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 A B S T R A C T

Machine-learning quantification of toxic trace metals such as Cd2+ and Pb2+ from cyclic voltammetry (CV) 
reads concentration from peak features that a deterministic peak-finding step extracts from repeated scans, 
and its accuracy is limited by how stably those features can be recovered from noisy signals. The prevailing 
assumption treats acquisition noise as a nuisance to be removed before feature extraction. The present study 
tests the opposite hypothesis, namely that controlled noise injected before feature aggregation can improve 
quantification. A Random Forest regressor was applied to seventeen multi-scan peak features extracted from 
1500 voltammograms spanning fifteen concentrations of each metal. Four noise distributions, namely Gaussian, 
Student’s-𝑡, pink 1∕𝑓 3, and heteroscedastic, were injected at a peak-relative signal-to-noise ratio of 30 dB 
and evaluated over twenty seeds with exact Wilcoxon tests, Cohen’s 𝑑𝑧, and bootstrap confidence intervals. 
Noise injection reduced the mid-range mean absolute percentage error (MAPE) for Cd2+ by 55.0 to 63.0% 
across all four distributions, with 𝑝 < 10−6 and 𝑑𝑧 near −3, while the coefficient of determination remained 
near 0.96. Lead, whose voltammetric peaks are an order of magnitude sharper, showed no reliable benefit. 
Permutation feature importance, a nested-cross-validation check, a second tree-based regressor, a train-only 
control, and a synthetic-peak study together supported a peak-shape mechanism, in which injected noise 
perturbs deterministic peak finding on broad asymmetric peaks and renders across-scan dispersion features 
informative. Controlled acquisition noise therefore improves mid-range quantification for analytes with broad 
peaks, and the dissociation between a stable coefficient of determination and a large error reduction provides 
a diagnostic for peak-finding artefacts in related CV pipelines.
1. Introduction

Cadmium (Cd2+) and lead (Pb2+) contamination of surface and 
groundwater remains a persistent public-health concern, particularly 
in regions where industrial discharge, mining, and agricultural runoff 
intersect with limited monitoring capacity [1–4]. Both metals bioac-
cumulate along the food chain and exert pleiotropic toxic effects in 
humans: chronic Cd2+ exposure damages renal and skeletal systems, 
while Pb2+ disrupts neurological, hematological, and cardiovascular 
function, with no established safe threshold for either ion [5–10]. 
Recent syntheses of heavy-metal decontamination, process-safety, and 
environmental-management research underscore both the scale of the 
contamination problem and the demand for rapid, low-cost monitoring 
at the point of need [11–13]. Reference laboratory methods such as 
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inductively coupled plasma mass spectrometry (ICP-MS) and atomic ab-
sorption spectroscopy (AAS) provide reliable quantification but require 
centralised infrastructure that limits their suitability for rapid field as-
sessment [14,15]. The development of portable electrochemical sensors 
based on cyclic voltammetry (CV) and related stripping/voltammetric 
approaches offers a complementary route owing to low instrument 
cost, fast response, and compatibility with field deployment [16–20]. 
Working-electrode chemistry and modification strategies, particularly 
carbon-based and nanostructured electrodes, have been a major focus 
of this literature [21–23].

A growing body of work has applied machine learning to CV and re-
lated voltammetric signals to improve quantification beyond traditional 
univariate calibration [24–33]. Approaches range from feature-based 
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regressors such as support vector regression and random forests [26,
32,34] to end-to-end deep learning architectures including convolu-
tional networks [29,31] and attention-based fusion models tailored 
to electrochemical signals [24,27]. A recurring pattern in these stud-
ies is the use of single-scan features even though several consecutive 
scans are typically acquired per measurement. The information con-
tained in inter-scan variability is therefore underexploited as input to 
a regression model.

Electrochemical-noise studies have separately documented that the 
noise in voltammetric measurements departs from the ideal Gaussian 
assumption and includes 1∕𝑓 𝛽 spectral content, drift, and concentration-
dependent variance [35–39]. Mitigation has traditionally focused on 
signal-side denoising via Savitzky–Golay smoothing [40,41], wavelet 
shrinkage [42,43], and adaptive filtering [44]. A complementary strat-
egy from the machine-learning literature treats stochastic perturbations 
not as a nuisance to be removed but as a source of regularisation: 
training with noise is provably equivalent to Tikhonov regularisation 
[45], and explicit noise injection underpins dropout [46], time-series 
augmentation [47,48], adversarial training [49,50], and recent gen-
eralisations that mix noisy feature representations [51–53]. Whether 
such augmentation strategies transfer to feature-based regression on 
multi-scan voltammetric data — and how they interact with the under-
lying noise structure of CV measurements — has not, to the authors’ 
knowledge, been systematically investigated.

The present work was initially framed around an evaluation of 
a multi-scan feature aggregation pipeline on a 1500-voltammogram 
Cd2+/Pb2+ dataset, with the working hypothesis that aggregating fea-
tures across scans would systematically reduce prediction error relative 
to single-scan extraction. An unexpected pattern emerged during the 
assessment of this pipeline’s robustness to acquisition noise: noise injec-
tion prior to feature aggregation improved Cd2+ quantification accuracy 
substantially under multi-scan extraction, whereas Pb2+ accuracy was 
essentially unchanged.

The present paper reports this effect, validates it statistically, and 
offers a tentative interpretation. The main contributions are as follows.

• Characterisation of CV measurement noise that motivates the 
augmentation design. This study shows that the replicate noise 
in the dataset is non-Gaussian and coloured, namely it carries 
a 1∕𝑓 𝛽 power spectrum with 𝛽 near 3 and a noise level that 
grows with concentration. This motivates testing coloured and 
amplitude-dependent noise alongside Gaussian rather than treat-
ing the choice of distributions as arbitrary (Section 3.1).

• Demonstration of an asymmetric noise-augmentation effect. This 
study shows that controlled noise injection prior to feature aggre-
gation produces a large and statistically significant improvement 
in Cd2+ mid-range quantification accuracy across four distinct 
noise distributions, while producing no reliable benefit for Pb2+, 
whose response is an order of magnitude weaker and survives 
neither multiple-comparison correction nor hyperparameter tun-
ing. This finding is the central empirical contribution of the paper 
(Section 3.5).

• Sensitivity analysis across noise distributions and SNR levels. The 
present study provides a systematic SNR sweep, namely four 
noise distributions across six SNR levels and three random seeds, 
that maps the operating envelope of the augmentation effect and 
identifies pink 1∕𝑓 3 noise as the dominant failure mode at low 
SNR (Section 3.4).

• Cross-model confirmation. The present study shows that the aug-
mentation effect generalises beyond Random Forest to a sec-
ond tree-based regressor and is weaker or absent in non-tree 
alternatives, a pattern consistent with the proposed mechanism 
(Section 3.10).

