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Abstract

Convolutional neural networks (CNNs) are typically over-
parameterised, presenting opportunities for model com-
pression through pruning. We develop a flexible frame-
work for iterative convolutional kernel pruning and apply
it to U-Net and SegNet architectures trained for ocular
vessel (vein) segmentation on the SBVPI dataset. Because
vessel segmentation is complex and bounded by limited
data, we employ a two-stage cascade using a lightweight
sclera segmentation model for Region of Interest (ROI)
extraction. Several kernel importance measures are evalu-
ated, including L, and Lo weight norms and the recently
introduced Iterative Pruning with Activation Deviation
(IPAD), as well as their affine combinations. Our re-
sults demonstrate that pruned vessel segmentation models
substantially outperform compact models trained from
scratch, achieving improvements of up to 10 percentage
points in loU. Furthermore, while activation-based prun-
ing generally exhibits reduced consistency under severe
data constraints, the IPAD method remains highly com-
petitive for vessels. In specific configurations, such as
with SegNet, IPAD+ successfully outperforms traditional
Lo weight norms, demonstrating its viability even when
validation data is extremely limited. Even at aggressive
pruning levels — retaining only 3% of original FLOPs —
competitive segmentation performance is maintained.

1 Introduction

Convolutional neural networks [1] have become the cor-
nerstone of modern visual recognition systems, owing
to their ability to automatically learn hierarchical feature
representations. Despite their effectiveness, CNNs suf-
fer from substantial computational demands in terms of
complexity, memory usage, and energy consumption —
limitations that pose significant challenges in edge deploy-
ment scenarios such as biometric recognition on mobile
devices [2, 3].

Interestingly, many deep CNNs are heavily overparam-
eterised relative to the complexity of their target tasks, as it
has been shown that a small fraction of a trained network’s
weights can be used to predict the remaining ones [4]. This
redundancy motivates model compression techniques [5],
among which pruning [6, 7] has emerged as a particu-
larly effective approach. Pruning identifies and removes
weights or convolutional kernels that contribute least to
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the network’s output, reducing computational complexity
while potentially even improving performance through
reduced overfitting [8].

Common kernel importance criteria include the L1 [9]
and Lo [10] norms of kernel weights, which assume that
smaller weights contribute less to the output. However,
comparing weight magnitudes across layers with differ-
ing roles and input distributions is inherently unreliable.
The Iterative Pruning with Activation Deviation (IPAD)
method [8] addresses this limitation by assessing kernel
importance based on the deviation of its activations from
the layer mean, operating closer to the kernels’ actual
influence on the network’s behaviour.

In this work, we develop a flexible framework for iter-
ative kernel pruning and apply it to U-Net [11] and Seg-
Net [12] architectures designed for high-resolution ocular
vessel segmentation using the SBVPI dataset [13]. Be-
cause vessel segmentation is highly complex and bounded
by limited annotation data, we employ a two-stage cascade
using a lightweight sclera segmentation model for Region
of Interest (ROI) extraction. We evaluate affine combi-
nations of weight-based and IPAD importance measures,
investigating how the IPAD criterion performs under data-
constrained conditions compared to uniform and random
pruning baselines. The remainder of this paper is organ-
ised as follows: Section 2 describes the pruning pipeline,
importance measures, and experimental setup; Section 3
presents the results; Section 4 discusses the implications;
and Section 5 concludes the paper.

2 Methodology

2.1 Iterative Pruning Pipeline

Our pruning pipeline follows a global iterative approach.
Beginning with a fully trained model, the importance of ev-
ery convolutional kernel in the network is computed using
the chosen measure. The 100 least important kernels are
then removed, and the model’s floating-point operations
(FLOPs) are recalculated using

FLOPs = Ky -Kig-Kp-Ng - Iy - Ip1, (D

where Ky, Kg, and Kp are the kernel width, height,
and depth, N is the number of kernels, and Iy, I are
the input dimensions. This removal-recalculation cycle
repeats until the cumulative FLOP reduction exceeds 1%



of the initial value, at which point the model is retrained.
Pruning and retraining cycles continue until the desired
FLOPs target is reached.

To prevent excessive pruning of individual layers —
which would create feature-propagation bottlenecks — we
impose the constraint Fiayer > min(20%, 0.8 - Fhewwork)s
where Flayer and Frewwork denote the percentages of FLOPs
retained by the layer and the entire network, respectively.
This allows the minimum layer threshold to relax as the
network becomes heavily pruned.

