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Focal cortical dysplasia (FCD) is a developmental disorder frequently linked to drug-resistant 
focal epilepsy, where surgical intervention is often the most promising treatment. Unfortunately, 
conventional neuroradiological methods often struggle to detect subtle FCD cases, which may result in 
missed surgical opportunities for patients. To address this challenge, we have developed an innovative 
approach to FCD lesions detection using conditional diffusion models guided by complementary 
location-based modal factors. Our method involves employing a classifier to identify epileptic sites 
while directing the diffusion model to generate pseudo-healthy images. Using the unique features 
of FCD present in both T1 and FLAIR images, T1 images conditions the diffusion model to produce 
the corresponding FLAIR image, effectively removing abnormal tissue. Recognizing the difficulty in 
detecting epileptic lesions due to their subtle presentation, we have incorporated histogram matching 
techniques to address the color distortion issues commonly associated with diffusion models. This 
adjustment ensures that chromatic aberration does not hinder the identification of lesions. The 
effectiveness of our method has been validated using the UHB FCD MRI dataset, achieving an image-
level recall metric of 0.952 and a pixel-level dice metric of 0.245. These results surpass those obtained 
from four other comparative methods, underscoring the superior performance of our approach. Our 
code is available at https://github.com/CodePYJ/FCD-Detection.
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Epilepsy is a prevalent and serious neurological disorder that affects more than 70 million people worldwide1. 
Among these, one-third suffer from drug-resistant focal epilepsy, with focal cortical dysplasia (FCD) being the 
leading cause of refractory epilepsy in children, contributing to more than 30% of cases2. Although surgical 
intervention serves as an effective treatment for drug-resistant epilepsy, its success depends on the precise 
location of the epileptic lesions. Unfortunately, FCD lesions often present subtle structural changes in MRI 
scans, such as increased cortical thickness and indistinct gray-white matter junctions, which are challenging to 
detect manually3,4. In addition, the existing radiological classification and diagnostic criteria based on magnetic 
resonance imaging for patients with FCD are inconsistent. This inconsistency arises from the subtle nature of 
image features, individual variances, and data privacy limitations, complicating the labeling process for clinicians 
and resulting in insufficient publicly labeled datasets for model training and evaluation5. Consequently, there is 
a pressing need to develop unsupervised or weakly supervised algorithms to reduce the dependence on precise 
labeling in the detection of epileptic lesions.

In recent years, anomaly detection methods have gained prominence in medical imaging due to their 
adaptability, especially when pixel-level annotations are unavailable. The high costs associated with medical 
image annotation and inconsistent results among physicians pose challenges to fully supervised learning in 
clinical settings, thus encouraging the advancement of unsupervised or weakly supervised approaches. 
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Generative model-based techniques, such as GANs  6, VAEs  7, and Diffusion models  8, detect abnormalities 
by analyzing the distribution of normal structures and contrasting abnormal regions with these normal 
representations. While these methods are effective in identifying large-area lesions like tumors, they encounter 
significant difficulties with small lesions that have indistinct borders, such as FCD, and they require further 
validation.Moreover, diffusion models have become state-of-the-art generative models in terms of generating 
sample quality. Different noise additions can be used in the forward diffusion process9. To generate specific 
health images, images10 or classification labels11 are usually used as conditions to guide the diffusion model. In 
the reverse denoising process, the Denoising Diffusion Implicit Models (DDIM)12 sampling property can be 
used to convert abnormal tissue to normal.

To address the challenges in detecting subtle lesions, we propose a weakly supervised anomaly detection 
method built on diffusion modeling. This approach leverages weakly conditional location information of lesions 
to train a classifier and guide the diffusion model in generating pseudo-healthy images. By integrating the 
distinct features of FCD observed in T1 and FLAIR images, the T1 image serves as a condition to produce the 
corresponding FLAIR image, effectively removing abnormal tissue. Given the difficulty in recognizing epileptic 
lesions, we introduce histogram matching to address the common color distortion problem associated with the 
diffusion model, thereby enhancing lesion detection accuracy. In summary, the key contributions of this work 
are as follows:

•	 We employ a weakly supervised training strategy using a location-guided diffusion model to generate pseu-
do-healthy images, addressing the limitations in detection performance due to the lack of precise FCD an-
notations.

•	 Our modality translation approach, based on diffusion models, preserves image generation quality while 
incorporating multimodal FCD manifestations, thereby improving detection accuracy.

•	 The use of histogram matching effectively eliminates color deviation issues caused by the diffusion model, 
further enhancing lesion identification accuracy.

