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Abstract

Deep learning has advanced medical image classifi-
cation but remains heavily reliant on large, diverse
datasets, posing ethical and practical challenges. This
study investigates the role of synthetic data, gener-
ated using Denoising Diffusion Probabilistic Models
(DDPM), to address data scarcity in brain tumor MRI
classification. Synthetic images were evaluated for fi-
delity and diversity using Frechet Inception Distance
(FID) and Inception Scores (IS), demonstrating high
quality for specific classes. A modified VGG-19 CNN
classified MRIs into glioma, meningioma, pituitary, and
no tumor classes. Experiments with varying real-to-
synthetic data ratios revealed that synthetic data can
enhance precision and recall for certain classes, though
often at the cost of accuracy and generalization. Perfor-
mance peaked at specific ratios, indicating an optimal
balance between real and synthetic data. Fine-tuning
with combined datasets improved metrics for underrep-
resented classes but yielded results comparable to mod-
els trained solely on real data. These findings under-
score the potential of synthetic data to augment med-
ical imaging datasets and address data scarcity while
emphasizing the importance of balanced integration.
Future research should focus on validating synthetic
data through expert review, refining its quality, and
testing its applicability across diverse datasets.

Keywords: Data Synthesis, Data Augmentation, Dif-
fusion Model, DDPM, Brain Tumor Classification,
CNN, Deep Learning

1. Introduction

In oncology, particularly in the context of brain can-
cer, early tumor detection, diagnosis, and management
are critical to preventing complications and relapses
[53]. While medical practitioners previously relied on
symptoms and various tests to diagnose brain tumors,
the advent and widespread adoption of Magnetic Res-
onance Imaging (MRI) have made this process signifi-
cantly more efficient. MRIs are non-invasive and pro-
vide detailed anatomical views of the brain, making
them highly effective for tumor detection.
In recent years, the application of machine learning

(ML) models in medical imaging has risen substantially.
These models excel in pattern recognition and detection
and are increasingly being employed for tumor classifi-
cation. However, ML models require extensive datasets
for training. The sensitive nature of medical data,
combined with stringent privacy regulations such as
the General Data Protection Regulation (GDPR) and
Health Insurance Portability and Accountability Act
(HIPAA), further complicates data acquisition. This
scarcity impedes the development of advanced diagnos-
tic algorithms, which depend on diverse and extensive
datasets [19].
To mitigate these challenges, data augmentation tech-
niques have been introduced [3]. Common approaches
include affine transformations such as scaling, flipping,
cropping, and adding noise, which expand the dataset
by inflating existing data. However, these transforma-
tions do not generate new images [10]. Instead, they
merely alter existing data, limiting the ability to simu-
late extreme, hypothetical, or abnormal cases.
To address these limitations, augmentation via syn-
thesized [21] data have been proposed as a means to
bridge the gap. Using generative models, these ap-
proaches produce realistic images that can supplement
real datasets. Beyond increasing dataset size, synthetic
data also offers opportunities to understand and pre-
dict tumor behavior under various conditions, thereby
supporting medical research.
The subsequent sections examine the effects, quality,
and distribution of synthesized data in training new
ML models. This analysis addresses two key research
questions:

• RQ1. Performance Improvement: Does the
integration of synthetic data enhance the perfor-
mance of brain MRI tumor classification models
compared to using real data alone?

• RQ2. Balance Optimization: What is the opti-
mal balance between real and synthetic data that
maximizes model performance while maintaining
cost-effectiveness for brain MRI tumor detection?

This report examines the impact of synthetic data on
the effectiveness of brain MRI tumor detection com-
pared to using real data alone. It evaluates whether
incorporating synthetic data enhances diagnostic accu-
racy and reliability, contributing to advancements in
medical imaging research and applications.
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2. Related Work

Recent advancements in data synthesis have been sig-
nificantly driven by the development of deep generative
models. These models have become a transformative
force, providing diverse approaches for generating real-
istic data across a wide range of applications. They are
broadly categorized into Likelihood-based models and
Implicit Generative Models. This section offers a com-
prehensive review of these models, emphasizing their
application in synthesizing brain MRI data and their
current state of the art.
Likelihood-based models excel in modeling the prob-
ability distribution of training data, treby enhancing
generalization capabilities and facilitating comparative
analysis with unseen data. Their design focuses on
maximizing the probability for each data example,
avoiding issues like lack of diversity and mode col-
lapse, which are often encountered in Implicit Gen-
erative Models like Generative Adversarial Networks
(GANs). he

2.1. Likelihood-based models

Two predominent types of Likelihood-based models are
flow-based models and autoregressive models.
Flow-based models operate on the principle that data
distribution is well-represented when it is easy to
model. These models employ a non-linear deterministic
transformation involving independent latent variables
and utilize the Jacobian and its inverse to simplify and
understand data transformations. The resulting images
and transformations are evaluated using log-likelihood
metrics to ensure high similarity to real images [8].
Autoregressive models, such as PixelCNN, focus on
capturing sequential data dependencies. They calculate
the conditional distribution for each data bit, hence the
name autoregressive. PixelCNN, using a Convolutional
Neural Network (CNN) for each conditional distribu-
tion, only accesses information about adjacent pixels.
An important aspect is, that the three (R, G, B) color
channels also depend on each other. G is conditioned
on R, where B is conditioned on (R, G). Notably, Pixel-
CNN adeptly handles sharp, coherent image generation
and manages both local and long-range spatial corre-
lations [58]. Despite their effectiveness, these models
are time-intensive, with synthesis speed dependent on
input size [26]. Nonetheless, their utility as decoders in
image autoencoders is noteworthy [58].

