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Abstract—Pollen grain identification is pivotal in diverse dis-
ciplines ranging from palynology to forensic science, yet tradi-
tional manual examination remains time-consuming and labor-
intensive. Although automated recognition has emerged as a
solution, it remains challenged by subtle inter-class morphological
similarities and significant background interference in electron
microscopy images. While recent physics-inspired backbones
like vHeat offer efficient global modeling, they often struggle
to distinguish discriminative foreground details from complex
background noise. To address this, we propose integrating a
Hierarchical Multi-scale Contrastive Discrimination (HMCD)
framework into the vHeat backbone to synergize efficient global
modeling with robust noise filtering. Specifically, we design
a Hierarchical Multi-scale Background Suppression (HMBS)
module equipped with an Uncertainty-Aware Adaptive Thresh-
olding (UAAT) mechanism, which dynamically adjusts suppres-
sion intensity based on predictive uncertainty to preserve fine-
grained edge details. Furthermore, we introduce a Contrastive
Feature Decoupling (CFD) module to enhance feature discrim-
inability. Within CFD, a Dynamic Foreground Discovery (DFD)
mechanism adaptively localizes foreground regions via learn-
able differentiable thresholding, while a Cross-Scale Contrastive
Consistency (CSCC) strategy enforces semantic alignment across
hierarchical stages. Extensive experiments on a large-scale self-
constructed dataset and three public benchmarks demonstrate
that our proposed framework significantly outperforms state-of-
the-art methods, achieving superior accuracy and robustness in
electron microscopy pollen image classification.

Index Terms—Pollen image classification, electron microscopy,
vHeat-HMCD, background suppression, contrastive learning

I. INTRODUCTION

Pollen grain identification is pivotal in diverse scientific
disciplines, ranging from palynology and climate research to
allergy forecasting and forensic science. [1]-[3] Traditional
identification methods rely heavily on manual examination by
trained experts via optical or electron microscopy—a process
that is not only time-consuming and labor-intensive but also
prone to inter-observer variability. With the rapid advent of
deep learning, automated pollen recognition has emerged as a
robust solution to circumvent these bottlenecks.
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Fig. 1. Visualization of Class Activation Maps (CAMs) comparing
different approaches. (a) Original electron microscopy image of a pollen
grain. (b) Activation map from a standard Vision Transformer, exhibiting
diffuse responses sensitive to background textures. (c) Activation map from
the vHeat backbone, showing improved but still imprecise localization with
residual background noise. (d) Activation map from our HMCD framework.
By integrating Hierarchical Multi-scale Background Suppression (HMBS) and
Contrastive Feature Decoupling (CFD), our method effectively suppresses
background interference and precisely focuses on discriminative morpholog-
ical details.

Despite this progress, pollen image classification poses
unique challenges distinct from generic visual tasks. Different
pollen species often exhibit highly similar morphological
traits, resulting in subtle inter-class differences; meanwhile,
a single pollen type may demonstrate significant intra-class
variations driven by developmental stages, spatial orientations,
and imaging conditions. Early methods predominantly relied
on Convolutional Neural Networks (CNNs) [4]-[6], focusing
on extracting local discriminative features to capture subtle
morphological differences. With the emergence of Vision



Transformers (ViTs) [7], [8], researchers began leveraging
self-attention for global context; however, ViTs often suffer
from high computational complexity. To balance efficiency and
performance, advanced architectures like Mamba [9], [10] and
the physics-inspired vHeat backbone [11] have recently been
introduced, offering new avenues for efficient global modeling.
However, applying these methods to microscopic pollen
images reveals notable limitations. As illustrated in Fig. 1,
standard Transformer-based models tend to produce diffuse or
weakly localized responses with high sensitivity to background
textures (see Fig. 1b). Similarly, vHeat also exhibits depen-
dency on background features (see Fig. 1¢). Such background
interference obscures truly discriminative pollen structures,
thereby hindering fine-grained recognition. To address this, we
propose a Hierarchical Multi-scale Contrastive Discrimination
(HMCD) framework specifically designed for fine-grained
pollen recognition under electron microscopy. We integrate
HMCD into the vHeat backbone to leverage its efficient
global modeling capabilities while addressing its sensitivity
to background noise. HMCD comprises two tightly coupled
modules: Hierarchical Multi-scale Background Suppression
(HMBS), which suppresses interference across feature stages,
and Contrastive Feature Decoupling (CFD), which enhances
discriminative representation learning through adaptive fore-
ground localization. As shown in Fig. 1d, these components
enable our framework to effectively mitigate background noise
while accurately capturing scale-invariant morphological char-
acteristics. Our main contributions are summarized as follows:

o We propose a Hierarchical Multi-scale Background Sup-
pression (HMBS) module equipped with an uncertainty-
aware adaptive thresholding mechanism to dynamically
filter background interference based on predictive confi-
dence.

e« We develop a Contrastive Feature Decoupling (CFD)
module that integrates dynamic foreground discovery
with cross-scale contrastive consistency to enforce robust
semantic alignment across different feature scales.

