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Abstract

Several wind-pollinated plant species release allergenic pollen during flowering, which can
cause hay fever and other allergic symptoms in sensitized individuals. However, traditional
manual identification and quantification of pollen using brightfield microscopy are time-
consuming and require expert knowledge. In recent years, deep learning methods have been
applied to automated pollen detection tasks. This paper presents the performance evaluation
of the latest YOLO26 model released in 2026 for the task of microscopic pollen image detection
and compares it with the YOLOv8 model used in our previous experiments. Apart from
the baseline model comparisons, several training strategies and architectural modifications
are also explored in this study, namely freeze backbone, class weights, regmax16, and an
additional P2 detection layer head. To assess the stability and robustness of the models,
five-fold cross-validation has been employed. The results of the experiments demonstrate that
YOLO26 and the training strategies and architecture modifications based on it have indeed
enhanced the performance of detection. By evaluating YOLO26 against YOLOv8 and testing
several training and architectural modifications, this study provides evidence to assess which
model configurations are most suitable for automated pollen detection in light microscopy
images.



Contents

1 Introduction 1

2 Background 2
2.1 Pollen Dataset and Light Microscopy Imaging . . . . . . . . . . . . . . . . . . . . . 2
2.2 YOLO Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2.2.1 YOLOv8 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2.2 YOLO26 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2.3 Comparison of C2f, C3k2, and C2PSA Modules . . . . . . . . . . . . . . . . 5

3 Related Work 10
3.1 Pollen Classification and Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.2 Research Gap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4 Approach 11
4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
4.2 Hyperparameter Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
4.3 Baseline Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

4.3.1 YOLOv8s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
4.3.2 YOLO26s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

4.4 Training Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
4.4.1 Freeze backbone . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
4.4.2 Class Weights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
4.4.3 Combine Freeze backbone and Class Weights . . . . . . . . . . . . . . . . . . 15

4.5 Architecture Modifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
4.5.1 Regmax16 for Bounding Box Regression (Regmax16) . . . . . . . . . . . . . 15
4.5.2 Adding P2 Layer Head . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
4.5.3 Combine Regmax16 and Adding P2 Layer Head . . . . . . . . . . . . . . . . 16

4.6 5-Fold Cross Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

5 Results 18
5.1 Hyperparameter Optimization Results . . . . . . . . . . . . . . . . . . . . . . . . . 18
5.2 Training Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
5.3 Validation and Model Selecting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
5.4 Cross-Validation and Test Set Performance . . . . . . . . . . . . . . . . . . . . . . . 20
5.5 Case Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

6 Discussion 23

7 Further Research 24

8 Conclusion 25

References 27



1 Introduction

A significant proportion of the European population suffers from pollen allergies and it is known
that pollen is the primary aeroallergen responsible for allergic rhinitis [4]. Quality of life is strongly
affected by this type of allergic disease, while the health costs and loss of productivity are also very
significant [2]. Climate change has also been associated with longer pollen seasons, increased pollen
production, and the spread of allergenic species to new areas. Therefore, accurate monitoring and
classification of airborne pollen is very important for allergy forecasting, environmental monitoring,
and public health management.

Until now, pollen analysis has been carried out manually by palynology experts using light
microscopy. This technique is slow, laborious, and likely to involve human bias in classification. An
important problem is discriminating between different pollen species that are morphologically very
similar. For example, some Cupressaceae species, like Callitropsis nootkatensis and Chamaecyparis
lawsoniana, are hard to differentiate even for very experienced analysts using only a light micro-
scope [7]. These limitations of light microscopy call for a highly accurate method that can enhance
both efficiency and taxonomic resolution.

Recent progress in deep learning has greatly boosted the accuracy of automated image analysis.
In particular, object detection models based on convolutional neural networks have demonstrated
superior performance in applications to biological and medical imaging. Previous research on
the pollen dataset used in this thesis involved testing several object detection models, including
RetinaNet, DINO (DETR-Swin), and YOLOv8 [18]. Of these methods, YOLOv8 achieved the
best overall performance and demonstrated strong potential for automated pollen detection and
classification.

In 2026, YOLO26 [9] was released as a new member of the YOLO family, with many architec-
tural and training changes compared to its predecessors. However, the efficacy of YOLO26 for
microscopic pollen detection has not been assessed. Therefore, it is still unknown whether YOLO26
can outperform YOLOv8 on this dataset and if additional training strategies and architectural
modifications can further enhance its performance.

This thesis aims to evaluate the performance of YOLO26 in the detection and classification
of three allergenic pollen species: Betula pendula, Callitropsis nootkatensis, and Chamaecyparis
lawsoniana. It also compares training strategies and architectural modifications directly with
YOLOv8s, Freeze Backbone, Class Weights, RegMax16, and an additional P2 detection layer head.
To assess the stability and robustness of the proposed models across different data distributions,
five-fold cross-validation is used.

The thesis addresses the following research questions:

• Research Question 1: Does YOLO26 outperform YOLOv8 for pollen detection?

• Research Question 2: Can training strategies and architectural modifications further improve
YOLO26 performance?
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2 Background

2.1 Pollen Dataset and Light Microscopy Imaging

This dataset was created for and used in a previous study [18] on automated detection and
classification of pollen. It comprises microscopic images of three allergenic tree pollen species that
are found in the Netherlands:

• B. pendula

• C. nootkatensis

• C. lawsoniana

For better morphological visibility under light microscopy, the samples were stained with safranine.
The slides were imaged using a Zeiss Axioscan 7 brightfield microscopy scanner. A 10x prescan
was first acquired, after which the images were captured at 40x magnification with three colour
channels. 20-layer z-stacks were captured with a fixed step size to ensure that pollen grains at
different depths were represented.