2.2. Implicit Generative Models

Implicit generative models on the other hand, with
GANs as its predominant example try to optimize a
zero-sum game between two neural networks: a gener-
ator and a discriminator. The generator creates images
from random noise, while the discriminator discerns be-
tween generated and real samples, defining the genera-

tor’s loss function in the process. However, GANs often
struggle with mode collapse, diversity and generaliza-
tion measurement [12].
In the realm of medical image synthesis, Skandarani
et al. [54] analyzed various GAN architectures, with
an extensive hyperparameter optimization over 500
GPU-days. The study, employing datasets like ACDC,
SLiver07, and IDRiD, demonstrated that while most
GANs were sensitive to hyperparameters, SPADE and
StyleGAN exhibited superior stability and FID scores,
underscoring their efficacy in medical imaging [42, 32,
22, 39].

2.3. Autoencoder and Diffusion models

The realm of generative modeling has also been en-
riched by Autoencoder-based models and diffusion
models. Variational Autoencoders (VAEs), for in-
stance, have been instrumental in data representation
and generative tasks. The Vector Quantised VAE, in
particular, demonstrates a remarkable ability to gen-
erate high-fidelity samples, surpassing previous VAEs
and rivaling state-of-the-art GANs, without succumb-
ing to model collapse or diversity loss [44].
On the other hand, diffusion models try to strike a bal-
ance between model flexibility and tractability. They
transform input data into a simple distribution, then
reverse this process to define a generative model dis-
tribution. The Semantic Diffusion Guidance (SDG)
framework, integrating language and image guidance
into diffusion models, has revolutionized image syn-
thesis, allowing for nuanced control and efficient, self-
supervised fine-tuning [55, 29].

3. Data Analysis

In this section, we describe our dataset as well as con-
duct a comprehensive data analysis to detect and show-
case the patterns and features within our dataset of
brain tumor MR-images, fostering a profound under-
standing that will lay the foundation for the subsequent
development and evaluation of our generative model.

3.1. Dataset

Since class-imbalanced datasets are common in the
medical domain and they can affect a learning algo-
rithm in a way such that it is biased towards the most
common features having an overview of the dataset
present is of importance [2]. In this study, we use a
comprehensive dataset in total consisting of 7022 MR
images of the human brain, assembled from three dis-
tinct sources by prior research [37]. The dataset in-
cludes one dataset from the Figshare repository, along
with the SARTAJ dataset and the Br35H collection,
each contributing unique and valuable imaging data for
analysis. The dataset is separated into a training (TR;
5712 images) and testing (TE; 1311 images) set. Each
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of the sets consists of four classes, which contain images
of different tumor types. These tumor-types are glioma
(TR: 1321 images, TE: 300 images), meningioma (TR:
1339 images, TE: 306 images), pituitary (TR:1457 im-
ages, TE:300 images) as well as normal brain MRIs
without tumorous cells (notumor ; TR: 1595 images,
TE: 405 images). Glioma and normal MR-images are
T1-weighted, while the remaining images are a combi-
nation of T1, T2 and FLAIR types [37].
While examining the images, different MRI planes were
noticed, which resulted in the development of a clus-
tering model, aimed at segregating images into dis-
tinct groups based on shared patterns and features
[34]. This model successfully identified three prevalent
planes: sagittal, axial, and coronal (Fig. 1).

glioma, sagittal
meningioma, axial

pituitary, axial notumor, sagittal glioma, coronal

meningioma, sagittal glioma, coronal meningioma, axial pituitary, coronal pituitary, axial

Figure 1: Sample images of the dataset annotated with
tumor-types and plane.

A comprehensive analysis of all classes based on their
respective planes was conducted to outline the data dis-
tribution (Fig. 2). The distribution of the training set
across all planes (Fig. 2a) indicate that half (50%) of
the images belong to the axial plane, which is the pre-
dominant plane for MR-images in the given set. Sagit-
tal and coronal planes each constitute 25% of the data.
For the three classes with tumor images the distribu-
tion of planes remains relatively consistent, hovering
around one-third for each. However, in the no-tumor
class most images (94%) are of the axial plane, whereas
the rest (6%) are of the sagittal plane.
The class-wise distribution (Fig. 2b) manifests a bal-
anced representation of each class within the entire
training set. Nevertheless, this differs for the three
planes. The sagittal plane has an equal distribution
of images in the classes with tumors, but lacks repre-
sentation from the notumor class (6%). In the axial
plane, more than half of the images (53%) are from the
no-tumor class, while the tumor-classes demonstrate
a near-equal distribution. In the coronal plane, all
tumor-classes are equally distributed, whereas the no-
tumor class is not represented. This diversification in
terms of imaging planes reflects the spectrum of imag-
ing conditions typically encountered within clinical set-
tings.
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(a) Distribution of MRI planes in total and for every tumor-
type.
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(b) Distribution of tumor-types in total and for every MRI
plane.