« Extensive experiments conducted on our self-constructed
dataset (Pollen149) and three public benchmarks demon-
strate that the proposed framework achieves competitive
performance.

II. RELATED WORK
A. Evolution of Visual Backbones

The evolution of visual backbones constitutes the foundation
of modern computer vision. LeNet [12] pioneered this era,
while AlexNet [4] subsequently established Convolutional
Neural Networks (CNN5s) as the mainstream solution for visual
tasks. Following this breakthrough, numerous studies focused
on developing deeper and more effective network architectures
to push the boundaries of performance [5], [6], [13]-[18].
Concurrently, another stream of research dedicated itself to
improving the convolution layers to enhance computational
efficiency and feature extraction [19]-[25].

Inspired by the substantial success of Transformers [26] in
NLP, ViT [7] introduced a pure self-attention mechanism to

computer vision. To address the limitations of the original
ViT, one stream of research introduced hierarchical pyramid
architectures, enabling the model to extract multi-scale fea-
tures critical for dense predictions [8], [27], [28]. Another
stream focuses on optimizing the attention mechanism itself,
employing strategies such as window-based or sparse attention
to reduce the quadratic computational complexity [29]-[33].

Recently, Mamba architectures based on State Space Models
(SSMs) have emerged as a promising alternative [34]. By
incorporating mechanisms such as selective scanning and
bidirectional processing, these models maintain linear com-
putational complexity while effectively capturing long-range
dependencies in non-causal visual data [9], [10], [35], [36].
Most recently, the physics-inspired vHeat was introduced,
modeling information propagation as thermal energy diffusion
to achieve global receptive fields with efficiency superior to
self-attention [11].

B. Pollen Grain Recognition

Automated pollen recognition represents a critical domain
in biological image analysis, with broad applications in pa-
lynology, climate research, allergy forecasting, and forensic
science. Early methods primarily relied on manual feature
engineering, utilizing texture descriptors such as Local Bi-
nary Patterns (LBP) and Gray-Level Co-occurrence Matrix
(GLCM) combined with classifiers like SVMs [37]. However,
these methods depend heavily on manual parameter tuning
and struggle to generalize across diverse species and imaging
conditions.

In recent years, with the rapid development of deep learning,
it has become the mainstream approach for automated pollen
image classification. Most approaches employ transfer learn-
ing [38], fine-tuning CNN backbones (e.g., ResNet, DenseNet)
pre-trained on ImageNet to extract high-level semantic fea-
tures from specialized datasets such as POLLEN73S [39]
and Pollen23E [40]. Several recent studies have introduced
attention mechanisms: RCANet [41] embeds a cognitive at-
tention module (VDAB) inspired by the human visual dual-
stream hypothesis into ResNetl8; APFA-Net [42] proposes
an attention-guided feature aggregation framework; and Hi-
eraEdgeNet [43] introduces multi-scale fusion of frequency-
channel and spatial-channel attention to address edge blur and
complex backgrounds. Additionally, hybrid architectures such
as RESwinT [44] combine ResNet with Swin Transformer’s
parallel attention streams to capture both local textures and
global dependencies. Although some methods have begun to
address background interference, systematic solutions for the
high background noise inherent in electron microscopy images
remain lacking.

C. Contrastive Representation Learning

Contrastive learning has emerged as a dominant paradigm
for self-supervised representation learning. Seminal works
such as SimCLR established the importance of strong data
augmentation and non-linear projection heads for instance
discrimination [45], [46]. To address the memory constraints
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Fig. 2. Overall architecture of vHeat-HMCD. An input image is fed into the vHeat backbone to extract multi-scale features from four stages. These features
are then passed to HMBS (Hierarchical Multi-scale Background Suppression) to suppress background noise and enhance foreground representations. The
enhanced features are subsequently processed by CFD (Contrastive Feature Decoupling) for discriminative representation learning, and finally sent to the

classification head to produce the final prediction.

of large batch sizes, MoCo introduced a momentum encoder
and a dynamic dictionary look-up mechanism [47], [48].

