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Abstract. The classification of leukocyte sub-types is essential for medi-
cal diagnostics and treatments. Advances in this field have been driven by
the creation of novel Deep Learning (DL) architectures, whose progress
is sometimes marginal or not even comparable due to the use of propri-
etary data sets or different setups/partitions of public data sets. This
study presents a novel synthetic image data set designed for both train-
ing and benchmarking, providing a standardised platform to evaluate
advancements in this field. The data set includes two versions of differing
complexity: straightforward and challenging. Experiments with various
DL models showed unexpectedly higher accuracy, precision, and recall
on the more complex data set. These results highlight the importance of
data set complexity in assessing the robustness and effectiveness of DL
models for complex medical image analysis tasks.

Keywords: Leukocyte classification - Image generation - Diffusion mod-
els

1 Introduction

Blood is composed of two main components: blood cells, which make up 45%
of blood tissue volume, and plasma, accounting for the remaining 55% [8|. The
three primary types of blood cells are platelets or thrombocytes, red blood cells
(RBCs) or erythrocytes, and white blood cells (WBCs) or leukocytes. WBCs en-
compass five main sub-types: neutrophils, eosinophils, basophils, lymphocytes,
and monocytes. Each plays a crucial role in the immune system by defending
the body against microbial invaders and pathogens. Accurate classification of
WBCs is vital for diagnosing hematopoietic diseases and guiding treatment de-
cisions, particularly evident in conditions like leukaemia, where abnormal leuko-
cyte proliferation occurs. Traditional methods of WBC classification, such as
the manual microscopy conducted by trained experts, are essential for precise
diagnosis but also time-consuming, error-prone, and subjective [64]. As a result,
to avoid misdiagnosis, an automated procedure is becoming increasingly impor-
tant, particularly in developing countries. The recent advancements in Machine
Learning (ML), particularly Deep Learning (DL), have offered promising avenues
for automated classification [20}(39(61].
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At present, DL algorithms have demonstrated potential in discerning and
categorising leukocyte sub-types from a wide range of training data, necessi-
tating a substantial number of accurate annotations acquired through labour-
intensive efforts |7,[30L[39L[42,[511[69]. However, publicly available real-world data
sets are mostly limited in scale due to the expensive and hard manual labelling
work, as well as privacy concerns. Moreover, real-world applications encounter
challenges such as different lighting and acquisition conditions and variations in
cell morphology and laboratory protocols, which existing data sets may not ade-
quately cover |38|. These aspects may render conventional approaches ineffective
at specific sites. Solutions like domain adaptation (DA) or domain generalisa-
tion (DG) have been proposed to enhance model robustness by leveraging data
from the target domain or extracting domain-invariant features from multiple
domains [46},53,/65]. However, in a real-world application scenario, especially
those related to medical images, due to privacy concerns, collecting and aggre-
gating data from the target domain or more domains simultaneously is unfeasi-
ble [19,/58].

A potential solution to alleviate these issues is based on creating synthetic
images, which can potentially be easily expanded to a large scale and address
data scarcity, data imbalance, privacy concerns, and the high cost of manual data
collection and annotation [45]. Synthetic data generation techniques can simulate
various scenarios, augmenting existing data sets to encompass diverse conditions
and variations, enriching the training data and enhancing ML models’ robust-
ness and generalisation capabilities. This enables researchers to explore novel
domains where real-world data may be limited or inaccessible, offering a novel
way to effectively pre-train or fine-tune Convolutional Neural Networks (CNNs)
or Vision Transformers (ViTs), laying a stronger foundation for subsequent do-
mains or applications [17,/67].

Inspired by the use of synthetic data sets for training DL models in different
applications, we aim to propose a synthetic single-cell data set for WBC sub-
type classification. A further aim is to investigate if synthetic images could be
reliably used for both training and benchmarking DL models. Indeed, current
advancements in this field are mainly brought by the creation of novel architec-
tures, whose progress in terms of performance is sometimes difficult to quantify
due to the use of proprietary data sets (that cannot be shared for privacy con-
cerns) or due to the use of different setups/partitions of public data sets, since
most of them are small and do not present fixed training and testing partitions.
Therefore, a shared standardised platform to evaluate advancements in this field
is still lacking.

In order to perform such an investigation, we performed extensive same- and
cross-data set experiments, including some existing real data sets and two syn-
thetic data sets proposed in this work. These data sets have been created by
exploiting Diffusion Models (DM), which are able to capture intricate patterns
and provide a more precise representation of data distribution, particularly ben-
eficial in biomedical inverse imaging, where they efficiently infer object or system
properties while accommodating uncertainty and noise, promising advancements
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in research and clinical applications [31]. We provided two data sets with two
distinct complexity levels: one straightforward and the other more challenging.
This endeavour aims to assess the influence on the construction of robust DL
models and to evaluate their suitability for benchmarking purposes, effectively
mitigating concerns related to real-world medical data. Moreover, the insights
provided in this paper may offer inspiration for the design of future synthetic
data sets, even across diverse applications.

The remaining sections of the manuscript are structured as follows. Sec. 2]
present relevant previous research on WBC analysis, including the existing real
benchmark data sets and generative models for medical images. Sec. [3] presents
the proposed methodology and the creation of the proposed synthetic data set.
Sec. [4] describes the DL architectures, the used real benchmark data sets and
the experimental setting used in our evaluation, followed by the presentation of
the experimental results and relative discussion. Lastly, Sec. [f] offers conclusions
and considerations for future aspects.

