Mineral Species Identification from Raman Spectra:
A Leakage-Free Machine-Learning Classifier Built on
the RRUFF Database
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Figure 1: Graphical abstract. End-to-end workflow: unoriented RAW Raman spectra from the
RRUFF database are baseline-corrected (asymmetric least squares), normalized (standard normal vari-
ate) and resampled onto a uniform 200-1200 cm™! grid at 2 em~! (501 points); a >10-spectra species
filter and a leakage-free group-by-specimen 80/20 split (seed 42) yield 92 species; an Extra-Trees classifier
using spectral features plus the laser line reaches top-1 = 88.8% and top-5 = 97.0% on the held-out test
set.

Abstract

Raman micro-spectroscopy is a rapid, non-destructive fingerprinting technique for mineral
identification, and the open RRUFF database provides tens of thousands of reference spec-
tra suitable for training automated classifiers. We built a mineral-species classifier from
the RRUFF collection of unoriented Raman spectra (downloaded 12 July 2026). Start-
ing from 8,370 raw (unprocessed) spectra spanning 2,476 species, we applied a physically
motivated preprocessing pipeline—asymmetric-least-squares (ALS) baseline correction to re-
move fluorescence backgrounds, standard-normal-variate (SNV) intensity normalization, and
cubic-spline resampling onto a uniform 200-1200 cm ™! grid at a 2 cm~! step (501 points).
Restricting the problem to species with at least ten spectra (and, necessarily, at least two dis-
tinct specimens) retained 92 species (1,518 spectra). To avoid the optimistic bias caused
by a single physical specimen contributing many correlated spectra, we used a group-by-
specimen split (seed 42) that holds out ~20% of specimens while guaranteeing that every
retained species appears in both partitions; species whose specimens could not be divided



(i.e. those with a single specimen) were excluded a priori by the two-specimen filter. Com-
paring support-vector machines, random forests, extremely randomized trees and gradient-
boosted trees under grouped 5-fold cross-validation, an Extra-Trees model augmented with
a one-hot encoding of the excitation wavelength was selected. On the untouched test set
(329 spectra, 134 specimens) it achieved top-1 accuracy = 88.8% (292/329) and top-
5 accuracy = 97.0%. The five most-misclassified species—Mimetite, Pyrope, Andradite,
Jamesonite and Diamond—are confused almost exclusively with chemically or structurally
near-identical relatives (e.g. the garnet pair Pyrope— Almandine and the apatite-supergroup
pair Mimetite— Vanadinite), confirming that the residual errors reflect genuine spectral de-
generacy rather than pipeline artefacts. Per-spectrum top-1 predictions for the entire test
set are provided as a machine-readable CSV.

1 Introduction

Raman spectroscopy probes the inelastic scattering of monochromatic light by molecular and
lattice vibrations, producing a pattern of bands whose positions and relative intensities are
determined by the chemical bonding and crystal structure of the scattering material. For
minerals, this vibrational “fingerprint” is diagnostic: the wavenumbers of internal modes of
anionic groups (Si-O, C-0, S-0, P-0, As-0O, V-0) together with lower-frequency lattice modes
uniquely characterize most species, and a spectrum can typically be acquired in seconds on an
intact grain with no sample preparation [1, 2]. These properties have made Raman micro-
spectroscopy a workhorse of modern mineralogy, gemology, economic-geology exploration and
planetary science, where it supports rapid, non-destructive, in-situ identification of phases in
drill core, thin sections and rover payloads [3, 4].

The practical value of Raman identification depends on the availability of high-quality ref-
erence spectra. The RRUFF Project has become the community standard for this purpose: it
is an integrated, openly accessible database that pairs Raman spectra with X-ray diffraction
and quantitative chemical analyses for well-characterized mineral specimens, aiming ultimately
to catalogue every known mineral species [5]. Because RRUFF records spectra at multiple laser
wavelengths and, for many specimens, at multiple crystallographic orientations, it captures a
realistic degree of intra-species variability, which is precisely what a robust automated classifier
must learn to tolerate.

