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Abstract

We investigate whether the frame-theoretic properties
of filterbanks can predict downstream neural network
classification performance. Using a dataset of 3080
African savanna elephant rumble vocalisations clas-
sified into four age groups, we train a deliberately
small convolutional neural network on magnitude spec-
trograms derived from 15 filterbank configurations
spanning equivalent rectangular bandwidth (ERB),
constant-Q, gammatone, and mel families, including
their tight-frame variants. Two findings emerge: First,
the condition number & is not a statistically signifi-
cant predictor of CNN performance within the con-
trolled ERB family (r = 0.738, p = 0.155, n = 5).
Second, the considered invalid-frame configurations
significantly outperform the valid-frame configurations
(p = 0.006). An apparent overall correlation between
condition number and F1 of r = 0.954 is identified as
a filter-family confound. In summary, we find that
in our setting tightness does not benefit CNN classifi-
cation performance but that the filter family design—
specifically frequency resolution and spacing—is the
dominant factor.

Keywords: frame theory, filterbanks, bioacoustics, convo-
lutional neural networks, elephant vocalisations

1. Introduction

Audio classification with neural networks often begins
with a fixed time-frequency representation: a short-
time Fourier magnitude spectrogram, mel-frequency
cepstral coefficients, or a constant-Q spectrogram [1],
[2]. These representations are chosen largely by
convention, and their mathematical properties—how
faithfully they preserve signal energy, whether inver-
sion is stable—are seldom examined in the machine
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learning context. The implicit assumption is that the
input representation is secondary to classifier design.

Frame theory offers a principled vocabulary for evalu-
ating the mathematical properties of these represen-
tations [3], [4]. For finite dimensional input signals
f € CF, a filterbank with M subband channels consti-
tutes a frame if there exist bounds 0 < A < B < c©
such that

M
AFIP < D lleml® < BIFIP (1)
m=1

for every signal f, where ¢, are the (potentially down-
sampled) subband coefficients. In words, Eq. (1)
states that the total energy of the subband coeffi-
cients is bounded both below and above by the sig-
nal energy, so the representation loses no informa-
tion (A > 0) and cannot amplify it without bound
(B < 00). The bounds A and B govern reconstruction
stability [5]: the canonical dual synthesis operator
recovers the signal with a relative error that scales as
(B/A—1)/(B/A+1) per iteration of Landweber-type
algorithms [3]. The condition number k = B/A thus
quantifies how well-conditioned the inversion problem
is: kK =1 (a tight frame) yields perfect reconstruction
in a single step, while large x implies slow convergence
and numerical sensitivity. When A = 0, the filter-
bank has spectral gaps and perfect reconstruction is
fundamentally impossible [6].

From a pure frame-theoretic perspective, k governs
reconstruction stability, not discriminative power—a
classifier never inverts the analysis operator, so there
is no theoretical reason to expect k to predict classi-
fication accuracy. However, k = 1 also implies that
signal energy is distributed uniformly across subbands,
and this energy-balance property is widely invoked as
a desirable inductive bias in applied audio machine
learning: scattering networks [7], [8] use fixed tight
wavelet frames to guarantee Lipschitz continuity, and
learnable input representations such as LEAF [9] ini-
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tialise with Gabor filterbanks near the tight-frame
regime.

Recent work on learnable filterbanks [10] has shown
that adapting the time-frequency representation to the
task can improve performance, but these approaches
do not analyse their learned representations in frame-
theoretic terms. In [11], a trainable auditory-inspired
filterbank operating on a frame theory-based learning
objective is derived for encoder-decoder architectures,
but the degree to which it is suitable for classification
tasks is not investigated.