Figure 2: Distribution of MRI planes in total and per
class.

3.2. Image Assessment

Ensuring homogeneity in the MRI brain data is a rel-
evant step in order to achieve reliable and consistent
data synthesis. The images were assessed based on uni-
formity in terms of color (Sec. 3.2.1) as well as dimen-
sions (Sec. 3.2.2), and their clarity (Sec. 3.2.3).

3.2.1. Color Homogeneity

As a first step, we evaluated the color features within
the images. Given that MR images are typically in
grayscale, the homogeneity analysis focused on ensur-
ing consistent intensity distributions across the dataset.
Our analysis is essential to confirm that all images were
captured and processed under similar conditions, pre-
venting any color-based discrepancies which could lead
to biases in the synthesis process [11]. As a result of
this initial step, 92 images were found to be in the RGB
format and converted into the grayscale format subse-
quently.

3.2.2. Dimensional Uniformity

The homogeneity of image dimensions was assessed by
examining the height and width of each image, since
having images with the same size is important for the
quality of the generative model [31, 19]. A total of
382 distinct image dimensions are present within the
training set, with 512 x 512 being the most common
dimension with 3955 images (69,2 %). The next most
common dimension, 225x225 is already down by only
268 occurrences (4,7 %) (Fig. 3). This shows an al-
ready quite uniformly distributed dataset in terms of
dimensions, with a small amount of outliers.

3.2.3. Blur Detection

In real-world scenarios, MR images can be affected
by non-ideal conditions, leading to potential imperfec-
tions, such as blurry images. Consequently, the pres-
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Figure 3: Distribution of image dimensions for every
class.

ence of a certain degree of blur in images within the
dataset proves beneficial. Employing the Laplacian
variance, with a threshold of 50, revealed the identi-
fication of 1389 instances (24,3 %) of blurry images
within the training set, which seems to be a reasonable
amount of blurry images in the dataset [9].

3.3. Pixel value intensities

The pixel intensities of MR images can exhibit signif-
icant variations, even when acquired by the same ma-
chine. This variability arises from the dependence on
proton density and tissue relaxation properties, in con-
trast to CT scans, where intensities are influenced by
electron density. To illustrate the intensity distribu-
tion across multiple images, histograms are employed
to showcase such variations within the MR images [56].
To gain a comprehensive insight into these distribu-
tions across all four classes, histograms derived from
100 sample images, presented in grayscale, are depicted
in Fig. 4. In these histograms, pixel values range from
0 to 255, 0 represents an entirely black pixel and 255
denotes an entirely white pixel. Notably, all sample im-
ages demonstrate a tendency towards higher concentra-
tions of darker pixel values in comparison to brighter
pixel values. While the classes with tumors exhibit rela-
tively aligned distributions of pixel intensities, the pixel
intensities within the no-tumor class are not as uni-
formly aligned, suggesting greater variability in pixel
values for images in this class.

4. Data Preprocessing

The quality of the output generated by a generative
model is intricately tied to the quality of its input data.
Consequently, the domain of data preprocessing plays
a pivotal role in optimizing conditions for these mod-
els. The refinement of data preprocessing are inher-
ently constrained by the specific characteristics of the
dataset and the contextual nuances of its application.

Figure 4: Sample of 100 histograms for every class.

In the following section, each step taken in the data
preprocessing pipeline is described and explained, pro-
viding a comprehensive understanding of the methods
employed to refine and enhance the input data for sub-
sequent model training.
Since MRI images are typically grayscale images, all
steps taken from here on consider grayscale versions of
all images, regardless of their original color scheme.

4.1. Duplicates

Any duplicate images in the dataset could potentially
lead to overfitting and difficulty in learning novel fea-
tures. To ensure a high quality of the dataset, dupli-
cates were detected by using the DifPy1 python pack-
age, which revealed 155 duplicate images in the train-
ing set (TE: 21 images). Since some images have multi-
ple duplicates, in total 207 images from the training set
(TE: 30 images) were removed, to ensure data integrity
and prevent redundancy.

4.2. Image Sizes

As shown in Fig. 3, the dataset consists of images with
varying sizes and dimensions. For giving the generative
model ideal input data with a consistent dataset, all
images should have the same dimensions and sizes [31,
19]. Although 512 x 512 is the most commonly used
image size in the dataset, this big of a size is typically
not used with generative models, since it requires much
more computing power and time [46]. 1047 out of all
remaining 1750 images have dimensions in the range
of width, height = [200, 300], which is why we decided
on resizing all images to the commonly used 256 x 256
dimension.
However, reshaping images where width and height
are not equal could have a significant effect on the
shape of the brain [60]. Consequently, images with dis-
parate dimensions should potentially be removed from
the dataset, but the notumor-class then only contains

1https://pypi.org/project/difPy/
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444 images, whereas the other three classes consist of
1321 (glioma), 1218 (meningioma) and 1408 (pituitary)
images (Table 1).

glioma meningioma pituitary notumor
∑

Training 1321 1216 1438 444 4419
Testing 299 207 300 218 1024

Table 1: Data distribution for Width = Height across
each class, illustrated for both the training and testing
set.

