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Abstract

Airborne pollen recognition is important for automated allergy warning and envi-
ronmental monitoring, but remains challenging because inter-class morphological
differences are subtle while intra-class appearances vary considerably. To improve
the accuracy—efficiency trade-off of pollen recognition, we investigate redun-
dancy within the Heat Conduction Operator (HCO) of the heat-based vision
backbone vHeat. Channel-path and DCT-domain frequency-response analyses
reveal exploitable optimization space in HCO. Based on these observations, we
propose a redundancy-aware frequency and routing optimization framework con-
sisting of Partial Heat Routing (PHR), Frequency-domain Regularization (FDR),
and a stage-wise deployment strategy. PHR routes only a subset of channels
through the complete Heat2D branch and processes the remaining channels with
a lightweight local branch, reducing full-channel heat-conduction computation.
FDR introduces a controlled frequency-retention constraint in the DCT domain,
while the stage-wise strategy coordinates PHR and FDR across network depths.
On Pollen149, the final configuration reduces parameters from 30.20M to 25.69M
and FLOPs from 4.94G to 3.97G with only a 0.19 percentage-point decrease
in Top-1 accuracy. Throughput increases from 924.15 to 1015.27 images/s and



latency decreases from 1.0821 to 0.9850 ms. Additional public-dataset experi-
ments further indicate competitive recognition performance under different data
conditions.

Keywords: Pollen recognition, Computational microscopy, Efficient vision backbones,
Heat Conduction Operator, Frequency-domain regularization, Accuracy—efficiency
trade-off

1 Introduction

Pollen allergy has become an increasingly important public health issue worldwide.
Airborne allergenic pollen is closely associated with respiratory allergic diseases, and
its production, release, distribution, monitoring, forecasting, and health impacts have
been widely investigated [1]. Recent studies further indicate that climate change has
intensified pollen seasons, making reliable and timely pollen monitoring increasingly
important [2]. Accurate monitoring of airborne pollen concentrations is essential for
public health warning, allergy prevention, and medical resource allocation, with pre-
cise pollen identification being a critical step in this process. Currently, conventional
pollen monitoring and identification still largely rely on manual microscopic analysis
by trained professionals, which is labor-intensive and difficult to scale for rapid report-
ing [3]. Pollen grains also exhibit high inter-class similarity and substantial intra-class
variation. Different species may have highly similar appearances, whereas samples
from the same species may vary in size, shape, surface texture, and aperture structure.
Pollen recognition is therefore a challenging fine-grained microscopic image recognition
task that requires models to distinguish subtle morphological differences.

Deep learning methods have been widely applied to pollen image classification [4—
6]. On several pollen datasets, convolutional neural networks (CNNs) have achieved
better recognition performance than traditional methods based on hand-crafted fea-
tures. The locality of convolution, however, limits their ability to capture long-range
dependencies, whereas pollen recognition often requires the joint representation of local
micro-textures and global morphological structures. Vision Transformers alleviate this
limitation by establishing global information interactions through self-attention [7—
9]. Standard self-attention has a computational complexity that grows quadratically
with the number of image tokens, leading to considerable cost when processing
high-resolution microscopic images. Efficient pollen recognition therefore requires
visual backbones that balance global morphology modeling, local microscopic detail
representation, and practical inference efficiency.

In this context, heat-conduction-inspired visual modeling provides an alternative
approach to efficient global token interaction. vHeat introduces the Heat Conduc-
tion Operator (HCO), which models spatial interactions through a heat-diffusion-like
process in the frequency domain [10]. Unlike self-attention, HCO does not explicitly
compute pairwise token interactions. Instead, it combines the discrete cosine transform
(DCT), frequency-domain heat-diffusion modulation, and inverse DCT reconstruc-
tion to achieve global feature interaction with favorable computational efficiency. This



mechanism is well aligned with the requirements of pollen recognition for global mor-
phological structures, local microscopic details, and practical inference efficiency. We
therefore adopt vHeat as the base backbone and investigate how its computational cost
can be further reduced while largely preserving its global representation capability.

Although vHeat achieves efficient global feature interaction through HCO, its inter-
nal computation may still contain exploitable redundancy. A complete HCO applies
the Heat2D transformation to all channels and modulates the resulting frequency
responses in the DCT domain before reconstruction. Different channels and frequency
responses do not necessarily contribute equally to the final recognition result. We
therefore analyze HCO from two perspectives: channel computation paths and DCT-
domain frequency responses. Channel-response statistics and masking experiments
indicate that different channels rely on the complete Heat2D transformation to dif-
ferent degrees. Frequency-response analysis further shows that some responses in the
middle-to-late stages can be moderately constrained with limited performance degra-
dation. These observations suggest optimizable computation in both the channel path
and frequency-response dimensions, providing empirical motivation for the subsequent
method design. They do not imply that weak-response channels or particular frequency
components should be directly removed; instead, the corresponding redundancy should
be exploited in a controlled manner.

Based on these observations, we propose an HCO-oriented redundancy-aware
frequency and routing optimization framework to improve the accuracy—efficiency
trade-off of vHeat for fine-grained pollen recognition. The framework consists of Par-
tial Heat Routing (PHR), Frequency-domain Regularization (FDR), and a stage-wise
deployment strategy. PHR restructures the channel computation path of HCO by send-
ing only a subset of channels through the complete Heat2D branch. The remaining
channels are processed by a lightweight local branch, reducing full-channel heat-
conduction computation while preserving the output channel dimensionality. FDR
introduces a controlled frequency-retention constraint in the DCT domain of HCO to
regulate the use of different frequency responses. Different stages of the hierarchical
vHeat backbone differ in spatial resolution, channel dimension, computational contri-
bution, and semantic level. We therefore design a stage-wise deployment strategy that
assigns different PHR routing ratios and FDR frequency-retention ratios across net-
work depths. The redundancy analyses guide the design of candidate configurations,
while the final configuration is determined through systematic ablation experiments
according to the accuracy—efficiency trade-off.

We use Pollen149 as the primary evaluation dataset and further validate the
proposed framework on public pollen datasets. On Pollen149, the final stage-wise
PHR+FDR configuration reduces the number of parameters from 30.20M to 25.69M
and FLOPs from 4.94G to 3.97G, with only a 0.19 percentage-point decrease in Top-
1 accuracy. Under the unified inference protocol, throughput increases from 924.15
images/s to 1015.27 images/s, while latency decreases from 1.0821 ms to 0.9850 ms.
Additional experiments on public pollen datasets show that the proposed framework
maintains competitive recognition performance under different data distributions and
imaging conditions. These results indicate that the proposed optimization improves



the accuracy—efficiency trade-off of vHeat while largely preserving the recognition
capability of the original backbone.
The main contributions of this paper are summarized as follows:

® We design Partial Heat Routing to reduce redundant full-channel heat-
conduction computation. PHR sends only a subset of channels through the
complete HCO branch and processes the remaining channels using a lightweight
local branch. It preserves the output channel dimensionality while reducing full-
channel Heat2D computation, providing a structured approach to optimizing
channel computation paths within HCO.

® We introduce Frequency-domain Regularization and design a stage-wise
deployment strategy to coordinate PHR and FDR. FDR imposes a con-
trolled frequency-retention constraint in the DCT domain of HCO to regulate the
use of different frequency responses. The stage-wise strategy further assigns differ-
ent PHR routing ratios and FDR frequency-retention ratios at different network
depths, coordinating structural computation optimization with frequency-domain
representation constraints.

® We validate the accuracy—efficiency trade-off of the proposed framework
on Pollen149 and public pollen datasets. The final stage-wise PHR+FDR con-
figuration reduces model parameters and FLOPs and improves practical inference
efficiency while maintaining recognition performance close to that of the original
vHeat. Experiments on public pollen datasets further show competitive performance
under different data distributions and imaging conditions.

