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Abstract. Incorporating Artificial Intelligence into medical imaging has
opened new avenues for addressing the longstanding challenge of class imbalance
within diagnostic datasets, most specifically in mammography, where malignant
examples are underrepresented. This work presents a GAN-based framework spe-
cifically designed for generating high-fidelity, low-population pathological classes
of synthetic mammography images, thereby enhancing the availability of data for
improving diagnostic model learning and generalization. The presented method com-
prises a dual-branch discriminator system, with one branch utilizing a DenseNet121
network pretrained on RadlmageNet dataset to extract domain-relevant features. A
Wasserstein GAN with Gradient Penalty (WGAN-GP) is utilized throughout the en-
tire framework to provide a stable mode for adversarial learning and address issues
such as mode collapse. The CBIS-DDSM dataset served as the basis for all exper-
iments carried out, and images were preprocessed for standardized dimensions and
further subjected to data augmentation methods for enhancing generalization. Real-
ism and diversity were evaluated for the synthetic images using quantitative measures
like the Kernel Inception Distance (KID), Fréchet Inception Distance (FID), Learned
Perceptual Image Patch Similarity (LPIPS), and Multi-Scale Structural Similarity
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(MS-SSIM). The results confirmed that the optimal balancing between realism and
diversity was realized using the value of the gradient penalty weight of A = 3.0 and
was the optimum across the remainder for the majority of the measures, with the
KID attaining 0.1765 and FID attaining 179.35 upon convergence. These results es-
tablish the value of incorporating radiology-focused pretrained models within GAN
structures and indicate how adjusting the gradient penalties facilitates balancing the
realism and diversity trade-off in synthetic medical imaging.

Keywords: Generative adversarial networks; medical image synthesis; mi-
nority class balancing; DenseNet121; WGAN-GP; image quality metrics; CBIS-
DDSM; RadlmageNet weights
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AHHOTanuUsi. MeUIMHAIBIK OelHeeyTre )KacaH bl MHTEUICKTIHI eHTI3y JIn-
ArHOCTHKAJIBIK JIEPEKTEP KUBIHTHIKTAPBIHJAFbl Y3aK YaKbIT OOMbBI IICHIUIMEH Keie
JKaTKaH CBIHBIN TEHCI3/IIT MOCENECiH IIenyTe )kaHa MYMKIHIKTep amThl. Ocipece,
KaTepJii ICIKTepAiH YITiepl )KETKITIKCI3 YChIHBIIFAaH MaMMoTpadus canacbiHaa Oy
©3€KTi. byJ1 )KYMBIC CHPEK Ke3/IeCeTiH MaTOJOTUSIIBIK ChIHBINTAP/IBIH HKOFaphl JOJI-
JIKT1 CHHTETUKAIIBIK MaMMoTpadusi OeiHeIepiH TeHepalysiayra apHaibl )KacaaraH
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GAN-Heri31elTeH KYPhUIbIMJIBI YChIHA/IBI, COHBIH apKAChIH/Ia TMarHOCTHUKAJIBIK MO-
JeNbJACPAl OKBITY MEH >KaJMbLIAy/bl KaKCcapTy YIIIH JepeKTepAiH KODKETIMIUTI-
ri aptaapl. YCBHIHBUIFAH OJIIC €Ki TapMaKThl JUCKPUMHUHATOP >KYHECIHEH TYPaJbl,
oHBIH Oip Tapmarbl RadlmageNet nepexTep KMBIHTHIFBIHA AJJIBIH aja YHPETIITreH
DenseNetl121 sxemiciH KoJiJJaHA OTBIPBII, JOMEHIe KATBICThI €PEKIIeIIKTep i OOl
anaapl. bapneik KypbutbiM OoiibiHIa Wasserstein GAN Gradient Penalty (WGAN-
GP) omici KonmaHbLIaAbI, O KapChlac OKBITYAbI TYPAKTHI JKYPTi3ydi KaMTaMachl3
eTei xxoHe «mode collapse» CHAKTBI MoceneNepAiH aaablH alajbl. bapiblk ToXipH-
oenep CBIS-DDSM nepekTep )KUBIHTHIFBIHAA XKYPIi3UIi, OCiHEIep cTaHIapTTaIFaH
eJIIIeMIEPTe JACHIH aJlJIbIH ajla OHJICII1 )KOHE YKaJMbLIAy/Ibl KYIICHTY YIIIiH JepeKTep
ayrMEHTAIUSACHl 9MicTepiHe YIIbIparhlibl. CHHTETUKANIBIK OCHHENIep/IiH IITbIHAM-
bUTBIFBI MeH anyaH Typiairiri Kernel Inception Distance (KID), Fréchet Inception
Distance (FID), Learned Perceptual Image Patch Similarity (LPIPS) >xone Multi-
Scale Structural Similarity (MS-SSIM) cCHSIKTBI CaHIBIK ©JIIIEM/IEP apKBIIbI OaFaiaH-
16l HoTrokenep mbIHalbUTBIK TIEH OPTYPIIUTIKTIH OHTAMIIBI TeTe-TeHIIT TPaUeHTTIK
aupImmyIABIH A = 3.0 MOHIHJIE )KY3€Te aCKaHbBIH JKOHE KOIITEreH oJIeM/iep OOMbIHIIA
€H JKaKChl KepceTkim OepreHin pactaasl, myHaa KID 0.1765-ke, an FID 179.35-ke
XKeTTi. bysn HoTHKenep paauoorusra OareITTalFaH ajAblH ajla YHPETIIreH MOICITb-
nepai GAN KypbsUIbIMAapbIiHA €HTI3Y/IIH KYHIBUTBIFBIH KOPCETE Il )KOHE TPAJUCHTTIK
AUBIIIYJI MOHJICPIH PETTEY CHHTETHKAIBIK MEIUITMHAIIBIK OCHHENey/Ie TBIHANBIIBIK
TIeH SPTYPJILUIIK apachIHIAFbl TEMe-TEHAIKTI Ta0yFa MYMKIH/IIK O€peTiHIH alKbIH/1aii-
B

