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Why Scent Biometrics?

▶ Individuals emit distinctive scent signatures remaining stable over time [1, 2].

▶ Does not require subject’s active participation or direct line of sight.

▶ Withstand environmental noise from various sources [3–6].

▶ Persists over time on collected traces, enabling delayed acquisition and
re-analysis [1, 2].

▶ Can be potentially sampled at a distance using electronic noses [7, 8].
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GC×GC–ToF-MS I

▶ An analytical technique that separates and identifies chemical compounds
in complex gas mixtures.

▶ Two columns in series (capillary tubes) with different stationary phases →
complementary (often near-orthogonal) separations.

– 1st. dim. (t1) – first column
– A periodic modulator (Tmod) slices the t1 effluent and injects it into a faster second

column.
– 2nd. dim. (t2 ∈ [0,Tmod)) – second column

▶ A binary mask is applied to ensure uniform dimensions and suppress
acquisition artifacts (e.g., solvent tailing).
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GC×GC–ToF-MS II

▶ Pixel grid:
Ω = {1, . . . ,H} × {1, . . . ,W },
u = (u1, u2) ∈ Ω

▶ Measurement:
S = {s(u)}u∈Ω

▶ Local spectrum:

s(u) = {(mn,u, In,u)}N(u)
n=1 ,

where mn,u is the mass-to-charge
ratio (m/z) and In,u its intensity.
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Figure 1: Intensity heat map of the mass detector. 4 / 19



Human Scent Dataset (HSD) I

▶ 2528 samples from 252 individuals.
– 4D-C (published): 504 samples,

40 individuals [9].
– 129 male identities – 1 178 samples
– 123 female identities – 1 350 samples

▶ Two different ToF-MS detectors:

– Pegasus® 4D-C
10-bit values.

– Pegasus® BT 4D
floating-point values.

Detector
Samples
total:

Samples per identity
n min max avg med.

4D-C 1341 116 1 76 11.6 10
BT 4D 1187 139 2 34 8.5 9

Table 1: Human Scent Dataset statistics.
n - number of identities

Dataset
Samples
total:

Samples per identity
n min max avg med.

4D-C 504 40 10 37 12.6 10
HSD 2528 252 1 76 10.0 10

Table 2: HSD vs. 4D-C. datasets.
n - number of identities
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Human Scent Dataset (HSD) II
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Figure 2: Histogram of measurement counts per identity in the HSD dataset, grouped by biological sex.
X-axis: measurements per identity, y-axis: number of subjects.

6 / 19



Channel Representation

▶ We compress the raw mass spectra s(u) with
a bank of C overlapping, learnable basis
functions:

ϕk(mn,u) = αk κ(mn,u; θk)

▶ We convert S to a channel-encoded image
C ∈ RC×H×W :

Ck,u =

N(u)∑
n=1

ϕk(mn,u) In,u

▶ Training (self-supervised): learn {αk , θk}
by weighted MSE reconstruction

E =
∑
u∈Ω

N(u)∑
n=1

1

wn,u
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In,u − În,u
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Figure 3: Toy example of a single
local spectrum s(u) encoded with
C = 3 gaussian kernels used as basis
functions for channel representation.
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Registration vs. Non Registration

▶ Instrument factors, such as temperature changes or hardware drift, can shift
retention times across a GC×GC–ToF-MS measurement, leading to misaligned
compounds and unreliable comparisons [9].

▶ We experimented with both with and without registration.
▶ The proposed registration method [9]:

1. Chemical compound peak detection - detect position û
(S)
c using reference mass

spectrum sc compound peak detectors ccos(uc , sc) or FCN(u, s)+cos [9].

2. Delaunay triangulation - over the estimated locations {û(S)
c }

3. Coordinate transformation – barycentric interpolation, mapping estimated û
(S)
c to

the reference location uc .
4. Piecewise-linear interpolation – original measurement is interpolated to produce a

canonical grid.

8 / 19



Verification Pipeline

▶ Learnable Embedding: f : RC×H×W → RD

– For CNN-based f , we train with margin-based triplet loss:

L(f , d , γ) = 1

|T |
∑

(a,p,n)∈T

max{dap − dan + γ, 0}

▶ Dissimilarity: d : RD × RD → R≥0 (e.g. cosine)

▶ Pairwise score:
dij := d

(
f (Ci ), f (Cj)

)
▶ Decision (test time):

yij := J dij < τ K

– yij = 1: same identity, yij = 0: different identities

9 / 19



Embedding Function f

We experimented with different embedding functions:
▶ Hand-engineered descriptors: LBP [10], HOG [11],SIFT [12]