• A diagnostic dissociation between aggregate-fit and per-sample 
error metrics. The present study identifies a quantitative signa-
ture, namely 𝑅2 remaining stable while MAPE drops markedly 
under noise injection, that may serve as a diagnostic for similar 
peak-finding artefacts in related CV-ML pipelines (Section 4.4).
2 
• A mechanistic interpretation with empirical support. This study 
proposes a peak-shape-based interpretation linking the asymme-
try to differences in deterministic peak finding for broader, less-
Gaussian peaks, supported by a permutation feature-importance 
analysis before and after augmentation, a nested-cross-validation 
tuning check, a train-only control that localises the effect to acqui-
sition time, and a controlled synthetic-peak study that reproduces 
the direction of the asymmetry from peak shape alone (Sections 
3.6, 3.9, 3.11, and 4.1).

The remainder of the paper is organised as follows. Section 2 
describes the dataset, feature extraction, noise injection scheme, predic-
tion pipeline, and evaluation protocol. Section 3 reports the empirical 
noise characterisation (3.1), the SNR sensitivity analysis (3.4), the 
asymmetric augmentation finding with its statistical validation (3.5), 
and the cross-model confirmation (3.10). Section 4 discusses the pro-
posed mechanism, the 𝑅2/MAPE dissociation, practical implications, 
and limitations. Section 5 concludes.

2. Materials and methods

2.1. Reagents and electrochemical setup

Cd(NO3)2 and Pb(NO3)2 standard solutions were prepared in 0.1 M 
KCl supporting electrolyte at fifteen concentration levels (2, 4, 6, 8, 
10, 20, 40, 60, 80, 100, 200, 400, 600, 800, and 1000 ppm). All 
reagents were of analytical grade, and deionised water with resistivity 
>18 MΩ cm was used throughout. The three-electrode configuration 
consisted of a 3 mm glassy carbon working electrode (GCE), a platinum 
counter electrode, and an Ag/AgCl reference electrode in saturated 
KCl. The GCE was polished with 0.05 μm alumina slurry prior to the 
measurement campaign. Between measurements, the electrode was 
cleaned by sequential rinsing with 0.1 M HCl and 0.1 M NaOH to 
remove residual analyte and adsorbed organic matter, followed by a 
final rinse with deionised water.

2.2. Cyclic voltammetric acquisition

Voltammograms were recorded using a PalmSens EmStat potentio-
stat (PalmSens BV, Houten, The Netherlands) controlled via PSTrace 
software. Scans were performed at a scan rate of 0.1 V/s over po-
tential windows of −1.4 to −0.5 V vs. Ag/AgCl for Cd2+ and −1.0
to −0.1 V vs. Ag/AgCl for Pb2+. No deposition or preconcentration 
step was applied prior to the cyclic potential sweep. Each measure-
ment file contained ten consecutive CV scans of 180 data points each 
(after potential-window normalisation). Fifty replicate measurement 
files were acquired per concentration level, yielding 750 voltammo-
grams per metal and 1500 in total. The first scan in each file was 
excluded from analysis owing to conditioning artefacts substantially 
larger than the steady-state response, leaving nine scans per file for 
feature extraction. The same dataset was previously analysed by [27,
54].

2.3. Empirical noise characterisation

The selection of synthetic noise distributions for the SNR analysis 
was informed by the characterisation of measurement noise using 
replicate residuals, in accordance with established protocols from the 
electrochemical noise literature [35–37]. Distribution shape was as-
sessed via excess kurtosis, quantile–quantile comparison against Gaus-
sian and Student’s-𝑡 references, and maximum-likelihood Student’s-𝑡
fitting. Spectral content was estimated by Welch’s method [55] on de-
trended residual series and fitted to a 1∕𝑓 𝛽 power-law model consistent 
with prior reports of 1∕𝑓 -type noise in electrochemical systems [38,39]. 
Heteroscedasticity was evaluated by linear regression in log–log space 
of the within-replicate noise standard deviation against concentration.
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Fig. 1. Overview of the analysis pipeline in four stages. Stage 1 acquires the cyclic-voltammetry data, namely 1500 voltammograms for Cd2+ and Pb2+ across 
fifteen concentrations from 2 to 1000 ppm, with nine non-conditioning scans per measurement. Stage 2 optionally injects synthetic noise into the raw scans for 
augmentation, spanning four single distributions, namely Gaussian, Student’s-𝑡, pink 1∕𝑓 3, and heteroscedastic, and their combinations, with the clean baseline 
bypassing this stage. Stage 3 extracts seven peak features for each scan. Stage 4 aggregates the per-scan features into a seventeen-dimensional vector, fits a Random 
Forest regressor under stratified five-fold cross-validation, and reports the coefficient of determination 𝑅2 and the mean absolute percentage error (MAPE) per 
concentration band. Each stage is described in detail in the text.
2.4. Analysis pipeline overview

The complete analysis pipeline is summarised in Fig.  1 and proceeds 
in four stages. Stage 1 (data) acquires the cyclic voltammograms with 
the three-electrode cell and retains nine non-conditioning scans per 
measurement. Stage 2 (synthetic noise injection) optionally injects 
one of four single noise distributions, namely Gaussian, pink 1∕𝑓 3, 
Student’s-𝑡, and heteroscedastic, or a combination of them, into the 
raw scans before feature extraction, and the clean baseline bypasses 
this stage. Stage 3 (feature extraction) computes seven peak features for 
each scan. Stage 4 (prediction and evaluation) aggregates the per-scan 
features into a seventeen-dimensional vector, fits a machine-learning 
regressor, namely a Random Forest as the primary model with XGBoost, 
SVR, and an MLP added for cross-model confirmation in Section 3.10, 
and reports the coefficient of determination 𝑅2 and the mean absolute 
percentage error (MAPE) per concentration band with a statistical 
comparison between conditions. The remainder of this section describes 
each stage in detail.

2.5. Multi-scan feature extraction

The methodology of the study involved the extraction of seven 
peak-related features from the Savitzky-Golay smoothed signal for each 
scan [40,41] (window width 11, polynomial order 3): peak amplitude 
𝐴, peak position 𝐸𝑝, full-width-at-half-maximum-derived 𝜎, peak area, 
peak skewness, peak signal-to-noise ratio, and baseline value at the 
peak. The forward and reverse branches of each voltammogram were 
processed separately, and the branch with the larger peak amplitude 
within the analytical potential window was retained.

Across the nine non-conditioning scans, each base feature was sum-
marised by its mean and standard deviation. The coefficient of variation 
was additionally computed for amplitude, position, and area, yield-
ing a total of 17 features per voltammogram. These descriptors were 
prioritised because they summarise the analytically meaningful prop-
erties of a stripping peak, namely its height and area that scale with 
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concentration, its position and width that encode redox identity and 
reversibility, its skewness and local signal-to-noise that capture peak 
distortion, and the baseline at the peak that captures background drift. 
The across-scan dispersion summaries, namely standard deviation and 
coefficient of variation, were retained because they quantify the run-
to-run stability of these estimates, which the mechanism in Section 4.1 
predicts to become informative under noise injection. The construction 
of the feature vector is illustrated in Fig.  2.