2 Related Work

In this section, we first survey the literature on WBC sub-type classification
(Section , followed by an analysis of available real data sets for such a task
in Sec. 2.2] Finally, in Sec. 23] we present the existing approaches for image
generation in the context of medical images.

2.1 White blood cell analysis

The diagnosis of hematopoietic malignancies, such as leukaemia, poses signif-
icant challenges due to the limited treatment options available. Traditionally,
accurate diagnosis relies on meticulous cytological evaluation of WBCs in blood
or bone marrow smears. However, the emergence of Computer-Aided Diagno-
sis (CAD) systems marks a transformative phase, offering automation and im-
proved diagnostic accuracy and efficiency |3}28}38,/43}/62]. Existing CAD sys-
tems for WBC analysis cover a range of tasks, from simple cell counting to
disease detection and classification. Notably, these systems excel in classifying
WBC sub-types [1120/43./48./51,(59] and identifying specific leukaemia conditions,
such as Acute Lymphoblastic Leukaemia (ALL) or Acute Myeloid Leukaemia
(AML) [14,38,52).

For instance, Matek et al. utilised the ResNext architecture for accurately
identifying WBCs in AML patients’ blood smears [43]. Acevedo et al. proposed
a predictive model for identifying patients with myelodysplastic syndrome, a
precursor to AML [3]|. Additionally, Vogado et al. leveraged transfer learning from
multiple CNN architectures, coupled with SVM classifiers based on informative
features derived from gain ratios, achieving remarkable results [62].

Overall, the primary advancements in the field stem from the creation of novel
architectures, encompassing CNNs [20}30,/39,/61,/69] or ViT [7,42,/51], ensemble
strategies [12], or hybrid methods [9}/34}/48}[59], potentially incorporating feature
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selection techniques [60]. A notable advancement in the field is exemplified by
the development of BloodCaps by Long et al. , a capsule-based model tailored
for the accurate classification of various blood cell types in peripheral blood
images. BloodCaps outperformed traditional CNNs, such as AlexNet, VGG-16,
ResNet-18, and Inception-V3, highlighting the potential of novel architectural
paradigms to enhance classification techniques [39].

However, challenges persist, such as reliance on specific data sets, leading
to performance degradation in case of a domain shift. In our previous work,
we analysed the effectiveness of current WBC classification methods in real-
world application scenarios, characterised by inaccurate regions of interest |3§].
Our investigation unveiled that even simpler methodologies could yield accurate
outcomes with suitable image training, as seen in benchmark data sets. However,
only a handful of approaches, notably modern CNNs, demonstrated robustness
in effectively tackling these challenges.

2.2 Existing Real Benchmark Data Sets

Table 1: Statistics of publicly available WBC data sets where #All is the total number
of images while #5-WBC is the number of the 5 main WBC sub-types only.

Data set #classes #L #M #N #E #B #5-WBC #All imgs Size (pixels)
LDWBC [13| 5 10,445 968 10,469 539 224 22,645 22,645 1280 x 1280
Raabin-WBC [32] 5 3,609 795 10,862 1,066 301 17,965 17,965 ~ 575 x 575
LISC [49] 5 59 55 56 42 54 266 247 720 X 576
CellaVision |70] 5 37 18 30 12 3 100 100 300 x 300
JTSC |70] 5 53 48 176 22 1 300 300 120 x 120
Li et al. 35| 5 1,879 1,181 4,135 1,100 300 8,595 6,273 600 x 600
PBC [1L] 8 1,214 1,420 3.329 3,117 1,218 10,298 17,092 360 x 363
Bodzas et al. |11] 9 3,046 2,040 3,300 1,017 1,023 10,426 16,027 1200 x 1200
AML |43] 15 3,948 1,789 8,593 424 79 14,833 18,365 400 x 400

Table [[| presents a summary of the public WBC data sets proposed for WBC
sub-types classification, indicating key insights like the number of classes, the
composition and total of the primary five classes object of this study, the total
number of images, and size in pixels. In certain instances, it is observed that
the quantity of cells surpasses the number of available images. This discrepancy
arises due to certain data sets (e.g., LISC and Li et al. [35]) lacking individual
single-cell images. Instead, these data sets contain images where multiple cells
may be present simultaneously.

Some public data sets proposed with different objectives were excluded from
this table, such as BCCD [44], realised for distinguishing between WBCs, RBCs
and platelets, or data sets such as ALL-IDB [33] and C-NMC [22] proposed to
distinguish leukemic blast cells from healthy leukocytes.

Transitioning to the present data sets, a notable observation pertains primar-
ily to a substantial variance in the number of represented classes. For instance, a
significant portion of existing data sets consists of the five classes under study in
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this research: lymphocytes (L), monocytes (M), neutrophils (N), eosinophils (E),
and basophils (B), as evidenced in LDWBC, Raabin-WBC, LISC, CellaVision,
and the data set proposed by Li et al. . Conversely, the remaining identified data
sets encompass a greater number of classes, as PBC also represents immature
granulocytes, erythroblasts, and platelets, while the data set by Bodzas et al. in-
cludes lymphoblasts, myeloblasts, normoblasts, and further classifies neutrophils
into Band and Segmented. For simplicity, we have reported a single value de-
rived from the sum of the latter two. Additionally, the AML data set comprises
a total of 15 sub-types, with 8 representing immature cells and the remaining 7
representing mature cells.