To obtain training images that can be used for deep learning, the z-stacks were projected to
two-dimensional images. In the final models, minimum projection was used as it maintains the
sharpest grain boundaries and surface textures. The original 2056 by 2464 pixel images were divided
into 1024 by 1024 pixel tiles to reduce computational requirements. Five-fold cross-validation was
used to assess model robustness and stability across different data distributions. Figure 1 gives
examples of the three pollen species in the dataset.

(a) B.pendula (b) C.nootkatensis (c) C.lawsoniana

Figure 1: Representative microscopy images of the three pollen species in the dataset.

2.2 YOLO Architecture

Object detection models are designed to identify and classify objects within images. In light
microscopy image analysis, this is useful because multiple pollen grains may appear in the same
image. Previous study on this pollen dataset compared several one-stage object detection models,
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including RetinaNet, DINO (DETR-Swin), and YOLOv8. YOLOv8 achieved the best overall
performance in that study [18], which motivates its use as the baseline model. Since YOLO26 is
a newer YOLO model, this thesis focuses on evaluating whether it can improve pollen detection
performance compared with YOLOv8.

2.2.1 YOLOv8

YOLOv8 [8] is a real-time object detection model released by Ultralytics in 2023. It has gained
broad popularity as an object detection framework because of its strong detection performance and
easy implementation. The model can be trained and deployed with just a few lines of code using
the Ultralytics package. As a one-stage detection model, it simplifies the process of identifying
objects by performing localization and classification in a single step [15].

Compared to earlier versions of YOLO, YOLOv8 comes with a few architectural changes. In
the first place, it uses a detection mechanism without anchors, getting rid of the predefined anchor
boxes and making the process of training easier. Secondly, YOLOv8 uses a decoupled detection
head that separates classification from bounding box regression into different branches so that each
task can be optimized independently. The other addition in the model is the C2f module that
enhances feature extraction and gradient flow [22].

The general structure of YOLOv8 is made up of three main parts: a backbone, a neck, and
a detection head as illustrated in Figure 2. The backbone is responsible for feature extraction
hierarchically from the input image, while the Path Aggregation Network (PANet) neck allows
feature combination at different scales for better multi-scale object detection [12]. Finally, the
decoupled detection head does the prediction of object classes and bounding boxes at different
levels of features [17].

The YOLOv8 comes in five model sizes: Nano (n), Small (s), Medium (m), Large (l), and Extra
Large (x) [8]. All these versions have the same architecture but vary in the number of parameters
and computational complexity (GFLOPs). In general, the smaller models have faster inference
times and lower memory consumption than the larger ones, which generally have higher detection
accuracies but require more computational resources. This allows the user to choose an appropriate
model based on the hardware available and the requirements of the application. In this work, the
YOLOv8s was chosen as the reference model since it represents a good trade-off between accuracy
and computational efficiency.

2.2.2 YOLO26

YOLO26 [9] is the most recent object detection model presented by Ultralytics in 2026. Building
on other versions of YOLO, YOLO26 comes with a few enhancements for improving detection
accuracy, lower inference latency, and make model deployment easier. In the official introduction,
it is claimed that YOLO26 has higher COCO mAP scores than YOLOv8 and keeps low inference
latency, which means it has a better balance between speed and accuracy. Figure 3 presents a
comparison of the performance of YOLO26 and YOLOv8 on the COCO benchmark across different
model sizes[22]. In every model size, YOLO26 is better than YOLOv8 in terms of both mAP50-95
scores and inference time.

YOLO26 has the same backbone–neck–head architecture as YOLOv8, but it comes with some
critical updates. First, it switches to an end-to-end detection framework, so Non-Maximum Sup-
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Figure 2: Simplified architecture of YOLOv8. The model consists of a backbone with convolutional
and C2f modules, a neck for multi-scale feature fusion, and a detection head for object classification
and localization.

Figure 3: Comparison of YOLO26 and YOLOv8 on the COCO benchmark [22]. The blue and
orange curves represent YOLO26 and YOLOv8, respectively. YOLO26 achieves higher mAP50-95
scores while maintaining lower inference latency across different model sizes (n, s, m, l, x).
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pression (NMS) is no longer necessary during inference[6]. This change makes the detection pipeline
more straightforward and eases the post-processing burden. Second, it gets rid of Distribution
Focal Loss (DFL) and moves to a simpler regression mechanism[6]. With NMS and DFL eliminated,
the computational complexity is reduced, significantly simplifying model export and deployment
across various hardware platforms. The result is that YOLO26 can deliver faster inference and
lower latency on devices with limited resource[22].

In addition, YOLO26 also brings about several training enhancements, including Small-Target-
Aware Label Assignment (STAL), Progressive Loss (ProgLoss), and the MuSGD optimizer[9].
MuSGD is an optimizer that was recently proposed as a hybrid approach that combines the Muon
optimizer with the standard Stochastic Gradient Descent (SGD). MuSGD works quite differently
from traditional optimizers like AdamW or SGD as it uses a hybrid update strategy based on
different types of parameters. Together, all these features make YOLO26 a particularly good fit for
real-time applications and edge computing.

Figure 4: Simplified YOLO26 architecture. Green blocks highlight the main differences from
YOLOv8: the C2f modules are replaced by C3k2 modules and the introduction of a C2PSA module
in the neck.

2.2.3 Comparison of C2f, C3k2, and C2PSA Modules

The main architectural difference in terms of feature extraction modules between YOLOv8 and
YOLO26 is the following. In the architecture, YOLOv8 uses C2f mainly, while YOLO26 brings in
C3k2 and C2PSA to enhance feature representation and detection performance.