Tyiiin ce3aep: reHepaTHBTI-KaPChUIACYIIIBI KENJIep; MEIUIIMHAIIBIK OehHe-
JIepIi CHHTE3/IEY; a3 caH bl ChIHbINTap bl TeHrepy; DenseNet121; WGAN-GP; 6eiine
canacbiHbIH MeTpukanapsl; CBIS-DDSM; RadlmageNet canmakTapbl
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AHHoTanusi. BHenpeHue TEXHOIOTUNH MCKYCCTBEHHOTO UHTEIJIEKTa B
MEAMIIMHCKYIO BU3YalIU3alMI0 OTKPHLUIO HOBBIE BOBMOKHOCTH JJIsl PEIICHUs TaBHEH
npobsieMbl TrcOaliaHca KJIaccoB B IMAarHOCTUYECKUX HAOOpaxX JaHHBIX, B YACTHOCTH
B Mammorpaduu, rie 3J0Ka4eCTBEHHBIE MPUMEPbl OKAa3bIBAIOTCS HEIOCTATOYHO
npe/cTaBlICHHBIMU. B nanHoi paboTte npeanaraercs apxutektypa Ha ocHoBe GAN,
CHelHalbHO pa3paboTaHHas ISl TEHEepalul CHHTETHMYECKUX MaMMOTrpapuuecKux
U300paKeHU MaTONOTUH C MaJlOUMCICHHBIMU BBIOOPKAMH IPH COXPAHEHUU HX
BBICOKON JTOCTOBEPHOCTH, YTO MO3BOJIAET PACIIUPUTH O0BEM JaHHBIX M MOBBICUTH
3¢ pexTUBHOCTE 00y4YeHUs W O0O0O0OIIAIIYI0 CIIOCOOHOCTh JUArHOCTHYECKHX
mojenei. [IpennokeHHbIH METOJ BKIIOYAET CUCTEMY TUCKPUMHHATOPOB U3 JBYX
BETBEH, I'ic OJJHAa M3 BETBEW Mcmoib3yeT ceTh DenseNetl21, mpenoOyueHHyo Ha
Habope nanubix RadlmageNet, 11 n3BieueHs pejeBaHTHBIX IOMEHHBIX TPU3HAKOB.
B pamkax Bceil apxutekTypbl npumensiercss Wasserstein GAN ¢ rpaiueHTHBIM
mrpapom (WGAN-GP), uto obecreynBaeT YCTOHYMBBIN PEXXHM COCTSA3aTEIBHOTO
00y4eHus ¥ TI03BOJISIET N30eKaTh TaKUX Mpo0sIeM, Kak Koymanc Mo, [1is npoBeneHust
AKCTIEPUMEHTOB Hcmojib3oBanics natacer CBIS-DDSM, wuzo0paxkeHuss KOTOPOTO
OBLIH TPeBAPUTEIHLHO HOPMHUPOBAHBI 110 pa3Mepy U JTOMOTHUTENBHO TOIBEPTHYTHI
METOJlaM ayrMEHTallud JaHHBIX /I TOBBIIIEHHS 0000Iaoneil cnocooHoCTH
Mmojneneil. PeamucTuyHOCT, U pa3HOOOpa3We CHHTETHYECKHX HM300paskeHui
OILICHUBAJIUCh C TOMOIIbI0 KonnyecTBeHHBbIX MeTpuk: Kernel Inception Distance
(KID), Fréchet Inception Distance (FID), Learned Perceptual Image Patch Similarity
(LPIPS) m Multi-Scale Structural Similarity (MS-SSIM). PesynbTaThl mokasaiu,
YTO ONTHMAaJbHOE COOTHOLIEHHE MEXAY PpEaJTUCTHYHOCTBIO M pa3zHOOOpazueM
JOCTUTAeTCs MPH 3HAUEHUU Beca rpagueHTHoro mrpada A = 3.0, KoTopoe okazaiaoch
HanOosee 3ppekTHBHBIM 110 60BIIMHCTBY MeTpHK. [Ipu a3Tom KID coctaBui 0.1765,
a FID — 179.35 na nstane cxoaumocTu. llonydeHHble NaHHBIE MOATBEPKIAIOT
[EHHOCTh HUCIOJb30BaHUSl MPeJ0oOyUYEeHHBIX Ha PaJHOJIOTHYECKHX H300paKeHMSIX
Mmojnerneil B apxutektypax GAN, a Takke JEMOHCTPUPYIOT, YTO KOPPEKTHPOBKA
napaMeTpoB I'PAJUEHTHOTO MITpada Mo3BOJISIET HAXOIUTH OaTaHC MEXTY peau3MOM
U pazHooOpa3ueM Npu reHepaluil CHHTETUYECKIX MEAUIIMHCKUX N300paXeHHi.
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KonguaukT mHTepecoB: aBTOPHI 3asBISAIOT 00 OTCYTCTBUU KOH(IIMKTA
HMHTEPECOB.