This data imbalance might lead to a bias in the sub-
sequent model [2]. To address this issue, images in
the class of notumor with a size of width = [0.9 ∗
height, 1.1 ∗ height] and height = [0.9 ∗ width, 1.1 ∗
width] were selected, since these factors seem to re-
sult in still reasonable good results when reshaped to
Width = Height, yielding 817 images. Despite this,
a potential bias persisted due to a still slightly imbal-
anced set. To mitigate this, a final decision was made
to take a random sample in the range of [700, 900] for
each class with tumor-images, resulting in the data dis-
tribution outlined in Table 2.

glioma meningioma pituitary notumor
∑

Sagittal 232 315 256 60 863
Axial 322 233 223 757 1535
Coronal 313 254 242 0 809∑

867 802 721 817 3207

Table 2: Final data distribution in training set.

This step aims to achieve a more balanced representa-
tion across classes. The testing set on the other hand,
already has a reasonably balanced distribution without
the need for additional removing of images (Table. 1).

4.3. Data Augmentation

Data Augmentation is one common step in data pre-
processing for generative models, because it enhances
the generative model to generalize better to unseen
variations, improving its ability to generate realistic
and diverse outputs during training. Within the array
of techniques employed for augmentation, rotational
transformations stand out as a notable methodologi-
cal approach [57]. In the domain of medical imagery,
there is a potential of images being flipped and turned
by ± 10°. Consequently, this results in the augmenta-
tion of the dataset, where half of the images undergo
modification of rotations (± 10°), to enhance the overall
diversity and richness of the training data and subse-
quently foster improved model generalization.

4.4. Histogram normalization

As mentioned in Section 3, even images taken by the
same machine, are not necessarily aligned in terms of
intensity distribution. For ensuring a uniform training

set, with little variations in their intensity distributions
different histogram normalization techniques can be ap-
plied [56]. These include normalization of each image
within itself, as well as of all images in total.

4.4.1. Histogram Equalization

One approach to normalize histograms is through his-
togram equalization, enhancing image quality and sub-
sequently benefiting model performance.
Histogram equalization is a technique that adjusts the
contrasts of an image, leading to a more balanced dis-
tribution of intensities [47]. While global histogram
equalization is effective for images with histograms con-
fined to a region, it can be detrimental in cases, where
both bright and dark pixels are present, such as in MR
images.
To address this issue, Contrast Limited Adaptive His-
togram Equalization (CLAHE) is often preferred. In
CLAHE2, an image is divided into multiple small
blocks, each with a histogram confined to a small re-
gion, and equalized accordingly [45]. This adaptive
approach proves beneficial in scenarios where global
equalization might yield undesirable results. Conse-
quently, it enhances the contrast dynamics between
dark and bright pixels, leading to improved visibility
of tumors (Fig. 5).

(a) Original Im-
age.

(b) Global Hist.
Eq. (c) CLAHE.

Figure 5: Example of histogram equalization tech-
niques.

4.4.2. Histogram Matching

Histogram Matching is an alternative approach for nor-
malizing images, aligning an image to a reference image
or histogram using its cumulative distribution function.
In our case, intra-class histogram matching was imple-
mented by aligning images to the average histogram of
100 randomly selected images from the specific class
(Fig. 6). The histograms of 100 random sampled post-
matching are illustrated in Fig. 7
The pixel values were standardized to the range [-1,
1] during the normalization process. This choice is
common in deep learning applications as it aligns well
with activation functions and weight initialization, con-
tributing to better convergence and stability during
model training [11].

2https://docs.opencv.org/4.x/d5/daf/tutorial_py_
histogram_equalization.html
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(a) Original image. (b) Matched.

Figure 6: Example of Histogram Matching.

Figure 7: Sample of 100 Histograms for every class after
Histogram Matching.

4.5. Limitations in preprocessing

Additional standard preprocessing techniques in the
realm of brain MRI scans are skull stripping and bias
field correction [1, 48]. Our evaluation of bias field cor-
rection methods, particularly N3 [27], on randomly se-
lected images from our dataset suggested that, in our
specific scenario, this correction method might not be
necessary, since there is no significant difference visible
compared to the original images, as can be seen in Fig.
8.

(a) Example 1. (b) Example 2.

Figure 8: Example of Bias Field Correction.

On the other hand the application of skull stripping
faced limitations due to the use of JPEG images in
our dataset. JPEGs, being standard 2D images with-
out the depth and metadata typical of medical imaging
formats, rendered the application of skull stripping im-
practical for our non-medical image dataset [16].

