm?) through a calibrated
aperture. All measurements were performed in-line immediately following device fabrication to
minimize environmental exposure effects. For each device, the dataset contains current-voltage
characteristics, from which we extracted PCE values along with supporting metrics including open-
circuit voltage (Voc), short-circuit current density (Jsc), and fill factor (FF).

The simulations in this study were conducted on a system equipped with an Intel Core i7-13700K
processor and 32GB of RAM. All computations were performed without multithreading, ensuring
that each process ran sequentially on a single core. For Bayesian optimization, an NVIDIA GeForce
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RTX 3060 GPU was utilized to accelerate certain computational tasks, while RS was executed en-
tirely on the CPU. The computer was also being used for low-performance background tasks during
the simulations, which may have introduced minor variations in computational time. This hardware
configuration was used throughout the study and played a role in determining the overall compu-
tation time, particularly for BO, which requires iterative surrogate model updates and acquisition
function evaluations.

3 RESULT AND DISCUSSION

a) Uncertainty in Maximum Cumulative Outcomes
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Figure 2: Figure 2 Performance comparison of Bayesian Optimization (BO) and Random Search
(RS) for OPV manufacturing optimization. (a) Uncertainty range in maximum PCE values across
iterations showing individual runs; extrapolated from SI Fig 2. (b) Maximum cumulative aver-
ages demonstrating convergence behavior. (c) Average computational time per iteration highlight-
ing BO’s increased overhead. (d) Cumulative distribution of PCE values across all manufactured
devices. (e) Pearson correlation analysis revealing parameter importance, with humidity showing
strongest correlation (0.380) with PCE.

3.1 OPTIMIZATION PERFORMANCE AND STATISTICAL ANALYSIS

Analysis across 25 iterations revealed complex dynamics between Bayesian Optimization (BO) and
Random Search (RS). Figure 2a shows RS outperformed BO in early iterations, challenging con-
ventional assumptions about BO’s efficiency. Statistical analysis of final performances (7.69% vs
7.66%, APCE = 0.03%, t-stat = 0.53, p > 0.05) confirms this difference lacks practical significance.
Both methods fell significantly short of the 8.35% PCE achieved through exhaustive parameter space
exploration in previous microfactory experiments ref:si. Convergence analysis demonstrated distinct
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phases: rapid early improvement (0.28%/iteration, iterations 0-5) followed by diminishing returns
(0.025%literation, iterations 5-25), visible in both the uncertainty bands (Figure 2a) and average
trajectories (Figure 2b). The computational implications proved substantial (Figure 2c). BO main-
tained consistent processing times around 8 seconds per iteration compared to RS’s 0.4 seconds,
representing a 20-fold increase in computational cost; Ref. SI Table S4. This overhead stems from
BO’s GP model updates and acquisition function optimization, contrasting with RS’s simpler scal-
ing; Ref. SI Tables S2, S3. The consistency of computational time across iterations, shown by the
stable trend in Figure 2c, suggests fixed algorithmic overhead rather than data-dependent scaling.

3.2 PARAMETER SPACE AND DISTRIBUTION ANALYSIS

Parameter space topology analysis through the cumulative distribution function (Figure 2d) reveals
6% of devices achieved PCE > 7.64%, diverging significantly from random sampling expectations.
This discrepancy indicates a highly multimodal parameter space with scattered high-performance
regions, challenging both optimization strategies. The smooth, monotonic increase in the CDF
suggests consistent manufacturing quality despite performance variations. Both methods exhibited
similar convergence patterns (Figure 2a, b), with rapid initial improvement followed by diminishing
returns after iteration 10. The performance plateau well below exhaustive search results (8.35%
PCE) indicates incomplete parameter space exploration, likely due to local maxima trapping. Figure
2a’s uncertainty bands show consistent overlap throughout optimization, supporting the statistical
finding of non-significant performance differences.

3.3 CORRELATION AND ENVIRONMENTAL IMPACT

Correlation analysis (Figure 2e) quantified environmental and process parameters’ influence on
PCE; Ref. SI Fig. S1. Humidity emerged as the dominant factor (r = 0.380), followed by flow rate
(r = 0.370) and material ratio (» = 0.310). Manufacturing parameters showed notably weaker cor-
relations (deposition temperature: r = 0.034, annealing temperature: 7 = 0.039). This hierarchy of
influence, clearly visualized in Figure 2e’s bar chart, suggests process control may be more critical
than optimization strategy for performance improvement.

