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Introduction Universal Wavelet Units
We address post-operative OCT classiﬁcati.on of ERM surgery type—ERM+ILM We integrate tunable wavelet units into CNNs to mitigate detail loss from pooling.
removal vs. ERM-only. A ResNet.—1.8 baseline ach1ev§s 66% on raw scans and 72% Each unit performs a DWT with learnable coefficients, preserving high-frequency
with energy-crop + wavelet-denoising. To preserve high-frequency cues, we embed features and optimizing filters end-to-end for classification.
tunable wavelet units into downsampling/stride-2/pooling. ) L )
COntributiOHS Ol‘thLatt-UWU H{](Z) _ H(}(Z)
Baseline setup and preprocessing (with energy-crop + wavelet-denoising.): 66% OrthLatt-UwU forms Hy, H, by LA1(2)_ =z V=DHp(—z7")_
— 72% accuracy on postoperative OCT. cascading orthogonal rotations _ 10 Ry A(22)- - Ry AR, 1
Detail-preserving modules: OrthLatt-UwU (76%) and PR-Relax-UwU (78%). R, (0,) with delay matrices A(z2), — o —1| KA LA 71
Human Comparison: Model outperforms a trained human grader (50%) on the yielding an order N=2K+1 filter " cos(6r) sin(Or) T ok St
same postoperative OCT task. bank. Orthogonality guarantees Re = _ sin(0,)  cos(6;) — | — St Cr
Novelty: To our knowledge, this 1s the first application of tunable wavelets to perfect reconstruction, and the :1 0 - - -
classity ERM surgery type from postoperative OCT. rotation angles 0, are learned end  A(z) = .
Clinical Relevance: Demonstrates that detail-preserving CNNs can improve to end, making the unit tunable 0
postoperative assessment, surgical optimization, and pathology understanding. within the CNN. PR-Relax-UwU

Future work: Extend to OCT volumes and use augmentation/diffusion to enable

deeper, more stable models with reduced performance variability. Learns H, H; while relaxing strict PR by enforcing alias cancellation and penalizing

deviations from a half-band response (via P(z) = Hy(z)H,y(z!)). Training minimizes
L = Lo + a Lpg, where a controls the PR strength—higher a enforces near-PR;
lower a allows more flexible filters.

ERM/ERM-ILM Removal Surgery Classification Pipeline Order Flip: fo(n) = ho(N — 1 —n)
: 0 = g — 1 —
Input Anti-Aliasing . . .
. Condition Alternating Flip:  hy(n) = (=1)"hy(N — 1 — n)
Preprocessing CNN model Output Alt&l‘ﬂﬂﬂﬂg Slg]_’l fl(ﬂ) — —(—l)ﬂh[}(ﬂ)
EnergyCrop/ OrthLatt-owy ResNettg/ NN ERM-only Half-Band N-1 N/2 N-l
EnergyCrop+WaveletDenoise e ] e ERM-ILM Condition LPR _ ‘1_ Z h(ﬂ)2‘2+z ( Z h(ﬂ)h(ﬂ 4+ 23))2
Relaxation =0 =1 0<n,nt+2l<N-1

Implementation of UwU in CNN architecture, replacing max-pool, stride-
convolution, and downsampling functions.

Preprocessing

MaxPool Conv Down-sampling

We focus inputs on salient retinal structure and suppress noise. Energy-Crop
computes a vertical pixel-energy profile and crops between the first/last coordinates
exceeding mean(E )—a-std(E,) (larger a — tighter crops). Wavelet Denoising l l l

applies a DWT and reconstructs from LL, LH, and HL while discarding HH,
removing noise and preserving fine detail for downstream classification.

(stride = 2) (stride = 2) (stride = 2)

We crop to the region Pl Ensegy song Energy
where vertical pixel- EEELEEE Crop Results
energy  E exceeds N

y
T=mean(E )—a std(E,);

larger a yields tighter
crops, and a 1s tuned
empirically.

Comparison across ResNet-18 variants: baseline (no preprocessing), with
preprocessing (Energy-Crop, Wavelet-Denoising), and with tunable wavelet
units (OrthLatt-UwU, PR-Relax-UwU). The trained human grader achieved

50% accuracy

Ey =) |psyl Methods [ Best on Test
where p,, 15 the pixel — Baseline 6670
value at coordinate (x, V). ATepI7S TRSanaLNaE e EC-0.5 68%

EC-0.5&Denoise-DB2 72%

We apply a discrete Wavelet OrthLatt-UwU-8Tap EC-0.5&Denoise-DB2 767
wavelet transform avele .

.. PR-Relax-UwU-8Tap EC-0.5&Denoise-DB2 78%
(DWT) to decompose Denoising
ecach 1image into LL, LH, | EZiEEEt
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