Automated matching of an unknown spectrum against such a library has traditionally relied
on correlation or peak-list search, but over the last decade machine learning has been shown
to deliver higher accuracy and greater robustness to noise and baseline drift. Support-vector
machines and tree ensembles were early classical baselines for Raman mineral recognition [6,
7], and deep one-dimensional convolutional neural networks (1D-CNNs) trained end-to-end on
raw spectra were later reported to outperform them on RRUFF subsets, in part by learning
baseline correction implicitly [8-10]. Yet a recurring methodological weakness undermines the
comparability and credibility of many published accuracies: data leakage. When a single physical
specimen contributes several spectra (different lasers, repeated acquisitions, multiple spots) and
those spectra are allowed to fall on both sides of a random train/test split, the model can
memorize specimen-specific idiosyncrasies and report an accuracy that will not generalize to a
genuinely new specimen. This failure mode is now well documented across scientific machine
learning and is the leading cause of the reproducibility crisis in prediction studies; the accepted
remedy is to partition data at the level of the independent unit—subject, patient, site or, here,
specimen—rather than at the level of the individual measurement [11-13].

This report describes a mineral-species classifier built on the RRUFF unoriented Raman
collection with three deliberate design commitments. First, we treat preprocessing as a first-
class, physically motivated component of the pipeline and document every choice. Second, we
impose a strict group-by-specimen evaluation protocol so that all reported accuracies estimate



performance on unseen specimens. Third, we report the full set of quantities requested for
the task—the number of species retained after the >10-spectra filter, top-1 and top-5 test
accuracy, the five most frequently misclassified species, and a per-spectrum prediction file—and
we interpret the residual errors in mineralogical terms.

2 Data and Methods

2.1 Data source and acquisition

Spectra were obtained from the RRUFF Project’s public repository of zipped Raman data
files (https://rruff.info/zipped_data_files/raman/, which resolves to the RRUFF con-
tent host). All four unoriented quality tiers were downloaded on 12 July 2026 (UTC acqui-
sition timestamp recorded in the provenance log): excellent_unoriented, fair_unoriented,
poor_unoriented and unrated_unoriented. URLs, archive sizes and SHA-256 checksums were
recorded at download time for reproducibility.

Each RRUFF . txt file consists of ##KEY=VALUE header lines followed by two-column, comma-
separated (wavenumber, intensity) data. A header-driven parser (with a filename fallback)
extracted the mineral species name, the RRUFF specimen identifier, the data type, the laser
excitation wavelength, the ideal chemistry and locality, and the wavenumber/intensity arrays.
A key property of the “unoriented” archives is that they contain both the raw instrument out-
put (RAW) and a vendor-processed variant of each measurement; the two were tagged so that
downstream analysis could operate exclusively on the raw data. Parsing the archives yielded
16,644 spectra in total (8,370 RAW; 8,274 processed) across 2,507 nominal species and 4,149
physical specimens, with zero hard parse failures. All subsequent modelling used only the RAW
subset (8,370 spectra, 2,476 species, 4,099 specimens) so that the classifier learns from, and is
evaluated on, unadulterated instrument spectra rather than proprietary post-processing.

2.2 Spectral preprocessing

Raw mineral Raman spectra vary widely in their sampled wavenumber range, point spacing,
fluorescence background and absolute intensity scale; a classifier requires a common, physically
comparable representation. Our per-spectrum pipeline comprised quality control, resampling,
baseline correction and normalization, in that order (Figure 2).

Quality control. Within the RAW subset we discarded spectra with fewer than 100 data
points (35 spectra, including nearly all empty files) and spectra that did not span the target
analysis window (233 spectra), retaining 8,102 spectra (97.2% of the qualifying RAW spectra)
covering 2,424 species and 4,025 specimens.