Related work
Epilepsy
Drug-Resistant Epilepsy is a surgically treatable developmental epileptogenic brain malformation13. Treatment 
success depends critically on accurate localization and depiction of focal cortical dysplasia lesions. It manifests as 
cortical thickening on T1-weighted MRI and high signal intensity with blurring at the gray matter-white matter 
interface on FLAIR images. However, recognizing FCD lesions in clinical practice remains challenging14. First, 
because of privacy and other issues, publicly available datasets for epilepsy are currently very sparse, resulting 
in current methods being based on monocentric datasets. There are three main problems with FCD detection 
algorithms trained and validated using monocentric datasets: the first is that the number of datasets is too small 
to develop powerful classification algorithms. Second, studies may recruit training and testing data from the 
same sample of epileptic patients, resulting in data leakage and causing their performance to be overestimated. 
Third, radiologic diagnosis or MRI ratings of individuals with FCD may vary by site. The MRI volume of an 
individual with FCD can be described as ”MR negative” at one site and ”radiologically described FCD” at another, 
with corresponding implications for the evaluation of the detection algorithm. Therefore, it is important that the 
same well-annotated and sufficiently large dataset is used to validate the different algorithms and that the dataset 
is not used to train these algorithms. New methods based on machine learning and deep learning have greatly 
impacted the field of automated FCD detection in MRI-negative focal epilepsy15.

FCD lesion localization
In recent years, voxel-based morphometry16 and surface-based morphometry17 have been employed for 
computer-aided detection of FCD lesions. These traditional methods rely on manually crafted low-level features, 
which often struggle to effectively differentiate FCD lesions from normal structures. The advent of deep learning 
technologies has led to the widespread adoption of automatic detection and segmentation techniques in medical 
imaging. Convolutional neural networks (CNN), trained on T1-weighted and FLAIR MR images from multiple 
centers, have become common tools for identifying FCD lesions18. Furthermore, David t al. developed an 
artificial neural network for detecting FCD using morphometric maps19. In segmentation tasks, significant 
advancements have been achieved by combining CNN-based encoder-decoder architectures with multiscale 
transformers to enhance lesion feature representation through global context14. Nonetheless, these methods 
utilize supervised learning, which demands extensive accurate labeling, a particularly challenging requirement 
for FCD. Consequently, there is a need to employ anomaly detection techniques to address the labeling issue.

Anomaly detection
The DenoisingAE model20 explored the classic denoising approach of autoencoders, incorporating variational 
autoencoders and noise injection mechanisms to enhance sensitivity to subtle variations. The introduction of 
diffusion models21 revolutionized anomaly detection tasks with their robust generative capabilities. Wolleb t al. 
applied the diffusion model to the anomaly detection task for the first time11. This method introduced a joint 
training paradigm, training the diffusion generation network on both healthy images and pathological images 
while constructing a binary noise sample classifier. The innovation lies in integrating classifier gradients with the 
denoising trajectory of diffusion models to form a conditional generation framework. AnoDDPM9 employs an 
unsupervised training method, substituting Gaussian noise with simplex noise in traditional diffusion models to 
manage the size of anomalous targets. While these techniques are effective in detecting prominent abnormalities 
like tumors, they struggle with subtle epileptogenic anomalies.
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Diffusion model
The origins of diffusion models can be traced back to the diffusion probability model introduced by Sohl-
Dickstein et al.22. in 2015. This model established a framework for data generation by simulating thermodynamic 
diffusion processes. However, it initially garnered little attention due to limitations in computational efficiency 
and generation quality. A major advancement occurred in 2020 with the introduction of the denoising diffusion 
probabilistic model by Jonathan Ho et al.8. This model used a Markov chain to define a step-by-step process of 
noise addition and removal, achieving stable training in image generation for the first time and marking the 
entry of diffusion models into a practical phase. In 2021 , OpenAI further advanced the field by introducing a 
refined diffusion model21. This version incorporated explicit classifier guidance and corrected the generation 
direction using the classifier gradient. Remarkably, it surpassed the generation quality of GANs on the ImageNet 
dataset, which sparked significant academic interest in diffusion models. To address these issues, we introduce 
a novel model that combines the detection capability of a classifier with the generative strengths of diffusion 
models, achieving excellent performance in FCD lesion detection without increasing the labeling effort.

Methods
The proposed framework is illustrated in Fig. 1. It employs a diffusion model guided by a classifier to transform 
MR images from T1 images to FLAIR, leveraging the distinct characteristics of FCD in both images. The 
integration of a classifier capable of distinguishing between abnormal and normal tissue features facilitates the 
generation of pseudo-healthy MR images by converting abnormal tissues to resemble normal ones. During 
the reverse denoising process, DDIM are used to preserve the integrity of healthy tissues. To address color 
discrepancies, histogram matching is applied to the generated FLAIR images. The anomaly map is then defined 
by calculating the differences between the generated images and the original images.