Introduction

The integration of artificial intelligence (Al) in medical imaging has signifi-
cantly enhanced computer-aided diagnosis (CAD) schemes. Some of the most en-
couraging recent developments are Generative Adversarial Networks (GANs), whose
potential has been confirmed for generating realistic medical images. Such synthetic
images offer a solution to the traditional problem of class imbalance in medical da-
tabases, where rare pathological conditions are often underrepresented. This impairs
diagnosis model performance and generalizability, as there are insufficient minority
class samples to guide deep learning schemes for discerning sparse but clinically
relevant conditions (Sechopoulos, 2020; Goodfellow, 2014). Balancing datasets with
synthetic, high-quality images of underrepresented pathologies has been shown to
enhance both the robustness and accuracy of CAD systems.

Despite the ever-growing corpus of research exploring GAN-based medical
image synthesis, several limitations persist unresolved. Existing methodologies are
often presented with structural inflexibility and fail to achieve the optimal results for
the task of synthesizing images of rare pathologies. Moreover, comparatively few
methodologies employ pretrained backbones to ensure that results produced are com-
pared against clinically significant features, and they do not all equally apply general
quality metrics for examining image diversity and realism beyond visual observation
(Ryspayeva, 2024; Negi, 2020; Haq, 2023; Shah, 2024).

A significant weakness of typical GAN pipelines is to use ImageNet-pre-
trained networks (e.g., VGG19) for feature extraction and perceptual loss (Guan,
2019; Chaudhury, 2023). As great as these networks are for natural image domains,
they are not sufficient for radiologic images due to the intrinsic differences between
medical and natural images in terms of texture, contrast, and structural content. To
overcome the weakness of ImageNet pretraining for medical use cases, Mei et al.
(Met, 2022) introduced RadlmageNet, a large-scale radiologic image database com-
prising over 1.3 million grayscale CT, MRI, and ultrasonography images. Radlma-
geNet-pretrained models have outperformed ImageNet-pretrained models on numer-
ous medical classification tasks, such as bone age estimation, pneumonia, ACL tear,
and COVID-19 classification. Nevertheless, RadlmageNet has several known weak-
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nesses, including decreased image resolution, single-label annotation, and decreased
class taxonomy.