2 Related Work

2.1 Automated Pollen Recognition and Microscopic Image
Analysis

Early automated pollen recognition methods mainly relied on hand-crafted morpho-
logical, color, texture, and statistical features, such as local binary patterns, gray-level
co-occurrence matrices, histograms of oriented gradients, Fourier descriptors, and Har-
alick features. These features were typically combined with conventional classifiers,
including support vector machines, linear discriminant analysis, k-nearest neighbors,
random forests, and multilayer perceptrons [4]. Although such methods provide a cer-
tain degree of morphological interpretability, their performance depends heavily on
manual feature design, limiting their ability to represent subtle inter-class differences
and complex intra-class variations.

With the development of deep learning, convolutional neural networks, residual
networks, lightweight architectures, and pretrained visual models have been increas-
ingly applied to microscopic pollen image classification and extensively evaluated on
datasets such as POLEN23E, POLLEN13K, CPD, Pollen73S, and regional pollen col-
lections [5, 6, 11-13]. These studies have shown that deep visual models can effectively
learn discriminative features related to overall morphology, boundary structures, and
surface textures, while supporting automated or online pollen recognition. For Z-
stack multi-focal microscopic images, three-dimensional convolutional networks have



also been employed to integrate complementary information across different focal
planes [14]. More recently, attention mechanisms and Transformer architectures have
been introduced to enhance the joint modeling of global morphology, local textures,
aperture-related structures, and long-range spatial relationships [8, 9, 15].

Beyond the classification of cropped single-grain images, task-specific networks,
explainable recognition methods, and detection—classification pipelines have also been
developed for complex microscopic-image analysis. These approaches employ dedicated
classification architectures or visualization techniques to identify discriminative pollen
regions, or first use YOLO-based detectors to localize individual pollen grains in images
with complex backgrounds, overlapping objects, or multiple targets, followed by classi-
fication using CNN, SVM, or Transformer-based models [16-18]. Overall, pollen image
analysis has evolved from conventional classification based on hand-crafted features
toward deep representation learning, attention-enhanced modeling, and automated
frameworks integrating detection and classification.

2.2 Efficient Visual Modeling with Partial Feature Processing

Efficient visual models commonly reduce parameter counts and computational costs
through lightweight operators and compact network architectures. The MobileNet
family adopts depthwise separable convolutions and inverted residual structures, while
the ShuffleNet family improves computational efficiency through group convolution
and channel shuffling. EfficientNet further balances accuracy and efficiency by jointly
scaling network depth, width, and input resolution [19-25]. In addition, GhostNet gen-
erates additional feature maps through inexpensive transformations, whereas hybrid
convolution—Transformer architectures combine local operations, lightweight atten-
tion, and hardware-friendly designs to improve inference efficiency while maintaining
representational capability [26-30].

Partial feature processing further reduces redundant computation by partitioning
feature flows rather than applying the same full-cost transformation to all features. For
example, CSPNet partitions cross-stage feature flows to alleviate duplicated gradient
information, whereas GhostNet generates additional representations from a small set
of intrinsic features using inexpensive operations [26, 31]. Related approaches include
dynamic inference, which adaptively allocates computational resources through early
exiting or layer- and channel-level selection, and model-compression techniques, such
as pruning, quantization, knowledge distillation, and low-rank decomposition, which
reduce the storage or computational cost of existing networks [32-41]. These stud-
ies demonstrate that assigning different computational paths to different features can
reduce repeated processing and improve the accuracy—efficiency trade-off. However,
existing designs mainly focus on convolutional feature generation, cross-stage connec-
tions, or general model compression, while comparatively limited attention has been
paid to channel-wise computation paths within frequency-domain global operators.



2.3 Frequency-Domain Visual Modeling and
Heat-Conduction-Based Networks

Frequency-domain visual modeling transforms spatial features into the frequency
domain through the Fourier transform or discrete cosine transform, enabling global
information interaction or selective frequency processing. GFNet replaces self-
attention with two-dimensional Fourier transforms, learnable global filters, and inverse
transforms to model long-range dependencies with relatively low computational com-
plexity. DCFormer directly learns visual semantics from DCT-domain representations
and reduces computational costs by compressing selected frequency components [42,
43]. In addition, frequency-aware dynamic networks allocate computational paths of
different complexities to image regions according to their DCT-frequency informa-
tion, further demonstrating the potential of frequency decomposition for balancing
representation quality and computational cost [44].

Building upon frequency-domain visual modeling, vHeat introduces the Heat Con-
duction Operator (HCO), which models image patches as heat sources and performs
adaptive heat diffusion in the DCT domain to achieve global feature interaction,
thereby constructing heat-conduction-based visual backbones [10]. RS-vHeat subse-
quently extends HCO to remote-sensing foundation models and combines it with
frequency-domain hierarchical masking and multi-domain reconstruction for remote-
sensing representation learning [45]. These studies demonstrate that frequency-domain
transformations and heat-conduction mechanisms provide an alternative approach to
efficient global visual modeling beyond convolution and self-attention.

3 Method

3.1 Framework Overview and Design Rationale

The optimization target of this work is the Heat Conduction Operator (HCO) in
vHeat [10]. The proposed framework is HCO-oriented and does not modify the overall
classification pipeline of vHeat. Instead, it focuses on reducing exploitable redundancy
within HCO while preserving its heat-diffusion-based representation capability. Given
an input feature U°, the basic formulation of HCO can be written as

Ut = IDCTyp (DCTQD(UO) : e—’““i*“i)t) : (1)

where UY and U* denote the visual features before and after heat conduction, respec-
tively. w, and w, are the frequency coordinates, k is the heat diffusion coefficient,
and ¢ denotes the conduction time. HCO first transforms the input feature into the
DCT domain, modulates the frequency responses using a heat-diffusion term, and then
reconstructs the spatial feature through IDCT. This process is applied to all chan-
nels in the complete Heat2D branch. It therefore provides two natural perspectives for
redundancy-aware optimization: the channel computation path and the DCT-domain
frequency-response distribution.

From the channel-path perspective, the original HCO applies the same DCT,
frequency-domain modulation, and IDCT operations to all channels. This full-channel
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Fig. 1 Overall framework of the proposed HCO-oriented redundancy-aware frequency and routing
optimization framework. (a) The vHeat backbone uses stacked HCO-based HeatBlocks for global
token mixing. (b) Partial Heat Routing (PHR) splits the input feature into a Heat branch with rC
channels and a lightweight local branch with (1 — r)C channels, and concatenates their outputs to
preserve the original channel dimension. (c) Frequency-domain Regularization (FDR) inserts a stage-
wise frequency retention mask M after the heat-diffusion modulation in the DCT domain. The
reference path shows that the original HCO directly reconstructs the spatial feature from Z without
FDR.

design preserves the modeling capacity of heat diffusion but also concentrates sub-
stantial computation in the complete Heat2D branch. Different channels may not
depend on the complete Heat2D transformation to the same extent. Some channels
may respond weakly to heat diffusion or retain sufficient local representation ability
through a lightweight transformation. These observations motivate Partial Heat Rout-
ing (PHR), which reallocates part of the channels from the complete HCO branch to
a lightweight local branch.

From the frequency-response perspective, HCO modulates different frequency
components in the DCT domain. Empirical analysis indicates that some frequency
responses in the middle-to-late stages can be moderately constrained with limited
performance degradation, whereas overly strong suppression may harm recognition
performance. We therefore do not treat these frequency responses as direct targets for
structural compression. Instead, they provide an entry point for representation con-
straint. Based on this idea, we design Frequency-domain Regularization (FDR), which
introduces a controlled frequency-retention constraint inside HCO to regulate the use
of different frequency responses.

Based on the above analysis, the proposed HCO-oriented redundancy-aware opti-
mization framework consists of two components and one deployment strategy. PHR



reduces redundant full-channel Heat2D computation by reallocating channel compu-
tation paths while preserving the output channel dimensionality. FDR introduces a
controlled frequency-domain constraint to regulate the frequency-response distribu-
tion inside HCO. Since vHeat adopts a hierarchical architecture, its stages differ in
spatial resolution, channel dimension, computational contribution, and semantic level.
We therefore further introduce a stage-wise deployment strategy to coordinate PHR
and FDR across different network depths.