Beyond the number of represented classes, a crucial aspect concerns the con-
siderable imbalance among the compositions of various classes, which could sig-
nificantly impact the performance of ML models trained on them. Specifically,
disregarding data sets with few samples (LISC, CellaVision, and JTSC), it is ev-
ident that eosinophils and basophils, constituting a small proportion compared
to other blood cells, are consequently underrepresented within the data sets.
Furthermore, it is essential to note that the data sets were proposed without a
predefined split into training, validation, and test sets. This lack of data division
may impede an accurate assessment of model performance and generalisation on
unseen data, as authors split the data arbitrarily, rendering final results incom-
parable. Despite these challenges, the data sets offer diverse characteristics, such
as varying image dimensions and the total number of images. For example, the
LDWBC data set comprises larger images at 128021280 pixels.

In summary, while these public WBC data sets provide valuable resources
for research and development in this context, their intrinsic class imbalances
and the absence of predefined data splits underscore the importance of careful
consideration and appropriate management when utilising them for ML tasks.

2.3 Generative Models for Medical Images

For the issues mentioned above, some authors have started to explore the genera-
tion of synthetic images in the context of WBC classification [10,23}/36]. Genera-
tive models represent a transformative frontier within medical imaging, address-
ing critical challenges like data scarcity and inconsistency that often plague the
field. Notably, Generative Adversarial Networks (GANs) have emerged, demon-
strating remarkable efficacy across various domains within medical imaging [5].
In tasks ranging from data augmentation to registration and classification, GANs
have showcased their adaptability and effectiveness, offering solutions to enhance
image quality and facilitate analysis [16,41l/63]. In |23], the fusion of autoencoders
with a type of GAN, i.e., StyleGAN, was explored to generate four distinct types
of leukocytes. Similarly, Liu et al. employs a different kind of GAN, i.e., Wasser-
stein GAN (WGAN), for the same objective |36]. Furthermore, Barrera et al. ex-
plored the use of two GAN architectures, namely WGAN and Super-Resolution
Generative Adversarial Networks (SRGAN), for generating artificial images de-
picting both leukocytes and leukemic cells [10].
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DM represents an alternative approach for image generation, circumvent-
ing the need for aligning posterior distributions, estimating intractable parti-
tion functions, introducing extra discriminator networks, or imposing network
constraints [31]. DM has showcased state-of-the-art performance across diverse
medical imaging applications, from segmentation to synthesis |4,21]. One par-
ticularly promising avenue lies in the realm of anomaly detection, where DMs
have exhibited notable success. By leveraging the inherent uncertainty modelling
within diffusion processes, these models offer a principled approach to identify-
ing anomalies in medical images, potentially revolutionising diagnostic processes
and patient care [66].

3 Methodology

As mentioned before, the aim of this work is to create a new synthetic data set
of single-cell images useful for the classification of the main five WBC sub-types.
In the following, we provide a small background on the Denoising Diffusion
Probabilistic Model (DDPM) used in this work (Sec. [3.1), preferred over other
generative techniques for the reasons mentioned in Sec.[2.3] Then we describe the
proposed methodology exploiting DDPM (Sec. and the creation of synthetic
images (Sec. [3.3)).

3.1 DDPM

The DDPM is a generative model used for image-denoising tasks, where X de-
notes a clean image and Y a noisy image. The objective of DDPM is to model
the conditional distribution p(X|Y), which represents the probability of obtain-
ing a clean image X given a noisy input Y. Formally, the objective is to train a
model capable of progressively removing noise from noisy images over a series of
time steps. Instead of directly mapping noisy images to their clean counterparts,
the model is tasked with estimating the conditional distribution p(X;|Yy), where
X, represents the clean image at timestep ¢t and Yj is the initial noisy input.
This distribution captures the evolving relationship between the clean and noisy
images as noise is gradually added. The DDPM leverages a training data set
containing pairs of clean and progressively noisier images to achieve this pur-
pose. During training, the model’s parameters are optimised to minimise the
negative log-likelihood of this conditional distribution. By iteratively adjusting
its predictions to match the clean images at each timestep, the DDPM effectively
learns to generate realistic, denoised images from noisy inputs.

The U-Net architecture [50], originally proposed for image segmentation and
widely adopted in various image processing tasks |6,{40| serves as a fundamental
component even within the DDPM framework. It consists of an encoder-decoder
structure with skip connections. The encoder portion extracts hierarchical fea-
tures from the input image, while the decoder portion generates a high-resolution
output by upsampling and combining features from different levels of abstraction.
The skip connections facilitate effective information flow between corresponding



3. METHODOLOGY 7

encoder and decoder layers, enabling the model to retain fine-grained details
during upsampling.

3.2 Proposed Method

In order to create images that are realistic but at the same time have different
levels of complexity so that they can also be used as a benchmark, we used an
innovative procedure that consists of two main components: the DDPM and an
image composition step. DDPMs are intended to generate new single cells. On
the other hand, the image composition part is necessary to have more control
over the number of cells in the final images and, thus, over the relative com-
plexity of the image itself. A schema of the proposed methodology is shown
in Fig. [1l In our implementation, we introduce an attention-enhanced U-Net

[ RBC Dataset ] [ WBC Dataset ] [ Proposed U-Net model ]

Down Block x2 - Up Block x2
Down Block x2 Up Block x2
Down Block x2 - Up Block x2

[Attention Down Block x2 ]—P[ Attention Up Block x2 ]
own Block x2

Fig. 1: Workflow of our pipeline for the synthetic data set creation and architecture
of the custom attention-enhanced U-Net model. The custom U-Net model consists of
5 Downsample Blocks (Down Blocks) and 5 Upsample Blocks (Up Blocks), with each
block repeated twice for enhanced feature extraction.