5. Methodology

The proposed methodology consists of two distinct
components: a generative model and a classifier. Ini-
tially, the classifier categorizes images without includ-
ing synthetic data. Subsequently, we train genera-
tive models to generate realistic and high-fidelity MR-
images for all classes. These synthetic images are then
used to evaluate their potential impact on the clas-
sification accuracy. This approach enables us to not
only create realistic images but also assess their influ-
ence on the accuracy of image classification when in-
cluded in the training process. A detailed visualization
of this methodology, illustrating the complete process
from generating synthetic images to the comparison of
classifier performances, is provided in Fig. 9.

Figure 9: Process flow for classifier performance evalu-
ation with synthetic MRI data integration.

Both the generative model and the classifier are integral
to the study, each playing a distinct yet interconnected
role. The following sections will detail both compo-
nents, starting with the generative model, which lays
the groundwork for our experimental setup.
To ensure reproducibility, all code related to data pre-
processing, generative modeling, and classifier training
is publicly available.3

5.1. Generative Model

Due to the need of high-fidelity images in the context
of medical imaging, where precise details and charac-
teristics are essential [36], we employed a Denoising
Diffusion Probabilistic Model (DDPM) in this study.
A DDPM is a diffusion model that generates images
through gradually denoising a random noise distribu-
tion [15]. DDPMs operate by first adding noise to the
training data over a series of steps, effectively trans-
forming the data into pure noise. During model train-
ing, the reverse process is learned, where the model
gradually learns to denoise, or reverse this process,
thereby generating new images from a noise distribu-
tion [30].
We selected the MONAI 4 as the foundation for our
model due to its exceptional capabilities in handling

3https://github.com/Alimzade/synthetic_data_efficacy
4https://github.com/Project-MONAI/MONAIframework
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medical imaging data [41]. MONAI provides a robust
toolkit that simplifies the implementation of complex
models, making it an ideal choice for our research.

5.1.1. Data Preparation

To achieve a balanced dataset for the tumor classes of
glioma, meningioma and pituitary, we ensured equal
representation from all three MRI planes - axial, sagit-
tal and coronal by aligning the number of images from
each plane to match the count of the least represented
plane among them. However, this balancing method,
was not applied to the notumor class since the majority
of these images were from the axial plane.
Due to encountering time and computational limita-
tions, all images were downsized from their original di-
mension of 256 x 256 to 128 x 128 pixels. This resizing
enabled us to use a batch size of 16 during model train-
ing, significantly enhancing the efficiency of our com-
putations [33]. Stratified split of 80/20 was employed
to maintain a balanced representation of each tumor
class in both the training and validation sets.

5.1.2. Model Training

For each of the four classes (glioma, meningioma, pitu-
itary, and notumor) a separate model is trained with
the same parameter settings. These parameters include
the diffusion inferer, the DDPM scheduler with an ac-
cording number of time steps, the optimizer with an
according learning rate and the number of epochs re-
quired for training.
The Diffusion Inferer is utilized for a model’s noise
management and image generation process. This com-
ponent is vital in the DDPM’s architecture, as it man-
ages the gradual reduction of noise from the images,
guiding the model in generating images that are both
clearer and more similar to the original data [36]. The
DDPM scheduler, set to 1000 timesteps, plays a crucial
role in controlling the incremental introduction and re-
duction of noise [40], since it ensures that noise levels
are appropriately adjusted throughout the training, fa-
cilitating a smoother learning curve for the model. The
Adam optimizer coupled with a learning rate of 2.5e−5

serves as the models optimizer, to enhance it’s ability to
converge and effectively handle the complexities of the
dataset [13]. The training is conducted over 750 epochs,
enabling the model to capture the intricate details and
variations present within the brain MR-images [40].

5.1.3. Generation and Evaluation

For evaluation and further classification purposes 600
images of each class are generated and resized to the
original dimension of 256 x 256 pixels (Fig. 10).
To evaluate the quality of all generated images, the
Fréchet Inception Distance (FID) and Inception Score
(IS) are utilized, since these metrics are common ap-
proaches in literature for evaluating the diversity and
fidelity of generated images [28, 38, 50, 25].

 

 

Figure 10: Sample of generated images from each class.

FID measures the similarity between the distribution
of generated images and real images in a feature space,
where a lower score suggests, that the generated images
closely resemble the distribution of real images [59, 5],
whereas IS evaluates the quality and diversity of the
generated images, with higher scores indicating better
results [49, 14].

5.2. Classification

Deep learning, particularly convolutional neural net-
works (CNNs), has become a cornerstone of image
recognition, outperforming other classification models
like Deep Neural Networks (DNN) and deep Boltzmann
machines in accuracy [43]. CNNs are especially effec-
tive in brain tumor detection and classification tasks
[6, 7, 51, 52]. For this study, we adapted a CNN-based
classification model using a pre-existing VGG-19 archi-
tecture [35].