The redundancy analyses provide empirical guidance for the design of candi-
date configurations. The final stage-wise configuration is determined through ablation
experiments according to the accuracy—efficiency trade-off. The overall framework is
illustrated in Fig. 1. The following subsections describe PHR, FDR, and the stage-wise
deployment strategy in detail.

3.2 Partial Heat Routing for Channel-Path Optimization

Within the proposed HCO-oriented redundancy-aware optimization framework, Par-
tial Heat Routing (PHR) is designed to reduce redundant full-channel Heat2D
computation by reallocating channel computation paths. The core idea is to split the
input feature along the channel dimension into two branches. A subset of channels is
processed by the complete HCO branch to preserve heat-diffusion-based global inter-
action. The remaining channels are processed by a lightweight local branch at lower
computational cost. As illustrated in Fig. 1(b), the outputs of the two branches retain
the original channel dimensionality. In this way, PHR reduces the computational bur-
den of the complete Heat2D branch without changing the interface of the original
HeatBlock.

Given an input feature X € REXCXHXW 'where B, C', H, and W denote the batch
size, number of channels, height, and width, respectively, PHR uses a heat ratio r
to control the proportion of channels entering the complete HCO branch. The input
feature is split along the channel dimension into a Heat sub-feature and a lightweight
sub-feature:

X =[Xp, X)), X € REXOHW X g REXCOAHW, )

where
Cr = Round(rC), C,=C—Cy. (3)

Here, X} is fed into the complete HCO branch, whereas X; is routed to the
lightweight branch. The heat ratio r controls the extent of partial channel routing.
When r = 1.0, all channels enter the complete HCO branch and the structure recov-
ers the original HeatBlock. When r < 1.0, only C} channels undergo the complete
heat-conduction transformation, while the remaining C} channels are processed by the
lightweight local branch.

For the Heat branch, we retain the original HCO structure of vHeat:

Y :H(Xh)7 (4)



where H(-) denotes the Heat Conduction Operator composed of DCT, heat-diffusion
modulation, and IDCT. Since this branch operates only on C}, channels, the compu-
tational cost of the complete HCO is reduced compared with the original full-channel
design.

The remaining channels are processed by a lightweight local transformation:

Y = L(X)), (5)

where £(+) denotes the lightweight branch. In our implementation, this branch consists
of a depthwise 3 x 3 convolution followed by a GELU activation:

L£(X;) = GELU(DWConvsy3(X))). (6)

This branch provides local feature transformation at substantially lower computational
cost than the complete HCO branch.
The outputs of the two branches are concatenated along the channel dimension:

Y = Concat(Ys, V)). (7)

The resulting feature Y contains the same number of channels as the input X. PHR
therefore preserves the original channel dimensionality while reallocating computation
between the Heat and lightweight branches.

Inside the HeatBlock, the concatenated feature is further processed by normal-
ization, residual connection, and the MLP branch. This process can be simplified
as

X = X + DropPath(Norm(Y)), (8)
X% = X + DropPath(Norm(MLP(X))). (9)

PHR can therefore be embedded into the original HeatBlock without changing

the hierarchical architecture or classification head of vHeat. Different routing ratios

are further combined with the stage-wise deployment strategy and evaluated in the
ablation experiments to determine a suitable accuracy—efficiency trade-off.

3.3 Frequency-domain Regularization

Within the proposed framework, Frequency-domain Regularization (FDR) is intro-
duced to constrain the DCT-domain frequency responses inside HCO. Unlike PHR,
which changes the channel computation path, FDR does not determine whether a
channel enters the HCO branch. Instead, it directly acts on the frequency representa-
tion within HCO. As illustrated in Fig. 1(c), FDR inserts a frequency-retention mask
after heat-diffusion modulation and before IDCT reconstruction, thereby applying a
controlled constraint to part of the frequency responses.

Given an input feature X € REXCXHXW feq into HCO, a two-dimensional DCT
is first applied to obtain the frequency-domain representation:

Z = DCTyp(X), (10)



where Z € REXHixWsxC denotes the frequency responses in the DCT domain, and
Hy and Wy denote the frequency-domain height and width, respectively. HCO then
modulates these responses using the adaptive heat-diffusion coefficients generated by
Frequency Value Embeddings:

7=70E, (11)

where FE denotes the frequency-domain modulation weights formed by the heat-
diffusion term, and ® denotes element-wise multiplication. In the original vHeat,
Z is directly fed into IDCT for spatial-domain reconstruction. FDR introduces an
additional frequency-retention mask before this reconstruction step:

Z =2 M,, (12)

where M, € R¥s*xWsx1 denotes the frequency-domain regularization mask for the
s-th stage.

Since low-frequency responses are concentrated in the upper-left region of the DCT
spectrum, M is constructed using a low-frequency retention scheme. Given a stage-
wise frequency-range retention ratio ps, the mask is defined as

1, i <Round(psHy), j < Round(psWy),

. (13)
0, otherwise.

M (i, j) :{

Here, ps € (0, 1] controls the retained frequency-response range in the s-th stage.
When ps = 1.0, all frequency responses are preserved and HCO remains consistent
with the original vHeat. When p, < 1.0, the model mainly retains the low-frequency
region while constraining part of the higher-frequency responses. The regularized fre-
quency representation Z is then transformed back to the spatial domain through
IDCT:

Y =IDCTyp(2). (14)

FDR does not reduce the number of channels entering the complete HCO branch.
Instead, it regulates the frequency-response distribution within HCO. The preced-
ing frequency analysis indicates that some middle-to-late-stage responses can be
moderately constrained with limited performance degradation, whereas overly strong
frequency suppression may impair recognition performance. FDR therefore uses an
adjustable frequency-retention range to introduce a controlled representation con-
straint into the frequency-domain modeling process rather than directly removing
structural components.

The dependence on frequency information also varies across network stages. Shal-
low features contain more edges, textures, and local details and are generally more
sensitive to high-frequency information. Deeper features gradually become more
related to structural and category-level representations. Based on this characteristic,
FDR adopts different frequency-retention settings across stages. Conservative settings
are used to preserve shallow details, while moderate frequency constraints are applied
in the middle-to-late stages. The specific stage-wise configuration is described in the
following subsection.
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3.4 Stage-wise Deployment Strategy

PHR and FDR optimize different aspects of HCO. PHR adjusts the channel compu-
tation path to reduce full-channel Heat2D computation, whereas FDR regulates the
DCT-domain frequency responses through a frequency-retention constraint. The hier-
archical stages of vHeat differ in spatial resolution, channel dimension, computational
contribution, and semantic level. A uniform routing or frequency-retention setting may
therefore be suboptimal across all stages. To account for these differences, we intro-
duce a stage-wise deployment strategy that coordinates PHR and FDR across network
depths.

For the s-th stage, PHR is controlled by the channel routing ratio rs, which
denotes the proportion of channels entering the complete Heat2D branch. A smaller
rs reduces the number of channels processed by the complete HCO branch and lowers
the structural computational cost. An overly small value, however, may weaken heat-
diffusion-based global modeling. FDR is controlled by the frequency-range retention
ratio ps, which determines the retained range of DCT-domain frequency responses.
A smaller ps; imposes a stronger frequency-domain constraint, whereas excessive
suppression may remove useful discriminative information.

The two ratios serve different functional objectives and are therefore configured
separately. For FDR, conservative frequency-retention settings are used in the early
stages to preserve edges, textures, and local details. Stronger constraints are applied
in the middle-to-late stages, where the frequency-response analysis indicates greater
room for controlled regularization. PHR mainly targets structural computational effi-
ciency. Its routing ratios are selected by considering the computational contribution
of each stage, the channel-path analysis, and the corresponding changes in recognition
performance.