2.2 Kernel Importance Measures

We evaluate several kernel importance measures. The L,
norm of a kernel’s weight matrix W serves as a simple
proxy for importance:
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The IPAD method [8] instead assesses importance
through the Activation Deviation Criterion (ADC). For
each kernel £, its average activation Ay, is computed over
the validation set. The average layer activation S is ob-
tained by averaging A, across all kernels in layer /. The
ADC is then defined as:

ADC, . — Ak — Sl“m’ 3)
k h-w
where m is the choice of L-norm and h X w are the spatial
dimensions of the activation. Kernels whose activations
deviate more from the layer mean are deemed more im-
portant, as they produce outputs that are less replaceable
by other kernels within the same layer.

Weight-based and IPAD measures are combined via

affine combinations:

Iy =a |Wg|,+ (1 —a) - ADCy, )

where p € {1,2}, and o € {0,0.1,0.5,0.9, 1}. The pair-
ing of L, with ADC,, (using the same p) follows prior
work [8]. We denote by IPAD; the combination that
achieves the best IoU on the validation set over all tested
« values. Uniform and random pruning serve as baselines.

2.3 Experimental Setup

We employed U-Net [11] and SegNet [12] — two estab-
lished encoder—decoder architectures for semantic seg-
mentation. U-Net uses skip connections to propagate fine
spatial detail from the encoder to the decoder, while Seg-
Net transfers max-pooling indices instead. Both are well
suited for high-resolution segmentation of small structures
such as ocular veins. Table 1 summarises the architectural
configurations.

The models were trained on the SBVPI dataset [13],
which provides high-resolution ocular images with pixel-
level annotations: 1,858 images for sclera and 128 im-
ages for veins (a subset of 23 individuals). A 70/20/10
train/validation/test split was used. All images were re-
sized to uniform dimensions (Table 1) using Lanczos in-
terpolation. Data augmentation (random affine transforms
and colour jitter) was applied for vein segmentation only.
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Table 1: Architectural parameters of the models used.

Model Ko f d GFLOPs Input
SegNetsclera 16 2.0 4 4061 10242
U-Netsclera 16 2.0 6  68.13 10242
SegNetveins 32 1.5 4 13837 1024x2048
U-Net veins 32 20 4 37882 1024 x 2048

K — initial kernels; f — expansion factor; d — depth.

For vein segmentation, we adopted a Region of Inter-
est (ROI) extraction cascade inspired by prior work [2]: a
lightweight U-Net (~3 GFLOPs) first segments the sclera
and its output mask suppresses irrelevant non-scleral re-
gions in the vein segmentation input. All models were
trained using the Adam optimiser [14] with a learning rate
of 10~% and weighted Multi-Class Dice Loss [15], for a
fixed number of epochs without early stopping; the result-
ing overparameterisation of the base models is expected
and is precisely the motivation for subsequent pruning.
After each pruning cycle, the retained weights are pre-
served and used as initialisation for continued training
(fine-tuning), directly leveraging the learned representa-
tions rather than restarting from scratch. The reduced
model capacity after pruning acts as an implicit regulariser,
limiting overfitting despite the extended training. For each
importance measure, intermediate models at 75%, 50%,
25%, and 3% of original FLOPs were saved and subse-
quently trained to an equal total number of epochs to
ensure fair comparison.

3 Results

3.1 IPAD Effectiveness

Table 2 presents IoU scores at 25% of original FLOPs
for all model—task configurations. For sclera segmen-
tation, the optimal IPAD] combination outperforms the
standalone L1 measure by 2.11 pp for SegNet and 0.26 pp
for U-Net. In SegNet, the highest performances are ob-
tained by either relying entirely on the pure IPAD criterion
(a0 = 0, yielding 90.35% for IPAD7) or focusing primar-
ily on it (o = 0.1, yielding 90.40% for IPAD3). This
demonstrates that activation-based importance can surpass
weight-based methods when sufficient validation data is
available.

For vessel segmentation, the effectiveness of IPAD
varies across architectures due to the substantially smaller
validation set (26 images vs. 372 for sclera). While IPAD7
defaults to the standalone L; norm (o = 1.0) for both
U-Net and SegNet at 25% FLOPs (as shown in Table 2),
other configurations tell a different story. Notably, the
IPADZ measure successfully outperformed the standalone
Lo norm when applied to SegNet for vessel segmentation.
Furthermore, across all pruning levels and network ar-
chitectures, the IPAD-augmented measures outperformed
standalone L-norms in a majority of evaluated scenarios
for vessels (10 out of 16 cases). This demonstrates that
activation-based importance can remain competitive and
even surpass weight-based methods on highly complex



tasks, despite severely limited validation data. Finally,
all pruning measures significantly outperform or match
the unpruned baseline on the vessel task, confirming sub-
stantial overparameterisation. Although the absolute IoU
scores for vessels peak at just over 40%, this is largely
an artefact of the pixel-wise evaluation metric rather than
a failure of the models to capture vessel topology (see
Section 4 for a detailed discussion).

