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the outcome of a synergistic and nonlinear interplay among all
four plasma parameters.

For instance, while Treatment Time increased the purple
color area in general, its magnitude and distribution were
strongly dependent on the simultaneous configuration of Dis-
charge Gap, Duty Cycle, and Frequency. In other words, a long
treatment time could either amplify or diminish the plasma
impact depending on how the other three parameters were
combined. Such findings demonstrate that the plasma–surface
interaction is inherently multifactorial, where the collective
balance of gap distance, energy delivery, oscillation frequency,
and exposure duration determines the resulting feature pat-
terns.

This strong four-way interaction emphasizes that optimizing
plasma treatment requires a holistic consideration of all param-
eters simultaneously, rather than adjusting them in isolation.

C. Multicollinearity

To prepare the extracted image features for potential ma-
chine learning applications, multicollinearity was carefully
assessed among the statistically significant features. Feature
pairs exhibiting very high correlations (|r| > 0.99) were
considered redundant, and only one representative from each
pair was retained. This process resulted in a final set of 30 non-
redundant features, encompassing a broad spectrum of visual
characteristics:

Color-based metrics: Mean R, Kurtosis R, Skewness B, Std
H, Kurtosis H, Entropy H, Std S, Skewness S, Kurtosis S,
Entropy S, Kurtosis B lab, Entropy B lab
Histogram-derived features: Hist Width R, Hist Width G,
Hist Width B, Hist Width V, Hist Width L, Hist Energy
H, Hist Energy S, Hist Energy B lab, Hist Contrast H,
Hist Contrast S, Hist Contrast A
Texture descriptors: GLCM Contrast, GLCM Dissimilarity
Frequency-domain measures: FFT Amplitude Mean
Color ratios: A/B, Gray Hist Width

The resulting correlation matrix confirmed that no feature
pair exceeded the multicollinearity threshold, ensuring suffi-
cient independence among features. This carefully selected and
diverse set provides a robust foundation for subsequent model-
ing and analysis while capturing the key visual characteristics
influenced by plasma treatment.

IV. CONCLUSION

This study demonstrated that plasma applications induce
significant and systematic changes in agar surface character-
istics, as evidenced by both colorimetric and texture-based
image features. Correlation analyses identified strong rela-
tionships between plasma treatment parameters—especially
plasma treatment time—and key visual descriptors, while
multi-way ANOVA confirmed that both main effects and the
four-way interaction of Discharge Gap, Duty Cycle, Fre-
quency, and Treatment Time significantly influenced color,
texture, and frequency-based features. These findings highlight
the multidimensional impact of plasma on surface properties,

providing quantitative insight into plasma-induced oxidative
effects.

Although direct microbial inactivation was not measured,
the results offer a robust foundation for future studies. Ap-
plying the same plasma parameters in bacterial assays could
establish a link between oxidative visualization and antimicro-
bial efficacy, supporting the optimization of plasma treatment
conditions.

Moreover, the curated set of 30 non-redundant image fea-
tures provides a comprehensive quantitative framework for
data-driven approaches. Machine learning models can utilize
these descriptors to predict treatment outcomes, optimize
parameters, or guide quality control in plasma-based appli-
cations.
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