Resampling grid. The task envisaged a broad grid (of order 100-1800 cm~1!), but the
RRUFF RAW subset does not support such a range without heavy attrition or extrapolation.
A coverage analysis showed a median mazimum wavenumber of only ~1288 em™': just 7.4% of
RAW spectra extend to 1400 cm™! and only 1.1% reach 1800 cm~!. Enforcing a 1501400 cm™!
window would retain a mere 530 of 8,370 spectra (6.4%). By contrast, the 200-1200 cm~!
interval—which contains the mineralogically decisive region of lattice modes and the principal
Si-0, C-0, S-0, P-0, As-0O and V-0 stretching and bending bands—is fully covered by 97.2%
of RAW spectra. We therefore resampled every spectrum onto a uniform 200-1200 cm ™' grid
at a 2 cm™! step (501 points) by cubic-spline interpolation, averaging any duplicated abscis-
sae so the grid is strictly increasing. Because every retained spectrum fully spans this window,
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no extrapolation was performed. This data-driven choice preserves the full-dataset intent (8,102
usable spectra rather than 530) while eliminating extrapolation artefacts.

Baseline correction. Fluorescence produces a broad, slowly varying background that can
dominate the true Raman signal, especially for the longer excitation wavelengths in the col-
lection. We removed it with asymmetric least squares (ALS) smoothing [14, 15], which fits
a smooth baseline by penalizing roughness (a second-difference penalty of strength A\) while
asymmetrically weighting points that lie above versus below the current estimate (asymmetry
p). We used A = 10°, p = 1072 and 10 iterations, and subtracted the estimated baseline. As
Figure 2 shows, ALS tracks the fluorescence envelope across the 514, 532, 780 and 785 nm laser
lines without clipping sharp Raman peaks; ALS and the related airPLS scheme [16] are the
standard tools for this task.

Normalization. To place all spectra on a common intensity scale we applied the standard
normal variate (SNV) transform [17]: each spectrum was mean-centred and divided by its own
standard deviation, so that every processed spectrum has mean ~ 0 and unit variance (verified:
mean of per-spectrum means ~ —1x 107!°, mean of per-spectrum standard deviations = 1.000).
SNV removes multiplicative scaling and additive offsets, making band shape rather than absolute
intensity the classification signal. (Savitzky—Golay smoothing/differentiation [18] is a common
optional addition but was not required here, as SNV on ALS-corrected spectra already yields
clean, peak-dominated profiles.)



RRUFF RAW Raman preprocessing pipeline (ALS baseline + SNV)

Bjarebyite (R130107, 532 nm)

raw + estimated baseline baseline-corrected + SNV normalized
—— resampled raw
——- ALS baseline 81
~ 150 o
=] =
s 2 °]
Q
2 100 2 4
< >
9]
E G 21
501
0
T T T T T T T T T T T T
200 400 600 800 1000 1200 200 400 600 800 1000 1200
Raman shift (cm™1) Raman shift (cm™1)
Pyrolusite (R120169, 780 nm)
raw + estimated baseline baseline-corrected + SNV normalized
—— resampled raw
501 ==+ ALS baseline 3
3 2]
S 40 2
g a
2 £ 14
c ]
g3° 2
£ v 0
204
~14
200 400 600 800 1000 1200 200 400 600 800 1000 1200
Raman shift (cm™?) Raman shift (cm™1)
Ellenbergerite (R070395, 785 nm)
raw + estimated baseline baseline-corrected + SNV normalized
34
—— resampled raw
25000 4 -+ ALS baseline
3 2%
© @
= 20000 1 S 14
2z g
2 S
2 15000 A z 0+
£ v
10000 A - -1
T T T T T T T T T T T T
200 400 600 800 1000 1200 200 400 600 800 1000 1200
Raman shift (cm™) Raman shift (cm™)
Microcline (R040154, 514 nm)
raw + estimated baseline baseline-corrected + SNV normalized
—— resampled raw 8
==+ ALS baseline
330000 26
& 2
2 g 4
£ s
§ 20000 1 2,
£ 0
0
10000 4

r v T r T T r r v r v
200 400 600 800 1000 1200 200 400 600 800 1000 1200
Raman shift (cm™) Raman shift (cm™?)