The redundancy analyses guide the design of candidate stage-wise configurations
rather than directly determining the final ratios. The specific combinations of ry and
ps are evaluated through ablation experiments, and the final configuration is selected
according to the accuracy—efliciency trade-off. The detailed stage-wise settings and
corresponding experimental results are reported in the experimental section.

4 Experiments

4.1 Experimental Setup

We use Pollen149 as the primary experimental dataset to systematically evaluate the
influence of PHR and FDR on the accuracy—efficiency trade-off of the vHeat back-
bone. To further examine the applicability of the proposed method under different
data sources, we conduct additional validation on two public pollen datasets: the New
Zealand Pollen Dataset [46] and CPD-1 [47]. The main experiments focus on recogni-
tion accuracy, model complexity, and practical inference efficiency. The public dataset
experiments are used to further examine the behavior of the proposed method under
different pollen data distributions and imaging conditions.

Pollen149 is an in-house pollen microscopy dataset previously established by our
research group using scanning electron microscopy (SEM). The pollen materials used
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to construct the dataset were provided by the Institute of Biomedical Research, Inner
Mongolia University, Hohhot, Inner Mongolia, China, together with the corresponding
taxonomic information. The species labels in Pollen149 were assigned according to this
existing taxonomic information, and no additional independent taxonomic identifica-
tion was performed by our research group. The samples were subsequently prepared
and imaged using SEM at Inner Mongolia University of Technology between 2018 and
2024. The resulting images were organized into the Pollen149 dataset, which contains
29,018 images with a unified resolution of 224 x 224, covering 51 families and 149
species.

No wild plant or pollen material was collected by our research group during the
construction of Pollen149; therefore, no field-collection permit was required for the
activities conducted by our group. No voucher specimens were deposited in a public
herbarium by our research group during dataset construction. The present study uses
only the previously established SEM image dataset and does not involve any new col-
lection of plant or pollen materials. All sample handling and SEM imaging procedures
conducted by our research group complied with the applicable institutional, national,
and international guidelines and regulations.

Differences among pollen categories are often reflected in subtle variations in local
texture, aperture structures, grooves, and overall morphology. Pollen149 therefore
exhibits substantial intra-class variation and high inter-class similarity, making it suit-
able for evaluating fine-grained pollen recognition methods. We split the dataset into
training, validation, and test sets at a ratio of 4:1:1. The same split files are used for
all compared models and ablation variants.

The New Zealand Pollen Dataset contains 46 categories and 19,667 darkfield
microscopy images, with substantial class imbalance. CPD-1 contains 4,034 segmented
pollen grain images from 20 pollen species collected in Crete, Greece. In our experi-
ments, both public datasets are split into training, validation, and test sets at a ratio
of 7:1:2 using random seed 42. Stratified splitting is used when the class sample sizes
allow it. These datasets differ from Pollen149 in imaging modality, category compo-
sition, sample scale, and data distribution, and are therefore used to further evaluate
the applicability of the proposed method under different pollen data conditions.

All datasets are loaded from predefined CSV split files. The same data splits
and preprocessing pipeline are used for all compared models and ablation variants.
During training, the input image size is set to 224 x 224. The data augmentation
pipeline includes bicubic interpolation, color jitter, RandAugment, random erasing,
Mixup, and CutMix. The color jitter factor is set to 0.4, the RandAugment policy
is rand-m9-mstd0.5-inc1, and the random erasing probability is set to 0.25. The
alpha values of Mixup and CutMix are set to 0.8 and 1.0, respectively. For validation
and testing, images are resized and center-cropped to 224 x 224, followed by tensor
conversion and normalization using the ImageNet mean and standard deviation.

We adopt vHeat-Tiny as the base backbone. Unless otherwise specified, all models
are trained from scratch with random initialization and without pretrained weights.
The original vHeat, PHR-only, FDR-only, and PHR+FDR variants are constructed
using the same backbone, data splits, training settings, and evaluation protocol. They
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differ only in whether the corresponding components are enabled. The specific stage-
wise PHR routing ratios and FDR frequency-retention settings are reported in the
ablation study.

All models are trained for 300 epochs with a batch size of 128. We use the AdamW
optimizer with an initial learning rate of 5 x 107, a weight decay of 0.08, and a cosine
learning rate schedule. The warm-up period lasts for 20 epochs, with an initial warm-
up learning rate of 5 x 1077, The minimum learning rate is set to 5 x 107%. Gradient
clipping is applied with a maximum norm of 5.0, label smoothing is set to 0.1, and
automatic mixed precision is enabled during training.

Unless otherwise specified, the default training random seed is set to 0. To examine
whether the main observations depend on a single random seed, we additionally repeat
the key variants on Pollen149 using seeds 1 and 2. These variants include the original
vHeat, PHR-only, FDR~only, and the final PHR+FDR, configuration. We report the
mean and standard deviation over the three training seeds. For the two public pollen
datasets, we also repeat the original vHeat and the final PHR+FDR configuration
using three training seeds. The public dataset split seed is fixed to 42 and remains
unchanged across different training seeds.

During training, the best checkpoint is selected according to validation Top-1 accu-
racy and is subsequently evaluated on the test set. The HCO redundancy diagnostics
in Section 4.2 are conducted on the held-out validation split, whereas the final recog-
nition performance in the main comparison tables is reported on the test split. This
protocol separates redundancy diagnosis and model selection from final performance
evaluation. All experiments are implemented using PyTorch 2.1.0, and each training
run is conducted on a single NVIDIA RTX 3090 GPU.

For model complexity and practical inference efficiency, we use a unified profiling
script. The number of parameters is computed from all model parameters, and FLOPs
are calculated using thop with a random input tensor of size 1 x 3 x 224 x 224. Inference
speed is measured using random input tensors of size B x 3 x 224 x 224, where B = 256.
All models are evaluated using the same hardware, batch size, and input resolution.
We perform 50 warm-up iterations followed by 200 timed iterations. Throughput is
reported in images per second, and latency denotes the average inference time per
image under batched inference.

Top-1 accuracy is used to evaluate classification performance. On Pollen149, we
additionally report the number of parameters, FLOPs, throughput, and latency to
evaluate model efficiency. Unless otherwise specified, the main experimental tables
report results obtained with the default training seed. The additional stability analyses
report the mean and standard deviation over three seeds for the key ablation variants
and for the final model on the public datasets. The New Zealand Pollen Dataset and
CPD-1 are used as additional validation datasets, where recognition accuracy and
model complexity are mainly reported to analyze the behavior of the proposed method
under different data distributions.

4.2 Redundancy Analysis

This section investigates whether HCO in vHeat contains exploitable redundancy
and whether such redundancy is distributed non-uniformly across network blocks and
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Fig. 2 Channel-path redundancy analysis of vHeat. (a) Proportions of low-response channels under
different heat-delta thresholds. (b) Distribution intervals of channel-wise heat delta using p10, p50,
and p90 statistics.

stages. We analyze HCO from two perspectives: the channel computation path and the
DCT-domain frequency response. Response statistics are first used to identify poten-
tially redundant regions, followed by masking experiments to examine whether these
regions exhibit functional tolerance to suppression. The resulting analyses provide
empirical motivation for the designs of PHR and FDR. The specific channel routing
ratios and frequency-retention settings are further determined through the ablation
study in Section 4.3 according to the accuracy—efficiency trade-off.

4.2.1 Channel-path Redundancy Analysis of vHeat

To examine whether HCO contains exploitable redundancy in the channel computation
path, we first conduct a channel-wise response analysis on the Pollen149 validation set.
A trained vHeat model is evaluated while recording the feature responses before and
after the Heat2D module in each HeatBlock. Let the input and output of Heat2D in a
given HeatBlock be denoted as X € REXCXHXW and vy ¢ REXCXHXW ' yegpectively.
The relative Heat2D-induced variation of the c-th channel is defined as

HYC_XC||2
A= ———— 15
= Xt e (15)

where || ||2 denotes the Ly norm over the spatial dimensions, and ¢ is a small constant
used to avoid division by zero. This metric characterizes the relative response variation
induced by Heat2D for each channel. Based on the channel-wise A., we calculate the
proportions of low-response channels under different thresholds and summarize the
pl10, p50, and p90 response statistics within each block, as shown in Fig. 2.