1)

architecture, depicted in Fig. [I] which integrates Downsample Blocks and Up-
sample Blocks inspired by ResNet |25]. These blocks, repeated twice, are followed
by convolutional downsampling and transposed convolutional upsampling oper-
ations to adjust the spatial resolution of the feature map. Attention blocks are
strategically placed before downsampling and upsampling operations to capture
intricate relationships within the feature maps. Each stage of the downsampling
phase consists of blocks with 128, 128, 256, 256, and 512 channels, maintaining
uniformity in the number of channels throughout the upsampling stage. While
DDPM can be trained using a class-conditional configuration, where an embed-
ding of the target class influences the generation process, there is a risk of the
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model collapsing onto the majority class. Moreover, training a single model to
generate images for both the training and testing partitions may result in syn-
thetic samples closely resembling the same distribution, thereby compromising
the validity of the test set outcomes. To mitigate these challenges, we partitioned
the original source data sets into two subsets, each further segmented based on
cell types (including 5 WBC sub-types and RBC), enabling the training of sep-
arate U-Net models for each class and data partition. We specifically chose the
Raabin-WBC data set [32| as our source for WBC data and the Rajaraman
RBC-only data set [47] for RBC data. Detailed information regarding the for-
mer data set is provided in Sec. while the latter is publicly accessible and
maintained by the National Institutes of Health (NTH). All images within the
data set are manually annotated and encompass a total of 27,558 RBC images,
evenly divided between malaria-parasitized and healthy RBCs [47]. For the sake
of this work, we selected only healthy RBCs.

3.3 Creation of Synthetic Images

As mentioned, we produced two data sets with two very different complexity lev-
els: Base Level (WBC-USID-B) and Complex Level (WBC-USID-C). The Base
level depicts images with a single WBC cell against a static background. On the
other hand, the Complex Level introduces greater complexity than the easy one,
featuring other RBCs and WBCs in the background and occasionally provid-
ing partial occlusion with the central WBC. Our Complex Level also features a
configurable level of background WBC and RBC displacement; in our work, we
select our medium range of displacement 30% from the centre of the image with
a standard deviation of 10%. Additionally, to prevent WBC and RBC alike from
collapsing into single-point displacement, we reiterate the location decision until
the next element does not have more than 85% overlap with other elements in
the synthetic image. We selected a Base Level one as the starting point of a Com-
plex Level image; this configuration aims to provide a more reliable comparison
between the two sets by being a direct variety increment.

We produced a total of 2,000 samples with resolution 64 x 64 pixel for each
complexity level. They both present training and testing partitions with 1,000
samples each, comprising 200 images for every WBC sub-type. All generated
samples are publicly available on the official FigShare repository [68]. A sample
image for each data set and each WBC sub-type is shown in Fig. 2}

4 Experimental Evaluation

In this section, we present the data sets (Sec.4.1)) and DL architectures employed
in this study (Sec. [4.2)); then, we outline the experimental setup (Sec. |4.3)) and
present and discuss the experimental results (Sec. |4.4]) obtained.


https://figshare.com/articles/software/WBC-USID/26820652?file=48746389
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Fig. 2: A sample image of each WBC sub-type from the proposed synthetic data sets:
Base (top row) and Complex (bottom row) levels row.

4.1 Data sets

In this study, we employed four established and publicly accessible data sets to
have a rich set of benchmarks and comparison terms vs. our proposed synthetic
data set. Given the limitations of existing data sets (mentioned in Sec.[2.2)), we
chose data sets covering a wider range of WBC classes with significant image
quantities. We then pre-processed the data by removing or grouping classes to
align with the specific classes relevant to our investigation.

The Raabin-WBC (from now on Raabin) data set comprises multiple sub-
sets tailored to specific tasks. Our interest lies in a subset containing images with
single WBCs, standardised to dimensions of 575 x 575 pixels. It comprises 1,145
images, showcasing 242 instances each of lymphocytes, monocytes, neutrophils,
201 eosinophils, and 218 basophils .

The AML-Cytomorphology-LMU (from now on AML) data set contains
18,365 images of dimensions 400 x 400 pixels, organised into 15 distinct cate-
gories. For this investigation, we focus on the five main WBC sub-types con-
sisting of 1,789 instances of monocytes, 424 eosinophils, and 79 basophils. For
the remaining two classes, we merged 8,484 segmented neutrophils and 109 band
neutrophils into a single neutrophil category, 3,937 typical lymphocytes and 11
atypical lymphocytes into a lymphocyte category .

The PBC data set comprises 17,092 images of size 360 x 363 pixels subdivided
into eight categories: neutrophils, eosinophils, basophils, lymphocytes, mono-
cytes, immature granulocytes, erythroblasts, and peripheral blood cell types. In
this study, we selected five classes, with the following counts: 3,329 instances of
neutrophils, 3,117 of eosinophils, 1,218 of basophils, 1,214 of lymphocytes, and
1,420 of monocytes [1112].

The LDWBC data set comprises 22,645 images, categorised as basophil
(224), monocyte (968), eosinophil (539), neutrophil (10,469), and lymphocyte
(10,445). Each image has a resolution of 1280 x 1280 pixels .

A sample image for each data set and each WBC sub-type is shown in Sec.
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Basophil Eosinophil Lymphocyte Monocyte Neutrophil

.