Papers have also started evaluating the capacity of RadlmageNet-pretrained
networks, most significantly for breast imaging. Kassahun et al. (Kassahun, 2024),
for example, combined DenseNetl121, initialized from RadlmageNet weights, into
an OPTIMAM mammography database two-stage detection and classification frame-
work. Their RadlmageNet-pretrained YOLOv5m achieved 0.718 mAP@0.5 and 0.97
TPR for an FPPI of 0.85, outperforming transformers and other variants of YOLO.
Although VGG-16 slightly underperformed in classification results, it exhibited per-
fect generalization for class imbalance. In related work, Remzan et al. (Remzan,
2024) compared RadlmageNet and ImageNet weights for binary classifiers of breast
cancer using ResNet50, DenseNet121, and EfficientNetBO based on ultrasonography
images. RadlmageNet surpassed ImageNet for all evaluation measures in all events,
wherein ResNet50 achieved 0.936 AUC and 0.89 accuracy, more than conclusively
establishing the benefits of pretraining for a domain.

Related work also includes Zhu et al. (Zhu, 2024), who employed Radlma-
geNet-pretrained CNNs under deep learning radiomics (DLR) models for classifying
receptor status (ER, PR, HER2) and nuclear grade for ductal carcinoma in situ (DCIS).
They achieved higher AUCs than ImageNet baselines, particularly for HER2+ and
PR+ classification, but their performance was limited due to the class imbalance in
the dataset. Nehary et al. (Nehary, 2023) also assessed the weights of RadlmageNet
and ImageNet for several CNN architectures as classifiers of COVID-19 from lung
ultrasound videos. While ImageNet-pretrained networks exhibited better performance
for frame-based ResNet50 and DenseNetl121 classification, RadlmageNet-based In-
ception models demonstrated better-performing video-level results based on random
and non-adjacent frame selection strategies, which exhibit architecture-specific ad-
vantages.

While RadlmageNet has been effective for classification, applying Radlma-
geNet to medical image synthesis remains underexplored. Current GAN-organized
models have not examined RadlmageNet backbones for increased fidelity and clinical
validity of artificially created medical images. This is an area of significant shortfall,
as RadlmageNet-matched features have the potential to maximize GAN performance
for radiologic applications.

This work fills the gap by providing a GAN method for medical image syn-
thesis, specifically targeting underrepresented pathological classes in mammography
using RadlmageNet weights and Transfer Learning. It has individual modules for
preprocessing, generator, discriminator, training, and quality evaluation. Incorpora-
tion of RadlmageNet weights makes the proposed approach original. RadImageNet
weights are integrated into the discriminator as part of an otherwise frozen DenseN-
etl21 network, allowing for a clinically informed feature space that is better suited
to medical imaging morphology than ImageNet weights. This approach enables the
more accurate extraction of subtle pathological features, thereby producing synthetic
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images that are more clinically realistic and relevant for diagnosis.

Stable training is achieved by applying the Wasserstein GAN with Gradient
Penalty (WGAN-GP) framework (Arjovsky, 2017). The synthetic images are ob-
jectively evaluated using available measures, including Kernel Inception Distance
(KID) (Binkowski, 2018), Fréchet Inception Distance (FID) (Heusel, 2017), Learned
Perceptual Image Patch Similarity (LPIPS) (Zhang, 2018), and Multi-Scale Structural
Similarity Index (MS-SSIM) (Wang, 2004). These measures collectively consider
both the fidelity and diversity of the output being generated.

Methods and Materials

Dataset

The methodology began with the pre-processing of the Curated Breast Im-
aging Subset of the Digital Database for Screening Mammography (CBIS-DDSM),
which consisted of mammography images of neoplasms and calcifications (Saw-
yer-Lee, 2019) (Fig. 1 a, b). All images were resized to 224x224 uniform pixels using
bicubic interpolation. Pixel values were normalized to the range of [-1, 1] and saved
as PNG files. There are two classes: benign (0) and malignant (1) as class labels. The
stratified sampling method-maintained class balance while distributing the images
between training sets (80 %) and test sets (20 %). 718 images presented as benign
cases, and 509 as malignant cases. For the generalizability of the data, augmentation
processes such as horizontal flipping, random cropping, and Gaussian noise injection
were applied. Since the CBIS-DDSM is publicly available and fully anonymized,
ethical approval of the study was not necessary.