Here, we investigate the implicit assumption that gen-
eralisation benefits from energetically uniformly dis-
tributed discriminative information. We address this
question in a use case focusing on elephant rumble
vocalisations—mnear-infrasonic signals (fundamental
frequency 8-80Hz) [12] that place strong demands
on low-frequency filterbank coverage. These vocaliza-
tions are harmonically rich, and occupy a frequency
range where standard mel-frequency representations—
designed for human hearing [13]—provide poor reso-
lution. We ask: (i) do filterbanks with A = 0 perform
worse than valid frames? and (ii) within the valid-
frame regime, does lower x lead to better performance?

Our contributions are: (1) a systematic study relating
frame-theoretic filterbank properties to CNN classi-
fication performance across 15 configurations; (2) a
null result showing that in our setting x does not
predict CNN performance within a filter family; and
(3) evidence that filter family design outweighs frame
conditioning.

2. Background and related work

2.1. Filterbanks as frames

A filterbank with M filters {G,,} and hop sizes {a, }
defines the analysis operator T : CI' — D, CL/am
by (Tf)m(n) = cm(n) = (f * gm)(amn) [14], where
gm 1s the impulse response of the m-th filter (with
frequency response G, = §p,) and G, [k] = gm[—k]
is its time-reversed conjugate. In the DFT do-
main, the frame operator S = T*T has a main di-
agonal that is characterised by the frame response
s(w) = X, (L/am)|Gm(w)|>. When each filter’s
frequency-domain support does not exceed L/a,, bins
— the painless case [15], [16] — the frame opera-
tor is exactly diagonal, and the frame bounds equal
the extrema of the frame response: A = min,, s(w),
B = max,, s(w) [3]. All filterbank configurations in
this study satisfy the painless condition. The filter-
bank with filters {s~'/2 ® G,,} yields the Euclidean-
closest filterbank to {G,,} that is Parseval-tight, i.e.
a frame whose bounds satisfy A = B = 1. This is
stronger than the general tight condition A = B > 0
and results in the analysis operator being its own
pseudo-inverse, so perfect reconstruction reduces to
applying the adjoint T* without any rescaling. Frac-
tional variants using s~/2 for o € [0, 1] trace a mono-
tone path from the original frame (o = 0, kK = kg) to
the associated Parseval-tight frame (a =1, k = 1).

2.2. Frame properties and classification

A filterbank with large x might distribute energy un-
evenly: some frequency bands are over-represented
while others are compressed. For a neural classifier,
this means the gradient landscape is dominated by
high-energy channels regardless of discriminative value.
In the extreme case of A = 0, frequency gaps can make
certain signal components entirely invisible to the net-
work. Tight frames (k = 1) ensure proportional contri-
bution from every band. Hence, under the assumption
that discriminative information is distributed across
frequencies [17], tightness should benefit generalisa-
tion. However, whether CNNs are sensitive to x in
classification tasks in practice is ultimately empiri-
cal, since convolutional layers can in principle learn to
compensate for energy imbalance [18]. The distinction
between reconstruction quality (where frame bounds
are essential) and classification performance (where
they may not be) is central to this study.

2.3. Related work in bioacoustic front-end de-
sign

The dominant paradigm in bioacoustic deep learning is
to use mel-spectrograms—magnitude-squared STFT
coefficients weighted by triangular mel-frequency
bands—and feed them to transfer-learned CNNs [1],
[19], [20]. Although similar to a filterbank, this
pipeline cannot be treated in a frame-theoretic sense.
Alternative front-ends based on gammatone filter-
banks [21] or constant-Q transforms [22] have been
explored, but comparisons are typically made between
complete systems rather than isolating the representa-
tion’s mathematical properties. In this work we con-
struct filterbanks directly as sets of frequency-domain
windows at perceptually spaced centre frequencies, so
that frame bounds and the condition number k are
well-defined and can be manipulated in a controlled
manner.

3. Dataset

The dataset for this study consists of 3080 elephant
(Lozodonta africana) rumble vocalisations, labelled by
age class: adult (N = 2161), calf (N = 319), infant
(N = 456), juvenile (N = 78). The severe class imbal-
ance (juvenile = 2.5%) motivates macro-averaged F1
as the primary metric, which weights each class equally
regardless of prevalence. Recordings are resampled to
500 Hz, zero-padded or centre-cropped to L = 2560
samples (5.12s), and normalised to unit RMS.