Figure 2(a) shows that the proportion of low-A,. channels varies substantially across
HeatBlocks. Several middle-to-late blocks contain a noticeable proportion of relatively
low-response channels. For example, under the threshold of 0.99, the proportions reach
42.19% and 35.68% in block_4 and block_5, respectively. Low-A. channels are also
observed in several deeper blocks. These results indicate that Heat2D does not affect
all channels uniformly across network positions.
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Table 1 Performance (%) after masking low-response channels
in different blocks. The baseline performance is 96.20%. Values in
parentheses denote the drop compared with the baseline.

Masked Blocks  Lowest 10% Lowest 20% Lowest 30%

block 4 96.09 (-0.11)  95.66 (-0.54)  95.32 (-0.88)
block 4”5 95.92 (-0.28)  96.09 (-0.11)  95.81 (-0.39)
block 477 95.92 (-0.28)  95.86 (-0.34)  95.58 (-0.62)

Figure 2(b) further presents the distribution of channel responses within indi-
vidual blocks. Here, p50 denotes the median response, while the p10-p90 interval
characterizes the main response range across channels. Several middle-to-late blocks
exhibit clear response dispersion, indicating the coexistence of relatively low- and
high-response channels within the same HeatBlock. Overall, the Heat2D-induced vari-
ation is non-uniform across both blocks and channels, providing evidence of potential
optimization space in the channel computation path.

4.2.2 Mask-based Verification of Channel-path Redundancy

Response statistics alone are insufficient to determine whether low-response channels
correspond to functionally exploitable redundancy. We therefore perform a channel
masking experiment to verify the functional contribution of the low-A,. channels iden-
tified above. Specifically, channels within selected HeatBlocks are ranked according to
their heat-delta values, and the lowest 10%, 20%, or 30% are selected as masking tar-
gets. During inference, the outputs of these channels are set to zero, and recognition
performance is re-evaluated on the validation set.

The results are reported in Table 1. Under small or moderate masking ratios,
suppressing part of the low-response channels causes only limited performance degra-
dation. For example, masking the lowest 10% of channels in block_4 decreases Top-1
accuracy by only 0.11 percentage points. Masking the lowest 20% across block_4~5
results in the same 0.11 percentage-point decrease. Moderate masking over a wider
range of blocks also retains relatively stable recognition performance.

Performance degradation becomes more noticeable as the masking strength
increases. For example, masking the lowest 30% of channels in block_4 decreases accu-
racy by 0.88 percentage points. This result indicates that low-response channels are
not entirely dispensable. Instead, they contain both a subset with higher tolerance to
suppression and channels that still contribute useful discriminative information.

Combining the response statistics and masking results, the complete Heat2D com-
putation exhibits exploitable optimization space along the channel dimension. The
limited performance degradation under moderate suppression of selected low-response
channels provides experimental support for reducing redundant full-channel Heat2D
computation through PHR.
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Fig. 3 Frequency-response redundancy analysis of vHeat. (a) Frequency-response retention statistics
for low- and high-frequency components across different blocks. (b) Suppression gap between low-
and high-frequency responses.

4.2.3 Frequency-response Redundancy Analysis of vHeat

To examine the utilization of different frequency components in HCO, we further
perform frequency-response statistics on the Pollen149 validation set. A trained vHeat
model is evaluated with the frequency statistics module enabled in each HeatBlock.
The module records the retention behavior of low- and high-frequency responses during
Heat2D processing. These statistics are used as diagnostic indicators to characterize
the relative frequency-response behavior across different blocks and frequency regions.
We further compute the suppression gap between low- and high-frequency responses
to examine the frequency selectivity of HCO. The results are visualized in Fig. 3.

Figure 3(a) shows that HCO does not utilize different frequency responses uni-
formly. Low-frequency responses maintain relatively high retention statistics across
most blocks, whereas high-frequency responses become increasingly suppressed from
the middle stages onward. This trend is particularly evident in deeper blocks, where
the high-frequency retention statistics decrease to 0.3039 and 0.0625 in block_10 and
block_11, respectively.

The suppression gap shown in Fig. 3(b) further reflects this non-uniform behavior.
The gap between low- and high-frequency responses is relatively small in shallow
blocks but increases substantially in the middle-to-late stages. This pattern indicates
that HCO exhibits stronger frequency selectivity at greater network depths.

These observations show that the frequency-domain modeling of HCO is non-
uniform across frequency regions and network stages. In particular, some higher-
frequency responses are already strongly suppressed in the middle-to-late stages,
suggesting potential room for additional controlled frequency constraints. This obser-
vation provides frequency-domain diagnostic evidence for the design of FDR.

4.2.4 Functional Verification of Frequency-response Redundancy

To determine whether the observed frequency-response non-uniformity corresponds
to functionally exploitable redundancy, we perform a frequency-response masking
experiment. A low-frequency retention mask is applied to selected HeatBlocks during
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Table 2 Performance (%) under frequency-response masking on different blocks. The
baseline performance is 96.20%. Values in parentheses indicate the absolute
performance drop relative to the baseline.

Masked Blocks  Retention Ratio 0.9  Retention Ratio 0.7 Retention Ratio 0.5

block_11 96.01 (-0.19) 95.90 (-0.30) 96.01 (-0.19)
block 10711 95.96 (-0.24) 95.86 (-0.34) 95.58 (-0.62)
block_8"11 96.09 (-0.11) 95.79 (-0.41) 95.12 (-1.08)

inference, and model performance is re-evaluated on the validation set. Because this
experiment directly modifies the frequency responses used for subsequent IDCT recon-
struction, it provides a functional test of whether the identified frequency regions can
be constrained with limited performance loss.

The results are shown in Table 2. Moderate frequency constraints applied to deeper
HeatBlocks cause only limited degradation in recognition performance. For example,
when masking is applied only to block_11, the accuracy decreases by no more than 0.30
percentage points across the evaluated retention settings. When the masking range
is extended to block 10711, moderate frequency constraints still result in relatively
small performance losses.

Stronger or more widely applied frequency suppression leads to more noticeable
degradation. For example, when a retention ratio of 0.5 is applied to block 8711,
the accuracy decreases by 1.08 percentage points. This indicates that the suppressed
frequency responses are not entirely redundant and that some of them still contain
useful discriminative information.

The frequency-response statistics and masking experiments together show that
part of the middle-to-late-stage frequency responses can tolerate controlled constraints,
whereas overly strong or extensive suppression may remove useful information. These
results support the use of FDR as a controlled frequency-domain regularization
mechanism rather than aggressive frequency removal.

Combining the channel-path and frequency-response analyses, HCO exhibits non-
uniform and exploitable optimization space in both dimensions. Some relatively low-
response channels tolerate moderate suppression, while part of the middle-to-late-stage
frequency responses can also be constrained with limited performance degradation.
These diagnostic and functional verification results provide empirical support for the
designs of PHR and FDR, respectively.

4.3 Ablation Study on PHR and FDR

To verify the effectiveness of Partial Heat Routing (PHR) and Frequency-domain
Regularization (FDR), and to determine the final stage-wise deployment configuration,
we conduct systematic ablation experiments, as shown in Table 3.

It should be noted that the redundancy analysis in Section 4.2 is mainly used
to identify potential optimization space in the channel computation path and fre-
quency responses of HCO, and to guide the design of candidate configurations. The
final channel routing ratios and frequency-retention ratios are not directly calculated
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from the redundancy statistics. Specifically, the channel-path analysis shows that sev-
eral HeatBlocks tolerate moderate channel suppression, while the frequency-response
analysis indicates that part of the middle-to-late-stage frequency responses can toler-
ate controlled constraints. Based on these observations, we further compare uniform,
stage-wise, aggressive, and block-wise configurations. The specific combinations of r;
and ps are finally selected according to the accuracy—efficiency trade-off reflected by
Top-1 accuracy, parameter count, FLOPs, measured throughput, and latency.