Following these foundational frameworks, one stream of
research focused on eliminating the reliance on negative pairs.
Architectures like BYOL [49] and SimSiam [50] utilized
asymmetric networks and stop-gradient operations to prevent
mode collapse without explicit negative samples. Another
stream explores prototype-based learning, where methods like
SwAV enforce consistency between cluster assignments rather
than individual features [51].

Recently, with the rise of Transformers, approaches such
as MoCoV3 [52] and DINO [53] have adapted contrastive
objectives to ViT backbones, demonstrating superior scalabil-
ity. However, these methods typically operate on global image
tokens, overlooking the multi-scale structural consistency re-
quired for fine-grained tasks.

III. METHOD
A. Overview

For the task of pollen image classification under electron
microscopy, we propose a novel framework that integrates
hierarchical background suppression with contrastive feature
decoupling. As illustrated in Fig. 2, our model consists of three
main components: (1) a vHeat backbone network that extracts
multi-scale features through its hierarchical structure while
modeling global long-range dependencies via heat conduction-
based operators, (2) a Hierarchical Multi-scale Background
Suppression (HMBS) module that progressively suppresses
background interference across different feature scales, and (3)
a Contrastive Feature Decoupling (CFD) module that explicitly

separates foreground discriminative features from background
noise through contrastive learning.

Given an input image I € R7*Wx3 the vHeat backbone
first extracts a pyramid of features {F;}?_,, where F; €
R ¥ HixWi represents the feature map at stage i. The HMBS
module then processes these multi-scale features through bidi-
rectional information flows—a top-down semantic path and a
bottom-up detail path—to generate importance weight maps
{Wint1d  that identify discriminative foreground regions.
Finally, the CFD module leverages these weight maps to
extract foreground and background representations, applying a
three-level contrastive loss to maximize inter-class separation
while minimizing intra-class variation.

The overall training objective combines the classification
loss with the contrastive loss:

Etotal = ‘Ccls + Oéﬁcfd + /8£7'€g7 (1)

where L., is the cross-entropy classification loss, L.fq is
the multi-level contrastive loss from CFD, L,., represents
regularization terms including uncertainty regularization and
foreground ratio regularization, and «, 3 are balancing coef-
ficients.

B. vHeat Backbone

We adopt vHeat [11] for efficient global modeling via heat-
diffusion-inspired operators. Following [11], vHeat outputs
four-stage multi-scale features {F;}}_; for downstream sup-
pression and decoupling.



C. Hierarchical Multi-scale Background Suppression (HMBS)

Although vHeat provides efficient global modeling, its
multi-scale features still exhibit strong background responses
under electron microscopy (Fig. 1). HMBS addresses this
by producing stage-wise foreground importance maps and
using them to suppress task-irrelevant activations. Specifically,
HMBS aggregates complementary cues via a bidirectional
fusion (top-down semantics and bottom-up details), followed
by lightweight refinement, and learns a gate to balance the two
streams.

For each stage i, HMBS outputs an importance map W
used for subsequent masking:

Wit =4, O Wi + (1 — v,) @ Wi, )

where w*™ and wd¢* denote the semantic/detail cues and
~, € [0,1] is a learnable gate.

1) Uncertainty-Aware Adaptive Thresholding (UAAT): Al-
though the fused weight map W™ highlights potential fore-
ground regions, converting these continuous activations into
effective suppression masks is non-trivial. Simply applying
a fixed threshold across all images ignores the varying lev-
els of ambiguity in electron microscopy data. To address
this, we propose Uncertainty-Aware Adaptive Thresholding
(UAAT), which dynamically calibrates the suppression thresh-
old based on both image content and predictive uncertainty.

The threshold prediction network consists of a global av-
erage pooling layer followed by a two-layer MLP. During
training, we employ Monte Carlo (MC) Dropout to estimate
prediction uncertainty. Specifically, a spatial dropout layer with
rate p = 0.1 is applied to the refined features R, before the
threshold prediction network. We perform N = 3 stochastic
forward passes to obtain threshold samples:

7™ = ThresholdNet(Dropout(R;)), n=1,...,N. (3)

We then compute the mean and variance of these predictions:
1
- 2 N
UEE-DY 7™ 02, = Var ({TJ”)}n:l) L@
n=1
The mean 7; serves as the content-dependent threshold tailored
to the current image, while the variance 0312- quantifies predic-
tion uncertainty. The final suppression threshold is adaptively
adjusted as:

Tadapt,i = clamp (77-1' — k- 0_72_7“ Tmin 7-max) ) (5)
where « is a learnable scaling factor, and [Tiin, Tmax| defines
the valid threshold range. This mechanism lowers the threshold
when predictions exhibit high uncertainty (large o), thereby
conservatively preserving potential foregrounds.