Elephant rumbles have fundamentals as low as
8 Hz, with harmonics extending to several hundred
Hertz [12], [23]. Age differences are expressed in fun-
damental frequency, harmonic structure, call duration,
and amplitude modulation patterns [24].

The rumbles in the dataset were mostly recorded in
the wild, and have been annotated and preselected by
expert listeners [25].
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4. Methodology

4.1. Filterbank configurations

Filterbank features are extracted at hop size a = 40
samples, producing magnitude spectrograms of shape
(M, 64), with M the number of filterbank frequency
channels. The filterbank ranges are set to Fii, =
14 Hz, Fihax = 240 Hz; the coverage gap below 14 Hz is
discussed in Section 6. We evaluate 15 configurations
organised into three groups designed to isolate specific
design choices:

Group A (ERB family, x variation): Starting from
a standard ERB auditory filterbank (M = 40), we
derive six configurations via fractional tightening
(e € {0,0.25,0.5,0.75,1.0}) and dual-frame inversion,
yielding a controlled monotonic k sequence from 6.08
to 1.00 while holding filter family, channel count, fre-
quency range, and hop size constant. This group is
the key controlled experiment.

Group B (channel count variation): Tight ERB
(k = 1) with M € {20,40, 60, 80}, isolating spectral
resolution from frame conditioning.

Group C (family comparison, M = 40): Mel fil-
terbank (C1), gammatone (C2), CQT Q = 12 (C3),
CQT @ = 24 (C4), tight gammatone (C5). Each has
different frequency spacing and coverage.

The frame bounds are computed as the extrema of
the frame response over the full DFT grid using a
Python port of the Large Time-Frequency Analysis
Toolbox [26], [27]. Three Group C configurations fail
the frame condition: the mel filterbank has A ~ 2.1 x
10~ (effectively zero), while both CQT variants have
A = 0 exactly. Table 1 summarises all configurations.

4.2. Classifier and training protocol

A deliberately small CNN (~85K parameters) ensures
that performance differences reflect representation
quality rather than classifier capacity: two Conv2d
layers (8 and 16 filters of size 3 x 3 with ReLU ac-
tivation followed by 2 x 2 max-pooling), followed by
a 32-unit fully connected layer and a 4-class softmax
output. Training uses class-weighted cross-entropy
(weights inversely proportional to class frequency),
Adam optimiser (Ir = 1073, weight decay 10~%), co-
sine annealing over 100 epochs, and 5-fold stratified
cross-validation with 5 random seeds (25 macro-F1
estimates per configuration). Features are per-channel
normalised to zero mean and unit variance. No loga-
rithmic compression is applied.

5. Results
5.1. Condition number vs. performance
(Group A)

The controlled ERB experiment yields a null result.
Despite the k gradient ranging from 6.08 to 1.00, no
monotonic performance trend is observed (Table 1,
Fig. 1 right panel). The standard ERB (A1, x = 6.08)
marginally outperforms the tight ERB (A2, k = 1):
0.537 £ 0.020 vs. 0.533 £ 0.019. Pearson correlation
between log;yx and macro-F1 within Group A is
r =0.738 (p = 0.155, n = 5)—not statistically signifi-

cant. With n = 5, the critical threshold for p < 0.05
is |r| > 0.878. The trend direction is opposite to
the hypothesis: larger s is weakly associated with
higher F1.

5.2. Channel count (Group B)

Varying M from 20 to 80 at fixed x = 1 produces no
meaningful change: F1 ranges from 0.532 to 0.535
(span 0.003), well within one standard deviation
(~0.022). Channel count is not a significant factor
over this range.