The original vHeat achieves a Top-1 accuracy of 96.20% for a 224 x 224 input,
with 30.20M parameters and 4.94G FLOPs. It is used as the baseline model in this
set of experiments. The comparison among different configurations shows that PHR
and FDR play different roles in HCO optimization. PHR mainly reduces structural
computational cost by adjusting the channel computation path, whereas FDR mainly
regulates the frequency-domain representation through controlled frequency-response
constraints.

Using PHR alone clearly reduces model complexity, but also introduces a cer-
tain accuracy drop. Uniform PHR reduces the number of parameters and FLOPs to
24.93M and 4.01G, respectively, while achieving a Top-1 accuracy of 95.66%. In com-
parison, stage-wise PHR achieves 95.79% Top-1 accuracy with a throughput of 1020.78
images/s under a similar computational budget. These results indicate that apply-
ing the same routing ratio to all stages is not necessarily optimal. Different network
stages exhibit different tolerance to partial channel routing, and stage-wise deploy-
ment provides a better balance between structural computational cost and recognition
performance.

Unlike PHR, FDR is not primarily designed for structural acceleration. With
unchanged parameters and FLOPs, uniform FDR achieves a Top-1 accuracy of 96.35%,
while stage-wise FDR further improves it to 96.48%. These results indicate that mod-
erate frequency-response constraints do not necessarily damage useful information
and can act as an effective frequency-domain regularization mechanism. Meanwhile,
the FDR-only configurations do not improve throughput. This further suggests that
the main role of FDR is to regulate frequency-domain representation rather than
directly reduce structural computation. The observation is also consistent with the
frequency-response redundancy analysis in Section 4.2.

When PHR and FDR are jointly applied, the configuration strategy has a clear
influence on the final performance. Uniform PHR+FDR improves inference efficiency
but reduces the Top-1 accuracy to 95.45%, indicating that uniformly applying channel
routing and frequency constraints across all stages may cause excessive information
loss. The aggressive configuration achieves the highest throughput of 1039.14 images/s,
but also introduces a larger accuracy drop.

In comparison, the stage-wise PHR+FDR configuration reduces the number of
parameters from 30.20M to 25.69M and FLOPs from 4.94G to 3.97G. At the same
time, throughput increases from 924.15 images/s to 1015.27 images/s, while latency
decreases from 1.0821 ms to 0.9850 ms. The corresponding Top-1 accuracy is 96.01%,
which is only 0.19 percentage points lower than that of the original vHeat. We therefore
adopt this configuration as the final model, denoted as Ours in Table 3. This choice
does not target the highest standalone accuracy or the maximum inference speed.
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Table 3 Ablation study of Partial Heat Routing (PHR) and Frequency-domain Regularization
(FDR). FLOPs are reported for a single 224 x 224 input image. Throughput and latency are
measured under the unified profiling protocol, and latency denotes the average inference time per
image under batched inference.

ID  Method Config. Top-1 (%) A Acc. Params FLOPs  Thr. Lat.
1 Original vHeat - 96.20 0.00 30.20M  4.94G 924.15 1.0821
2 PHR-only Uniform PHR 95.66 -0.54  24.93M 4.01G  1000.12  0.9999
3  PHR-only Stage-wise PHR 95.79 -0.41 25.60M  3.97G  1020.78 0.9796
4 FDR-only Uniform FDR 96.35 +0.15  30.20M  4.94G 897.90  1.1137
5 FDR-only Stage-wise FDR 96.48 +0.28  30.20M  4.94G 910.66  1.0981
6 PHR+FDR Uniform 95.45 -0.75 24.93M  4.01G 985.30  1.0149
7 PHR+FDR, Ours Stage-wise 96.01 -0.19  25.69M  3.97G  1015.27 0.9850
8 PHR+FDR Aggressive 95.75 -0.45 23.72M  3.79G  1039.14 0.9623
9 PHR+FDR Stage-2 Block-wise 96.33 +0.13  28.92M  4.68G 903.25 1.1071

Note: Thr. and Lat. denote throughput (img/s) and latency (ms/img), respectively. Uniform PHR uses
r = 0.625, while stage-wise PHR uses » = [0.5/0.5/0.625/0.75]. Uniform FDR uses p = 0.8, while stage-wise
FDR uses p = [1.0/1.0/0.8/0.6]. The aggressive setting uses r = [0.5/0.5/0.5/0.5] and p = [1.0/1.0/0.7/0.5].
Here, p denotes the frequency-retention ratio.

Instead, it jointly considers recognition performance, model complexity, and practical
inference efficiency.

We further include a Stage-2 Block-wise configuration to examine whether chan-
nel routing should be concentrated on the middle network positions indicated by
the redundancy analysis. This configuration achieves a Top-1 accuracy of 96.33%,
exceeding that of the original vHeat. The result indicates that the middle HeatBlocks
exhibit relatively high tolerance to partial channel routing, which is consistent with
the channel-path redundancy analysis in Section 4.2.

However, the Stage-2 Block-wise configuration still requires 28.92M parameters
and 4.68G FLOPs, and its measured throughput is only 903.25 images/s. This is lower
than that of the final stage-wise PHR+FDR configuration. These results show that
redundancy tolerance alone is insufficient to determine the final deployment positions.
Practical acceleration also depends on the computational contribution of different
stages. Earlier stages operate at higher spatial resolutions and therefore have a larger
influence on Heat2D computational cost and measured inference speed. The final con-
figuration is therefore not determined solely by the locations with stronger redundancy.
It also considers stage-wise computational cost, recognition performance, and practical
inference efficiency.

Overall, PHR and FDR optimize HCO from the channel-path and frequency-
response dimensions, respectively. The final stage-wise PHR+FDR configuration
reduces the number of parameters and FLOPs by 14.9% and 19.6%, respectively.
In practical inference, throughput improves by approximately 9.9%, while latency
decreases by approximately 9.0%. Under the default training seed, the Top-1 accu-
racy decreases by only 0.19 percentage points. These results indicate a favorable
accuracy—efficiency trade-off for vHeat-based pollen recognition.

To further examine whether the main observations depend on a single training
seed, we repeat the key configurations using three random seeds, as shown in Table 4.
Table 3 provides the complete comparison of accuracy, model complexity, and practical
inference efficiency under the default training seed. The three-seed experiments serve
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Table 4 Three-seed stability analysis of
key ablation variants on Pollen149.
Results are reported as Top-1 accuracy

(%).
Method Top-1 Acc. (%)
Original vHeat 95.93 + 0.31
PHR-only 95.70 £ 0.10
FDR-only 96.16 + 0.28

PHR+FDR (Ours)  95.90 + 0.11

Note: The mean and standard deviation
are computed over three training seeds
using the sample standard deviation.

as a supplementary stability analysis to examine whether the recognition-performance
trends of the key configurations remain consistent across different training seeds.

The original vHeat achieves a Top-1 accuracy of 95.93 &+ 0.31%, while the final
PHRA+FDR configuration achieves 95.90+0.11%. Their mean recognition performance
is therefore comparable, indicating that the final model maintains vHeat-level recog-
nition accuracy across different training seeds. PHR-only achieves 95.70 + 0.10%,
suggesting that channel routing alone introduces a certain accuracy cost. FDR-only
achieves 96.16 + 0.28%. Its mean accuracy is higher than that of the original vHeat,
which is consistent with the positive accuracy trend observed for FDR under the
default seed. Combined with the complexity and inference-efficiency results in Table 3,
the final PHR+FDR configuration reduces parameters, FLOPs, and inference cost
while maintaining recognition performance comparable to the original vHeat.