Fig. 1. Visual comparison of benign (a) and malignant (b) mammography samples from the CBIS-DDSM
dataset

GAN Architecture Overview

The approach presented in this paper provides a GAN architecture specifically
intended for creating medical images from minority pathological classes (Ryspayeva,
2023, Ryspayeva, 2025). The system has five modules: preprocessing, generator, dis-
criminator, training, and evaluation. Each module has a special role and is responsible
for the flexibility, adaptability, and clinical usefulness of the resultant images (Fig. 2).

The Data Preprocessing Module (Fig. 2a) prepares medical imaging dataset
for GAN training through the following steps:
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- Loading and normalization: raw grayscale images are loaded and normalized
to a consistent intensity distribution to facilitate stable training.

- Resizing: all images are resized to a standardized resolution of 224x224
pixels to ensure uniform input dimensions across the pipeline.

- Channel expansion: the pre-trained networks usually input three channels;
the single-channel mammographic images are converted into three equal channels.

- Augmentation: data augmentation methods such as flipping, rotation, and
contrast alteration enhance the variability within the dataset and minimize overfitting.

- Filter class selection: to handle class imbalance issues, a filter step separates
rare pathological instances (minority classes), allowing targeted generation during
training time.

The Generator Module (Fig. 2b) aims to synthesize a real medical image of
size 224x224 from a latent noise vector. It is given a latent vector of dimensionali-
ty equal to 100 as a random variable from a standard Gaussian distribution and fed
through the subsequent pipeline (Fig. 3):

1. A Dense layer and a subsequent Reshape operation to create an initial
7x7x%256 feature map.

2. A series of Conv2DTranspose blocks (each followed by Batch Normaliza-
tion and LeakyReLU activation function) increasingly upscale the feature maps to
higher resolutions (14x14, 28x28, ..., 224x224).

3. The last Conv2DTranspose layer has a Tanh activation function that gives
the resultant image in the normalized range [—1,1].

b)
Generator
Conv2DTranspose, upsampling,
Batch Normalization, Tanh
activation

a) d)
Training -
Data Preprocessing WGAN-GP with gradient penalty e) Evaluation
loading, image normalization, and alternating training of the KID,
resizing, channel expansion, discriminator and gencrator FID,
augmentation, selection of target C) follO\f-'u..lg_ the Ncrmc_—S sch.eme. MS-SSTM,
(minority) classes. . Optimizer: Adam with weight LPIPS
. Discriminator decay.
Two parallel branches:
the Ist branch consists of

convolutional layers; [
— the 2nd branch is a pre-trained
DenseNetl21 module truncated at
the conv3_block4_concat layer,
with frozen weights.

Fig. 2. Overview of the proposed GAN-based synthetic medical image generation architecture. The pipeline
includes (a) data preprocessing, (b) a generator with Conv2DTranspose layers, (c) a dual-branch discriminator
incorporating a pre-trained DenseNet121, (d) a WGAN-GP training strategy with alternating updates, and (e) a

multi-metric evaluation using KID, FID, MS-SSIM, and LPIPS

The architecture enables smooth gradient flow and high-fidelity generation
through progressive refinement and regularization, utilizing batch normalization.
The Discriminator Module (Fig. 2¢) is designed to enhance the assessment of
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image authenticity by leveraging two complementary branches (Fig. 4):

Convolutional Branch (1st Branch): A traditional CNN takes the input image
through a series of Conv2D, Residual Blocks, and LeakyReLU layers to extract spa-
tial features hierarchically. The Convolutional Branch extracts texture and structural
details related to real/synthetic discrimination.

Diagnostic Branch (2nd Branch): A pre-trained DenseNet121 model is ad-
opted to extract domain-related low- and mid-level features applicable for medical
diagnosis, which are truncated at the conv3 block4 concat layer and fixed during the
training phase.

The feature vectors from both branches are flattened and concatenated to form
a combined representation. A fully connected layer then produces a scalar output in
the range [0, 1], indicating the probability that the input image is real.