Location-guided diffusion model
We follow the diffusion model formulation proposed in the Classifier Guided Diffusion literature21. This 
approach involves introducing noise to an input image, denoted as x, to create a sequence of progressively noisier 
images: D = {xi}N

i=1. At each arbitrary time step t, a U-net is trained to predict xt−1 from xt of the current 
time step. MSE serves as the loss function during this training phase.

In the reverse process, we employ inverse Deterministic DDIM to facilitate deterministic sampling, guided 
by a classifier. This process iteratively predicts xt−1 from xt, until the original image x0 is reconstructed. The 
forward process can be expressed mathematically as follows:

	 xt =
√

ᾱtx0 +
√

1 − ᾱtϵ, ϵ ∼ N(0, I),� (1)

Fig. 1.  The overall framework of our proposed model for anomaly detection: (1) Diffusion model based on 
position-guided modality transformation, using a classifier to detect abnormal positions of FLAIR, and guiding 
the diffusion model with modal transformation to generate pseudo-healthy images. (2) Histogram matching 
algorithm, which matches the generated pseudo-healthy image with the original image to eliminate color 
deviation.
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where αt = 1 − βt and ᾱt =
∏t

i=1 αi. βt is the noise coefficient, representing the proportion of noise added to 
the data during the t-th step of diffusion. αt is the data retention coefficient, representing the proportion of the 
original data retained after the t-th step of diffusion. The MSE loss equation for training is:

	 L = ||ϵ − ϵθ(xt, t, c)||2,� (2)

where ϵ represents noise sampled from a Gaussian distribution N(0, I), and ϵθ  is the U-net parameterized by θ. 
The variable c includes T1 image and positional label information.

Inverse DDIM processes xt+1 with the following formula:

	
xt+1 = xt +

√
ᾱt+1

[ (√
1
ᾱt

−
√

1
ᾱt+1

)
xt +

(√
1

ᾱt+1
− 1 −

√
1
ᾱt

− 1
)

ϵθ(xt, t, c)
]

.� (3)

The iterative denoising process yields samples as follows:

	
xt−1 =

√
ᾱt−1

(
xt −

√
1 − ᾱtϵθ(xt, t, c)√

ᾱt

)
+

√
1 − ᾱt−1 − σ2

t ϵθ(xt, t, c) + σtϵ,� (4)

where σt =
√

(1−ᾱt−1)
(1−ᾱt)

√
1 − ᾱt

ᾱt−1
. In DDIM, setting σt = 0 results in deterministic sampling. We adopted 

the classifier guidance method detailed in DDPM-DDIM11 to direct the image generation towards the desired 
healthy class, denoted as h. To achieve this, we pre-train a classifier network, C, on the noisy image xt to predict 
class labels for abnormal regions, including the frontal, temporal, parietal, occipital, and insular lobes, as well as 
healthy cases. During denoising, the scaled gradient of the classifier s∇xt logC(h|xt, t) is employed to update 
ϵθ(xt, t, c).

Modality conversion
Research by Hong et al. indicates that FCD, particularly FCD II-B lesions, displays notable variability across 
different MRI sequences23. For instance, the FLAIR modality is highly sensitive to changes in both cortical 
and subcortical water content. In regions of FCD II-B lesions, this results in a distinctive pattern that includes 
high intracortical signals, abnormal high signal strips in the subcortical area, and blurring at the cortical-white 
matter boundary, which enhances visualization significantly. Conversely, T1-weighted images are more effective 
in revealing anatomical changes, such as increased cortical thickness, the absence of vertical structures (radial 
bands), and blurring at the gray-white matter junction within the lesion area 24. This complementary information 
forms the basis of our multimodal imaging analysis.

In tasks like reconstruction and modality mapping for anomaly detection, particularly where lesions occupy 
a small portion of the image, models often resort to a conservative identity mapping strategy. This approach 
leads to what’s termed as an identity shortcut, where the model reconstructs inputs with minimal alterations, 
overlooking subtle yet crucial abnormal features. This is particularly problematic in detecting FCD II lesions. 
Figure  2 illustrates the clear distinction between T1 and FLAIR images, with epileptic features being more 
pronounced in FLAIR.

We consider two MRI modality spaces: X and Y. When training a model to transform images between these 
modalities, denoted as f : X → Y, the model learns how specific tissue responses change with different radio 
frequency pulses. Our dataset comprises N pairs of images from both modalities, represented as D = {xi, yi}N

i=1, 
where x ∈ X refers to the T1 image and y ∈ Y refers to the FLAIR image.