▶ 5 pretrained backbones followed by a lightweight projection layer:
ResNet-18 [13], ResNet-101 [13], VGG-16 [14], Inception-v3 [15], GoogLeNet [15]

▶ Custom-designed CNN consisting of 3 modules:
1. convolutional backbone using anisotropic 2× 8 kernel

(reflecting the structure of the input data)
2. downsampling stack
3. residual multi-layer perceptron head

Input
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Conv2D
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Residual
Conv2D
C:16

Conv2D
C:64, k:8x2
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C:64
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Conv2D
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Conv2D
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Conv2D
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k:5, s:2

Conv2D
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Residual MLP

In: 6912
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MLP Head

Output
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Results I

▶ Scent signatures can serve as a biometric trait when processed with modern
feature embedding techniques.

▶ Achieving 89.5± 3.4 AUROC and 53.3± 8.3 TPR@5% using custom-designed
CNN and 10-fold cross-validation.

▶ Using CNN as an embedding function f outperforms both standard approach
in chemistry and traditional descriptors.

▶ Explicit spatial registration (alignment) of the chemical samples was found not
to be necessary.

▶ Anisotropic 2× 8 kernels in the custom CNN improved performance, better
matching the structure of GC×GC–ToF-MS data; standard pretrained
backbones remain competitive.
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Results II

ccos(uc , sc ) FCN(u, s)+cos

no registration R(22) R(24) R(22) R(24)

C AUROC TPR@5% AUROC TPR@5% AUROC TPR@5% AUROC TPR@5% AUROC TPR@5%

baseline – 79.3± 6.2 42.0± 12.6 – – – – – – – –

HOG 1 73.0± 6.6 39.1± 7.8 74.3± 7.2 39.1± 7.8 74.4± 7.3 39.3± 7.7 76.0± 4.9 33.4± 7.2 76.7± 5.0 33.8± 7.1

LBP 1 78.1± 3.2 15.8± 2.2 77.1± 2.8 15.8± 2.2 77.1± 2.8 15.5± 2.1 76.8± 4.0 22.4± 4.3 78.1± 4.3 22.9± 4.9

SIFT 1 66.6± 6.0 18.6± 5.3 63.8± 4.1 15.5± 4.0 63.4± 3.9 15.1± 3.8 59.0± 6.7 13.4± 4.0 63.8± 6.5 17.4± 4.9

VGG16 3 77.0± 4.6 40.5± 6.6 79.5± 9.6 42.9± 10.4 79.8± 9.4 42.2± 9.4 74.6± 7.2 26.2± 8.3 74.5± 6.9 26.6± 6.6

ResNet-18 3 87.5± 3.9 44.9± 8.8 87.3± 3.5 42.9± 5.2 86.9± 3.0 41.1± 5.9 85.2± 3.8 36.1± 7.1 85.5± 4.3 36.2± 8.2

ResNet-101 3 86.3± 4.1 41.5± 11.4 86.0± 4.2 38.5± 8.7 86.5± 4.1 40.6± 7.7 84.5± 4.7 35.3± 8.7 84.9± 4.4 35.2± 9.1

GoogLeNet 3 87.9± 3.5 46.8± 7.7 86.8± 3.9 44.3± 8.4 86.7± 3.4 44.7± 7.5 85.0± 3.8 35.2± 8.9 84.9± 4.1 36.1± 10.3

Inception-v3 3 86.0± 3.5 40.2± 5.6 85.5± 3.3 39.2± 5.0 85.5± 3.5 40.2± 5.1 83.5± 3.9 32.8± 6.8 84.0± 4.0 34.3± 9.1

custom CNN 5 89.5± 3.4 53.3± 8.3 88.3± 3.4 51.3± 6.5 88.4± 3.4 50.7± 6.7 85.8± 3.4 46.5± 5.5 85.4± 3.8 43.9± 6.2

Table 3: Performance comparison of five spatial-alignment strategies and ten embedding
functions using 10-fold cross-validation. Methods include: (i) chemist baseline [16],
(ii) hand-crafted descriptors (LBP, HOG, SIFT), (iii) custom CNN, and (iv) pretrained
backbones (ResNet, VGG, Inception, GoogLeNet) with a learned projection.
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Limitations

▶ Accuracy well bellow that of established modalities (iris, fingerprint, face).

▶ External validity across labs, climates, diets, hygiene, medications, and
environments, remains to be investigated.

▶ Long-term permanence and month-scale drift are un-quantified.

▶ The observation that explicit canonical registration is unnecessary is currently
demonstrated only on Human Scent Dataset, with robustness under stronger
retention-time drift and in settings requiring chemical interpretability still to be
evaluated.
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Thank you for your attention
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