Fig. 3: A sample image of each WBC sub-type from the four real data sets utilised in
this study: Raabin, AML, PBC, and LDWBC.

4.2 Deep Learning architectures

Our primary aim in this experimentation is to evaluate and compare different
DL architectures for the classification of WBC sub-types in two different scenar-
ios: real-world data sets and our proposed synthetic WBC data set. To ensure
the reliability of our findings despite variations in network architecture, such as
differences in layer counts, the presence of skip connections, and other archi-
tectural nuances, we conducted evaluations across a range of DL architectures.
Given the extensive variety of CNNs proposed to date, alongside recent advance-
ments in ViTs tailored for classification tasks, we selected one representative
architecture from each of the following categories: linear, residual, lightweight,
densely connected and inception CNNs, vision transformers, and hierarchical vi-
sion transformers. From this selection, the chosen architectures include VGG-19,
ResNet-152, MobileNetV3, DenseNet-121, Inception-V3, ViT, and Swin.

VGG-19 architecture is a linear network that comprises 19 layers and has
been recognised for its simplicity and directness .

ResNet-152 has 152 layers and incorporates the residual learning princi-
ples. These principles involve the integration of skip connections or recurrent
units between convolution and pooling layers, alongside batch normalisation for
enhanced training stability .

MobileNet-V3 belongs to the MobileNet family, designed for mobile and
embedded systems. This family’s models utilise depthwise separable convolutions
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to replace conventional convolution layers, reducing computational complexity
and model size while maintaining accuracy [26].

Inception-V3, an evolution of GoogLeNet, is built upon inception layers
comprising various convolutional filters. This design facilitates multi-scale fea-
ture learning and employs global average pooling, factorised convolutions, and
auxiliary classifiers for regularisation [56,57].

DenseNet addresses limitations in traditional CNNs by introducing dense
connections between layers, where each layer receives input from all preceding
layers. The number of filters in each convolution layer dynamically adjusts based
on the growth rate parameter, influencing the overall parameter count [27]. Here,
we used DenseNet-121.

ViT represents a transformer-based architecture for computer vision tasks,
leveraging self-attention mechanisms instead of conventional convolutions. Im-
ages are divided into fixed-size patches and processed sequentially through trans-
former layers, allowing the model to capture spatial information effectively |18§].

Swin, an advancement over ViT, addresses long-range dependency challenges
by employing hierarchical self-attention. It utilises a shifted window approach
for patch division, enabling overlapping patches to capture richer contextual
information. Features are aggregated using Swin blocks, encompassing both local
and global dependencies [37].

4.3 Experimental Setup

The DL architectures used in this study were initially pre-trained on the natural
image data set, ImageNet |15], before being adapted to medical image tasks. This
adaptation process followed a well-established procedure for transfer learning
and fine-tuning CNN models, as outlined in prior literature |[54]. All CNN layers
were preserved during this adaptation except for the final fully connected layer,
which was replaced with a new layer initialised and configured to accommodate
the specific object categories relevant to our study.

Two different experiments have been performed. In the first one, a classic
same-data set setup is used, where both real and synthetic data sets are used for
both training and testing the DL models. This experiment is meant to demon-
strate if the proposed synthetic data set can be used for benchmarking by as-
sessing if the obtained results are similar among all the used DL architectures.
In the second experiment, instead, both real and synthetic data sets are used
in a cross-data set fashion, meaning that each data set is alternately designated
as the SOURCE (training) data set, and the obtained model is evaluated an
all TARGET (testing) data sets. This experiment is meant to assess the gen-
eralisation capabilities of the proposed synthetic data sets compared with the
generalisation capabilities of existing real data sets.

Given that the used real data sets do not present training and testing par-
titions, to ensure a fair comparison and enable direct comparison on the same
testing partition, all mentioned real data sets were partitioned into three fixed
subsets: training, validation, and testing sets, constituting 60%, 20%, and 20%
of the original data set sizes, respectively. For the proposed synthetic data sets
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that already present training and testing partitions, we split the original training
partition into training and validation subsets constituting 75% and 25% of the
original partition, respectively. A stratified sampling procedure was employed
for both real and synthetic data sets to maintain the original data distribution.
Given the inherent class imbalance in some real data sets, a weighted random
sampling technique was incorporated during training to ensure equal representa-
tion of each class within each batch. Furthermore, data augmentation procedures,
including random rotation, random horizontal and vertical flipping, centre crop-
ping, Gaussian blurring, and colour jitter, were applied to mitigate the risk of
overfitting during the training phase.

All experiments were conducted on a single machine featuring an Intel(R)
Xeon(R) CPU E5-2670 v3 @ 2.30GHz CPU, 128 GB RAM, and NVIDIA Quadro
24GB GPU. Training processes were executed for a maximum of 100 epochs, with
early stopping based on validation performance. A batch size of 32, a Stochastic
Gradient Descent (SGD) optimiser, and a learning rate of 0.001 were employed
throughout the training procedures. Performance was measured with Accuracy
(A), Precision (P), Recall (R), and Fl-score (F1). These metrics are calculated
individually for each class and subsequently aggregated using a weighted average
procedure to derive a consolidated performance measure.