Figure 2: Preprocessing pipeline, four representative specimens. Left column: the resampled
raw spectrum (blue) with the ALS-estimated fluorescence baseline (red dashed). Right column: the
corresponding baseline-corrected, SNV-normalized spectrum. Rows span the dominant excitation wave-
lengths (532, 780, 785 and 514 nm). The ALS baseline follows the fluorescence envelope—dramatically
sloped for the 785 nm ellenbergerite example—while preserving sharp bands; after SNV the diagnostic
peaks (e.g. the microcline feldspar features near 510 cm~!) stand out on a flat, zero-mean background.

2.3 Species filtering

A species can be modelled only if it is represented by enough spectra to learn from and by
enough independent specimens to be placed on both sides of a specimen-level split. We therefore
retained species satisfying two conditions: at least 10 spectra and at least 2 distinct
specimens. The two-specimen requirement is not an arbitrary threshold but a mathematical
necessity: a group-by-specimen split can only guarantee that a species appears in both train
and test if it has at least two specimens to distribute (Section 2.4).

Applying these criteria to the 8,102 preprocessed spectra retained 92 species comprising
1,518 spectra and 664 specimens. Of the 2,424 candidate species, 2,332 were excluded for
having fewer than 10 spectra. Notably, zero species were excluded for the “>10 spectra but
only a single specimen” case: every species that met the spectra-count threshold also possessed



at least two specimens, so the two filters coincided in practice and no species eligible on spectra
count had to be dropped for being unsplittable. The 92 retained species span the major min-
eral classes—silicates (feldspars, garnets, pyroxenes, amphiboles, micas, olivines), carbonates,
sulfates, phosphates, oxides, sulfides and native elements—and are listed in Appendix A.

2.4 Group-by-specimen train/test split

To obtain an honest estimate of performance on unseen material, all spectra belonging to a given
RRUFF specimen were kept together on one side of the split (a grouped, leakage-free partition
[12, 13]). Using a single seeded pseudo-random generator (numpy.random.RandomState (42);
species processed in sorted order for full reproducibility), the unique specimens of each retained
species were shuffled and partitioned so as to hold out ~20% of specimens while ensuring both
partitions are non-empty:

e species with ezactly two specimens — one specimen to train, one to test;
e species with more than two specimens — Nyest = min(n—l, max(1, round(0.2 n))) specimens
to test, the rest to train (guaranteeing at least one specimen on each side).

The procedure yielded a training set of 1,189 spectra (530 specimens) and a test set of 329
spectra (134 specimens). The realized holdout was 21.7% of spectra and 20.2% of specimens
(Figure 3); it sits slightly above 20% because the many two-specimen species contribute a forced
50/50 specimen split, which is the price of guaranteeing that every species is represented in both
partitions. Independent re-verification confirmed the three required invariants: zero specimen-
identifier overlap between train and test (no leakage); all 92 species present in both partitions;
and conservation of the spectrum count (1,189 + 329 = 1,518).

Species whose specimens could not be split across both sides—i.e. species with only one
specimen—are handled by exclusion at the filtering stage (Section 2.3) rather than by an ad-
hoc rule at split time. Because the >10-spectra filter already removed every such case, the split
imposed no further species loss.



Step 3: Group-by-Specimen Train/Test Split Diagnostics
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Figure 3: Group-by-specimen split diagnostics. Top: spectra (left) and specimen (right) counts
for the train and test partitions. Bottom left: distribution of the number of unique specimens per retained
species (most species have 2-8 specimens). Bottom right: per-species fraction of spectra assigned to test,
centred on the 0.2 target (red dashed); the spread reflects the discrete, specimen-level nature of the split,
particularly for two-specimen species.

2.5 Models and evaluation protocol

Each spectrum is represented by its 501-dimensional SNV vector (the spectral feature set).
Because band positions and relative intensities can depend on the excitation wavelength, we
also evaluated a spectral+laser feature set that appends a one-hot encoding of the laser line
(514, 532, 780, 785 nm) to the spectral vector, to test whether excitation metadata improves
discrimination.