2.6. Synthetic noise injection

The present study sought to investigate the relationship between 
feature extraction performance and signal noise levels. Synthetic noise 
was therefore introduced artificially into the raw scans prior to the 
extraction of features. The peak-relative SNR was defined following 
IUPAC convention [56] as 

SNRdB = 20 log10

(

peak height
𝜎noise

)

, (1)

where the peak height is the maximum baseline-corrected signal am-
plitude in the analytical peak region.

Four noise distributions were considered, each drawn independently 
for every scan and rescaled so that its standard deviation equals the 
target 𝜎noise implied by the chosen SNR:

1. Gaussian, independent zero-mean normal samples  (0, 𝜎2noise), 
the assumption underlying most denoising work.

2. Student’s-𝑡 with 𝑑𝑓 = 1.5, heavy-tailed samples drawn from 
a 𝑡 distribution and rescaled to the target standard deviation, 
matching the near-Cauchy tails found in Section 3.1.

3. Pink (1∕𝑓 3 coloured), synthesised in the frequency domain by 
weighting a white spectrum by 𝑓−𝛽∕2 with 𝛽 = 3, assigning uni-
form random phases, applying an inverse real FFT, and rescaling 
to the target standard deviation, matching the empirical power 
spectral density.
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Fig. 2. Multi-scan feature extraction and aggregation. Each of the nine non-conditioning scans passes through the per-scan feature extractor 𝜙(⋅), which returns 
seven peak features, namely amplitude, position, width, area, skewness, signal-to-noise, and baseline at the peak. The resulting 9 × 7 matrix is aggregated 
column-wise into a seventeen-dimensional feature vector, namely the mean and standard deviation of all seven features together with the coefficient of variation 
of amplitude, position, and area. The lower legend contrasts the two regimes that drive the central finding. Without noise injection the nine scans are nearly 
identical, and thus the standard-deviation and coefficient-of-variation features carry little signal. With per-scan noise injection the peak finder produces varied 
estimates across scans, and these dispersion features become informative inputs to the regressor (Stage 2 in Fig.  1).
4. Heteroscedastic, Gaussian samples whose local standard devia-
tion scales with the absolute deviation of the signal from its 
median, so that the variance concentrates in the high-current 
peak regions.

The target standard deviation follows from the peak-relative SNR as 
𝜎noise = (peak height) ⋅ 10−SNRdB∕20, where the peak height is the maxi-
mum absolute amplitude of the quadratically detrended scan within the 
analytical window. The complete implementation of all four generators 
is available in the public code repository (Section 5).

Six SNR levels were evaluated: 30, 25, 20, 15, 10, and 5 dB. Each 
(noise type, SNR level) configuration was evaluated at three indepen-
dent random seeds (42, 7, and 123). The complete sweep covered 
4 × 6 × 3 = 72 noisy configurations in addition to the clean baseline. 
Representative voltammograms before and after injection are shown in 
Figs.  3 and 4.

2.7. Random Forest prediction

Random Forest [57] was selected as the primary regressor be-
cause it suits a small tabular feature set with nonlinear and saturating 
concentration responses, requires little tuning, is robust to correlated 
and differently scaled features, and exposes feature importances on 
which the mechanistic analysis in Section 3.6 relies. The regressor 
used 100 trees, maximum depth 10, and minimum leaf size 2, taking 
the multi-scan feature vector (clean or noise-injected) as input to 
predict concentration in the original units (ppm). Predictions were 
clipped at 0.1 ppm. Hyperparameters were not tuned per condition, 
and the same configuration was used throughout. Their influence is 
examined directly in the sensitivity analysis of Section 3.7. The cross-
model confirmation in Section 3.10 additionally evaluates three alter-
native regressors, namely XGBoost, SVR, and an MLP, under matched 
conditions, with hyperparameter settings detailed in that section.
4 
2.8. Cross-validation evaluation protocol

Stratified five-fold cross-validation [58] was used, with concen-
tration bins [0, 10, 30, 100, 500, 1100] ppm to ensure proportional rep-
resentation across folds. These six values are the boundaries of five 
concentration strata that group the fifteen calibration levels into ana-
lytically distinct ranges, namely a near-detection region below 10 ppm, 
a lower mid-range from 10 to 30 ppm, an upper mid-range from 30 
to 100 ppm, and two higher ranges from 100 to 500 ppm and from 
500 ppm to the maximum of 1000 ppm. The boundaries were chosen 
to follow the order-of-magnitude spacing of the calibration series and 
to align with the low, mid, and high reporting bands used for the 
error metrics. Stratifying the folds on these bins ensures that each fold 
contains samples from every range, which prevents any fold from being 
dominated by a single part of the calibration curve and yields per-band 
error estimates that can be interpreted against the same analytically 
meaningful ranges. Feature aggregation collapses each measurement 
file to a single 17-dimensional row, and thus the unit of cross-validation 
is the file and no scan from a file can appear in both the training and the 
test fold. Replicate files at the same concentration are distributed across 
folds by the stratified sampling, which does not constitute leakage 
because the regression target is the concentration and the replicates are 
independent measurements. The standardiser and the regressor were fit 
on the training fold only, and the test fold was transformed with the 
training-fold statistics. Noise injection acts on the raw per-scan signal 
before feature extraction and uses no concentration information, and 
thus it cannot leak the target. Performance metrics were computed on 
out-of-fold predictions, namely 𝑅2, mean absolute error (MAE), MAPE, 
and per-band MAPE for the low band below 20 ppm, the mid band 
from 20 to 100 ppm, and the high band at or above 100 ppm. The 
mid-range MAPE (MAPEmid) is reported as the primary metric, for two 
reasons. First, MAPE is scale-relative and weights trace and mid-range 
concentrations comparably rather than letting the high-concentration 
points dominate, as an absolute error would. Second, the clean baseline 
is already accurate above the mid band and is limited by detectability 



A. Kamilah et al. Chemical Engineering Journal Advances 27 (2026) 101356 
Fig. 3. Synthetic noise injection on Cd2+ voltammograms at 60 ppm across the four noise distributions (columns) and three representative SNR levels (rows). 
The clean reference is shown in the top row; rows 2–4 correspond to SNR = 30, 15, and 5 dB respectively, with the clean reference superimposed in light grey 
for direct comparison. Shaded vertical bands indicate the analytical peak window. The four distributions produce qualitatively different perturbation textures: 
Gaussian and Student’s-𝑡 are pointwise (with the latter exhibiting heavy-tailed spikes visible at low SNR), pink noise produces low-frequency wandering that 
obscures the peak shape entirely at SNR = 5 dB, and the heteroscedastic perturbation is amplitude-dependent and concentrated in the high-current regions.
 

below it, so the mid band is where the method can change the analytical 
outcome. The coefficient of determination 𝑅2 over the full range is 
retained as a secondary, aggregate-fit metric.