4.4 Experimental Results

Table |2 presents the same-data set results obtained on both real and synthetic
data sets using the considered DL architectures. We analyse and compare their
results to those on real data sets to understand the reliability of benchmarking
on the proposed synthetic data sets. As expected, the results are very similar,
with some differences that can be attributed to data set bias and other influential
factors. Indeed, even when comparing pairs of real data sets, it is not possible to
determine a single DL architecture that outperforms the others. However, when
comparing the two synthetic data sets, where the bias and influential factors are
limited by design (see Sec. a very similar trend is observed, underscoring the
importance of synthetic data sets even for benchmarking, given that they allow
extracting a leaderboard of the best DL model on the addressed task. A further
observation emerges from the examination of the synthetic data sets: in numerous
instances, the performance attained with the Complex Level surpasses that of
its simpler counterpart. This phenomenon might be attributed to the presence of
additional objects (cells) alongside the primary object of interest, compelling the
models to concentrate more on it and its intricate characteristics. Table[3]present
the cross-data set results. Here, we also include same-data set performance as
a baseline for comparison, indicated with a grey background in the tables. This
allows for a direct assessment of the deviation in performance between same-data
set and cross-data set scenarios. From this assessment, it is plausible to expect
a much larger decrease in real TARGET data sets when synthetic data sets are
used as SOURCE, as they have very different visual characteristics. Nevertheless,
in many cases, the performance is aligned with the cases when the real data sets
are used as SOURCE and, in some cases, even higher; see Raabin TARGET
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Raabin AML PBC LDWBC WBC-USID-B WBC-USID-C
Models A P R FI|/A P R FI|/A P R FI|]A P R FI|/A P R FI|A P R FlL
VGG-19 965 96.6 96.5 96.5]88.1 89.4 88.1 87.9[97.1 97.3 97.1 97.1|89.8 92.4 89.8 89.8[96.1 96.1 96.1 96.1]96.9 97.2 96.9 96.9

ResNet-152  |94.3 94.7 94.3 94.3|87.1 89.4 87.1 86.7(99.2 99.2 99.2 99.2|95.1 95.8 95.1 95.2|96.5 96.6 96.5 96.5|98.4 98.4 98.4 98.4
Inception-V3 |96.9 97.0 96.9 96.9|86.6 89.6 86.6 86.0|95.0 96.0 95.0 95.0(94.2 94.8 94.2 94.3(99.1 99.1 99.1 99.1|98.4 98.4 98.4 98.4
DenseNet-121|85.6 89.4 85.6 85.0|68.6 78.5 68.6 65.5(97.9 98.1 97.9 98.0|96.4 96.7 96.4 96.4|95.7 96.0 95.7 95.7|94.8 95.3 94.8 94.7

MobileNet-V3|96.1 96.3 96.1 96.1|91.8 91.7 91.8 91.7(95.5 95.9 95.5 95.5|93.3 94.2 93.3 93.4|89.7 90.4 89.7 89.6|95.3 95.3 95.3 95.3

ViT 94.8 94.9 94.8 94.7|93.3 93.5 93.3 93.3|96.7 96.8 96.7 96.7|97.3 97.5 97.3 97.3|93.2 93.5 93.2 93.2|94.3 94.5 94.3 94.3
Swin 97.8 97.8 97.8 97.8/88.7 90.6 88.7 88.3|97.9 98.0 97.9 97.9|93.3 94.5 93.3 93.2/95.9 96.1 95.9 95.9|95.9 96.1 95.9 95.9
Table 2: Same-data results on real and synthetic data sets. The best and second-best

performances for each data set are indicated in bold and underlined, respectively.