During inference, we disable MC sampling and predict the
threshold deterministically:

Tadapt,i = clamp (ThresholdNet(R;), Tmin, Tmax) - (6)

Finally, soft thresholding with a learnable temperature 7' is
applied: .
M = o (Wi = Taqapri) - T) 0

where o(-) denotes the sigmoid function.

D. Contrastive Feature Decoupling (CFD)

Although HMBS suppresses dominant background activa-
tions, residual interference may remain, and semantic consis-
tency across scales is not explicitly enforced. We therefore
propose CFD, which (i) discovers foreground regions via a
differentiable decision and (ii) improves discriminability with
foreground—background contrast and cross-scale consistency.

DynamicForegroundDiscovery(DFD)
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Fig. 3. Dynamic Foreground Discovery (DFD) module architecture.

1) Dynamic Foreground Discovery (DFD): As illustrated in
Fig. 3, given F, and Wint at stage i, DFD estimates a robust
threshold by fusing a learned predictor with a differentiable
Otsu criterion:

final __ learn otsu
T; =w-T; + (1 —w) - 77,

w=oc(w). (8)

Foreground/background masks are obtained by soft threshold-
ing:

M/9 = o(Wint — 7fimehy .y MY =1-MI7. (9)
We then extract stage-wise foreground/background features via
masked average pooling and concatenate them across stages
to form global representations F/9 and F?9.

2) Multi-level Contrastive Learning: Given the extracted
foreground and background features, CFD further enhances
foreground discriminability through multi-level contrastive
learning. We design a three-level framework consisting of
local, global, and cross-sample contrastive objectives.

Local contrastive loss operates at each individual scale,
pulling together same-class foreground features while pushing
apart foreground and background features. We formulate it as:

. 1 (& £19/7)

l(o)cal P Z log (£/9€19 /) (£/9£,/7)°

pEP ere + ZnEN e

(10)
where P is the set of same-class foregrounds. Crucially, the
negative set A explicitly includes the current stage background
fib 9 alongside other samples’ backgrounds, strictly enforcing
foreground-background separability. The overall local loss is

_ 1y (@)
£local — 1 Zi:l ‘Clocal'




Global contrastive loss is computed on the aggregated
representations Ff9 and F%9. Following the same logic, it
enforces class-level discrimination at a higher semantic level:

£global == ENCE(ng7P7{Fbg} UNbatch)a (11)
where Lycp denotes the operator in Eq. (10), and Fb9 serves
as the hardest negative to prevent global feature drift.

Cross-sample contrastive loss employs hard negative min-
ing to improve robustness against challenging cases. We select
the top-k most similar background features from the batch By,
to form the hard negative set MVy,qrq:

Niara = Top-k({F9 b | b € By, }). (12)
The loss is then defined as Lsampie = Lncor(F9, P, Nhard),
forcing the model to distinguish the object from confusing
textures in other images.

Cross-Scale Contrastive Consistency (CSCC)
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Fig. 4. Cross-Scale Contrastive Consistency (CSCC).

3) Cross-Scale Contrastive Consistency (CSCC): As shown
in Fig. 4, to prevent scale-specific drifts, CSCC projects stage-
wise foreground features into a shared space:

z; = Proj, (£¢ ; € R? 13

i j;(£7), z € R (13)

We enforce both adjacent and long-range cross-scale consis-
tency:

3
ﬁcscc = Z Ealign (Zi, Zi+1)+£align(z17 Z3)+£align(z27 Z4)7

i=1

(14
where L4ign(2;,2;) is an InfoNCE-style alignment loss. For
each sample, (z;,2z;) from the same image forms the positive
pair, while cross-scale features from different-class samples
in the batch serve as negatives. Same-class samples are ex-
cluded from the negative set to preserve intra-class coherence.

4) Overall CFD Objective:

chd = Elocal + Eglobal + Esample + )\csccﬁcsco (15)

IV. EXPERIMENTS
A. Datasets and Experimental Setup

To comprehensively evaluate the effectiveness and general-
ization capability of the proposed method, we conduct exper-
iments on four pollen datasets spanning diverse geographical
regions, including Asia, Europe, Oceania, and South America.