2.9. Statistical analysis

The SNR sensitivity analysis is based on point estimates, reported 
as the mean and one standard deviation across three seeds (42, 7, 
and 123). The noise-augmentation experiment was expanded to twenty 
random seeds per condition to support robust inferential claims. The 
mean MAPEmid, an exact Wilcoxon signed-rank test on the per-seed 
paired differences against the clean baseline, the standardised effect 
size Cohen’s 𝑑𝑧, and a bootstrap 95% confidence interval on the change 
relative to the baseline with 10000 resamples are reported for each 
metal and noise distribution at 30 dB. The Wilcoxon test is used in 
place of a 𝑡-test because it makes no normality assumption on the 
per-seed differences. Exact 𝑝-values are reported throughout, and the 
word significant is reserved for results that passed the test at 𝛼 = 0.05. 
Where several distributions are compared for one metal, a Bonferroni 
correction over the eight single-distribution comparisons is applied (𝛼 =
0.05∕8 = 0.006).

3. Results

The central result of this paper is the asymmetric noise-augmentation
effect and its statistical validation, reported in Section 3.5, together 
with the mechanism that explains it (Sections 3.6 and 4.1) and the 
diagnostic dissociation between a stable 𝑅2 and a falling MAPE (Sec-
tion 4.4). The present study first establishes the measurement-noise 
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characterisation that motivated the augmentation design and then 
reports the clean baseline before turning to that core finding.

3.1. Empirical noise characterisation

Replicate residual analysis showed that the CV measurement noise 
departs from the ideal Gaussian assumption (Figs.  5 and 6). The power 
spectral density followed a 1∕𝑓 𝛽 law, with 𝛽 near 3 at the concen-
trations where the peak signal dominates and an across-concentration 
mean of about 2.7, which is steeper than Brownian noise and mo-
tivates testing coloured noise. The within-replicate noise level rose 
with concentration, scaling roughly as 𝐶0.4 to 𝐶0.5 for both metals, 
although with substantial scatter between concentrations. The residual 
distribution was non-Gaussian and heavy-tailed, with a large excess 
kurtosis driven by occasional large excursions across scans rather than 
by a smooth heavy-tailed law, and thus the present study treats the tail 
behaviour qualitatively and does not fit a single parametric tail model.

These properties, namely a 1∕𝑓 𝛽 spectrum with 𝛽 near 3, het-
eroscedastic concentration scaling, non-Gaussian heavy tails, and re-
gion dependence within voltammograms, motivated testing four dis-
tinct noise distributions in the SNR sensitivity analysis rather than 
Gaussian noise alone (Section 3.4). They also provide context for the 
noise-augmentation finding, since the effect reported below is not 
specific to Gaussian noise.

A further diagnostic examined how closely the injected noise re-
produces the temporal structure of the real measurement noise. The 
autocorrelation of the injected Gaussian noise is near zero at all nonzero 
lags, consistent with the pointwise independence of the generator, 
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Fig. 4. Voltammograms across four representative concentrations (10, 60, 200, and 1000 ppm) and four signal conditions (clean, Gaussian noise injection at SNR 
= 30, 15, and 5 dB) for Cd2+ (top block, rows 1–4) and Pb2+ (bottom block, rows 5–8). Within each block, the top row shows the clean reference and the subsequent 
rows show progressively noisier injection. Shaded vertical bands mark the analytical peak window for each metal. The figure illustrates two regularities of the 
dataset: (i) characteristic peak features become clearly distinguishable from the background only above the low-concentration regime (approximately 200 ppm 
for Cd2+ and Pb2+ alike); and (ii) Pb2+ peaks at high concentration are noticeably sharper than Cd2+ peaks at the same concentration and remain identifiable 
even at SNR = 5 dB, consistent with the peak-shape interpretation discussed in Section 4.1.
whereas the injected pink noise carries the positive low-lag correla-
tion expected of a 1∕𝑓 𝛽 process and therefore approximates the slow 
wandering seen in the replicate residuals. The mean in-window current 
drifted mildly and monotonically across the nine scans, by roughly 
15% of the in-window mean for Cd2+ at 100 ppm, which indicates a 
small but nonzero within-file drift rather than a strictly flat baseline 
over the acquisition window. The injected models thus span both the 
uncorrelated and the slowly correlated regimes of the empirical noise. 
6 
Strong long-timescale instrumental drift, which the present injection 
does not reproduce, is treated as a separate acquisition-side concern in 
Section 4.

3.2. Clean-baseline performance

The multi-scan pipeline with Random Forest regression achieved 
the following mid-range MAPE values under stratified five-fold cross-
validation on clean signals (mean across twenty seeds, bins 20–100 ppm
):
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Fig. 5. Power spectral density of replicate residuals follows a 1∕𝑓 𝛽 law, with 𝛽 near 3 at the concentrations where the peak signal dominates. Example 
concentrations are shown.
Fig. 6. Within-replicate noise standard deviation scales approximately as 𝐶0.4 to 𝐶0.5 for both Cd2+ and Pb2+, with substantial scatter between concentrations. 
Example concentrations are shown.
• Cd2+: MAPEmid = 40.4%, 𝑅2 ≈ 0.96
• Pb2+: MAPEmid = 10.2%, 𝑅2 ≈ 0.99

These baseline values are not claimed as a methodological contribu-
tion. The more interesting finding lies in the way this baseline changes 
under noise injection, which is examined in Section 3.5.

3.3. Single-scan versus multi-scan benchmark

The 17-feature multi-scan vector was compared against a single-
scan seven-feature vector under matched conditions to contextualise 
the value of the multi-scan representation (Table  1). Under clean 
acquisition the multi-scan representation is no better than single-scan 
for Cd2+, at 40.1 against 40.3%, and is slightly worse for Pb2+, at 10.1 
against 7.1%, which confirms the statement that the clean multi-scan 
baseline is comparable to or slightly worse than a simpler single-scan 
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extraction. Under Gaussian injection at 30 dB the multi-scan represen-
tation reduces the Cd2+ mid-range error from 42.0 to 13.0%, a 69% 
reduction relative to single-scan, while the Pb2+ values remain close, 
at 9.5 against 14.0%. The aggregation therefore adds value only when 
injection makes the across-scan dispersion features informative, which 
links this benchmark to the mechanism in Section 4.1.

3.4. SNR sensitivity analysis

Fig.  7 reports MAPE versus SNR for the four noise distributions, 
separately for the mid-range and high-range concentration bands. Three 
patterns are visible.