We compared four classifier families spanning the methods most commonly used for spectral
classification: a support-vector machine with a radial-basis-function kernel (SVC-RBF) [19], a
random forest [20], extremely randomized trees (Extra-Trees) [21], and gradient-boosted deci-
sion trees (Light GBM) [22]. All models were implemented in scikit-learn [23] (Light GBM via its
scikit-learn APT) on top of the NumPy /SciPy stack [24, 25]. We deliberately restricted the study
to classical and ensemble learners rather than deep 1D-CNNs [8, 9]: with only 1,189 training
spectra spread over 92 classes (a median of roughly a dozen spectra per class), a data-hungry
deep network is prone to overfitting, whereas tree ensembles and kernel SVMs are strong, well-
regularized, and reproducible in this regime; deep models are revisited in the Discussion as a
direction for future work.

Model and hyper-parameter selection used grouped 5-fold cross-validation on the train-
ing set only, with the specimen identifier as the grouping variable (GroupKFold); top-1 accuracy
was the selection metric. This nests the grouping constraint inside the tuning loop, so that
hyper-parameters are never chosen using spectra from a specimen that also appears in the val-



idation fold. For each family the best configuration (and feature set) was carried forward; the
overall winner was then refit on the full training set and evaluated once on the held-out test set.
Test-set metrics comprise top-1 accuracy, top-5 accuracy (the fraction of spectra whose true
species is among the model’s five highest-probability predictions), the per-species error tally,
and the per-spectrum top-1 prediction with its top-5 candidate list.

3 Results

3.1 Dataset composition

The >10-spectra (>2-specimen) filter retained 92 mineral species (1,518 spectra; 664 speci-
mens), which the group-by-specimen procedure divided into 1,189 training and 329 test spectra
(Table 1). Every species is represented in both partitions. The test set spans all four dominant
excitation wavelengths—532 nm (135 spectra), 780 nm (91), 514 nm (60) and 785 nm (43)—so
that performance is measured across the instrument conditions present in the database.

Table 1: Dataset at each processing stage.

Stage Spectra  Species Specimens
Parsed (all unoriented) 16,644 2,507 4,149
RAW subset 8,370 2,476 4,099
After QC + resampling (200-1200 cm~1) 8,102 2,424 4,025
After >10-spectra, >2-specimen filter 1,518 92 664

— training partition 1,189 92 530

— test partition 329 92 134

3.2 Model selection

Under grouped 5-fold cross-validation, the tree-ensemble and kernel-SVM families all reached
the mid-to-high 80% range in top-1 accuracy, while gradient boosting trailed (Table 2). Extra-
Trees was the strongest family, and the addition of the laser-line covariate gave a marginal
improvement, so the selected model was Extra-Trees on the spectral+laser feature set
(800 trees, max_depth = 40, max_features = \/3), with a cross-validated top-1 accuracy of
0.879+£0.037. The small gap between Extra-Trees, SVC-RBF and Random Forest indicates that
the SNV /ALS representation is well-separated and not strongly model-dependent; the consistent
under-performance of Light GBM (~0.77) is typical for high-dimensional, densely correlated
spectral features with few examples per class, where bagged randomized trees generalize better
than aggressively boosted ones.

Table 2: Grouped 5-fold cross-validation on the training set: best configuration per classifier family.
Accuracy is mean =+ standard deviation of top-1 accuracy across folds.

Family Feature set Key hyper-parameters CV top-1 accuracy
Extra-Trees spectral+laser 800 trees, depth 40, sqrt 0.879 + 0.037
SVC-RBF spectral+laser C =10, vy =103 0.870 + 0.042
Random Forest spectral+laser 800 trees, no depth cap, sqrt 0.827 £0.043
Light GBM spectral+laser 300 trees, 31 leaves, Ir = 0.05 0.774 £0.038




3.3 Test-set performance

Refit on the full training set and evaluated once on the 329 held-out spectra, the selected
Extra-Trees model achieved top-1 accuracy = 0.8875 (292 of 329 spectra correct) and top-5
accuracy = 0.9696 (Table 3). The test accuracy slightly exceeds the cross-validation mean,
indicating no optimistic bias from model selection. Performance is strong at the level of species
as well as spectra: 71 of the 92 species (77%) were classified perfectly on test, and
the mean per-species accuracy was 0.90. Of the 37 spectra misclassified at top-1, 27 were
nonetheless recovered within the top-5 candidate list, leaving only 10 spectra (3.0%) whose
true species fell entirely outside the top five—a practically useful behaviour, since an analyst is
typically presented with a short ranked shortlist rather than a single guess.