5.3. Filter family comparison (Group C)

A comparison between filter families (Fig. 1, left panel)
suggests that the three configurations CQT @ = 12,
CQT @ = 24, and mel are the three best-performing
configurations overall. Notably, all three configura-
tions do not yield frames (A = 0). CQT Q = 12
achieves the highest macro-F1 of 0.577, outperform-
ing the best ERB (A1, 0.537) by +0.040 F1 points.
Welch’s t-test comparing non-frame (n = 3) against
valid-frame M = 40 configurations (n = 8) yields
t = —9.10, p = 0.006, Cohen’s d = 8.2. This is
statistically significant.

5.4. Per-class analysis

The non-frame advantage is concentrated in rarer
classes. The calf class shows the largest improve-
ment: non-frame mean F1 = 0.529 versus 0.460 for
valid frames (A = +0.069). The infant class shows
A = 40.038. For the juvenile class—the rarest with
only 78 training examples—CQT @ = 24 achieves
F1 =0.100 versus a valid-frame mean of 0.047, roughly
doubling performance. The adult class shows minimal
difference (A = +0.009), consistent with adults being
easily discriminated by any representation.

5.5. Confound analysis

Pooling all 15 configurations, Pearson correlation be-
tween log;, x and macro-F1 is r = 0.954 (p < 0.001).
This apparently strong relationship is a confound:
all non-frame configurations are non-ERB families
(mel, CQT), while all valid-frame configurations are
ERB or gammatone. Partial correlation controlling
for channel count M yields an unchanged r = 0.954,
ruling out M as the confounding variable. Within the
controlled Group A experiment—where filter family
is fixed and only x varies—the correlation drops to
r =0.738 (p = 0.155). This within-family estimate is
the causally clean comparison; the overall » = 0.954
reflects the CQT /mel filter family advantage, not the
effect of frame conditioning.

6. Discussion

6.1. The CNN compensation mechanism

The null result within Group A admits a mechanis-
tic explanation. The CNN’s first convolutional layer
receives a spectrogram whose per-channel variance
scales with the energy at each filterbank channel’s
center frequency. During training, the gradient signal
may push the learned kernel weights toward down-
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Table 1: Filterbank configurations, frame properties, and classification results. Macro-F1 is the mean over 25 estimates
(5-fold x 5-seed cross-validation). *Configurations with A ~ 0 are not valid frames. Per-class F1 shown for the two most

affected classes.

ID Description M A B K F1 (mean) (std) Fl-calf FIl-juv.
Al  Standard ERB 40 76.2 463 6.08 0.537 0.020 0.470 0.051
A2  Tight ERB («=1.0) 40 1.00 1.00 1.00 0.533 0.019 0.458 0.049
A3  Dual ERB 40 0.002 0.013 6.08 0.528 0.029 0.448 0.042
A4 Partial («=0.25) 40 25.8 999 3.87 0.534 0.021 0.458 0.050
A5 Partial («=0.50) 40 8.73 21.5 2.47 0.532 0.018 0.464 0.036
A6  Partial («=0.75) 40  2.96 4.64 1.57 0.532 0.025 0.458 0.048
B1  Tight ERB M =20 20 1.00 1.00 1.00 0.533 0.026 0.468 0.040
B2  Tight ERB M =40 40 1.00  1.00 1.00 0.532 0.022 0.454 0.053
B3  Tight ERB M =60 60 1.00 1.00 1.00 0.535 0.027 0.454 0.061
B4  Tight ERB M =80 80  1.00 1.00 1.00 0.533 0.022 0.448 0.061
C1*  Mel 40 ~0 749  ~10'2 0.563 0.018 0.527 0.063
C2  Gammatone 40  76.2 463 6.08 0.539 0.026 0.464 0.061
Cc3* CQT Q=12 40 0 65.9 00 0.577 0.025 0.544 0.080
C4* CQT Q=24 40 0 64.0 00 0.572 0.025 0.516 0.100
C5  Tight gammatone 40  1.00 1.00 1.00 0.532 0.020 0.462 0.043

weighting high-energy channels — effectively approx-
imating the inverse square root of that per-channel
energy. The per-channel feature normalisation ap-
plied before training may further assist this implicit
compensation.