First, Pb2+ at concentrations ≥100 ppm remained at MAPE 2.7 to 
4.0% across all 24 noise configurations (standard deviation < 0.7%). 
High-concentration Pb2+ detection therefore appears to be largely in-
sensitive to noise across the SNR range tested.
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Fig. 7. MAPE versus SNR for the four noise distributions, in the mid-range (20–100 ppm) and high-range (≥100 ppm) concentration bands. Error bars show the 
standard deviation across three random seeds. The 30% MAPE threshold and the clean baseline are indicated for reference.
Table 1
Single-scan versus multi-scan mid-range MAPE (%) under clean and 
Gaussian-noise (30 dB) conditions, reported as a self-contained three-
seed benchmark. The twenty-seed augmentation experiment in Table 
2 uses a separate seed set, and thus the multi-scan noise value differs 
slightly. The aggregation benefit appears only under noise injection.
 Condition Metal Single-scan Multi-scan 
 Clean Cd2+ 40.3 40.1  
 Clean Pb2+ 7.1 10.1  
 Gaussian 30 dB Cd2+ 42.0 13.0  
 Gaussian 30 dB Pb2+ 14.0 9.5  

Second, mid-range performance crossed the 30% MAPE threshold 
between approximately 10 and 15 dB for Pb2+ and between 15 and 
25 dB for Cd2+. Pink (1∕𝑓 3) noise produced the largest mid-range error 
at the lowest SNR, particularly for Cd2+, where MAPEmid reached 66% 
at 5 dB compared with 37 to 44% under the other three distributions, 
which identifies pink noise as the dominant failure mode at low SNR.

Third, and most relevant to the present paper, the curves at SNR 
= 30 dB lie well below the clean baseline for Cd2+ in the mid-range, 
while remaining at or near the clean baseline for Pb2+. The Pb2+ panels 
show the curves intersecting the clean baseline near 30 dB, whereas 
the Cd2+ mid-range panel shows all four curves substantially below 
the clean baseline at high SNR. This pattern motivated the focused 
statistical analysis presented next.

A complementary view of the same data is given as a heatmap in 
Fig.  8, which makes three features more immediately legible than the 
line plots in Fig.  7: the diagonal-stripe pattern by which pink noise 
dominates the failure mode for Cd2+ at low SNR (top-left quadrant); the 
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near-uniform colour of the Pb2+ high-range panel, indicating insensitiv-
ity to noise; and the contrast between the bold (low-MAPE) cells at SNR 
= 30 dB for Cd2+ mid-range and the corresponding Pb2+ cells, which 
match the clean baseline.

3.5. The asymmetric noise-augmentation effect

The objective of the present study was to perform a focused con-
firmation experiment in order to ascertain whether the observed SNR 
of 30 dB reflected a genuine augmentation effect: twenty random seeds 
per noise distribution at SNR = 30 dB, with exact Wilcoxon signed-rank 
tests against the clean baseline (Table  2, Fig.  9).

All four noise distributions reduced the Cd2+ MAPEmid relative to 
the clean baseline, with reductions of 55.0 to 63.0%, exact Wilcoxon 
𝑝 < 10−6, and large effect sizes (𝑑𝑧 between −3.1 and −3.8) in every 
case. The bootstrap 95% confidence intervals exclude zero by a wide 
margin, spanning roughly 49 to 67% reduction. The effect is consistent 
across distributions with substantially different shape and spectral char-
acteristics, namely a heavy-tailed distribution (Student’s-𝑡 with 𝑑𝑓 =
1.5), a short-tailed approximately symmetric distribution (Gaussian), a 
coloured-noise distribution emphasising low frequencies (pink 1∕𝑓 3), 
and an amplitude-modulated distribution (heteroscedastic).

The Pb2+ response is an order of magnitude smaller and is not 
reliable. Only heteroscedastic injection produced a reduction that was 
significant at the uncorrected level (−5.5%, 𝑝 = 0.024, 𝑑𝑧 = −0.58), 
and it does not survive the Bonferroni correction over the eight single-
distribution comparisons (𝛼 = 0.05∕8 = 0.006). Gaussian injection was 
not significant (−3.7%, 𝑝 = 0.058), and Student’s-𝑡 and pink injection 
produced no reduction at all (+0.3% and +2.9%). The hyperparameter 
analysis below sharpens this picture, since tuning reverses the sign of 
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Fig. 8. MAPE heatmap across the full SNR sweep (4 noise distributions × 6 SNR levels). Each cell reports the mean MAPE across three random seeds. Colour scales 
are panel-specific (capped at 60%, 30%, 35%, and 5% for Cd2+ mid, Cd2+ high, Pb2+ mid, and Pb2+ high, respectively); cells with values below approximately 
30% of the panel maximum are rendered in bold to highlight the augmentation regime.
Fig. 9. Change in mid-range MAPE relative to the clean baseline at SNR = 30 dB, over twenty seeds with bootstrap 95% confidence intervals (error bars), with 
bars coloured by noise distribution. In the left panel, all four distributions reduce the Cd2+ MAPE by 55.0 to 63.0%. In the right panel, the Pb2+ change is an order 
of magnitude smaller, and only heteroscedastic injection is significant at the uncorrected level. Markers denote 𝑝 < 0.001 (∗∗∗), 𝑝 < 0.05 (∗), or a non-significant 
change (n.s.).
the Pb2+ change. The asymmetry between the two metals is therefore 
one of presence rather than degree, namely a large and robust Cd2+
benefit against no reliable Pb2+ benefit.

The persistence of a large Cd2+ effect across distributions with such 
different characteristics rules out distribution-specific explanations. The 
single property shared by all four distributions is the independent 
stochasticity of the perturbation across scans within each measurement 
file. The mechanistic implications are discussed in Section 4.1.
9 
3.6. Feature importance before and after augmentation

Permutation feature importances were computed under clean and 
Gaussian-injected (30 dB) conditions to test the proposed mechanism 
directly, grouping the six across-scan dispersion features (the standard-
deviation and coefficient-of-variation columns) and expressing their 
summed importance as a share of the total (Table  3). The Cd2+ dis-
persion features carry only 0.5% of the total importance under clean 
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Table 2
Statistical analysis of the noise-augmentation effect at SNR = 30 dB over twenty random seeds. Exact Wilcoxon signed-rank 
tests compare MAPEmid against the clean-baseline mean (Cd2+: 40.4%; Pb2+: 10.2%). 𝑑𝑧 is Cohen’s standardised effect size, and 
the 95% confidence interval is a bootstrap interval on the change 𝛥 relative to the baseline (10 000 resamples). The coefficient 
of determination remained near 0.96 for Cd2+ and 0.99 for Pb2+ across all conditions. Only the heteroscedastic Pb2+ effect is 
significant at 𝛼 = 0.05, and it does not survive the Bonferroni correction over the eight single-distribution comparisons.
 Metal Noise MAPEmid (%) 𝛥 (%) 95% CI (%) 𝑑𝑧 𝑝  
 Cd2+ Clean baseline 40.4 — — — —  
 Cd2+ Gaussian 17.9 −54.9 [−60.0, −49.9] −3.16 9.5 × 10−7 
 Cd2+ Student’s-𝑡 15.4 −61.2 [−64.2, −58.2] −3.82 9.5 × 10−7 
 Cd2+ Pink 1∕𝑓 3 14.6 −62.8 [−67.4, −58.3] −3.47 9.5 × 10−7 
 Cd2+ Heteroscedastic. 18.0 −54.8 [−60.5, −49.1] −3.09 9.5 × 10−7 
 Pb2+ Clean baseline 10.2 — — — —  
 Pb2+ Gaussian 9.8 −3.7 [−7.3, −0.0] −0.47 0.058  
 Pb2+ Student’s-𝑡 10.2 +0.3 [−3.7, +4.3] +0.03 1.0  
 Pb2+ Pink 1∕𝑓 3 10.4 +2.9 [−2.0, +7.8] +0.27 0.37  
 Pb2+ Heteroscedastic. 9.6 −5.5 [−9.9, −1.1] −0.58 0.024  
Table 3
Summed importance of the six across-scan dis-
persion features (standard deviation and coef-
ficient of variation) as a percentage of total 
permutation feature importance, under clean and 
Gaussian-noise (30 dB) conditions, averaged over 
seeds.
 Metal Clean (%) Noise (%) 
 Cd2+ 0.5 2.8  
 Pb2+ 2.8 3.3  