C2f : The C2f module is one of the main components of YOLOv8, built based on the Cross
Stage Partial (CSP) architecture[23]. As illustrated in Figure 5a, the input feature map first goes
through a convolution layer (cv1) and then is split into two branches. One branch keeps the original
feature information, while the other one goes through a few Bottleneck blocks to get deeper features.
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The output of both branches is concatenated and the final convolution layer (cv2) fuses it. The
proposed structure boosts gradient flow, feature reuse, at maintained computational cost. Hence,
C2f is a module with high feature extraction ability and has been widely used in real-time object
detection models.

In the C2f module, the Bottleneck module is a residual block. As shown in Figure 5b, it is
composed of two convolutional layers and a shortcut connection. The first layer (cv1) decreases the
feature dimension and extracts intermediate representations, while the second layer (cv2) further
processes the features and restores the output dimension. When the shortcut parameter is set to
True and the input and output channels are the same, the shortcut connection gets activated and
the input feature map is added straight to the output via a residual connection [5]. Such a design
resolves the problem of gradient vanishing and proves beneficial for training deeper neural networks.

(a) C2f module (b) Bottleneck module

Figure 5: Architectures of the C2f and Bottleneck modules used in YOLOv8. The C2f module
designs feature extraction and fusion, while the Bottleneck module utilizes a residual connection.

C3k2 [9]: YOLO26 replaces C2f modules with C3k2 modules. As illustrated in Figure 6,
C3k2 follows an architecture based on CSP that divides the feature map into two branches, akin
to C2f. One of the branches is a direct bypass to the intermediate process, while the other goes
through some feature extraction blocks before the process of feature fusion. These blocks are
Bottleneck block, C3k block, Bottleneck block followed by PSABlock. The choice between the
feature extraction blocks is governed by two boolean parameters.

In the attention mechanism, the feature extraction branch includes a Bottleneck block and then
a PSABlock (Position-Sensitive Attention Block). The Bottleneck block extracts local features
from the first convolution operations, while the PSABlock builds long-range spatial relationships
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by applying multi-head self-attention and a feed-forward network. The proposed method allows for
more context-based image analysis by combining local convolutional features with global attention
information, thereby enabling the network to focus more on context of an image and capture subtle
morphological differences between visually similar pollen species.

When the C3k block is enabled, the module extends the standard Bottleneck design by intro-
ducing configurable convolution kernel sizes. This way, we can try out different kernel sizes for one
particular task and find the configuration that gives the best detection performance on a certain
dataset.

With Bottleneck block enabled, C3k2 will perform like the C2f module in YOLOv8, having two
convolutional layers and a residual connection. Moreover, C3k2 can be set up to use larger kernel
convolutions or attention blocks. This way, the model can capture richer spatial information and
learn more complex visual patterns — all while holding onto efficient inference speed. YOLO26
introduces both the C3k2 and C2PSA modules to improve feature extraction and attention-based
feature enhancement [9] [16], as illustrated in Figure 6.

Figure 6: Architecture of the C3k2 module used in YOLO26. The feature extraction branch
consists of n blocks, where each block can be implemented as a Bottleneck block, a C3k block, or a
Bottleneck block followed by a PSABlock. The outputs from all branches are concatenated and
fused through a final convolution layer (cv2).

C2PSA [6]: Another part brought in YOLO26 is the C2PSA module, which also brings
attention mechanisms into the network. As shown in Figure 7, the whole structure of C2PSA
is the same as the CSP-based design used in C2f, but the Bottleneck blocks are replaced with
PSABlocks. The input feature map goes through a convolution layer (cv1) first and then is split
into two branches. One branch does not have any further processing and keeps the original feature
information, while the other branch goes through a series of (n) PSABlocks. The two branch
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outputs are finally concatenated and fused by a last convolution layer (cv2).

Figure 7: Architecture of the C2PSA module in YOLO26. The input feature map is divided
into a bypass branch and an attention branch containing n PSABlocks. The two branches are
concatenated and fused through a final convolution layer.

C2PSA is an attention-based feature refinement module. This enables the module to refine
high-level features while keeping the efficiency of computation.

The PSABlock used in C2PSA is the same as that used in the C3k2 module. It is a self-
attention mechanism and feed-forward network like a standard Transformer encoder block. They
are connected through residual connections. The difference is that it does not include Layer
Normalization layers, unlike a standard Transformer encoder. With more PSABlocks included, it
helps in enhancing global feature modeling and allows the network to capture long-range spatial
dependencies before the features are passed to the neck and detection head.

This can be useful for pollen detection tasks because the fine differences in texture and mor-
phology often demand the model to observe the spatial relationships among the entire pollen grain
instead of depending on single local features.

Dual-Head End-to-End Detection [9]: Another major difference between YOLOv8 and
YOLO26 is the addition of a dual-head detection architecture. In contrast to YOLOv8, which
trains with a single dense detection head and Non-Maximum Suppression (NMS), YOLO26 trains
with both a one-to-many branch and a one-to-one branch.

The one-to-many branch follows the conventional YOLO detection paradigm. Each ground-truth
object can be assigned to multiple positive samples through Task-Aligned Learning (TAL), providing
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richer supervision and improving training stability. During inference, duplicate predictions are
removed using NMS.

In contrast, the one-to-one branch assigns exactly one prediction to each ground-truth object.
This branch is designed for end-to-end object detection and does not use NMS at inference time.
Because each object has only one corresponding prediction, the post-processing stage can be much
simplified, which reduces inference time and improves deployment efficiency.

As shown in Figure 8, the two branches adopt different assignment strategies. During training,
both branches are optimized simultaneously. The one-to-many branch gives dense supervision,
while the one-to-one branch learns the final inference behavior. This design makes it possible for
YOLO26 to support both high-accuracy NMS-based prediction and efficient NMS-free end-to-end
detection [3].