5.2.1. CNN Architecture

CNNs employ a weight-sharing architecture that re-
duces complexity while maintaining robust feature ex-
traction capabilities. To address the high computa-
tional demands of training CNNs, transfer learning
is widely used, allowing pre-trained models to serve
as a foundation for fine-tuning with domain-specific
data [17, 24]. VGG-19, a 19-layer CNN architecture
trained on millions of labeled images, is a commonly
used model in brain tumor classification due to its high
accuracy in similar tasks [23, 51].
For our model, we removed the last three layers of
VGG-19 and fine-tuned it on our dataset to classify
MRI images into four tumor classes: glioma, menin-
gioma, pituitary, and no tumor. The Adam opti-
mizer, known for its efficiency in MRI-based classifi-
cation tasks [24], was employed with a learning rate
of 0.0001 [18, 20]. A batch size of 32 and 5 epochs
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were selected based on empirical results, yielding opti-
mal performance on the dataset. Detailed performance
metrics are discussed in Section 6.2.1.

5.2.2. Testing Effects of Synthetic Data

The main focus of this work is to analyze the effects of
synthetic data on a classification model. For this pur-
pose six different Scenarios (Sc.) are tested: (1) adding
images to underrepresented classes, (2) adding differ-
ent proportions of synthetic meningioma images, (3)
adding different proportions of synthetic meningioma
and glioma images, (4) adding a specific amount (200,
400, 600) of images to each class, (5) fine-tuning ini-
tial classifier on a combined dataset that includes origi-
nal meningioma and glioma images, along with all syn-
thetic images and (6) training with synthetic data only.
In the first Scenario, we augment underrepresented
classes (meningioma, pituitary, notumor) with syn-
thetic images to eastablish a balanced dataset, with
867 images in each class. For Scenarios 2 and 3, differ-
ent data distributions of real (R) and synthetic images
(S) were taken into consideration: (1) R: 90%, S : 10%,
(2) R: 80%, S : 20% and (3) R: 66%, S : 33%. In the fifth
Scenario, the classifier is initially trained on all origi-
nal images and evaluated. Following this, it is further
fine-tuned for three more epochs on a combined dataset
that includes both original meningioma and glioma im-
ages, as well as all synthetic images, and subsequently
re-evaluated. This allows for a later comparison be-
tween the different training phases. The idea behind
using both real and synthetic data for fine-tuning is to
help the model learn additional features or variations
present in the synthetic data while reinforcing the pat-
terns learned from the real data.

6. Results

Experimental results for all conducted experiments are
outlined in the following sections

6.1. Synthetic Image Evaluation

Before integrating synthetic images into the classifica-
tion model, a comprehensive evaluation was performed
to assess their quality and diversity.

6.1.1. Fréchet Inception Distance

The average FID score across all four classes was 74.43,
with the meningioma class achieving the best score of
66.42, as shown in Table 3.

glioma meningioma pituitary notumor
FID 76.15 66.42 74.88 80.25

Table 3: Fréchet Inception Distance (FID) scores for
all classes.

6.1.2. Inception Score

To further evaluate synthetic image quality, IS was cal-
culated for both generated and real images, enabling a
direct comparison. This approach provides a more ac-
curate class-wise assessment of generated images [4].
The meningioma class achieved the highest IS for gen-
erated images (3.52), while the notumor class demon-
strated the closest similarity to real images with an IS
of 3.26, as shown in Table 4.

glioma meningioma pituitary notumor
(IS) real 4.38 4.24 3.07 3.43
(IS) generated 3.34 3.52 2.36 3.26

Table 4: Inception Scores (IS) for real and generated
images.

6.2. Classification

The following section evaluates classification models
trained on datasets with varying distributions.

6.2.1. Initial Classification

The initial classification model, trained without syn-
thetic data, achieved an average accuracy of 0.93, as
detailed in Table 5. These results are based on the

Precision Recall F1-Score Training Data
glioma 0.93 0.91 0.93 867
meningioma 0.83 0.88 0.86 802
pituitary 0.98 0.94 0.96 721
notumor 0.98 0.99 0.98 817
Macro Average 0.93 0.93 0.93 -

Table 5: Initial average classification report.

average of three classification reports generated using
different random seeds for NumPy and TensorFlow op-
erations.

6.2.2. Synthetic Data Classification

The following results provide a detailed analysis of the
six previously described scenarios. Each classification
task was repeated three times using different random
seeds, same as for initial classification, and the results
presented here represent the averaged outcomes across
all runs.

Scenarios 1 & 6. In Scenario 1, the use of a balanced
dataset, as opposed to the unbalanced dataset used
in the initial classification, resulted in only marginal
changes to model performance. Notable differences in-
cluded a reduction in precision scores for the glioma
and meningioma classes, both decreasing by 0.04, and
a slight reduction in overall accuracy to 0.91 (Fig. 11).
These results suggest that balancing the dataset had a
limited impact on performance.
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Figure 11: Accuracy over Scenarios 1, 2, 3 & 4.

In Scenario 6, where classification was performed using
only synthetic images, all performance metrics were sig-
nificantly affected. The overall accuracy decreased to
0.78, and the precision scores for all classes showed no-
table declines. Among the classes, the notumor class
was the least impacted, while the meningioma class
experienced a substantial drop in precision, reaching
0.53. Similarly, the glioma class exhibited the most
pronounced reduction in precision, decreasing to 0.67.
These findings highlight the limitations of relying solely
on synthetic data for classification tasks.