% TARGET
2 Raabin AML PBC LDWBC WBC-USID-B WBC-USID-C
= |SOURCE A P R F1|A P R ) A P R FI|/A P R FI|A P R FI|A P R FI1
Raabin 96.5 96.6 96.5 96.5/63.4 70.7 63.4 57.9 55.7 57.9 53.1|58.2 65.3 58.2 59.7|77.6 79.4 77.6 77.1|66.3 70.8 66.3 64.7
o |AML 54.1 62.8 54.1 48.4| 88.1 89.4 88.1 42,6 57.5 42.6 38.1|42.7 39.7 42.7 38.5|35.3 58.1 35.3 25.5|25.4 34.4 254 16.4
5 PBC 65.5 72.0 65.5 58.9|83.5 84.0 83.5 97.1 97.3 97.1 97.1|67.6 68.7 67.6 64.6|62.1 55.0 62.1 56.1|49.8 43.8 49.8 43.4
& |[LDWBC 51.5 55.5 51.5 45.6|78.9 80.3 78.9 61.2 68.1 61.2 56.9| 89.8 92.4 89.8 89.8/45.7 68.9 45.7 41.0|33.4 51.3 33.4 30.1
= |WBC-USID-B|48.9 74.8 48.9 50.2|44.8 66.7 44.8 31.4 53.3 31.4 26.4|36.4 56.4 36.4 33.7|96.1 96.1 96.1 96.1|76.6 88.2 76.6 76.1
WBC-USID-C|50.7 60.9 50.7 48.2|32.0 61.6 32.0 i 25.6 38.5 25.6 26.7 36.4 26.7 19.1|98.1 98.2 98.1 98.1 96.9 97.2 96.9 96.9
Raabin 94.3 94.7 94.3 94.3|76.8 77.7 76.8 40.1 50.6 40.1 53.3 55.5 53.3 49.0|57.7 76.4 57.7 60.2|53.2 63.9 53.2 53.0
E AML 64.2 79.9 64.2 56.4| 87.1 89.4 87.1 43.8 70.3 43.8 @ 50.7 52.3 50.7 45.8|31.1 35.9 31.1 19.9(23.9 46.5 23.9 13.5
- PBC 63.3 67.8 63.3 60.2|73.2 80.5 73.2 99.2 99.2 99.2 99.2|79.1 81.1 79.1 78.2|57.7 54.1 57.7 52.1|45.6 45.1 45.6 40.6
Z |LDWBC 44.5 43.5 44.5 36.0|66.5 78.7 66.5 52.5 54.0 52.5 44.2|95.1 95.8 95.1 95.2|32.8 39.4 32.8 20.9|21.3 12.8 21.3 9.4
~|WBC-USID-B|38.0 70.4 38.0 37.9/46.4 71.3 46.4 53.7 66.1 53.7 49.6|40.9 41.2 40.9 38.4|96.5 96.6 96.5 96.5/53.0 79.7 53.0 53.1
WBC-USID-C|69.0 79.5 69.0 65.7|46.9 67.1 46.9 5 33.1 38.6 33.1 26.4|33.3 54.8 33.3 29.7{91.4 92.9 914 91.1 98.4 984 98.4 984
o |Raabin 96.9 97.0 96.9 96.9|71.1 77.7 71.1 47.5 47.5 47.5 39.5|51.6 60.4 51.6 52.1|37.0 64.4 37.0 33.5|54.8 59.9 54.8 54.8
= |AML 62.9 73.7 62.9 59.3| 86.6 89.6 86.6 40.9 68.2 40.9 32.3|45.8 50.7 45.8 41.8|28.7 69.6 28.7 18.9|24.4 40.1 244 148
_S PBC 65.5 74.5 65.5 62.8|77.8 81.3 T7.8 95.0 96.0 95.0 95.0/59.1 61.7 59.1 59.0|54.9 53.5 54.9 49.3|41.7 42.6 41.7 33.0
&|LDWBC 45.0 51.0 45.0 37.6|67.5 75.6 67.5 25.2 15.8 25.2 14.1]| 94.2 94.8 94.2 94.3|38.0 50.1 38.0 29.9|24.8 35.8 24.8 16.6
%WBCfUSIDfB 24.9 34.2 249 17.6|27.3 53.5 27.3 28.5 27.3 28.5 21.4|30.2 46.9 30.2 99.1 99.1 99.1 99.1/86.4 88.6 86.4 86.5

WBC-USID-C|45.4 46.9 45.4 40.6|30.9 64.4 30.9 3 97.2 97.3 97.2 97.2 98.4 98.4 98.4 98.4

29.8 15.0 29.8 17.8]|23.1 37.6 23.1

Raabin 85.6 89.4 85.6 85.0|77.8 77.7 77.8 41.3 55.6 41.3 45.3 62.6 45.3 56.5 63.2 56.5 55.7|42.2 57.8 42.2 42.0
AML 40.2 60.4 4 68.6 78.5 68.6 27.3 11.0 27.3 1 38.2 40.9 39.6 66.6 39.6 29.5|21.4 38.6 21.4 9.6
PBC 63.8 67.6 5(74.7 80.7 74.7 97.9 98.1 97.9 97.9/61.3 62.2 56.8 55.5 56.8 49.7|37.3 46.8 37.3 33.4
LDWBC 51.5 62.0 ¢ 78.4 824 784 82.2 96.7 ¢ 25.0 32.8 25.0 16.1|20.1 16.8 20.1 7.7

WBC-USID-B|30.6 50.2 : 29.9 68.8 2 41.3 42.6 3 .3 .6 95.7 96.0 95.7 95.7|64.5 77.0 64.5 63.1
WBC-USID-C|48.0 54.4 .9(45.4 75.7 4 38.8 36.0 98.3 98.4 98.3 98.3 94.8 95.3 94.8 94.7
Raabin 96.1 96.3 96.1 96.1|44.3 65.6 44.3 55.0 47.6 3139.9 56.9 39.9 37.3(58.3 65.4 58.3 58.7
AML 53.7 58.4 53.7 50.9| 91.8 91.7 91.8 71.1 39.1 33.0|47.1 53.8 47.1 40.2|29.4 50.9 29.4 23.5
PBC 47.6 38.9 47.6 38.7|69.1 73.9 69.1 95.5 95.9 95.5 95.5|57.8 52.8133.9 33.9 28.2|25.3 35.3 25.3 17.7
LDWBC 32.3 47.7 32.3 31.8|52.1 47.5 52.1 33.5 47.8 33.5 25.4| 93.3 93.425.7 33.1 25.7 21.5(26.6 41.1 26.6 19.8

WBC-USID-B|38.0 44.1 38.0 36.6|35.1 51.6 35.1 34
WBC-USID-C|47.6 47.3 47.6 42.6|27.3 39.5 27.