Table 3: Final performance on the held-out test set (Extra-Trees, spectral+laser).

Metric

Value

Test spectra

Test specimens

Species (all present in train)
top-1 accuracy

top-5 accuracy

Species with perfect test accuracy
Spectra outside top-5

329
134
92

0.8875 (292/329)

0.9696
71/ 92
10 / 329 (3.0%)

3.4 Most frequently misclassified species

Table 4 lists the five species with the most top-1 errors, and Figure 4 shows where their misclassi-
fications go. The pattern is striking: errors are dominated by confusion with close mineralogical
relatives. Three of the five worst species are garnets or lead apatite-group minerals whose spec-

tra differ only subtly from a sibling species.

Table 4: The five most frequently misclassified species on the test set, with their dominant confusions.

Species Test spectra Misclassified Error rate Predominantly confused with
Andradite 6 4 0.67 Grossular (garnet), Fayalite, Perovskite
Pyrope 4 3 0.75 Almandine (garnet)

Jamesonite 6 3 0.50 Stephanite, Corundum (sulfosalt/other)
Diamond 7 3 0.43 Corundum, Stibnite, Fluorite

Mimetite 2 2 1.00 Vanadinite (apatite supergroup)
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Figure 4: Confusion matrix for the five most-misclassified species. Rows are the true species;
columns are the predicted species (the “(other)” column aggregates predictions falling outside these five
labels). Diagonal cells are correct top-1 predictions. The heavy off-diagonal / “other” mass shows that
these species are lost to a small number of specific, chemically adjacent competitors rather than being
scattered at random.

3.5 Per-spectrum predictions

The complete per-spectrum top-1 prediction for the test set is provided as test_predictions.csv
(329 rows). Each row records the spectrum index (aligned to the preprocessed matrix), the
RRUFF specimen identifier, the laser wavelength, the true species, the predicted species, a cor-
rectness flag, and the ordered top-5 candidate list. Table 5 shows representative rows, including
both confident correct calls and the garnet/apatite confusions discussed above.

Table 5: Illustrative rows from the per-spectrum prediction file test_predictions.csv.

Specimen Laser (nm) Correct? True — Predicted top-5 list (abbrev.)

R040063 514 v Actinolite — Actinolite  Actinolite; Tremolite; Beryl; Diopside; . ..
R120144 532 v Aegirine — Aegirine Aegirine; Alluaudite; Eosphorite; . ..
R050113 532 X Pyrope — Almandine Almandine; ... (garnet solid solution)
R060423 780 X Andradite — Grossular ~ Grossular; ... (garnet solid solution)
RO70309 785 X Mimetite — Vanadinite Vanadinite; ... (apatite supergroup)

4 Discussion

The headline result—top-1 = 88.8% and top-5 = 97.0% over 92 species under a strictly leakage-
free protocol—places the classifier squarely in the range reported for classical and ensemble
learners on RRUFF, and does so under an evaluation that many earlier studies did not enforce.
Because our split guarantees that no test specimen was seen during training or model selection,
these figures estimate performance on genuinely new specimens rather than on new spectra
of already-seen specimens; the fact that the test accuracy matches (indeed slightly exceeds)
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the cross-validated estimate is direct evidence that the protocol is well calibrated and free of
selection-induced optimism [11, 13].