Training Procedure

The training process of the proposed GAN-based framework (Fig. 2d) follows
the Wasserstein GAN with Gradient Penalty (WGAN-GP) formulation to ensure sta-
ble convergence and mitigate common training instabilities, such as mode collapse.
As a critic, the discriminator is trained to approximate the Wasserstein distance be-
tween the real and generated image distributions. To enforce the Lipschitz continuity
condition, a gradient penalty is applied to interpolated samples, which penalizes de-
viations of the gradient norm from unity. This regularization technique contributes to
smoother optimization and more stable generator updates (Arjovsky, 2017).

The training loop alternates the update strategy, updating the discriminator
five times for every generator update (Ncritic = 5). This keeps the discriminator as a
strong evaluator, providing relevant feedback in the early and middle phases of train-
ing. The networks are optimized by the Adam optimizer with a learning rate decay
schedule to promote long-term convergence and reduce oscillations in the final phase
of training.

. Latent noise vector z \:I Conv2DTranspose
D Dense . BatchNormalization

. Reshape . LeakyRelLU

I
—

100 256 256 i

e
ik v i 2

7 14 A

Fig. 3. The generator architecture used in the proposed model. The model inputs a 100-dimensional
latent vector z and feeds it through a Dense + Reshape layer followed by multiple Conv2DTranspose blocks
with the addition of Batch Normalization and LeakyReLU. The final output is a Tanh-activated image of size

224x224

This work 1s licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
[@“m International License 262



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2025. Vol. 6. Is. 3.

The 2nd branchl

D Input layer . Flatten
I:‘ Conv2D . Concatenate
D Residual Block D conv3_blockd_concat

. Lambda
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The 1% branch ‘f

Fig. 4. Structure of the dual-branch discriminator module. The bottom first branch is a custom CNN
comprising Conv2D and Residual Blocks. The flattened responses are combined and passed through a fully con-
nected layer to discriminate images as real or fake. The top second branch embeds a pre-trained DenseNet121
model cut at the layer of conv3_block4 concat with frozen weights.

Evaluation Metrics

A multi-metric test protocol is used to quantitatively evaluate the realism and
variety of the synthesized images (Fig. 2, e). As the first evaluation metric, the KID
provides an unbiased estimate of the similarity between real and synthetic data dis-
tributions (Binkowski, 2018). The FID is a secondary distributional similarity metric
based on the statistics of the deep features (Heusel, 2017). Additionally, MS-SSIM
and LPIPS are employed for visual and perceptual quality evaluation (Zhang, 2018;
Wang, 2004). This union of training methods and evaluation criteria guarantees not
only the visual realism of the acquired images but also their diagnostic plausibility
and architectural soundness, prerequisites for their later use in the clinic. The research
employs “real-fake” and “fake—fake” types of LPIPS and MS-SSIM measures. Real—
fake analysis refers to the comparison between synthetic images and natural samples
based on perceived as well as structural similarity, where image fidelity is represent-
ed. In contrast, the fake—fake comparison measures the diversity among generated
samples, indicating whether the generator avoids mode collapse and captures a wide
range of pathological variations.

Experiments and results

Extensive training experiments were conducted on the CBIS-DDSM dataset
over 1000 epochs. The influence of the gradient penalty weight (A) in the WGAN-
GP training was evaluated at three levels: A = 0.5 (weak penalty), A = 3.0 (moderate
penalty), and A = 5.0 (substantial penalty). These values were selected to explore the
impact of the gradient penalty on the stability and diversity of image generation, in
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line with prior empirical observations (Ryspayeva, 2023; Ryspayeva, 2024).

For each A configuration, quantitative evaluation metrics were recorded every
100 epochs. A total of six metrics were used to assess both the fidelity and diversity
of the generated images: KID, FID, LPIPS (real-fake), LPIPS (fake—fake), MS-SSIM
(real-fake), MS-SSIM (fake—fake)

The results for each A are summarized in Tables 1-3 and visualized in Fig. 5.

Results for 1 = 0.5. Table 1 shows the quantitative evaluation metrics of A
= 0.5. In training, FID and KID values decreased gradually, indicating incremen-
tal improvements in the fidelity of synthesized images. The minimum value of KID
was achieved 0.1793 at epoch 1000, and the FID was 180.00. The LPIPS (real-fake)
metric converged below 0.29, while LPIPS (fake—fake) and MS-SSIM (fake—fake)
remained relatively stable, indicating moderate diversity.