Histogram matching
Histogram matching (HM) is a technique in image processing that aligns the histogram of an input image with 
that of a target image, aiming to achieve similar tone or intensity distributions between the two. The fundamental 
concept involves mapping the pixel values of the input image to those of the target image using a specific mapping 
function.

The HM process encompasses three essential steps. The first step involves calculating both the grayscale 
histogram and the Cumulative Distribution Function (CDF) for the input and target images. The CDF is derived 
by cumulatively summing the Probability Density Function of each grayscale level. Next, a gray mapping table 
is constructed. This involves iterating over each grayscale level in the CDF of the input image to identify the 
closest match in the CDF of the target image, thus establishing a nonlinear pixel mapping relationship. Finally, 
global pixel replacement is applied to the input image in accordance with the lookup table, thereby specifying 
the histogram’s shape.

The CDFs of the input and target images are computed using the following equations:

	
Cinput(rk) =

k∑
i=0

pinput(ri),� (5)

	
Ctarget(zk) =

k∑
i=0

ptarget(zi),� (6)
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where rk  and zk  represent grayscale levels, and p refers to the frequency of occurrence in either the input or 
target image. For each grayscale level rk  in the input image, the corresponding grayscale level zk  in the target 
image is identified by finding the CDF value closest to that of rk . This results in mapping the grayscale level rk  
from the input image to the nearest grayscale level zk  in the target image.

Experiments
Datasets and implementation details
Datasets
This study utilizes the publicly available UHB dataset, provided by the Epilepsy Unit at the University Hospital 
Bonn (UHB)5. The dataset comprises MRI data of 85 patients diagnosed with FCD II between 2006 and 2021, 
and includes 85 healthy controls. Each subject’s data contains two types of MRI sequences, T1 and FLAIR, along 
with clinical information. Seven individuals categorized as MRI-negative or non-lesional were excluded from 
the study.

To ensure uniformity across all MRI sequences, we performed affine transformations to align the brain scans 
with the SRI 24-Atlas 25. Subsequent cranial exfoliation was carried out using HD-BET 26, focusing on horizontal 
slices due to our 2D methodological approach. Each image slice was resized to 256 × 256 pixels and normalized 
to a range between 0 and 1. Since FCD primarily affects the central brain area, we retained slices numbered 75 to 
125. Aiming to maintain a 1:1 ratio of abnormal to normal slices, the training set included 842 slices from FCD 
patients and 900 slices from partially normal individuals, while the test set contained 118 slices from epileptic 
patients. We employed stratified sampling to prevent overlap of patients between the training and test sets.

Implementation details
All experiments were conducted using the PyTorch 1.12 framework on a single Tesla V100s GPU. The model 
training spanned 100 cycles, utilizing the Adam optimization algorithm with a learning rate of 0.00005. We 
trained the model with batches of 12 slices. During the sampling phase, to minimize alterations to the original 
images and thereby reduce false positives, we employed 100 steps of addition and denoising, with a classifier 
scale set at 5.

Evaluation metrics
We evaluate our model’s performance using recall (denoted as R@k), which measures the detection of false 
positives per image at the pixel level, alongside Dice metrics. A lesion is considered recalled if there is at least 
one predicted point within 10 pixels of the lesion, aligning with the 5th percentile of lesion radius across both 
datasets. The Dice metric is computed by binarizing the anomaly map, and the threshold is chosen by picking the 
value that maximizes the Dice metric based on the range of anomalous pixels. Measurements were conducted 
on slices sized 256 × 256 pixels.

Comparative study
The study compares various models on the UHB dataset, including diffusion-based and autoencoder-based 
methods such as AnoDDPM  9, ImgCondDDPM  10, DDPM-DDIM  11, and DenoisingAE  20. To ensure fair 
comparison, we used default parameters from the open-source code of each competing method, matching the 
data to the training period. Our method demonstrated superior performance, achieving higher recall rates and 

Fig. 2.  T1 and FLAIR present different appearances at the lesion area. (a) T1 image, (b) FLAIR image, and (c) 
FCD lesion map.
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fewer false positives than alternative approaches, as summarized in Table 1. Furthermore, Fig. 3 illustrates that 
our method closely approximates the true detection of epileptic foci.