Scenarios 2, 3 & 4. In Scenario 2, different pro-
portions of synthetic meningioma images are added
to the dataset. For both the notumor and pituitary
classes, precision and recall remain largely consistent.
However, in the final case, where the highest propor-
tion of synthetic images is added, recall drops slightly,
as shown in Fig. 12. In contrast, the glioma and
meningioma classes are significantly affected. For the
glioma class, precision improves with the addition of
+11%(0.94) and +25%(0.98) synthetic images but de-
clines at +50%(0.90). This trend is reversed for recall,
which decreases initially but rises above its baseline
value at higher proportions. Similarly, the precision of
meningioma decreases at +11%(0.81) and +25%(0.75)
but increases at +50%(0.81). For recall, the score im-
proves at +25%(0.92) but declines afterward.
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Figure 12: Class-wise precision and recall score for Ini-
tial Classification compared to Scenario 2.

For Scenario 3, synthetic meningioma and glioma im-
ages were added in equal proportions. This addition
does not significantly impact the notumor and pitu-
itary classes. For glioma, the precision score increases
slightly, but the recall drops to 0.83. In contrast,
meningioma maintains a stable recall, but its precision
score decreases to 0.72 (Fig. 13).
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Figure 13: Class-wise precision and recall score for Ini-
tial Classification compared to Scenario 3.

In Scenario 4, the addition of a specific number of im-
ages to each class had minimal impact on the preci-
sion and recall for the notumor, pituitary, and glioma
classes. For the meningioma class, both precision and
recall showed a slight decline initially but increased to
0.81 with the inclusion of 600 additional images (Fig.
14).
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Figure 14: Class-wise precision and recall score for Ini-
tial Classification compared to Scenario 4.
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Figure 15: Class-wise F1-scores over Scenarios 1 to 4.

The F1-score decreases in Scenarios 2, 3, and 4, while
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it increases in Scenario 6 as more synthetic images are
added across all classes (Fig. 15). Overall, the score
remains relatively stable for the notumor and pituitary
classes, whereas it shows fluctuations for the glioma
and meningioma classes.
The accuracy remains largely unaffected across differ-
ent scenarios, with slight decreases observed in Scenar-
ios 2 and 3 as more images are added. It reaches its
highest value of 0.93 in Scenario 4 with the addition of
600 images.

Scenario 5. In Scenario 5, a different approach was
implemented by fine-tuning the initial classifier on a
combined dataset comprising both original meningioma
and glioma images, along with all synthetic images. Ini-
tially, the classifier was trained solely on the original
images, achieving average values of 0.93 for accuracy,
precision, recall, and F1-score. Following fine-tuning,
the overall accuracy remained consistent at 93
After fine-tuning, the glioma class demonstrated an
improvement in precision, increasing to 0.95 (+0.04),
while its recall decreased by (−0.05). Conversely, the
pituitary and meningioma classes experienced an in-
crease in recall and a decrease in precision (±0.03). The
notumor class was not significantly affected (Table 6).

Initial Fine-tuned
Precision Recall Precision Recall

glioma 0.91 0.95 0.95 0.90
meningioma 0.86 0.82 0.84 0.84
notumor 0.98 0.99 0.98 0.99
pituitary 0.97 0.95 0.94 0.97

Table 6: Class-wise precision & recall in Scenario 5.

Analysis of the confusion matrices revealed notable
changes in the model’s ability to classify and differen-
tiate between the glioma and meningioma classes. The
classification performance for both classes improved
slightly, with an increase of 0.01 in their respective
metrics. Additionally, the misclassification rate for the
glioma class decreased from 0.10 to 0.07, as shown in
Fig. 16. Furthermore, the fine-tuned model demon-
strated an enhanced ability to identify the notumor
class, with a 0.02 increase in accuracy, reaching 0.99.

Figure 16: Confusion Matrices for Scenario 5.

6.2.3. Mini-Classification

In image classification tasks, particularly in the con-
text of medical imaging, using a limited dataset for ini-
tial model training is a common and effective approach.
This method facilitates the assessment of model perfor-
mance and feasibility when working with constrained
datasets. The mini-classification process described be-
low provides a preliminary evaluation of the model’s ca-
pabilities and highlights areas requiring improvement.

Figure 17: Effect of real and synthetic images on clas-
sification accuracy in a limited dataset.

In Fig. 17, the impact of incrementally adding train-
ing images on model classification accuracy is examined
through two distinct approaches. The first approach
involves gradually increasing the number of real MRI
images, while the second supplements a fixed number
of real images with an increasing quantity of synthetic
ones. For all experiments, class-wise balance was main-
tained, ensuring consistent representation across cate-
gories in both real and synthetic image sets.
In the first scenario, only real images were used, with
72, 144, 216, 360, and 720 images. The results demon-
strate a clear progression in model accuracy as the num-
ber of real images increases. In the second scenario,
each case included 72 real (r) images and varying quan-
tities of synthetic (s) images: 72, 144, 288, or 648.
A comparison of these two scenarios reveals distinct
patterns in accuracy improvement. The first scenario
exhibits a consistent increase in accuracy with addi-
tional real images, emphasizing the importance of ex-
panding real image datasets. In contrast, the second
scenario shows a different trend in accuracy growth
with the inclusion of synthetic images. This comparison
provides valuable insights into the effectiveness of syn-
thetic data for augmenting training, particularly when
real images are limited.