Figure 8: Dual-head detection design in YOLO26. The one-to-many branch provides dense
predictions and uses NMS, while the one-to-one branch supports end-to-end NMS-free inference [9].

In this study, the one-to-many branch was used for model validation and testing because no
hardware constraints were considered. It is also able to reach higher detection performance on the
pollen dataset.
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3 Related Work

3.1 Pollen Classification and Detection

Early studies of automated pollen monitoring mainly focused on traditional machine learning
methods using handcrafted features. To distinguish morphologically similar species, researchers
extracted features such as texture, shape, and geometric properties, including Gray-Level Co-
occurrence Matrix (GLCM) and Local Binary Patterns (LBP) features [10]. Li et al. [10] showed that
a hierarchical machine-learning strategy achieved 94.5% accuracy for Urticaceae pollen classification.
Earlier work by Marcos et al. [13] also used texture features together with Fisher’s Discriminant
Analysis and K-Nearest Neighbour classification, reaching 95% accuracy. However, the performance
of these approaches depends strongly on the quality of manually selected features, and feature-based
methods may be less robust when the background is unclear.

The field shifted towards deep learning, especially Convolutional Neural Networks (CNNs).
Polling et al. [14] used VGG16 and MobileNet models for allergenic pollen monitoring and processed
three-dimensional pollen information using z-stack images. Later, Li et al. [10] reported that
ResNet50 achieved an accuracy of 99.4% for Urticaceae pollen classification. However, much of this
previous work focused on classifying pollen grains. In contrast, object detection is needed when
multiple pollen grains have to be localized and classified within microscopy images. A recent study
compared one-stage models, including RetinaNet, DINO, and YOLOv8s [18]. Among these models,
YOLOv8s achieved the best overall performance for identifying and classifying three common
allergenic pollen species in the Netherlands: B. pendula, C. nootkatensis, and C. lawsoniana,
making it a strong baseline for the present study.

In the study, all models were trained with minimum projection images that were created
from light microscopy z-stacks [18]. The validation results indicated that YOLOv8s got the best
performance among the models. After hyperparameter optimization, the model attained a validation
precision of 96.3% and an mAP50 score of 98.6%. Furthermore, 5-fold cross-validation revealed a
mean mAP50 score of 79.3% with a standard deviation of 7.48% and a mean F1 score of 74.7%
with a standard deviation of 6.1% on the test set, which shows relatively stable performance over
different train and validation splits.

3.2 Research Gap

The authors have stated that YOLOv8 performed better than RetinaNet and DINO on their pollen
dataset, but those experiments were conducted before YOLO26 was ever released. Thus, they
have not explored the performance of newer YOLO architectures on this task. YOLO26 comes
with several updates over YOLOv8, such as the C3k2 module, C2PSA module, and the MuSGD
optimization strategy [16]. According to the official YOLO26 paper, these changes should be able
to give a more balanced performance in terms of detection accuracy and speed of inference, but we
are not sure if they will work for microscopic pollen detection.

Moreover, previous optimization experiments primarily concentrated on hyperparameter tuning,
including learning rate, weight decay, optimizer, and model size. It is still unknown if YOLO26 can
beat YOLOv8 on this dataset and if additional training strategies and architecture modifications can
further enhance detection performance. To fill this research gap, this thesis studies the performance
of YOLO26 on the same pollen dataset and compares its results with the YOLOv8s benchmark.
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4 Approach

4.1 Dataset

The pollen dataset described in Section 2.1 was used in this study [18]. The dataset contains
annotated instances of three pollen species, namely B. pendula, C. nootkatensis, and C. lawsoniana.
To maintain consistency with the previous study, the dataset was divided into a training-validation
set and an independent test set. The test set was reserved for final evaluation and was not used
during the processes of training, validation, or hyperparameter optimization.

Each fold contains a predefined training and validation split following an approximately 80/20
ratio and the same class distribution across the three pollen species. Table 1 summarizes the
distribution of pollen instances in each fold and the test set.

Due to the vast number of experiments and huge computational expenses on training models,
a two-stage evaluation strategy was used. In the model selection phase, all candidate models
were trained and evaluated in Fold 0 only. The best-performing models were chosen for further
research. In the final evaluation stage, the top three models were evaluated with the complete
5-fold cross-validation method. Performance metrics reported for the final models correspond to
the average results across all five folds.

As shown in Table 1, the five folds exhibit highly consistent class distributions, in which B.
pendula represents approximately 45% of all instances, followed by C. nootkatensis (approximately
33%) and C. lawsoniana (approximately 22%). In contrast, the test set has a different class
distribution, where C. nootkatensis becomes the majority class, accounting for 51.5% of all pollen
instances. This difference was not deliberately introduced; the independent test set was created
from independent scans to mimic real-world use [18].

Table 1: Class distribution across the five folds and the independent test set [18].

Fold Split Total B. pendula C. nootkatensis C. lawsoniana
Fold 0 Train 4549 2071 (45.5%) 1481 (32.6%) 997 (21.9%)

Val 1144 512 (44.8%) 379 (33.1%) 253 (22.1%)
Fold 1 Train 4551 2057 (45.2%) 1488 (32.7%) 1006 (22.1%)

Val 1142 526 (46.1%) 372 (32.6%) 244 (21.4%)
Fold 2 Train 4524 2040 (45.1%) 1483 (32.8%) 1001 (22.1%)

Val 1169 543 (46.5%) 377 (32.3%) 249 (21.3%)
Fold 3 Train 4568 2073 (45.4%) 1500 (32.8%) 995 (21.8%)

Val 1125 510 (45.3%) 360 (32.0%) 255 (22.7%)
Fold 4 Train 4580 2091 (45.7%) 1488 (32.5%) 1001 (21.9%)

Val 1113 492 (44.2%) 372 (33.4%) 249 (22.4%)
Test Set Test 1736 516 (29.7%) 894 (51.5%) 326 (18.8%)

4.2 Hyperparameter Optimization

Hyperparameters are the preset values of training, which are fixed before the training of the model
and influence the optimization process directly. According to the documentation of Ultralytics
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YOLO, there is a wide range of hyperparameters we can optimize. Hyperparameter optimization is a
step to enhance the performance of the model. Ultralytics states that hyperparameter optimization
uses the genetic algorithm, which iteratively generates new hyperparameter combinations through
mutation and selection, and then evaluates them using a process similar to model training and
validation[19].