4.4 Further Analysis
4.4.1 Effect of FDR Frequency-retention Ratio

To further analyze the influence of the frequency-retention strength in Frequency-
domain Regularization, we evaluate different frequency-retention ratios, as shown in
Table 5. The setting with p = 1.0 applies no frequency-response constraint and
corresponds to the original vHeat baseline, which achieves a Top-1 accuracy of 96.20%.

The results show that reducing the frequency-retention ratio does not lead to a
monotonic improvement in recognition performance. With a uniform setting of p = 0.8,
the Top-1 accuracy increases to 96.35%. The stage-wise configuration [1.0/1.0/0.8/0.6]
further improves the accuracy to 96.48%, which is the best result in this group of
experiments. This suggests that different network stages have different sensitivities to
frequency-response constraints, and that stage-wise deployment is more suitable than
applying the same constraint to all stages.

As the frequency constraint becomes stronger, recognition performance starts to
decrease. For example, the model still achieves 96.31% Top-1 accuracy with p = 0.6,
whereas reducing p to 0.5 decreases the accuracy to 95.94%. Therefore, the objective
of FDR is not to suppress as many frequency responses as possible, but to apply a
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Table 5 Effect of different FDR frequency-retention ratios.

Retention Ratio Top-1 Acc. (%)  Change
1.0 (Baseline) 96.20 0.00
0.8 (Uniform) 96.35 10.15
0.7 (Uniform) 96.20 0.00
0.6 (Uniform) 96.31 +0.11
0.5 (Uniform) 95.94 -0.26
Stage-wise [1.0/1.0/0.8/0.6] 96.48 +0.28

moderate frequency-domain constraint while preserving useful discriminative informa-
tion. Based on this analysis, we adopt the stage-wise configuration [1.0/1.0/0.8/0.6]
as the default FDR setting.

4.4.2 Comparison with General Pruning Criteria

To further examine the benefit of redundancy-aware optimization tailored to the
structural characteristics of HCO, we conduct a supplementary comparison with two
general pruning criteria: Magnitude Pruning (MP) [48] and Taylor Pruning [49]. The
results are shown in Table 6. Here, “Pruned Acc.” denotes the accuracy immediately
after pruning without fine-tuning, while “Fine-tuned Acc.” denotes the best accuracy
obtained after 20 epochs of post-pruning fine-tuning.

Directly applying the two pruning methods to vHeat causes substantial per-
formance degradation. Magnitude Pruning achieves a Top-1 accuracy of 66.20%
immediately after pruning and recovers to 94.13% after 20 epochs of fine-tuning. Taylor
Pruning achieves 80.01% after pruning and further recovers to 94.67% after fine-tuning.
Under the considered experimental setting, Taylor Pruning therefore preserves recogni-
tion performance better than Magnitude Pruning. However, the fine-tuned accuracies
of both pruning baselines remain lower than those of the original vHeat and the final
PHR+FDR configuration.

Unlike these pruning criteria, which determine pruning decisions based on weight
magnitude or gradient sensitivity, the proposed method performs targeted optimiza-
tion according to the channel computation path and frequency-response characteristics
of HCO. The final PHR+FDR. configuration maintains a Top-1 accuracy of 96.01%
while reducing model complexity and practical inference cost. Under the two general
pruning baselines considered here, the proposed HCO-oriented optimization therefore
provides better preservation of recognition performance.

4.4.3 Additional Validation on Public Pollen Datasets

To further evaluate the applicability of the proposed method under different data
sources, we conduct additional experiments on the New Zealand Pollen Dataset and
CPD-1. Compared with the primary Pollen149 dataset, these two public datasets
differ in sample scale, category composition, imaging modality, and data distribution.
This section therefore examines whether the proposed HCO-oriented optimization
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Table 6 Comparison with general pruning criteria. MP and
Taylor models are fine-tuned for 20 epochs after pruning.

Method Pruned Acc. (%) Fine-tuned Acc. (%)
Original vHeat - 96.20
Magnitude Pruning 66.20 94.13
Taylor Pruning 80.01 94.67
Ours - 96.01

Table 7 Additional validation results on the New Zealand Pollen
Dataset and CPD-1. FLOPs are reported for a single 224 x 224 input

image.

Dataset Method Top-1 (%) Params (M) FLOPs (G)
vHeat 98.60 30.10 4.94
PHR-only 98.88 25.61 3.97

New Zealand  ppp ooy 99.01 30.10 4.94
Ours 98.73 25.61 3.97
vHeat 97.64 30.10 4.94
PHR-only 97.39 25.59 3.97

CPD-1 FDR-only 98.26 30.10 4.94
Ours 98.01 25.59 3.97

can maintain a favorable accuracy—complexity trade-off under different pollen data
conditions. The default-seed results are reported in Table 7.

On the New Zealand Pollen Dataset, the original vHeat achieves a Top-1 accuracy
of 98.60%. PHR-only reaches 98.88% while reducing the number of parameters and
FLOPs. FDR-only achieves the highest accuracy of 99.01%. The final PHR+FDR
configuration obtains 98.73% Top-1 accuracy. Although its accuracy is lower than that
of FDR-~only, it remains higher than the original vHeat while preserving the complexity
reduction introduced by PHR.

On CPD-1, PHR-only slightly decreases the Top-1 accuracy from 97.64% to
97.39%, whereas FDR-only improves it to 98.26%. The final PHR+FDR configura-
tion achieves 98.01% while maintaining the reduced parameter count and FLOPs of
the PHR-based structure. The results on both public datasets show that the final
configuration is not designed to maximize standalone accuracy. Instead, it aims to
maintain or improve the recognition performance of the original vHeat under lower
model complexity.

To further examine the stability of the final configuration on public datasets, we
repeat the original vHeat and Ours using three training seeds, as shown in Table 8.
The default-seed experiments provide component-wise comparisons, while the three-
seed experiments serve as a supplementary stability analysis of the final configuration
under different pollen datasets.

On the New Zealand Pollen Dataset, vHeat and Ours achieve Top-1 accuracies of
99.0040.35% and 99.04+0.27%, respectively. On CPD-1, the corresponding results are
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Table 8 Three-seed external stability
analysis on public pollen datasets. Results
are reported as Top-1 accuracy (%).

Dataset Method  Top-1 Acc. (%)
vHeat 99.00 4+ 0.35

New Zealand ¢ | ¢ 99.04 & 0.27
vHeat 98.31 & 0.60

CPD-1 Ours 98.44 £+ 0.51

Note: The mean and standard deviation are
computed over three training seeds using the
sample standard deviation.

98.314+0.60% and 98.44+0.51%. Overall, the final model maintains average recognition
performance comparable to the original vHeat on both public datasets while retaining
its advantage in model complexity.

4.4.4 Visualization Analysis

To further analyze how PHR and FDR influence model representation behavior,
we provide two types of qualitative visualization: frequency-response visualization
and Eigen-CAM activation maps. The former illustrates the DCT-domain frequency-
response patterns of different model variants across network stages, while the latter
shows the spatial regions attended to during classification. These visualizations provide
qualitative evidence complementary to the quantitative results.

Figure 4 presents the mean frequency-response retention statistics of different
model variants across stages. In shallow stages, all variants generally exhibit high
frequency-response retention. This behavior is consistent with the conservative fre-
quency constraints used by FDR in early stages, which avoid imposing excessive
restrictions on the formation of early visual features.

In the middle and deep stages, the effect of FDR becomes more evident. Both
FDR-only and PHR+FDR exhibit clearer frequency selectivity, with low- and mid-
frequency regions being relatively preserved while part of the high-frequency responses
are suppressed. In contrast, PHR-only does not exhibit a similar frequency-selective
pattern. This is consistent with the design of PHR, which mainly modifies the channel
computation path rather than directly imposing frequency-domain constraints. The
PHR+FDR variant maintains a frequency-response pattern similar to FDR-only in
deeper stages, indicating that the frequency-domain constraint remains effective after
partial channel routing.