Table 1. Evaluation Metrics for A = 0.5

Epoch | KID | FID| LPIPS LPIPS MS-SSIM | MS-SSIM fake-
real-fake| fake-fake? | real-fake| faket
100 0.4262 333.04 0.7677 0.1848 0.3744 0.5684
200 0.3217 272.80 0.3710 0.2718 0.5571 0.5348
300 0.2495 228.40 0.3046 0.2767 0.5702 0.5326
400 0.2188 208.20 0.2836 0.2712 0.5729 0.5498
500 0.2117 203.39 0.2770 0.2684 0.5775 0.5444
600 0.2009 195.60 0.2845 0.2799 0.5634 0.5318
700 0.1952 190.20 0.2719 0.2658 0.5795 0.5566
800 0.1886 185.67 0.2770 0.2587 0.5721 0.5671
900 0.1801 181.38 0.2769 0.2718 0.5686 0.5467
1000 0.1793 180.00 0.2732 0.2698 0.5776 0.5539

Results for A = 3.0. Table 2 presents the metrics obtained for A = 3.0. The best
fidelity scores were achieved across all configurations with this setting. At epoch
1000, the lowest KID was recorded at 0.1765 and FID at 179.35.

The LPIPS (real-fake) stabilized below 0.29, while the LPIPS (fake—fake)
and MS-SSIM (fake—fake) showed balanced diversity among the generated samples.

Table 2. Evaluation Metrics for A = 3.0

Epoch | KID | FID | LPIPS re- LPIPS fake- | MS- MS-
al-fake | fake 1 SSIM SSIM
real-fake | fake-
l fake 1
100 0.4897 365.74 0.6222 0.2536 0.4928 0.5058
200 0.2956 258.2 0.372 0.2626 0.5546 0.5607
300 0.2348 221.29 0.3086 0.2675 0.5711 0.5531
400 0.2229 212.38 0.2832 0.267 0.585 0.5525
500 0.2027 198.58 0.2805 0.2698 0.5708 0.5448
600 0.2069 200.5 0.2897 0.2803 0.5548 0.5225
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700 0.1951 193.06 0.2779 0.264 0.5695 | 0.5597
800 0.189 189.33 0.2756 0.2618 0.5696 | 0.551

900 0.1891 188.81 0.2799 0.2894 0.5648 | 0.5181
1000 0.1765 179.35 0.2864 0.2733 0.5599 | 0.5565

Results for 4 = 5.0. Table 3 summarizes the evaluation results for A = 5.0.
Although the KID and FID values were slightly higher than for A = 3.0, this config-
uration achieved the highest LPIPS (fake—fake) and lowest MS-SSIM (fake—fake),
indicating increased diversity among the generated samples. At epoch 1000, KID
was 0.1913 and FID was 191.15.

Table 3. Evaluation Metrics for A = 5.0

Epoch KID | FID | LPIPS LPIPS MS- MS-SSIM

real-fake | | fake-fake | SSIM fake-fake 1

1 real-fake
!

100 0.4805 362.75 0.6411 0.3081 0.4474 0.4417
200 0.3277 276.8 0.3709 0.2826 0.5376 0.5215
300 0.2421 22421 0.3054 0.277 0.5605 0.5294
400 0.2385 222.18 0.2971 0.2833 0.5589 0.5275
500 0.2223 210.17 0.2797 0.2719 0.5802 0.5423
600 0.2092 203.92 0.2768 0.2624 0.5754 0.556
700 0.2113 202.1 0.2747 0.2666 0.5778 0.5479
800 0.1928 194.16 0.272 0.2553 0.5865 0.5824
900 0.1991 194.42 0.2729 0.2781 0.5796 0.5319
1000 0.1913 191.15 0.2758 0.2648 0.5769 0.5581

Metric Evolution Across Configurations

Fig. 5 illustrates the evolution of the metrics over the training epochs for all
three A configurations. The results show:

- KID and FID consistently decreased across all settings (Fig. 5 a, b).

- LPIPS (real-fake) values converged below 0.29 and MS-SSIM (real-fake)
stabilized around 0.57 across all A (Fig. 5 ¢, e).

- A = 5.0 yielded the highest LPIPS (fake—fake) and lowest MS-SSIM (fake—
fake), reflecting enhanced sample diversity (Fig. 5 d, f).

- A = 3.0 produced the lowest KID and FID, indicating the best trade-off be-
tween fidelity and diversity.