In this thesis, hyperparameter optimization was performed for the YOLO26s baseline model.
The optimization was conducted on Fold 0 to reduce computational cost while still providing a
consistent training and validation setting for model selection.

Six hyperparameters were selected for tuning: the initial learning rate (lr0), final learning
rate factor (lrf), momentum (momentum), weight decay (weight decay), bounding box loss weight
(box), and classification loss weight (cls). These parameters were chosen because they directly affect
convergence behaviour, regularization, localization accuracy, and classification performance. The
search space used during optimization is summarized in Table 2. The optimized hyperparameters
obtained from this process were then used as the default training configuration for all YOLO26s-
based experiments.

Table 2: Hyperparameter search space used for YOLO26s optimization[19].

Hyperparameter Range Description
lr0 [1e-5, 1e-2] Initial learning rate at the start of training. Lower values

provide more stable training but slower convergence.
lrf [0.01, 1.0] Final learning rate factor as a fraction of lr0. Controls how

much the learning rate decreases during training.
momentum [0.7, 0.98] Momentum factor. Higher values help maintain consistent

gradient direction and can speed up convergence.
weight decay [0.0, 0.001] L2 regularization factor to prevent overfitting. Larger values

enforce stronger regularization.
box [1.0, 20.0] Bounding box loss weight in the total loss function. Balances

box regression and classification performance.
cls [0.1, 4.0] Classification loss weight in the total loss function. Higher

values emphasize correct class prediction.

4.3 Baseline Models

4.3.1 YOLOv8s

The YOLOv8s was chosen as the baseline model because it achieved the best overall performance
in the previous study on the same dataset. Using the same model architecture makes it easy to
compare directly between the previous results and the improvements in this thesis.

All experiments were conducted on 2 NVIDIA RTX3080 GPUs with 8GB memory. The
YOLOv8s models were initialized with pretrained weights, trained on the COCO dataset. To
cut the overall experiment time, we did not run a full hyperparameter optimization procedure
for YOLOv8s. Instead, we used the same initial learning rate and weight decay values as in the
previous study [18].
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A simple grid search was conducted to find the best training settings for the present experimental
setup. It involved the batch size and optimizer shown in Table 3. The combination that achieved
the highest validation performance on Fold 0 was selected and then used for the other models.

Other training parameters were set according to the optimized settings described in Section
Hyperparameter Optimization. The final YOLOv8s configuration was used as the baseline for com-
parison with the YOLO26s-based models from training strategies and architectural modifications.

Table 3: Grid search configuration

Parameter Candidates
Batch size [4, 8, 16]
Optimizer [SGD, AdamW, MuSGD]

4.3.2 YOLO26s

YOLO26s was chosen to make a fair comparison with YOLOv8s. Both models have approximately
the same number of parameters. YOLO26s has about 9.5 million parameters, while YOLOv8s has
about 11.2 million parameters.

The model was initialized using COCO-pretrained weights from Ultralytics package. The
optimized hyperparameters described in Section 4.2 were used. To ensure a consistent experimental
setup, the same batch size selected for YOLOv8s was adopted for YOLO26s. MuSGD was used
as the optimizer, following the recommendation of the YOLO26, as it was designed to improve
training behaviour compared with conventional SGD.

Unless otherwise stated, the training schedule and other training settings were kept consistent
with those for YOLOv8s training. Table 4 summarizes the training settings. The resulting
YOLO26s configuration also served as the baseline for evaluating the proposed training strategies
and architectural modifications.

Table 4: YOLO26s training configuration.

Parameter Value
Model YOLO26s
Image Size 1024
Epochs 100
Batch Size 16
Optimizer MuSGD
Pretrained True
Initial Learning Rate (lr0) Optimized
Final Learning Rate Factor (lrf) Optimized
Momentum Optimized
Weight Decay Optimized
Box Loss Weight (box) Optimized
Classification Loss Weight (cls) Optimized
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4.4 Training Strategies

4.4.1 Freeze backbone

Backbone freezing is a training technique in which selected layers of a pretrained network are
prevented from updating during training. According to the Ultralytics documentation, freezing
layers allows the model to retain previously learned visual features while focusing training on
task-specific components [21]. This approach can improve training stability and reduce overfitting,
particularly when working with relatively small datasets.

Since the backbone is initialized with COCO-pretrained weights, it has already learned general
visual representations such as edges, shapes, textures, and object patterns from a large scale dataset.
By freezing the backbone during the early stage of training, the model can focus on updating the
detection head, which is responsible for adapting these generic features to the pollen detection task.
This may accelerate the adaptation of task-specific parameters while preserving the useful feature
representations learned during pretraining.

In this study, a two-stage training strategy was adopted. During the first 40 epochs, the
backbone network was frozen while the detection head remained trainable. After 40 epochs, the
backbone was unfrozen and the entire network was trained for the last 60 epochs. The total training
duration remained 100 epochs, consistent with the baseline configuration.