We construct a large-scale pollen dataset with samples
collected from Hohhot, Inner Mongolia, China, between 2018
and 2024, covering 51 families and 149 species. All images are
captured using scanning electron microscopy (SEM), resulting
in 29,018 images with a resolution of 224 x 224 pixels.
The primary challenge of this dataset lies in its significant
intra-class morphological variation coupled with high inter-
class similarity, particularly evident in the Asteraceae fam-
ily, which encompasses 16 morphologically similar genera
including Taraxacum, Helianthus, and Artemisia. The dataset
is partitioned into training, validation, and test sets at a ratio
of 4:1:1.

Additionally, three publicly available benchmarks are em-
ployed to validate cross-domain generalization. POLLEN23E
comprises 790 images across 23 European pollen categories.
The New Zealand Pollen Dataset contains 46 categories to-
taling 19,667 darkfield microscopy images with substantial
class imbalance. POLLEN73S originates from the Brazilian
Cerrado ecosystem, containing 2,523 multi-view images across
73 categories.

Our framework is developed with PyTorch 2.1.0 on a
single NVIDIA RTX 3090 GPU. To ensure fair comparison,
all experiments are conducted under identical environmen-
tal settings. The backbone network is vHeat and is trained
from scratch with random initialization, without using any
pretrained weights. Training is performed for 300 epochs with
a batch size of 128. We use AdamW optimizer with an initial
learning rate of 5 x 10™4, cosine decay schedule, and weight
decay of 0.05. Augmentation strategies include RandAugment,
Mixup, and CutMix.

B. Comparison with State-of-the-Art Methods

We compare our proposed framework with several state-
of-the-art methods, including standard CNNs (ResNet [6],
ConvNeXt [15]), Vision Transformers (ViT [7], Swin Trans-
former [8]), and recent advanced models (VSSD [36], Mo-
gaNet [18]). The quantitative results are summarized in Ta-
ble L.

On our self-constructed electron microscopy dataset,
Pollen149, our method achieves a Top-1 accuracy of 98.1%,
significantly outperforming the baseline vHeat and other com-
peting models. This demonstrates the superiority of our ap-
proach in handling fine-grained pollen morphological details.
Furthermore, on the three public benchmarks, our model con-
sistently exhibits excellent generalization capability, achieving
state-of-the-art performance across diverse data distributions.

C. Ablation Study

To validate the effectiveness of the proposed modules and
their sub-modules, we conduct ablation experiments on the



TABLE I
COMPARISON WITH STATE-OF-THE-ART METHODS ON FOUR POLLEN DATASETS (%)

Method Pollen149 (Ours) POLLEN73S POLLEN23E New Zealand
ACC Prec Rec F1 ACC Prec Rec F1 ACC Prec Rec F1 ACC Prec Rec F1
ResNet 87.3 87.8 8.1 852 | 804 81.0 800 79.1 68.4 68.7 685 67.0 | 96.8 962 954 957
ViT 736 722 69.8 69.6 81.0 83.0 81.1 80.6 | 74.7 786 752 741 91.0 90.8 88.7 895
Swin Transformer | 95.6 955 94.1 945 84.1 83.1 820 81.6 | 728 76.8 735 728 | 97.1 96.6 957 96.0
ConvNeXt 86.2 86.6 832 837 73.7 745 738 726 | 753 719 753 748 | 953 943 935 938
VSSD 91.8 90.7 89.7 89.7 | 796 796 785 792 | 753 779 753 748 | 97.1 963 958 955
MogaNet 85.1 86.3 81.6 82.0 | 785 82.0 794 774 | 759 799 772 754 | 98.2 979 972 972
vHeat 96.3 96.0 945 949 | 885 899 88.1 887 82.3 846 819 803 98.6 98.1 973 973
Ours 98.1 977 974 973 | 90.5 91.8 90.6 90.1 83.5 85.7 837 821 98.9 98.5 98.1 98.1
TABLE 1I TABLE III
ABLATION STUDY ON THE SELF-CONSTRUCTED DATASET PARAMETER SENSITIVITY ANALYSIS ON THE SELF-CONSTRUCTED
DATASET
Configuration ACC (%)
Baseline(vHeat) 96.31 Parameter Value | ACC (%)
HMBS 97.86 0 97.50
HMBS w/o UAAT 97.50 0.05 98.08
CFD (Full) 97.84 Contrastive weight o 0.1 97.80
CFD w/o CSCC 97.73 0.2 97.80
CFD w/o CSCC & DFD 97.30 0.5 97.52
Full Model (HMBS + CFD) 98.08 0.03 98.01
0.05 98.08
Temperature 0.07 97.91
. . 0.1 98.01
self-constructed dataset. The results are summarized in Ta- 0.15 97.95
ble II. 1 97.69
In the background suppression branch, the complete HMBS MC samples g gggg
module achieves an accuracy of 97.86%. Removing the UAAT 0 5779
(Uncertainty-Aware Adaptive Thresholding) sub-module de- CSCC weight A 0.1 98.08
creases the accuracy to 97.50%, a drop of 0.36 percentage 05 97.32