acquisition but 2.8% under injection, a fivefold increase. The same Pb2+
share is essentially unchanged, at 2.8 against 3.3%. This is the pattern 
predicted by the mechanism in Section 4.1, namely that injection makes 
the across-scan dispersion of the Cd2+ peak estimates informative, 
whereas for the already-stable Pb2+ peak the dispersion features carry 
only a small share that injection does not enlarge.

3.7. Hyperparameter sensitivity

The hyperparameters were tuned by nested cross-validation to ver-
ify that the conclusions do not depend on the fixed Random Forest 
configuration, with the number of trees, the maximum depth, and the 
minimum leaf size selected on inner folds and the augmentation effect 
evaluated on the outer folds. Tuning lowered the clean baselines, to 
37.0% for Cd2+ and 7.9% for Pb2+, yet the asymmetry persisted and 
sharpened. The tuned Cd2+ Gaussian-injection effect was −63.5%, from 
37.0% to 13.5%, even larger than the untuned effect. The tuned Pb2+
change was +21.2%, from 7.9% to 9.5%, and thus once the clean Pb2+
model is properly tuned, injection makes it worse rather than better. 
The Cd2+ benefit is therefore robust to tuning, whereas the apparent 
Pb2+ effect is not.

3.8. Combined noise distributions

The augmentation experiment was repeated with simultaneously 
injected combinations at 30 dB because real acquisition noise mixes 
several components (Table  4). The Cd2+ reduction persisted under all 
combinations, between 53 and 60%, indistinguishable from the single-
distribution results. The Pb2+ change remained small, and several 
combinations significantly increased the error rather than reducing 
it. Combining distributions therefore neither amplifies nor cancels the 
Cd2+ effect, which is consistent with the mechanism resting on the in-
dependent across-scan stochasticity shared by every component rather 
than on any single spectral signature, while confirming that Pb2+
derives no benefit.
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Table 4
Augmentation effect under simultaneously combined noise dis-
tributions at SNR = 30 dB. Values are the change in MAPEmid
relative to the clean baseline.
 Combination Cd2+ 𝛥 (%) Pb2+ 𝛥 (%) 
 Gaussian + pink −59.7 +5.7  
 Gaussian + Student’s-𝑡 −59.0 −4.4  
 Gaussian + heteroscedastic −53.3 −1.1  
 Pink + Student’s-𝑡 −57.8 +7.1  
 Gaussian + pink + Student’s-𝑡 −59.9 +4.4  

3.9. Train-only versus acquisition-time injection

A natural question is whether the benefit is an ordinary training-
time data augmentation, in which case it should appear when noise is 
added only to the training folds. Three protocols were compared under 
the same leakage-safe cross-validation, namely a clean baseline (A), 
noise injected at acquisition so that both the training and the test folds 
are noisy (B), and noise injected only on the training folds while the test 
folds stay clean (C). In Cd2+, the protocols gave 40.4% (A), 17.9% (B), 
and 637.1% (C). In Pb2+, they gave 10.2% (A), 9.8% (B), and 75.3% 
(C). Train-only injection is therefore catastrophic, because a model 
trained on noisy multi-scan features and applied to clean ones faces 
a severe distribution shift. The benefit appears only when the noise is 
present at acquisition, which means the result is not a training-time 
regulariser but a property of how the multi-scan features are measured. 
This reframes the practical recommendation as acquiring deliberately 
noisier scans rather than augmenting a fixed clean dataset.

3.10. Generalisation across regressor families

Consequently, in order to assess whether the augmentation effect is 
specific to Random Forest or generalises across model classes, the multi-
scan pipeline was evaluated with three additional regressors under 
matched conditions (clean baseline and Gaussian noise injection at SNR 
= 30 dB, three random seeds): gradient-boosted trees [XGBoost, 59], 
𝜀-insensitive support vector regression with an RBF kernel (SVR), and 
a multilayer perceptron (MLP). Results are summarised in Fig.  10 and 
Table  5.

The Cd2+ augmentation effect appears in all four regressor families. 
The effect is largest for the two tree-based models, at −67.6% for 
Random Forest and −41.4% for XGBoost, and smaller but in the same 
direction for the continuous-decision-function models, at −20.4% for 
SVR and −25.0% for the MLP. The effect is therefore not specific to 
Random Forest. The Pb2+ picture is mixed and small. Random Forest 
and SVR show reductions of a few percent, whereas XGBoost and 
the MLP show increases of 41.5 and 17.3%, so no consistent benefit 
emerges for Pb2+ in any model.
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Fig. 10. Generalisation across regressor families under Gaussian injection at SNR = 30 dB, averaged over three seeds, showing the change in mid-range MAPE 
relative to the clean baseline with bars coloured by model. In the left panel, the Cd2+ reduction appears in all four families and is largest for the tree-based 
models, namely RF and XGBoost. In the right panel, the Pb2+ change is small and sign-variable, with XGBoost and the MLP showing an increase.
Table 5
Augmentation effect across regressor families at SNR = 30 dB Gaussian noise. MAPEmid values 
are means across three seeds. The Cd2+ effect appears in all four families and is largest for the 
tree-based models. SVR and the MLP show much higher baseline MAPE, which indicates that they 
underfit the multi-scan representation.
 Model Metal Clean MAPEmid (%) Noise MAPEmid (%) 𝛥 (%) 
 RF Cd2+ 40.1 13.0 −67.6 
 XGBoost Cd2+ 26.6 15.6 −41.4 
 SVR Cd2+ 43.8 34.8 −20.4 
 MLP Cd2+ 75.0 56.2 −25.0 
 RF Pb2+ 10.1 9.5 −6.0 
 XGBoost Pb2+ 8.2 11.6 +41.5 
 SVR Pb2+ 36.0 34.6 −3.9 
 MLP Pb2+ 33.6 39.4 +17.3 
 
The pattern is consistent with the proposed mechanism (Section 4.1).
Tree-based regressors can directly partition the feature space along the 
standard-deviation and coefficient-of-variation dimensions of the multi-
scan feature vector, which become informative under noise injection, 
whereas SVR and the MLP construct continuous decision functions that 
interact with these features less directly and therefore extract less of 
the augmentation benefit. No model class extracts a benefit for Pb2+, 
in line with the peak-shape interpretation that when deterministic 
peak finding is already stable, the additional stochasticity yields no 
advantage.