4.4.2 Class Weights

Class weighting is a technique used to address class imbalance during training. According to the
Ultralytics documentation, class weights can be incorporated into the loss function. This encourages
the model to pay more attention to minority classes during training.

The class weights were computed using an inverse frequency weighting. For each class, the
weight is computed as the ratio between the number of instances in the majority class and the
number of instances in that class:

wi =
Nmax

Ni

where wi is the weight for class i, Ni is the number of training instances of class i, and Nmax

is the number of instances in the most frequent class. With this formulation, the majority class
receives a weight of 1, while less frequent classes receive larger weights.

For handling class imbalance, a class-weighted Binary Cross-Entropy (BCE) loss is used for
the classification component, following the custom trainer method provided by Ultralytics [20].
Although the task contains multiple pollen classes, YOLO treats classification as independent
binary predictions for each class. The classification loss for each class i is defined as:

Lcls,i = − [wiyi log(ŷi) + (1− yi) log(1− ŷi)]

where yi is the ground-truth binary label for class i, ŷi is the predicted probability after sigmoid
activation. The weight wi is the positive weight and applied only to the positive term, following
the pos weight formulation used in BCEWithLogitsLoss [1]. When an underrepresented class is
present in an image, this class becomes the positive target. If the model assigns a low probability to
this positive class, the positive term of the loss function increases and is further amplified by wi. As
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a result, incorrect or poorly predicted minority class objects receive a larger penalty, encouraging the
model to learn these classes more effectively. The total classification loss is obtained by aggregating
the losses across all N classes:

Lcls =
N−1∑
i=0

Lcls,i

The resulting class weights used in this study are summarized in Table 5.

Table 5: Class frequencies and corresponding class weights used during training.

Pollen Species Instances Class Weight
B. pendula 2071 1.00
C. nootkatensis 1481 1.40
C. lawsoniana 997 2.08

4.4.3 Combine Freeze backbone and Class Weights

To investigate whether combining the two strategies can further improve model performance, both
methods were applied simultaneously. The training process followed the same two-stage schedule
described in Section 4.4.1. During the first 40 epochs, the backbone network remained frozen while
the detection head was trained. After 40 epochs, the backbone was unfrozen and the entire network
was trained jointly for the remaining 60 epochs.

Class weights were incorporated into the classification loss throughout the entire training process,
including both the frozen and unfrozen stages. The class weights were calculated using the inverse
frequency weighting described in Section 4.4.2. All other training parameters remained identical to
the YOLO26s baseline configuration.

4.5 Architecture Modifications

4.5.1 Regmax16 for Bounding Box Regression (Regmax16)

YOLOv8 employs Distribution Focal Loss (DFL) for bounding box regression [8]. Instead of directly
predicting the coordinates of a bounding box, DFL predicts a discrete probability distribution over
multiple bins. The final regression value is obtained by calculating the expectation of the predicted
distribution:

d =
K−1∑
i=0

i · softmax(z)i

where K denotes the number of bins, which is from the RegMax parameter and z represents
the predicted logits. In YOLOv8, the default value is reg max=16, meaning that 16 bins are used
to calculate the distribution of each box coordinate.

In contrast, YOLO26 removes DFL and adopts direct box regression with reg max=1, which
is a default value in the configuration [6]. In this way, each box coordinate is represented by a
single regression value rather than a probability distribution. As a result, this reduces the number
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of output channels in the detection head with fewer model parameters and lower computational
cost. The removal of DFL is one of the factors contributing to the smaller model size of YOLO26
compared with YOLOv8.

Since this thesis focuses on detection performance rather than computational efficiency, an
alternative YOLO26s configuration was evaluated by restoring reg max=16. This modification
reintroduces DFL into the detection head while keeping all other training settings unchanged. The
experiment was designed to investigate whether the finer localization capability provided by DFL
can improve pollen detection performance.

4.5.2 Adding P2 Layer Head

Multi-scale feature maps are used in object detection to improve detection across object sizes [11].
The default YOLOv8s and YOLO26s architectures employ three detection layers based on feature
maps P3, P4, and P5. Their spatial resolutions correspond to 1/8, 1/16, and 1/32 of the input
image, respectively [8] [9]. These detection layers are designed to capture objects at different scales.
P3 primarily focuses on small objects, P4 on middle size objects, and P5 on large objects.

However, repeated downsampling in the backbone reduces the spatial resolution of feature maps.
For some objects, important fine-grained details may be lost before reaching the detection head.
This issue may be particularly relevant for pollen classification, as distinguishing between species
can depend on subtle differences in shape, boundary structures, and surface textures.

To preserve higher-resolution spatial information, an additional P2 detection layer was introduced.
Figure 9 illustrates the modified YOLO26 architecture with the added P2 detection layer. The P2
feature map operates at a stride of 4 pixels and has a spatial resolution of 256 × 256 for an input
image size of 1024 × 1024. Compared with P3, the P2 feature map contains more information,
which allows the detector to better represent small objects and fine morphological details.

4.5.3 Combine Regmax16 and Adding P2 Layer Head

Similar to the combined training strategy, both architectural modifications were applied simul-
taneously to investigate whether combining the two methods can further improve the model
performance.

4.6 5-Fold Cross Validation

Based on the Fold 0 evaluation, the three best-performing models were selected for further assessment
using 5-fold cross-validation. As YOLOv8s was the baseline model in this study, it was also included
in the cross-validation evaluation if it was not in the top 3 based on mAP50-95. Consequently, all
selected models were evaluated using the complete 5-fold cross-validation procedure.