In four experiments, our method achieved recall scores of 0.856 and 0.952, and Dice scores of 0.245, for 
R@5 and R@10 respectively, both representing the highest scores. On average, recall exceeded other methods 
by 0.318 and 0.173, while Dice scores were higher by 0.099. These results indicate that AnoDDPM, employing 
an unsupervised algorithm, struggles to identify epileptic features, with error accumulation due to Markov 
chain denoising. Conversely, the unsupervised algorithm ImgCondDDPM, with conditional bootstrapping, 
significantly reduces false positives but still encounters broken loop anomalies instead of transformed anomalies. 
Compared to the DDPM-DDIM method, which uses a weakly supervised strategy, our approach integrates 
positional and modal information for enhanced detection accuracy. Additionally, compared to DenoisingAE, 
which relies on a classical self-supervised denoising architecture with UNet at its core, our method employs a 
more generative diffusion model architecture, resulting in improved anomaly transformation.

Ablation study
We conducted an ablation study to evaluate the effects of three critical components: positional information 
guidance, modal shift, and histogram matching. As detailed in Table 2, a diffusion model using only FLAIR 
modality guidance fails to integrate information from the T1 image, significantly reducing the detection of 
abnormal locations. The R@5 and R@10 were 0.301 and 0.726, respectively, which starkly contrast with the 
rates of 0.852 and 0.956 achieved using the T1 image. This limitation may impair the model’s accuracy in aiding 
physicians and increase the risk of misdiagnosis.

Incorporating positional information enhances the model’s ability to focus on areas with a high incidence 
of epileptic lesions by utilizing knowledge of brain deconvolution. This addition led to improved recall rates, 
increasing by 0.13 and 0.096 compared to scenarios without location information. Although the Dice score 

Fig. 3.  Visualization of typical anomaly detection results on UHB dataset. The red color in the Anomaly Map 
means that the reconstructed image differs significantly from the original image, while the blue color means 
that there is basically no difference.

 

Methods R@5 R@10 Dice

DenoisingAE 20 0.458 0.861 0.115

AnoDDPM 9 0.173 0.449 0.07

DDPM-DDIM 11 0.738 0.902 0.234

ImgCondDDPM 10 0.784 0.905 0.166

Ours 0.856 0.952 0.245

Table 1.  Performance for anomaly detection of UHB Dataset. Best results are shown in bold.
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decreased by 0.045, recall metrics are more crucial for providing physicians with pertinent information during 
diagnosis. Therefore, prioritizing a higher recall score over maintaining the Dice score is justified. Histogram 
matching further reduces the likelihood of overlooking lesions due to color variations, demonstrating 
its effectiveness with recall improvements of 0.329 and 0.027 and Dice score enhancements of 0.101. The 
visualization of these results is presented in Fig. 4.

To select the optimal guidance strength and noise addition level, we also conducted experiments, as shown 
in Tables 3 and 4. It can be seen from them that the best results were achieved when the guidance strength was 
5 and the noise addition level was 100.

Conclusion
This study proposes a highly interpretable method that does not require voxel-level annotations to effectively 
detect abnormalities in the brains of epilepsy patients. Comprehensive experimental results demonstrate 

Fig. 4.  Comparison results with and without histogram matching. (a) is the original image, (b) is the result 
using modal transformation and using histogram matching, (c) is the result without using histogram matching, 
and (d) is the result without using modal transformation.

 

 Components  Metrics

T1 FLAIR Histogram Positional Guidance R@5 R@10 Dice

✓ ✓ ✓ 0.301 0.726 0.244

✓ ✓ ✓ 0.527 0.925 0.144

✓ ✓ ✓ 0.726 0.856 0.290

✓ ✓ ✓ ✓ 0.856 0.952 0.245

Table 2.  Ablation study of the proposed method on the UHB dataset.
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superior performance compared to DenoisingAE 20, AnoDDPM 9, DDPM-DDIM 11, and ImgCondDDPM 10, 
while exhibiting clinical relevance.

The method proposed in this paper is a diffusion model with position guidance and modality conversion 
capabilities. It improves detection accuracy by using a position classifier to focus on brain regions with a high 
incidence of epilepsy, designing a modality conversion strategy adapted to the characteristics of focal cortical 
dysplasia type II, and applying histogram matching technology to eliminate color differences. However, this 
method has limitations: the inherent differences between T1 and FLAIR modalities can introduce false positives 
and noise in the detection of small lesions, and some lesions that are similar to normal tissues in the T1 modality 
will be weakened in the FLAIR modality generated through modality conversion, which in turn leads to detection 
errors. Future work will focus on improving these shortcomings to achieve accurate detection.

Data availability
The data can be retrieved from the OpenNeuro repository via the following link: https://openneuro.org/datasets/ 
ds004199/versions/1.0.5.

Code availability
Our code is available at https://github.com/CodePYJ/FCD-Detection.
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