The errors are mineralogically meaningful. The most valuable diagnostic in this study is
the structure of the residual errors. Rather than being distributed randomly, misclassifications
concentrate on pairs of species that are chemically and structurally near-identical, and whose
Raman spectra are therefore expected to be nearly degenerate:

o Garnet solid solutions. Pyrope (MgsAlySi3012) was confused with Almandine (Fe3AlySizO12),
and Andradite (CagFesSizO12) with Grossular (CagAlsSisOi2). These are end-members of
continuous garnet solid solutions; their Raman bands arise from the same SiOy4 internal and
lattice modes and shift only gradually with the Mg-Fe-Ca—Al substitutions, so end-member
spectra overlap substantially and intermediate compositions blur the boundary further [26].

e Apatite-supergroup lead minerals. Both Mimetite spectra were assigned to Vanadi-
nite. Mimetite (Pbs(AsO4)3Cl) and Vanadinite (Pbs(VO4)3Cl) are isostructural members
of the apatite supergroup differing only in the central tetrahedral anion (AsO4 vs. VOy);
they form a solid solution and share nearly identical lattice-mode patterns, with the diag-
nostic difference confined to the tetrahedral stretching region. Related phosphate/apatite
confusions (Pyromorphite—Fluorapatite, Cerussite—Pyromorphite) appear in the broader
error list for the same reason.

e Feldspar polymorphs and tourmaline. Beyond the top five, Orthoclase was confused
with Microcline—the two are KAlSi3Og polymorphs distinguished mainly by Al/Si ordering,
a subtle spectral effect—and Elbaite was confused with Tourmaline, its own supergroup
label.

These confusions are essentially the “correct wrong answers”: the model consistently identifies
the right structural family and mistakes only the specific end-member, which is precisely the
discrimination that is hardest—and sometimes impossible—from a single unoriented Raman
spectrum without quantitative chemistry. The high top-5 accuracy (97.0%) reflects this: the
true species is almost always among the top candidates even when it is not ranked first, so
a shortlist-based workflow, optionally combined with the EDS/EPMA chemistry that RRUFF
itself pairs with each specimen [5], would resolve most of the remaining ambiguity.

Diamond is a different, instructive case. Diamond’s misclassifications are not driven by
a chemical sibling but by its physics. Its single first-order Raman line at ~1332 cm™! [27, 28]
lies at the very edge of our 200-1200 cm ™' analysis window; within the fingerprint region a
clean diamond spectrum is essentially featureless, so after SNV normalization the model has
little structure to key on and can be misled by noise or trace fluorescence into featureless-
looking competitors (Corundum, Fluorite). This is a direct and expected consequence of the
data-driven grid choice discussed in Section 2.2, which optimized coverage for the silicate/ car-
bonate/phosphate majority at the cost of species whose only strong band sits above 1200 cm ™.

Role of the excitation wavelength. Appending the laser-line covariate improved cross-
validated accuracy only marginally (Table 2), implying that the SNV /ALS spectral represen-
tation already captures most of the discriminative information and is reasonably robust across
excitation wavelengths. The covariate is nonetheless worth retaining: it lets the model ac-
count for wavelength-dependent relative intensities and residual fluorescence without harming
performance, and it costs only four extra features.
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5 Limitations and future work

I window, chosen to maximize

-1

Several limitations frame these results. First, the 200-1200 cm™
spectral coverage, structurally handicaps species whose diagnostic bands lie above 1200 cm
(most conspicuously diamond and, more generally, O-H, C-H and high-frequency CO3/SOy4
overtone features); a complementary model on the subset of wide-range spectra, or a two-
window feature design, could recover these. Second, the >10-spectra filter restricts the classifier
to 92 comparatively well-sampled species—a small fraction of the >2,400 species present—so
the system is an identifier within a known panel, not an open-set detector; scaling to the
long tail will require few-shot or metric-learning approaches and explicit “unknown/none-of-
the-above” rejection. Third, several species are represented by only two specimens, forcing a
50/50 specimen split and leaving very few test spectra, which makes their per-species error rates
statistically noisy (e.g. Mimetite’s 100% error rate rests on just two spectra). Fourth, although
RRUFF spectra are relatively clean, real field spectra carry more noise, cosmic-ray spikes and
mixed-phase contamination [4]; robustness to such conditions was not tested here.