7. Discussion

This study explores the potential of synthetic images to
enhance brain tumor classification models, focusing on
their generation and integration into training datasets.
The performance of the generative model was evaluated
through Frechet Inception Distance (FID) and Incep-
tion Scores (IS), assessing both the fidelity of synthetic
images compared to real ones and the diversity among
synthetic images. The meningioma class achieved the
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highest scores across both metrics, indicating that the
model can generate high-quality synthetic data, though
variability in FID across classes highlights room for im-
provement.
The baseline classification model, trained exclusively
on real data, achieved consistently high performance,
with accuracy, precision, recall, and F1-scores all reach-
ing 93%. This reliability established a strong foun-
dation for evaluating the impact of incorporating syn-
thetic data. In scenarios where synthetic images were
mixed with real ones, a slight decline in accuracy and
precision was observed, particularly for specific classes.
These results underscore the importance of maintain-
ing an optimal ratio of real to synthetic images in the
training set. Conversely, scenarios using only synthetic
data performed significantly worse, affirming the limi-
tations of relying solely on generated data for classifi-
cation tasks.
The experiments revealed nuanced insights into the in-
terplay between real and synthetic data. Varying pro-
portions of synthetic data showed inverse trends be-
tween precision and recall for some classes, with perfor-
mance peaking at specific ratios before declining. This
indicates the presence of an optimal threshold for syn-
thetic data integration, beyond which the model’s abil-
ity to generalize diminishes. These findings emphasize
the need for careful calibration of dataset composition
to maximize the benefits of synthetic data while miti-
gating its drawbacks.
Scenario 5 demonstrated that fine-tuning the classi-
fier on a combined dataset of real and synthetic im-
ages could enhance performance for certain classes, im-
proving precision and reducing misclassification rates.
However, the overall metrics remained comparable to
those achieved by fine-tuning on real data alone. This
suggests that while synthetic data can supplement real
data, its utility may be constrained by factors such as
the inherent complexity of the task and the quality of
the synthetic images.
To address RQ1, our results indicate that incorporat-
ing synthetic data does not universally improve clas-
sification performance. While it introduces variability
that can enhance model robustness in specific cases,
the overall accuracy and key metrics often remain un-
changed or slightly decline, particularly in simpler tasks
where the baseline model already performs well.
Regarding RQ2, the study identifies an optimal bal-
ance between real and synthetic data, demonstrated in
scenarios where precision and recall trends suggest a
trade-off. Achieving this balance requires careful ex-
perimentation with different ratios of synthetic data,
tailored to the specific class distributions and task com-
plexity.
Future research should validate these findings on larger,
more diverse datasets, incorporate clinical validation
of synthetic images, and explore alternative generative
models to enhance their applicability in medical imag-
ing.

7.1. Limitations & Threats to Validity

When working with MRI data, caution is needed due
to the lack of a calibrated intensity scale. Unlike CT
scans, MRI signals depend on proton density and tis-
sue relaxation properties, which vary across datasets.
This variability can influence the generalizability of our
findings.
Another limitation is the absence of clinical validation
for the generated synthetic images. Without expert
review, the true diagnostic relevance of these images
remains uncertain. Addressing this limitation in future
work will be crucial to ensure the clinical utility and
reliability of synthetic data in medical applications.

8. Conclusion

This study investigated the use of synthetic data to en-
hance brain tumor MRI classification models, address-
ing challenges posed by limited real-world datasets.
The synthetic images, generated using Denoising Diffu-
sion Probabilistic Models (DDPM), demonstrated high
quality, particularly for specific tumor classes such as
meningioma. However, when these synthetic images
were integrated into the training pipeline, the overall
classification performance did not consistently surpass
that of models trained solely on real data.
Our findings reveal that while synthetic data can en-
hance model robustness and provide value in data-
constrained scenarios, its impact depends heavily on
the balance between real and synthetic data. Scenar-
ios with mixed datasets showed fluctuations in metrics
such as precision and recall, indicating the presence of
an optimal ratio of synthetic to real data. Conversely,
models trained exclusively on synthetic data exhibited
significant declines in performance, reaffirming the im-
portance of real data as the foundation for effective
classification.
Despite these limitations, the use of synthetic data
shows potential, particularly in augmenting datasets
for underrepresented classes and mitigating data
scarcity issues. Fine-tuning with combined real and
synthetic datasets demonstrated slight improvements
in certain metrics, though these gains were often com-
parable to models fine-tuned with real data alone.
In conclusion, this research underscores the promise
and challenges of synthetic data in medical imaging.
Achieving the right balance between real and synthetic
data is crucial for maximizing its utility. Future work
should explore the generalizability of these findings
across different datasets and medical imaging tasks,
alongside efforts to improve the quality and diversity
of synthetic images. Such advancements could pave the
way for more robust and scalable solutions in AI-driven
medical diagnostics.
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