Each model was trained and evaluated on all five folds of the dataset. The final cross-validation
performance was calculated as the average of the evaluation metrics obtained across the five folds.
This approach provides a more robust estimate of model performance. After cross-validation, the
selected models were evaluated on the independent test set to assess their generalization ability.
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Figure 9: YOLO26 with an additional P2 detection head. The orange boxes indicate the new
modules used to generate the P2 feature map and the corresponding detection head.
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5 Results

In this section, I will present the performance of the different models in training stage and their
evaluation results on the validation and test sets.

5.1 Hyperparameter Optimization Results

During the hyperparameter tuning process, to reduce the computational cost of the search process,
each iteration was trained for 40 epochs rather than the full 100 epochs used in the final experiments.
A total of 50 trials were conducted on Fold 0, with each trial corresponding to a candidate
hyperparameter configuration. The full search required approximately 3.5 days of training time.
Model fitness is defined as the mAP50-95 score, which is the default optimization objective
in Ultralytics. As shown in Figure 10a, although fluctuations are observed between individual
iterations, the smoothed fitness curve shows a gradual improvement from approximately 0.832 at
the beginning of the search to around 0.846 after 50 iterations. This indicates that the algorithm is
searching for better hyperparameter combinations during the search process, resulting in improved
model performance.

Figure 10b presents the distribution of candidate hyperparameter values explored during
optimization. The cross marker in each subplot indicates the best hyperparameter value selected
by the optimization process. The highest fitness score was achieved by the hyperparameter
configuration in Table 6.

Table 6: Best hyperparameter configuration obtained through optimization.

Hyperparameter Value
lr0 0.01
lrf 0.01
weight decay 0.0005
momentum 0.937
box 7.5
cls 0.5

5.2 Training Results

Figure 11 shows the training and validation loss curves for the YOLOv8s baseline and the Freeze
Backbone model. The first row is YOLOv8s model, while the second row shows the Freeze Backbone
model. The box loss, classification loss, and DFL loss are shown from left to right. For YOLOv8s,
both the training and validation losses decreased steadily during training. Similar loss patterns
were observed for most of the other models. These models completed the full 100 training epochs
without signs of overfitting.

In contrast, the Freeze Backbone model exhibited a different training behaviour. During the first
40 epochs, when the backbone remained frozen, the validation losses gradually increased while the
training losses continued to decrease, indicating overfitting in the frozen stage. After the backbone
was unfrozen, the validation losses decreased again. Both models employing the Freeze Backbone
strategy triggered early stopping and therefore did not complete the full 100 training epochs.
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(a) Fitness scores during hyperparameter optimiza-
tion. (b) Distribution of explored hyperparameter values.

Figure 10: Hyperparameter optimization results. (a) Fitness scores obtained during the search
process. (b) Distribution of candidate hyperparameter values, where the cross marker indicates the
best hyperparameter value.

Figure 11: Training and validation loss curves for the YOLOv8 baseline (top row) and the Freeze
Backbone model (bottom row).
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Figure 12 shows the validation mAP50-95 curves of all eight models during training. Since
Ultralytics saves the best model checkpoint according to the highest mAP50-95 score, this metric
is used to compare model performance. As we can observe from the plot that most models show
a increase in mAP50-95 in training stage. Among all evaluated models, the Class Weight model
achieves the highest mAP50-95 value, reaching approximately 0.85. This result suggests that
addressing class imbalance is beneficial for the pollen detection task.

Figure 12: mAP50-95 curves for all evaluated models during training. The best model checkpoint
is selected according to the highest mAP50-95 score.

5.3 Validation and Model Selecting

The best checkpoint of each model was evaluated on the Fold 0 validation set. For each model,
Precision, Recall, mAP50, and mAP50-95 were used for performance comparison. To visualize
the results clear, Figure 13 plots mAP50-95 against F1 score for all evaluated models. The x-axis
represents mAP50-95 and the y-axis is F1 score. Models that are closer to the upper-right corner
achieve both higher detection accuracy and a better balance between precision and recall.

As shown in Figure 13, the Class Weight model reaches the best overall performance, its
mAP50-95 and F1 score are highest among all models. Based on the validation mAP50-95 results,
the top three models are selected for further evaluation: Class Weight, YOLO26 baseline, and
RegMax16.

5.4 Cross-Validation and Test Set Performance

Table 7 summarizes the performance of the test set of the selected models after 5-fold cross-validation.
To make the relationship between detection performance and stability easier to interpret, Figure 14
summarizes the test set performance of the selected models as a scatter plot. The x-axis represents
the mean mAP50-95 obtained from the five folds, while the y-axis represents the corresponding
standard deviation (SD). Models closer to the lower-right corner have both higher performance and
greater stability.

The YOLO26 baseline model achieves the highest mean mAP50-95. However, the Class Weight
model achieves a comparable mean performance since it exhibits the lowest standard deviation. This
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Figure 13: Comparison on Fold 0 validation set. The x-axis is mAP50-95 and the y-axis is F1 score.
Models closer to the upper-right corner achieve better overall performance.

Table 7: Cross-validation performance on the test set. Values are reported as mean ± standard
deviation across five folds.

Model Precision Recall F1 mAP50 mAP50–95
YOLO26 baseline 0.899± 0.009 0.850± 0.015 0.867± 0.015 0.912± 0.009 0.741± 0.009
Class Weight 0.905± 0.013 0.826± 0.016 0.854± 0.013 0.915± 0.007 0.737± 0.004
RegMax16 0.826± 0.081 0.811± 0.009 0.792± 0.060 0.881± 0.030 0.708± 0.027
YOLOv8 baseline 0.885± 0.012 0.821± 0.012 0.841± 0.012 0.905± 0.011 0.716± 0.006

result indicates that the Class Weight strategy provides more robust and consistent performance
across folds. In contrast, the RegMax16 model shows both lower mean performance and higher
variability.