Table 2: IoU (%) at 25% of original FLOPs. Best pruned result
per row in bold. “Small” denotes a compact model trained from
scratch at ~25% FLOPs.

Small Ly

89.50 88.24
88.80  90.68

3775  37.89
3372 40.84

Unif.

90.06
88.63

33.58
40.31

Rand.

89.44
88.94

36.81
39.34

Unpr.

SN 90.74
UN  90.64

SN 3723
UN 3818

IPAD} I,

90.35  89.59
90.94  90.50

37.89  36.35
40.84  40.61

TPAD;

90.40
90.61

37.12
40.61

Sclera

Veins

SN — SegNet; UN — U-Net; Unpr. — unpruned baseline. IPAD™ indicates the

optimal v combination.

3.2 Performance Across Pruning Levels

Figure 1 illustrates the relationship between the retained
FLOPs and IoU for U-Net on both segmentation tasks. For
sclera, all measures maintain performance comparable to
the unpruned baseline down to 25% of the original FLOPs,
with IPAD; (o = 0.1) reaching the highest score at 75%.
Performance degrades more substantially at 3% FLOPs,
though IoU remains above 79%.

For vein segmentation, pruned models consistently
outperform the unpruned baseline at moderate pruning
levels (25-75% FLOPs), corroborating findings from the
original IPAD study [8]. Performance at 3% FLOPs ex-
hibits high variability across measures, with uniform prun-
ing surprisingly outperforming all others. Interestingly,
IPAD; at o = 0.1 — which excels for sclera — performs
among the poorest for veins, further underscoring its de-
pendence on validation set size.

3.3 Impact of o Choice

We investigated how the selection of the hyperparameter
« influences pruning performance. As shown in Table 3,
we observed a distinct V-shaped pattern across most tasks,
indicating that extreme values of « (close to 0 or 1) gen-
erally yield better results than intermediate values. This
suggests that the affine combination may not be the most
effective fusion strategy. For instance, in SegNet veins,
performance drops from 37.59% at o = 0 to 35.54% at
«a = 0.1, before rising again to 37.89% at o = 1.0. Fur-
thermore, using pure activation deviation (IPAD» with
a = 0) in U-Net for veins resulted in a complete loss
of performance (IoU of 0%, not shown). This implies
that relying solely on activation deviations can be highly
unstable when the validation set is extremely small.

3.4 Segmentation with Smaller Models

Pruned models generally outperform compact models
trained from scratch at the same FLOP level, validating
the benefits of training a larger network and subsequently
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Table 3: Effect of « on IoU (%) using IPAD; at 25% FLOPs.

a=0 a=01 a=05 a=09 a=1.0
Sera SN 9035 9020 8955 8701 8824
UN 90.14 9039  90.09 9094  90.68
Veine SN 3759 3554 3604 3784 3789
SIS UN 39.87 3834 4026 3983 40.84

pruning it. Across all evaluated 25% and 3% FLOP sce-
narios, the optimally pruned model surpassed its compact
counterpart in 7 out of 8 cases (see Table 2 for the 25%
subset). For U-Net veins at 25% FLOPs, the pruned model
achieves 40.84% IoU compared to 33.72% for the com-
pact model — a difference of over 7 pp. At 3% FLOPs,
SegNet veins shows an even more pronounced advantage
of 10 pp (33.34% vs. 23.34%).

For sclera segmentation, however, the advantage of
pruning is less pronounced, yielding only marginal per-
formance gains. Notably, the compact SegNet model
configured to 3% of original FLOPs slightly outperformed
the corresponding pruned model by 2.12%. This anomaly
may be partially attributed to architectural constraints that
resulted in the compact model having roughly 27% more
actual FLOPs than the 3% target, as well as the inherent
instability associated with pruning to extremely low FLOP
levels where removing a single critically important kernel
can significantly degrade performance. Overall, however,
the results confirm that pruning preserves complex fea-
ture representations that small architectures are typically
unable to learn independently.

3.5 Classical Segmentation Methods

To contextualise the performance of our deep CNN-based
segmentation models, we compare them with two classical
non-deep learning vessel segmentation approaches: B-
COSFIRE and Coye filtering.