points. This demonstrates that UAAT effectively enhances
foreground boundary localization through uncertainty model-
ing.

In the feature decoupling branch, the complete CFD module
achieves an accuracy of 97.84%. When both CSCC and DFD
modules are removed, the accuracy drops significantly to
97.30%, a substantial decline of 0.54% that underscores the
foundational role of the DFD mechanism. Adding DFD back
(i.e., removing only CSCC) recovers the accuracy to 97.73%.
The inclusion of CSCC further improves the performance to
97.84%. While this marginal gain might appear modest, it is
noteworthy given the high baseline performance (>97.7%),
suggesting that enforcing cross-scale consistency provides a
complementary regularization effect that helps resolve am-
biguous cases.

Finally, the full model integrating both HMBS and CFD
branches achieves the highest accuracy of 98.08%, outper-
forming individual branches by 0.22% and 0.24%, respec-
tively. This fully demonstrates the synergistic effect of the two
branch modules.

D. Parameter Sensitivity Analysis

To investigate the impact of key hyperparameters on model
performance, we conduct parameter sensitivity analysis on
the self-constructed dataset. The results are summarized in
Table III.

Contrastive loss weight «: This parameter controls the
contribution of contrastive learning. Setting o« = 0 (no con-

trastive learning) results in 97.50% accuracy. Introducing a
small weight of o = 0.05 significantly boosts performance
to the peak of 98.08% (+0.58%), validating the necessity of
the contrastive branch. Further increasing « leads to a slight
performance drop, suggesting that the auxiliary loss should
not dominate the primary classification objective.

Temperature coefficient 7: This parameter regulates the
feature distribution smoothness. The model exhibits high ro-
bustness to 7, maintaining accuracy above 97.9% across a
wide range. However, fine-tuning 7 to 0.05 yields the optimal
accuracy of 98.08%, ensuring the best trade-off between class
compactness and separability.

MC sampling times: The model performance is relatively
stable with respect to sampling frequency. While a single
sample achieves 97.69%, increasing it to 3 brings the accu-
racy to 98.08%. This improvement indicates that appropriate
uncertainty estimation helps, but excessive sampling (e.g., 5)
is unnecessary and may introduce noise.

CSCC loss weight \: Comparing A = 0 (97.79%) with
A =0.1(98.08%), we observe a clear gain of 0.29% from the
cross-scale consistency constraint. The performance remains
robust for smaller weights but degrades when A is too large
(0.5), confirming that CSCC serves as a regularization term
rather than a primary objective.

In summary, while the model is generally robust to hyper-
parameter variations, appropriate tuning allows it to reach its



performance ceiling. We adopt a = 0.05, 7 = 0.05, MC
samples= 3, and A = 0.1 as the default configuration.

V. CONCLUSION

In this paper, we presented a method for electron mi-
croscopy pollen image classification designed to address the
dual challenges of complex background interference and high
inter-class morphological similarity. We introduced the Hierar-
chical Multi-scale Background Suppression (HMBS) module,
which leverages Uncertainty-Aware Adaptive Thresholding
(UAAT) to dynamically filter task-irrelevant noise while pre-
serving critical pollen structures. Furthermore, the Contrastive
Feature Decoupling (CFD) module was proposed to enhance
feature discriminability through Dynamic Foreground Discov-
ery (DFD) and Cross-Scale Contrastive Consistency (CSCC).
Extensive experiments on our self-constructed large-scale
Pollen149 dataset and three public benchmarks demonstrate
that our method achieves superior performance, reaching a top-
1 accuracy of 98.1% on Pollen149. These results confirm the
effectiveness of our approach in automated pollen classifica-
tion, offering a promising solution for biodiversity monitoring
and paleoecological research. Despite these promising results,
one limitation is that the multi-scale feature fusion introduces
additional computational overhead. In future work, we plan
to explore more lightweight architectural designs to further
improve both accuracy and inference efficiency.
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