5.5 Case Analysis

Figure 15 presents an example from the test set using the best YOLO26s baseline model. The
left image shows the detection results and the right image visualizes the corresponding activation
heatmap with all ground-truth annotations.

The model successfully detected and classified the fully visible B. pendula pollen grain. In
addition, the model also detected a pollen grain that was only partially visible in the image. The
detection confidence for this partial object is relatively high (0.59). Since each slide in the dataset
contains a single pollen species, this partially visible object is expected to be B. pendula. This
suggests that the model had learned discriminative pollen features rather than only relying on
complete object appearances. This observation is also supported by the heatmap visualization.
Only one bounding box is shown in the heatmap because the partially visible pollen grain was not
included in the ground-truth annotation. Strong activation can be observed around the partially
visible pollen, indicating that the model focused on meaningful pollen features when predicting an
object.
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Figure 14: Mean test-set mAP50–95 versus standard deviation across the five folds.

Figure 15: Qualitative analysis of a test set image using the best YOLO26s baseline model. (a)
Prediction result. (b) Heatmap with ground-truth annotation. (Only the fully visible pollen grain
is annotated as ground truth.)
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6 Discussion

In this study, the newly released YOLO26s model was used and compared with the YOLOv8s
model that was used in previous research for the detection and classification of three pollen species.
The results show that YOLO26s outperformed YOLOv8s. The best-performing model, the Class
Weight model, achieved a mean mAP50-95 of 73.7% (SD = 0.4%), a mean mAP50 of 91.5% (SD =
0.7%) and a mean F1 score of 85.4% (SD = 1.3%) on the test set. These results are substantially
higher than the previously reported YOLOv8s performance, which achieved a mean mAP50 of
79.3% (SD = 7.48%) and a mean F1 score of 74.7% (SD = 6.1%) on the test set.

These findings indicate that YOLO26s not only outperforms YOLOv8s for pollen detection, but
YOLO26 variants can further improve upon the YOLO26s model. The performance improvement
is likely related to the architectural upgrades in YOLO26. The C3k2 and C2PSA modules provide
stronger feature extraction capabilities than the C2f module used in YOLOv8. Unlike conventional
convolutional operations, these modules incorporate attention mechanisms that allow the model
to capture both local features and global contextual information. This characteristic is important
for pollen detection. The visual differences between pollen species are often subtle, and successful
classification may require the model to consider the overall morphology of the pollen grain rather
than local texture patterns.

The Class Weight model had the best performance among all models. This indicates that class
balance has a significant impact on model performance. Its impact is even greater than increasing
the number of model parameters. It is generally believed that increasing the number of parameters
can improve model capability. However, in this study, both the P2 model and the RegMax16 model
increased the number of parameters, but neither achieved better performance than the Class Weight
model. The Freeze Backbone models showed the worst performance. One possible explanation is
that the pretrained weights were obtained from the COCO dataset. The samples in the COCO
dataset are very different from pollen images. As a result, the features learned by the model in the
early stage could not be effectively transferred to the pollen detection task.

There are also some limitations that should be considered in this study. A total of eight different
YOLO models were evaluated. Due to time constraints, hyperparameter tuning was only performed
for the YOLO26s baseline model. The same optimized hyperparameters were then applied to all
other models. As a result, this hyperparameter combination may not be the best for the other
models. In addition, the class distribution of the test set is different from that in five folds. This
may also be one of the reasons that the performance on the test set was lower than that on the
validation set.
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7 Further Research

Future research could further improve the performance of YOLO26s-based models. The results
of this study show that YOLO26s-based models outperform YOLOv8s, but there are still several
aspects that could be further explored.

First, as mentioned in the Discussion section, the training parameters used in this study were
obtained from hyperparameter tuning. However, to save tuning time, hyperparameter tuning was
only performed for the YOLO26s baseline model, and the same hyperparameters were then applied
to other models. These parameters were not optimized separately for each model. Therefore, future
work could perform individual hyperparameter tuning, such as for the best performance model in
this study, which may further improve the results.

Second, the results show that the sample distribution of the dataset can affect the performance
of models. In this study, the class distribution of the test set was different from that of the training
set, and then a difference in performance was also observed between validation and test results.
Future work could collect more samples to reduce the distribution gap between the training set
and the test set. In addition, the dataset in this study is relatively clean, which makes the learning
task easier for the model. To improve the practical value of the model, future studies could use
more realistic datasets that contain more background noise or debris, so that the fine-tuned models
can be applied to a wider range of real-world scenarios.

Finally, the case analysis shows that after learning sufficient pollen features, the model can
recognize pollen grains that are not annotated in the dataset. However, because these pollen
grains are not included in the ground-truth annotations, correct detections may be counted as false
positives during evaluation. This may lead to an underestimation of the actual detection ability
of the model. Therefore, future work should further check and improve the dataset annotations,
so that the ground truth is more complete and the evaluation results can better reflect the true
capability of the model.
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8 Conclusion

Pollen is an important cause of seasonal allergic diseases, and accurate pollen monitoring is
valuable for public health and allergy management. In this study, we compared the detection and
classification performance of YOLOv8s and YOLO26s-based models for three allergenic pollen
species in light microscopy images: B. pendula, C. nootkatensis, and C. lawsoniana. We further
modified training strategies and model architectures to compare the performance of different
YOLO26s variants. The results demonstrated that YOLO26s was better than YOLOv8s, and some
YOLO26s variants performed even better, such as the Class Weight model.

These results indicate that YOLO26s is a promising model for automated pollen detection and
classification, and that performance can be further enhanced with task-specific training strategies.
The findings can be used as a basis to optimize pollen detection models. In addition, more models
could be developed and tested based on the YOLO26s variants evaluated in this study.
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