B-COSFIRE (Bar-selective Combination Of Shifted
Filter Responses) [16] is an advanced image processing al-
gorithm designed for the segmentation of elongated struc-
tures, such as blood vessels in retinal images. It utilises
symmetric and asymmetric filters that are selective for
bars and bar-endings. The Coye filtering algorithm [17]
employs Principal Component Analysis (PCA) to convert
RGB images to grayscale, followed by Contrast-Limited
Adaptive Histogram Equalisation (CLAHE) to improve
contrast. It then utilises Isodata thresholding to differ-
entiate vessel structures, followed by morphological op-
erations to refine the segmentation by removing small,
non-vessel pixels.

Both classical segmentation methods performed signif-
icantly worse than all CNN-based approaches, even when
compared to the most aggressively pruned models (retain-
ing only 3% FLOPs), as shown in Table 4. B-COSFIRE
achieved an IoU of 16.32%, while Coye filtering achieved
only 10.34%. This stark contrast underscores the supe-
riority of automatic hierarchical feature extraction over
handcrafted feature engineering for the complex task of
ocular vein segmentation. We hypothesise that the orig-
inal application domains for these classical filters were



(a) Sclera — U-Net

(b) Veins — U-Net
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Figure 1: IoU scores for sclera (a) and vein (b) segmentation using U-Net at various levels of retained FLOPs. For the IPAD

measures, o = 0.1 is used.

too dissimilar to the specific characteristics of the SBVPI
dataset, contributing to their poor overall performance.

Table 4: Performance of classical vein segmentation methods on
SBVPL

Method IoU (%) F1 (%)
B-COSFIRE 16.32 28.06
Coye filtering 10.34 18.74

4 Discussion

Our results highlight the dual challenge of data scarcity in
the vessel segmentation task: the limited dataset restricts
generalisation, while the small validation set (26 images
vs. 372 for sclera) yields noisier activation estimates for
IPAD. Despite this, [IPAD-augmented measures remained
highly competitive and even outperformed standalone
L, norms in specific configurations, indicating that IPAD
retains its viability under severe data constraints.

Regarding the o hyperparameter, the V-shaped pattern
observed in Table 3 suggests that the affine combination
may not be the most effective fusion strategy. Alternative
formulations using different Lj; norms over the paired
scores warrant investigation: a high k& would prioritise
pruning kernels where both criteria assign moderate im-
portance, while a negative k£ would target kernels where
either criterion assigns low importance. In practice, o
must be treated as a task-specific hyperparameter, selected
on the basis of validation performance.

The seemingly low IoU values for vein segmentation
(maximum 40.84%) are partly an artefact of the evaluation
metric. As illustrated in Figure 2, predictions that correctly
capture the vessel topology are penalised by pixel-wise
metrics like IoU due to thickness discrepancies — a conse-
quence of the gradual transition of vein boundaries into
the sclera, which makes consistent thickness annotation
inherently difficult. For biometric recognition, the overall
vessel structure matters more than pixel-perfect boundary
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adherence, underscoring the need to evaluate such models
on downstream recognition performance.

Figure 2: Vein segmentation colourmaps for a pruned L,
model (left) vs. a compact model trained from scratch (right).
Green: TP; red: FP; yellow: FN. Despite capturing vessel topol-
ogy, thickness discrepancies reduce IoU. Best viewed in colour
and zoomed in.

5 Conclusion

We presented a flexible framework for iterative CNN ker-
nel pruning and demonstrated its effectiveness on ocular
sclera and vein segmentation tasks. Our key findings
are: (1) pruned models substantially outperform compact
models trained from scratch, especially for vein segmenta-
tion; (2) while the IPAD pruning criterion’s consistency
depends on validation set size, it excels with sufficient
data and remains a highly competitive alternative to tra-
ditional L-norms even under severe data constraints; and
(3) competitive performance is maintained even at extreme
pruning levels of 3% of the original FLOPs.

Future work will explore alternative methods for com-
bining kernel importance measures (e.g. different L, norm
formulations), investigate higher-order variations of the
ADC criterion, evaluate the impact of segmentation qual-
ity on downstream biometric recognition accuracy, and
compare pruning with knowledge distillation [18] for
model compression. Both our pruning framework and
the code for the complete experiment are publicly avail-
able at https://github.com/MatevzVidovic
/CNN_kernel_pruning and https://github
.com/MatejVitek/ERK-2026-IPAD.


https://github.com/MatevzVidovic/CNN_kernel_pruning
https://github.com/MatevzVidovic/CNN_kernel_pruning
https://github.com/MatejVitek/ERK-2026-IPAD
https://github.com/MatejVitek/ERK-2026-IPAD
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