16.5 27.2 16.5 9.5 |30.2 ¢
27.3 39.2 27.3 19.9]21.8 @

24.5|89.7 90.4 89.7 89.6|77.9 79.1 77.9 78.1
13.3191.6 93.1 91.6 91.3 95.3 95.3 95.3 95.3

MobileNet-V3 | DenseNet-121

Raabin 94.8 94.9 94.8 94.756.7 67.1 56.7 5 59.9 58.4 59.9 54.5|55.1 66.3 55.1 53.3|60.9 65.0 60.9 62.3|46.8 55.6 46.8 41.8
AML 65.5 67.0 65.5 61.6] 93.3 93.5 93.3 79.3 834 79.3 78.9|62.7 75.1 62.7 61.9|44.7 52.2 44.7 40.8|40.9 63.2 40.9 34.7
=|PBC 68.1 74.0 68.1 63.9|64.9 79.0 64.9 96.7 96.8 96.7 96.7/66.2 69.9 66.2 65.2]|48.2 50.4 48.2 39.7|40.0 48.1 40.0 37.1
= |LDWBC 59.8 63.6 59.8 57.9|58.8 70.0 58.8 5 63.6 77.7 63.6 61.7|97.3 97.5 97.3 97.3|43.4 42,5 43.4 39.0|31.5 44.4 31.5 24.2
WBC-USID-B|38.9 75.6 38.9 36.3|37.1 63.2 37.1 51.2 65.0 51.2 49.4|40.9 52.6 40.9 36.6| 93.2 93.5 93.2 93.2|75.0 83.1 75.0 76.0
WBC-USID-C|58.5 78.1 58.5 56.4|32.0 66.9 32.0 41.7 61.7 41.7 36.6]29.8 54.2 29.8 24.1]91.8 92.3 91.8 91.7 94.3 94.5 94.3 94.3
Raabin 97.8 97.8 97.8 97.8/62.9 70.2 62.9 63.3|60.3 61.8 60.3 54.2|52.9 56.5 52.9 50.2|77.6 81.4 77.6 78.0|63.2 70.1 63.2 60.3
AML 63.3 66.4 63.3 55.6| 88.7 90.6 88.7 88.3|52.9 72.9 52.9 43.4|44.9 40.5 44.9 35.8|26.6 33.1 26.6 17.9|24.4 52.6 244 15.9
E|PBC 67.7 77.1 67.7 61.5|69.6 75.8 69.6 67.5| 97.9 98.0 97.9 97.9|60.4 71.2 60.4 57.0|47.1 57.4 47.1 42.7|36.6 39.3 36.6 33.6
Z|LDWBC 71.2 742 71.2 69.6|58.8 71.9 58.8 51.0|71.9 82.6 71.9 T1.4|93.3 94.5 93.3 93.2|65.5 64.9 65.5 61.2|32.5 45.4 32.5 23.4

WBC-USID-B|60.7 81.1 60.7 57.2|54.6 72.1 54.6 55.2|54.5 68.3 54.5 47.8|43.6 53.2
WBC-USID-C|58.5 79.4 58.5 53.3|42.3 73.8 42.3 47.2|51.2 53.8 51.2 45.8|33.3 42.9

Table 3: Same-data (highlighted in grey) and cross-data set performance on TARGET
data sets exploiting the model trained with the SOURCE data set.

39.0195.9 96.1 95.9 95.9|76.2 87.7 76.2 77.2
28.9199.0 99.0 99.0 99.0 95.9 96.1 95.9 95.9

data sets with ResNet-152. This is the most interesting result, considering no
additional fine-tuning was performed with real images. The most commonly used
approach in the literature, indeed, is to fine-tune the model again after training
with synthetic images or directly mixing real and synthetic images because it is
more intuitive to guide real-world applications.
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Further observations emerge from examining the columns related to synthetic
data sets. In such scenarios, a distinct decline in performance becomes apparent
solely when utilising the Base Level as the SOURCE and the Complex one as the
TARGET. Conversely, no decrease in performance is observed when the Complex
Level serves as the SOURCE and the Base one as the TARGET; in fact, in nu-
merous cross-data set evaluations, performance actually improves. This further
underscores how escalating complexity in the images facilitates the training of
more resilient models with enhanced generalisation capabilities. These findings
demonstrate that the proposed data sets are suitable for direct training of DL
models, ensuring that in real-world applications, they are characterised by very
high bias and perform similarly to models trained with real images. In addition,
the proposed synthetic data set generation method presents numerous significant
advantages over the literature. These range from the privacy-preserving aspect
of utilising synthetic images to the substantial time saved on annotations with
respect to the use of GANs [101/23,/36]. This efficiency is attributed to the capa-
bility of the proposed methodology, based on DDPM, to generate both images
and annotations simultaneously in a single step and the ability to handle image
complexity while minimising bias.

5 Conclusion

In conclusion, this study presents a novel synthetic image data set specifically
designed to train and evaluate DL methods for classifying leukocyte sub-types
critical for various medical applications. The data set was generated using the
DDPM, which ensures high-quality synthetic images. Two meticulously crafted
versions of the data set were developed, each varying in complexity. Experimen-
tal results across several DL architectures demonstrate a significant difference
in model performance between the two versions, with notably higher accuracy,
precision, and recall achieved on the Complex Level data set. These findings un-
derscore the importance of data set complexity in assessing the robustness and
effectiveness of DL models for complex medical image analysis tasks and con-
firm that the proposed data set can serve as a valuable resource for researchers,
offering a standardised platform to benchmark and drive advancements in WBC
sub-type classification, thereby advancing medical research and healthcare ap-
plications. Additionally, the study in this paper might also inspire future designs
of synthetic data sets and advance further studies with synthetic data sets for
even wider applications in the future. While this study acknowledges limitations
in the quantity and resolution of produced images, and the analysis is performed
on two complexity levels only, future research endeavours aim to address these
issues by producing a large-scale data version with higher resolution and by intro-
ducing intermediate complexity levels gradually incorporating different types of
cells. This approach is expected to provide a more nuanced understanding of the
correlation between data set size, quality, complexity and model performance,
further enhancing the efficacy of DL methods in medical image analysis.
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