3.4 MANUFACTURING IMPLICATIONS

These comprehensive analyses challenge conventional wisdom regarding BO’s superiority for high-
dimensional optimization tasks. The combination of statistically equivalent performance (Figure 2a,
b), substantially higher computational cost (Figure 2c), and strong environmental correlations (Fig-
ure 2e) suggests that manufacturing optimization efforts should prioritize robust process control over
algorithmic sophistication. The divergence from random sampling expectations (Figure 2d) further
indicates that parameter space complexity, rather than optimization strategy, may limit achievable
performance in high-throughput manufacturing scenarios.

3.5 LIMITATIONS

Our study faces several important limitations that must be considered when interpreting the results.
The discrete sampling of our 11,587-device dataset, while extensive, may miss optimal regions
between measured points. As shown in Table 1, this particularly impacts Bayesian Optimization,
which struggles when the search space contains many local maxima — a characteristic we observed
throughout our manufacturing data. The O(N?®) computational complexity of BO, compared to
Random Search’s O(K) scaling, proved challenging even with our hardware configuration (Intel i7-
13700K, 32GB RAM), supporting Table 1’s complexity analysis.

Environmental factors introduced significant variability, with humidity showing a strong correlation
(r = 0.82) to device performance. This exemplifies Table 1’s “Worst Use Case” for BO: search
spaces dominated by local maxima and external influences. Manufacturing system tolerances (£1°C
temperature, +2% RH, +0.05 mL/min flow rates) further complicated optimization efforts. As
Table 1 indicates, Random Search may be better suited to such environments where evaluation is
cheap and parallelizable.
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Table 1: Comparison of different searching algorithms for high-dimensional functions

Method: Brute Force / Exhaustive Search

Efficiency

Computational Complexity
Probability of Finding Global Maxima
Best Use Case

Extremely slow for high dimensions
O(N%)

100%

Small, finite search space

Worst Use Case Search space is continuous
Method: Bayesian Optimization
Efficiency Efficient for expensive functions

Computational Complexity
Probability of Finding Global Maxima

O(N?)
Depends on the Function

Best Use Case Evaluation is expensive

Worst Use Case Search space has a lot of local maxima
Method: Random Sampling (No repetition)
Efficiency Fast but inefficient

Computational Complexity
Probability of Finding Global Maxima
Best Use Case

Worst Use Case

O(K)

Hypergeometric distribution

Evaluation is cheap and parallelizable
Search space has a very high dimensionality

These constraints reflect broader challenges in optimization strategy selection, reinforcing Table 1’s
framework: BO excels with expensive, low-dimensional functions, while RS proves more practi-
cal for high-dimensional, rapidly-evaluated manufacturing scenarios. Future work should focus on
addressing these limitations through improved process control and adaptive optimization strategies
better suited to manufacturing environments.

CONCLUSION

This study’s comprehensive comparison of Bayesian Optimization and Random Search in high-
throughput OPV manufacturing reveals important insights for optimization strategy selection.
Through analysis of 11,587 devices, we found that BO’s marginal performance advantage of 0.03%
PCE fails to justify its substantial computational overhead, requiring 20 times more processing time
per iteration than RS.

Environmental and process parameters, particularly humidity (r = 0.380), emerged as more influen-
tial factors than optimization strategy choice. This finding, combined with the multimodal parameter
space topology revealed through distribution analysis, suggests that manufacturing success corre-
lates more strongly with environmental control than optimization algorithm selection. The presence
of scattered high-performance regions throughout the parameter space particularly challenged BO’s
exploitation-exploration balance, limiting its theoretical advantages over simpler methods.

These results indicate that resources in high-throughput OPV manufacturing might be better directed
toward robust process control and environmental stability rather than sophisticated optimization
algorithms. Future research should explore hybrid approaches that combine RS’s computational
efficiency with selective parameter space exploration, potentially bridging the performance gap to
exhaustive search while maintaining manufacturing throughput. Development of online learning
algorithms better suited to dynamic manufacturing conditions could also help address the limitations
identified in both optimization strategies.

The significant performance gap between both optimization methods and exhaustive search (>
0.66% PCE) emphasizes the need to carefully balance algorithmic sophistication with practical man-
ufacturing constraints. Success in high-throughput OPV manufacturing optimization requires con-
sideration of multiple factors beyond algorithm selection, including process control methodology,
environmental stability, and computational resource allocation.
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DATA AND CODE AVAILABILITY

The dataset used for the OPV training data related to high-throughput experiments can be
found at https://data.mendeley.com/datasets/vShp75hrtj/1/. The datasets used for model train-
ing, data pre-processing, data visualization, and individual iteration results are available at
https://github.com/DuelKings/BO-vs-Random-on-High-Throughput.
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