Notably, SVR and MLP achieve substantially higher baseline MAPE 
values than the tree-based regressors on this dataset (Table  5), indicat-
ing that they underfit the multi-scan representation. A more thorough 
hyperparameter search and architecture exploration could narrow this 
gap, but the focus of the present analysis is the relative change between 
clean and noise-injected conditions rather than absolute performance.

3.11. Controlled synthetic-peak study

Synthetic voltammograms were generated to isolate peak shape as 
the causal factor, with a broad and slightly asymmetric peak resembling 
Cd2+ and a narrow and symmetric peak resembling Pb2+, then passed 
through the same feature-extraction and noise-injection pipeline. Gaus-
sian injection reduced the mid-range error of the Cd2+-like peak from 
11.4% to 10.8%, a 4.3% reduction, while it left the Pb2+-like peak 
essentially unchanged at a small increase of 3.4%. The synthetic study 
therefore reproduces the direction of the asymmetry from peak shape 
alone, namely a benefit for the broader and less symmetric peak and 
none for the sharp peak. The synthetic model does not reproduce the 
full magnitude of the effect seen on the real data, which indicates that 
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the simplified peak model captures the qualitative mechanism rather 
than the complete peak-finding behaviour of the real electrode. This 
result supports the proposed mechanism while making clear what the 
controlled model can and cannot establish.

4. Discussion

4.1. A tentative mechanistic interpretation

The asymmetry between Cd2+, where noise injection lowers MAPE 
by 55.0 to 63.0%, and Pb2+, where no distribution produces a reli-
able reduction, calls for explanation. The augmentation effect is ob-
served across all four noise distributions tested and cannot rest on 
properties unique to any single distribution. The shared property is 
that each scan receives an independent random perturbation, which 
propagates through the deterministic feature-extraction pipeline and 
produces per-scan estimates that differ slightly from the clean-signal 
estimate.

The present study proposes a tentative interpretation linked to peak 
shape. In the present dataset, Cd2+ peaks at the GCE working electrode 
are broader and somewhat asymmetric, with subtle local extrema near 
the global maximum. Deterministic peak finding on a single clean scan 
can settle on one of these local extrema, biasing the peak-position 
and amplitude estimates that subsequently propagate through feature 
aggregation. With independent noise injection across nine scans, each 
scan’s peak-finder produces a slightly different position estimate, and 
the multi-scan summary statistics (mean, standard deviation, coeffi-
cient of variation) become more reliable estimators than they would 
be for nearly identical scan-level estimates. The bottom panels of Fig. 
2 sketch this contrast at the level of the feature matrix. Under clean 
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acquisition the standard-deviation and coefficient-of-variation columns 
of the aggregated vector carry little signal, whereas under independent 
noise injection these same columns become informative inputs to the 
regressor. The permutation feature-importance analysis in Section 3.6 
confirms this empirically, since the summed importance of the disper-
sion features for Cd2+ rises from 0.5 to 2.8% of the total under injection. 
Pb2+ peaks are narrower and closer to Gaussian, so deterministic peak 
finding is already stable and the dispersion features carry only a small 
share under clean acquisition (2.8%) that injection does not enlarge 
(3.3%), which accounts for the absence of a reliable Pb2+ benefit. The 
controlled synthetic-peak study in Section 3.11 reproduces the direction 
of this contrast from peak shape alone.

This interpretation is conceptually similar to dropout regularisation 
in neural networks [46], where stochasticity prevents overfitting to 
deterministic artefacts, and is consistent with the broader theoretical 
result that training with noise is equivalent to a form of Tikhonov reg-
ularisation [45,52]. Related effects are documented in the time-series 
augmentation literature [47]. No prior reports of an analogous effect 
in cyclic voltammetric signal processing are known to the authors, 
although the analogy is general enough that the connection may have 
been noticed in adjacent literature beyond the present survey.

This interpretation was tested directly. The synthetic-peak study in 
Section 3.11 isolates peak shape as the experimental variable, and it 
reproduces the direction of the asymmetry, namely a benefit for the 
broad and asymmetric peak and none for the sharp peak. The synthetic 
model does not reproduce the full magnitude of the real-data effect, 
so it supports the mechanism without establishing it completely. A 
signal-level architecture that bypasses deterministic peak finding would 
provide a complementary test.

4.2. Practical implications

Should the augmentation effect generalise to similar electrochem-
ical settings, it would suggest a counterintuitive design principle: for 
some analytes, deliberately injecting controlled noise during multi-scan 
acquisition — or, equivalently, accepting modestly noisier acquisition 
settings without aggressive post-acquisition filtering — may improve 
mid-range quantification accuracy relative to an idealised clean acqui-
sition. This caveat is emphasised: the SNR analysis used synthetic noise 
injection on laboratory-acquired signals rather than direct field mea-
surements, and the augmentation effect was demonstrated specifically 
with the multi-scan feature pipeline and Random Forest regression. 
Generalisation to other analytes, model classes, and acquisition setups 
remains to be verified.

A separate practical observation arises from the SNR sensitivity 
analysis (Section 3.4). The dominance of pink noise as the failure mode 
at low SNR is, if generalisable, a counterweight to the field’s prevailing 
focus on high-frequency denoising. Slow drift and 1∕𝑓 -type interference 
[39] are largely orthogonal to the bandwidths targeted by Savitzky-
Golay smoothing [40,41] and wavelet shrinkage [42,43], and may 
be better addressed by acquisition-side stabilisation — temperature 
control, vibration isolation, and electrode reconditioning — than by 
post-acquisition signal processing [36,37,44].

The mechanism is governed by peak morphology rather than by 
the chemical identity of the analyte, which indicates where the ap-
proach should and should not transfer. Any electroactive species whose 
stripping peak is broad, asymmetric, or partially convoluted, so that 
deterministic peak finding on a single scan can settle on a spurious 
local extremum, is a candidate for the same mid-range benefit, whereas 
species that produce sharp, symmetric, well-separated peaks, as Pb2+
does here, are not expected to benefit because their peak localisation 
is already stable. Heavy metals commonly co-determined by anodic 
stripping voltammetry, together with organic electroactive compounds 
that give broad oxidation or reduction waves, therefore fall within the 
plausible scope, while the criterion for any specific system remains 
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empirical, namely whether its peaks are broad enough for determin-
istic peak finding to be unstable. This morphological criterion, rather 
than the Cd2+ and Pb2+ pair alone, defines the intended reach of 
the method, and it is directly testable on a new analyte through the 
permutation-importance and synthetic-peak diagnostics used here.