Figure 5 further presents the Figen-CAM results of different models. In the repre-
sentative samples, the original vHeat generally attends to the pollen body, although
some activations also appear in background regions, boundary areas, or other struc-
tures. After introducing FDR, the responses in some samples are more concentrated
on morphology-related regions, including contours, grooves, pores, surface textures,
and local protrusions. These observations suggest that FDR may encourage the model
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Fig. 4 Visualization of mean frequency-response retention statistics across different stages and model
variants. Brighter regions indicate higher frequency-response retention statistics, while darker regions
indicate stronger response suppression.

to attend more strongly to morphology-related discriminative regions in the visualized
examples.

For PHR+FDR, the Eigen-CAM results show that meaningful spatial responses
are still preserved after partial channel routing. The activation regions generally
remain around the pollen body and its local morphological structures. Together with
the frequency-response visualization, these results show that FDR produces clearer
frequency selectivity in the middle and deep stages, while PHR+FDR maintains
reasonable spatial discriminative responses under a more efficient HCO configuration.

4.5 Comparison with Representative Backbones

To provide a broader reference for recognition performance and efficiency, we compare
the proposed method with representative visual backbones on Pollen149, including
CNN-based, Transformer-based, lightweight, and heat-based architectures. The results
are reported in Table 9. This comparison illustrates the overall accuracy—efficiency
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Baseline PHR+FDR

Fig. 5 Eigen-CAM visualization of the original vHeat, FDR-only, and PHR+FDR models. The
visualizations provide qualitative evidence of the spatial regions used for classification.
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Table 9 Comparison with representative backbones on Pollen149.

Method Top-1 (%) Params (M) FLOPs (G) Throughput (img/s) Latency (ms)
ResNet [50] 87.30 23.81 4.11 1563.09 0.6398
Swin Transformer [51] 95.60 27.63 4.51 832.89 1.2006
ConvNeXt [52] 86.20 27.93 4.47 944.36 1.0589
RepViT [30] 93.87 6.47 1.12 2585.70 0.3867
MogaNet [53] 85.10 4.98 1.09 1224.81 0.8165
vHeat [10] 96.20 30.20 4.94 924.15 1.0821
Ours 96.01 25.69 3.97 1015.27 0.9850

characteristics of different backbone families. The main focus of this work, how-
ever, remains on whether redundant HCO computation can be reduced while largely
maintaining the recognition performance of the original vHeat backbone.

The compared backbone families exhibit different accuracy—efficiency characteris-
tics. RepViT achieves the highest throughput and the lowest latency, while MogaNet
has the smallest parameter count and FLOPs. ResNet and ConvNeXt also provide
relatively high inference throughput, but their recognition accuracies are lower than
those of vHeat and the proposed method. Swin Transformer achieves the highest
Top-1 accuracy among the non-vHeat backbones, although it remains below the two
vHeat-based models. Overall, lightweight and convolution-based models provide clear
advantages in raw computational efficiency, whereas vHeat achieves higher recognition
accuracy on Pollen149.

The comparison between the original vHeat and Ours more directly reflects the
effect of the proposed optimization. Ours reduces the number of parameters from
30.20M to 25.69M and FLOPs from 4.94G to 3.97G. At the same time, throughput
increases from 924.15 images/s to 1015.27 images/s. The Top-1 accuracy remains
close to that of the original vHeat, decreasing only from 96.20% to 96.01%. These
results show that the proposed redundancy-aware optimization improves the accuracy—
efficiency trade-off of vHeat. The proposed method should therefore be interpreted
as an HCO-oriented optimization strategy for vHeat rather than a general-purpose
lightweight backbone.

4.6 Limitations and Future Work

Although the proposed method improves the accuracy—efficiency trade-off of vHeat for
fine-grained pollen recognition, several limitations should be acknowledged. First, the
current experiments are conducted on pollen image datasets, including the primary
Pollen149 dataset and two public pollen datasets. The conclusions are therefore most
directly supported for pollen recognition scenarios. When applying PHR and FDR to
other microscopic image recognition tasks or more general visual recognition tasks,
the stage-wise routing ratios and frequency-retention ratios may need to be re-tuned
according to the data distribution, imaging modality, and backbone configuration.
Second, the practical inference acceleration is smaller than the theoretical FLOPs
reduction. In the main experiment, the final configuration reduces FLOPs by 19.6%,
whereas measured throughput improves by approximately 9.9% and latency decreases
by approximately 9.0%. Practical inference speed depends not only on theoretical
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computation but also on factors such as memory access, operator implementation,
GPU utilization, and branch execution. The proposed method should therefore be
interpreted as an HCO-oriented accuracy—efficiency optimization rather than a purely
hardware-optimized acceleration scheme. Future work may further improve the execu-
tion efficiency of partial Heat routing and frequency constraints on different hardware
platforms.

Third, although FDR is designed as a controlled frequency-domain regulariza-
tion mechanism rather than aggressive frequency pruning, frequency constraints may
still suppress useful high-frequency microscopic details. For pollen recognition, fine-
grained morphological structures such as surface ornamentation, pores, grooves, and
local protrusions may provide important discriminative cues. Overly strong or improp-
erly configured frequency constraints may therefore weaken useful morphological
information. In this work, this risk is mitigated by adopting conservative frequency-
retention settings in early stages and selecting the final configuration through ablation
experiments. Future work may explore more flexible frequency constraints to better
balance efficiency optimization and the preservation of fine-grained high-frequency
information.

5 Conclusion

This paper investigates the accuracy—efficiency trade-off of the heat-conduction-based
vision backbone vHeat for fine-grained pollen recognition from the perspective of
redundancy within the Heat Conduction Operator (HCO). Through channel-response
statistics, channel masking, frequency-response statistics, and frequency masking
experiments, we identify non-uniform and potentially exploitable optimization space
in both the channel computation path and the frequency-response dimensions
of HCO. Based on these diagnostic observations, we propose an HCO-oriented
redundancy-aware optimization framework consisting of Partial Heat Routing (PHR),
Frequency-domain Regularization (FDR), and a stage-wise deployment strategy.

PHR reduces full-channel Heat2D computation by reallocating part of the chan-
nels from the complete Heat2D branch to a lightweight local branch while preserving
the original output channel dimensionality. FDR introduces a controlled frequency-
retention constraint in the DCT domain to regulate the use of different frequency
responses within HCO. Since different network stages differ in spatial resolution,
channel dimension, computational contribution, and representation level, a stage-wise
deployment strategy is further used to coordinate the channel routing ratios of PHR
and the frequency-retention ratios of FDR. The redundancy analysis guides the design
of candidate configurations, while the final configuration is selected through ablation
experiments by jointly considering recognition performance, model complexity, and
practical inference efficiency.

On Pollen149, the final PHR+FDR configuration reduces the number of param-
eters from 30.20M to 25.69M and FLOPs from 4.94G to 3.97G. Under the default
training seed, its Top-1 accuracy is only 0.19 percentage points lower than that of
the original vHeat. At the same time, throughput increases from 924.15 images/s to
1015.27 images/s, while latency decreases from 1.0821 ms to 0.9850 ms under the

27



unified profiling protocol. The three-seed analysis further shows that the final model
maintains average recognition performance comparable to the original vHeat. Addi-
tional validation on two public pollen datasets also indicates that the proposed method
can maintain a favorable accuracy—complexity trade-off under different pollen data
conditions.

Overall, the results show that targeted optimization of the non-uniform channel-
path and frequency-response behavior within HCO can reduce model complexity
and practical inference cost while largely preserving the recognition capability of
vHeat. The proposed method should therefore be interpreted as an HCO-oriented
accuracy—efficiency optimization framework for vHeat rather than as a conventional
general-purpose pruning or lightweight backbone design. The current experiments
mainly focus on pollen image recognition, and the applicability of the proposed
strategy to other microscopic imaging tasks and broader visual recognition scenarios
remains to be further investigated. Future work may explore more flexible channel
routing and frequency constraints, as well as more hardware-aware implementations
for efficient microscopic image recognition.
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