The natural extensions follow from these points. Deep 1D-CNNs, which learn baseline-
independent features and have outperformed classical methods on larger RRUFF subsets [8-10],
are worth revisiting with aggressive data augmentation (noise injection, baseline perturbation,
wavenumber jitter) to compensate for the small per-class sample sizes, always under the same
group-by-specimen protocol used here so that reported gains are real. Fusing Raman with
the co-registered XRD and chemical data in RRUFF [5, 7] would directly attack the solid-
solution confusions that dominate the present error budget, since composition is exactly what
distinguishes garnet and apatite-group end-members. Finally, calibrated probability outputs
and an explicit rejection option would turn the classifier from a closed-panel identifier into a
deployable decision-support tool.

6 Conclusion

Using the RRUFF collection of unoriented raw Raman spectra (downloaded 12 July 2026), we
built and rigorously evaluated a mineral-species classifier. A physically grounded preprocess-
ing pipeline (ALS baseline correction, SNV normalization, and cubic-spline resampling onto a
uniform 200-1200 cm ™! grid at 2 ecm™!, 501 points) fed a species panel of 92 minerals re-
tained by a >10-spectra (>2-specimen) filter. A strict group-by-specimen 80/20 split (seed 42),
with every species guaranteed to appear in both partitions and species lacking a second spec-
imen excluded up front, ensured that all metrics estimate performance on unseen specimens.
The selected Extra-Trees classifier (spectral features plus laser line) reached top-1 accuracy
= 88.8% and top-5 accuracy = 97.0% on the held-out test set, with 71 of 92 species clas-
sified perfectly. The five most-misclassified species—Mimetite, Pyrope, Andradite, Jamesonite
and Diamond—err almost exclusively toward chemically or structurally near-identical relatives
(garnet and apatite solid solutions, feldspar polymorphs), demonstrating that the residual er-
rors reflect genuine spectral degeneracy rather than methodological artefacts. The complete
per-spectrum top-1 predictions are released as test_predictions.csv.

Data, code and reproducibility

All spectra derive from the openly accessible RRUFF Project (unoriented Raman archives;
downloaded 12 July 2026); archive URLs, sizes and SHA-256 checksums are recorded in the
project provenance log. The analysis is fully scripted (download — parse — preprocess —
filter /split — train/evaluate) with a fixed random seed (42), using the open scientific Python
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stack—NumPy [24], SciPy [25], pandas [29], scikit-learn [23] and Matplotlib [30]. Key artefacts
accompanying this report are the preprocessing summary, the filtering/split summary with per-
species detail, the cross-validation leaderboard and final metrics (modeling_summary.json),
the trained model, and the per-spectrum test predictions (test_predictions.csv).

A Retained mineral species (n = 92)

Actinolite, Aegirine, Albite, Alluaudite, Almandine, Analcime, Andalusite, Andradite, Anorthite, Axinite-
(Fe), Baryte, Bastnasite-(Ce), Beryl, Beudantite, Bobdownsite, Braunite, Calcite, Cerussite, Chabazite-
Ca, Chalcanthite, Chalcopyrite, Chrysoberyl, Clinohumite, Conichalcite, Cordierite, Corundum, Cristo-
balite, Crocoite, Diamond, Diopside, Dolomite, Dravite, Elbaite, Enstatite, Eosphorite, Epidote, Fay-
alite, Fluorapatite, Fluorapophyllite-(K), Fluorcalciomicrolite, Fluorite, Forsterite, Grossular, Gruner-
ite, Hausmannite, Hematite, Heulandite-Ca, Hiibnerite, Jamesonite, Kyanite, Livingstonite, Magnetite,
Marialite, Metatorbernite, Microcline, Mimetite, Montebrasite, Muscovite, Natrolite, Opal, Orthoclase,
Paravauxite, Perovskite, Phlogopite, Prehnite, Pyrite, Pyromorphite, Pyrope, Quartz, Rhodochrosite,
Rhodonite, Rutile, Scheelite, Siderite, Sillimanite, Sodalite, Spessartine, Sphalerite, Spinel, Stephanite,
Stibnite, Titanite, Topaz, Tourmaline, Tremolite, Triphylite, Triplite, Vanadinite, Vesuvianite, Vivianite,
Wendwilsonite, Zircon.
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