4.3. Computational cost and scalability

The workflow is computationally light and scales gracefully to 
larger datasets. Feature extraction is linear in the number of voltam-
mograms and compresses each measurement file, namely nine scans of 
180 points, into a single seventeen-dimensional row, so the regressor 
operates on a compact tabular matrix rather than on the raw signal 
and its cost grows with the number of files rather than with the 
length of each scan. A single Random Forest fit on this representation 
trains in seconds on a standard workstation without a GPU, and the 
memory footprint is modest because only the aggregated feature matrix 
is retained after extraction. The heavier cost in the present study comes 
from the validation suite rather than from the method itself, namely the 
twenty-seed augmentation experiment, the nested cross-validation, the 
permutation-importance analysis, and the ten-thousand-resample boot-
strap, each of which repeats the same inexpensive fit and parallelises 
cleanly across seeds and folds. Scaling to substantially larger datasets 
therefore increases mainly the one-off feature-extraction pass, which is 
trivially parallel across files, while the model-fitting and inference cost 
remains governed by the low feature dimensionality. For datasets large 
enough to strain a single Random Forest, the pipeline accepts gradient-
boosted trees, which Section 3.10 already evaluates and which offer 
favourable scaling on larger tabular inputs.

4.4. Relation to existing CV-ML pipelines

Several recent CV-ML pipelines have reported strong 𝑅2 for heavy-
metal quantification while showing elevated MAPE values [24,27]. One 
possible reading of the present findings is that the gap between 𝑅2

and MAPE in such systems may, in part, reflect the deterministic peak-
finding artefacts described in Section 4.1: a model can capture the 
overall concentration trend (yielding a high 𝑅2) while accumulating 
per-sample relative errors (yielding a high MAPE) when its features 
encode small biases that depend on local noise realisations.

The present data support this reading directly. As shown in Tables 
2 and 5, the noise-augmentation effect reduces MAPEmid by approxi-
mately 55.0 to 63.0% for Cd2+ while leaving 𝑅2 essentially unchanged, 
near 0.96 across all conditions. The fact that 𝑅2 is invariant under the 
same intervention that dramatically lowers MAPE indicates that the 
augmentation does not improve how well the model captures the con-
centration trend. Instead, the augmentation improves the per-sample 
accuracy by removing a per-sample bias. This dissociation between 
an aggregate-fit metric (𝑅2) and a per-sample error metric (MAPE) 
is consistent with the proposed mechanism and offers a quantitative 
diagnostic that future studies could use to detect similar peak-finding 
artefacts in their own pipelines.

4.5. Limitations

Several limitations should be acknowledged. The mechanistic in-
terpretation in Section 4.1 is supported by a permutation feature-
importance analysis and a controlled synthetic-peak study, but it is 
not established beyond doubt, and the noise-augmentation effect could 
plausibly involve mechanisms not considered here. The multi-regressor 
analysis in Section 3.10 addresses generalisation across feature-vector-
based regressor families and shows that the effect is reproduced in 
tree-based models and weakened or absent in continuous decision-
function models. The multi-regressor analysis does not, however, ad-
dress whether the effect persists under deep learning architectures that 
operate directly on the raw signal and bypass deterministic peak finding 
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altogether. A 1D convolutional or recurrent architecture trained on 
stacked multi-scan signals would constitute a direct test of the peak-
finding mechanism: an absence of the augmentation effect under such 
an architecture would strengthen the proposed mechanism, while a 
persistence would indicate that the mechanism hypothesis is incom-
plete. This comparison was not pursued in the present work owing to 
computational constraints, but it is a natural next step.

The dataset, while substantial at 1500 voltammograms, originates 
from a single laboratory setup, electrode material, and electrolyte. 
The internal consistency is therefore strong, but the transferability of 
the augmentation effect to other electrode systems, scan rates, and 
real environmental matrices is not established by the present data. 
Two considerations bound the expected generalisation. The mechanism 
depends on deterministic peak finding being biased for broad and 
asymmetric peaks, which is an electrode- and analyte-specific property 
rather than a feature of the present setup alone, and thus the effect 
is expected wherever such peak shapes occur. At the same time, real 
matrices introduce interferents and matrix effects that the laboratory 
standards here do not contain, and thus external validation on spiked 
real-water samples and on at least one alternative electrode remains 
necessary before the design principle can be recommended in practice.

The augmentation experiment used twenty seeds per condition, 
which yields the narrow confidence intervals reported in Table  2, 
whereas the SNR sweep used three seeds and therefore has wider inter-
vals at low SNR, where seed-level variability is highest. The controlled 
synthetic-peak study reproduces the direction of the asymmetry but not 
its full magnitude, which indicates that the simplified peak model cap-
tures the qualitative mechanism rather than the complete peak-finding 
behaviour of the real electrode. Concentrations below approximately 
15 to 20 ppm are not reliably quantified by the present pipeline. This 
matters for environmental monitoring, since regulatory limits for Cd2+
and Pb2+ in drinking water lie well below this range, so the method 
in its present form suits screening and mid-range quantification rather 
than trace-level compliance testing. Closing this gap would require 
preconcentration techniques such as adsorptive stripping voltammetry 
[22,26,28], which lower the detectable concentration and are a natural 
extension of this work.

5. Conclusion

The present study reports an asymmetric noise-augmentation effect 
in machine-learning-based cyclic voltammetric quantification of Cd2+
and Pb2+. Stochastic noise injection during multi-scan acquisition re-
duces Cd2+ mid-range MAPE by 55.0 to 63.0% across four distinct 
noise distributions (Gaussian, Student’s-𝑡, pink 1∕𝑓 3, heteroscedastic), 
with exact Wilcoxon 𝑝 < 10−6, large effect sizes, and bootstrap 95% 
confidence intervals that exclude zero over twenty random seeds. Pb2+
shows no reliable benefit, since only heteroscedastic injection is sig-
nificant at the uncorrected level and the change reverses sign under 
hyperparameter tuning, and thus the asymmetry is one of presence 
rather than degree. The persistence of the large Cd2+ effect across dis-
tributions with substantially different shape and spectral characteristics 
rules out distribution-specific mechanisms, and a permutation feature-
importance analysis confirms that the across-scan dispersion features 
gain importance under injection for Cd2+ but not for Pb2+. The effect 
is robust to nested-cross-validation tuning and is reproduced across 
four regressor families, a train-only control shows that the benefit 
requires noise at acquisition rather than only during training, and a 
controlled synthetic-peak study reproduces the direction of the asym-
metry from peak shape alone. A further step is to reproduce the effect 
with experimentally acquired noise rather than synthetic injection, by 
acquiring replicate voltammograms at a controlled and moderately 
reduced signal-to-noise ratio near the 30 dB value at which the injected 
benefit is largest, through acquisition-side means such as a higher scan 
rate, a shortened equilibration time, or reduced instrumental filtering. 
The train-only control in Section 3.9 already localises the benefit to 
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acquisition rather than training, so genuine hardware noise is expected 
to reproduce the Cd2+ mid-range improvement, and a matched clean-
versus-noisy acquisition campaign on the same electrode would confirm 
this directly. Testing generalisation to signal-level deep learning archi-
tectures that bypass deterministic peak finding, extending the synthetic 
study to overlapping multi-analyte peaks, and external validation on 
real-water samples are natural directions for future work.
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