6.2. Why non-frames outperform valid frames
The counterintuitive superiority of A = 0 configura-
tions reflects a fundamental distinction: the frame
condition guarantees stable inversion [3], [15]; classifi-
cation does not require inversion. A CNN can extract
discriminative features from an incomplete represen-
tation provided the relevant information is present.
As illustrated by Figure 2, the CQT and mel filter-
banks’ advantage may be better explained by fre-
quency resolution. The filter quality factor @ (centre
frequency divided by bandwidth) is constant for CQT
filterbanks (Q = 12 or = 24) but varies for ERB fil-
terbanks, dropping to @ & 1.9 at the geometric mean
frequency of the elephant range (58 Hz). At Q < 2,
even the second harmonic is unresolvable from the
fundamental; at Q = 12, harmonics up to the 12th
are cleanly separated. This interpretation aligns with
the per-class analysis: the calf class, whose empiri-
cally observed fundamental frequency range differs
most from that of adults, benefits most from high-Q
representations.

6.3. Frequency coverage and future directions
The filterbank range begins at Fl,;, = 14 Hz, leav-
ing the lowest fundamentals (~8 Hz) uncovered. A
DC-centred Gaussian lowpass extension (41 channels)
produced no improvement (AF1 < 0.001, p = 0.975),
likely because a single broadband channel provides
just energy without frequency resolution.

The absolute macro-F1 scores (0.53-0.58) reflect a

deliberately small classifier and should be read as a
controlled comparison of front-ends rather than a state-
of-the-art age classifier — the persistent difficulty on
the rare juvenile class underscores this. Whether a low
condition number benefits a higher-capacity model,
for instance by regularising against overfitting, cannot
be resolved with the present architecture and is left
to future work.

7. Conclusion

We presented a systematic study relating frame-
theoretic filterbank properties to CNN classification
performance. The key findings are: (1) the condition
number £ is not a significant predictor of CNN perfor-
mance within the ERB family (r = 0.738, p = 0.155);
(2) the considered invalid-frame configurations signif-
icantly outperform valid frames (p = 0.006), likely
driven by superior resolution at low frequencies. An
apparent overall correlation of » = 0.954 is a filter-
family confound. These results suggest that, for our
setting, frame-theoretic reconstruction guarantees do
not predict classification performance, and that fil-
terbank design for discriminative tasks should priori-
tise frequency spacing and harmonic resolution over
mathematical tightness. The observed independence
of macro-F1 from x should be read in light of our
pipeline’s per-channel normalisation, which already
equalises energy across frequency bins and thereby
subsumes the principal effect that frame tightening
would otherwise provide.
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Figure 1: Frame properties versus classification performance across all 15 configurations (macro-F1; error bars +1 SD
over 25 runs; colour = filter group, X = non-frame configurations, x = oco; horizontal axes are ordered, not continuous).
(a) Configurations ordered by decreasing condition number x: the highest macro-F1 scores belong to the non-frame CQT
and mel families, so the apparent overall association between k and performance (r = 0.954) is a filter-family effect—within
valid frames it vanishes (r = 0.244, p = 0.444). Green band: tight frames (x = 1). (b) The same configurations ordered
by decreasing perfect-reconstruction error epr. The positive association (all configs: 7 = 0.747, p = 0.001) is the same
confound—the non-frame families combine high epr with high macro-F1—so reconstruction error does not causally track
discriminative performance. Lavender band: near-perfect reconstruction (epr =~ 1). (c) Controlled Group A experiment:
within the fixed ERB family, macro-F1 against x along the tightening path (a: 0 — 1). The non-significant r = 0.738
(p = 0.155, n = 5) and the opposite-to-predicted trend confirm that x does not predict CNN performance.
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