Fig. 6 illustrates the progressive improvement in image quality with increas-
ing epochs. Starting with random noise, the generator progressively updates the out-
put that produces synthetic mammograms with natural and realistic anatomy. This
qualitative advancement aligns with the model’s ability to learn informative abstrac-
tions for breast tissue and the enhancements noted in numerical measures, such as
FID and KID.

Discussion

This research examined the influence of gradient penalty strength within a
WGAN-GP framework, augmented by a RadlmageNet-pretrained DenseNet121 dis-
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criminator, for synthesizing mammography images of sparse pathological classes.
Experiment results indicate that the A = 3.0 setting is consistently better than other
settings, as measured along the fidelity and structural realism dimensions. This is in
line with existing literature on GANs, which theorizes that moderately sized gradi-
ent penalties can stabilize training without compromising the generator’s flexibili-
ty, which is necessary for exploring the latent space (Ryspayeva, 2023; Ryspayeva,
2024). Improved performance for A = 3.0 can arguably be attributed to its balance be-
tween the strength of critic feedback and the adaptive nature of the generator, which
enables iteratively optimizing its output. This leads to images with better statistical as
well as structural correspondence to accurate mammography data.

a) KID vs Epochs for Different A Values b) 375 FID vs Epochs for Different A Values
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Fig. 5. Quantitative evaluation of generated image quality over training epochs for three different
gradient penalty weights (A = 0.5, 3.0, 5.0). The plots show the evolution of: (a) KID, (b) FID, (c) LPIPS
between real and fake samples, (d) LPIPS among fake samples, (¢) MS-SSIM between real and fake samples,
and (f) MS-SSIM among fake samples. Lower KID, FID, and LPIPS (real-fake) values indicate higher realism
and fidelity, while higher LPIPS (fake-fake) and lower MS-SSIM (fake-fake) indicate greater diversity among
generated images.
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Fig. 6. Progressive synthesis of mammography images across training epochs from 1 to 1000 with step
of 100. Each row shows the evolution from random noise in epoch 1 to realistic breast structures in 1000 epoch
forA=0.5, 3.0, 5.0.

Additionally, incorporating domain-specific =~ RadlmageNet-pretrained
DenseNetl21 into the discriminator helped steer the generator toward outcomes
that better match clinically relevant structures. Prior literature (Mei, 2022; Nehary,
2023) indicated the value of medical-specific feature spaces for classifying problems;
the current research extends those conclusions into the realm of generative models,
demonstrating that such domain alignment is helpful for the discriminator to steer
adversarial training more toward realistic outcomes.

The results also shed light on the trade-offs under A control. While A = 3.0 is
the balance that maximizes between realism and diversity, A = 5.0 is preferential for
diversity, which could have applications where data manifolds are of most interest or
where robustness of classifiers is desired under varied augmentation. For comparison,
A = 0.5 achieves relatively better perceptual similarity to ground-real images in early
epochs but sacrifices diversity and fidelity over longer training, as the theory dictates
that the gradient penalty is too feeble to sustain an effective discriminator.

Our findings show that A needs to be selected conditionally. For augmentation
for diagnosis where realism is highest, A = 3.0 is most appropriate. For other applica-
tions where broader coverage of the data distribution is required, for outlier detection
or for checking robustness, A = 5.0 could be the preferred value. These findings con-
tribute to the broader body of knowledge on the impact of gradient penalties on GAN
performance in medical imaging environments.

Here, the quantitative metrics used i.e., KID, FID, LPIPS, and MS-SSIM pro-
vide an overall estimate of fidelity and diversity. As is customary in literature, lower
values of KID and FID signify a closer proximity to the actual distributions of data,
while LPIPS and MS-SSIM offer nuanced perspectives on the perceptual quality and
diversity of samples. The observation that A = 3.0 yields the minimum of the mea-
sures of KID and FID, while still maintaining good diversity, is an indicator of its
applicability for generating clinically realistic synthetic datasets.

Several limitations have to be noted. Firstly, the study is conducted only on
the set of CBIS-DDSM and is for binary classification (malignant or benign only).
The generalizability of results to other sets or higher diagnosis levels is planned as
a future work. Secondly, only quantitative measures have been employed to assess
the clinical validity of compounded images when expert radiological evaluation, as
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required for ascertaining the confirmatory diagnostic usefulness, is absent. Thirdly,
the architecture is currently limited to 2D imaging modalities, and the exploration of
3D contexts is still ongoing.

Conclusion

This study investigated the impact of different gradient penalty weights with-
in a WGAN-GP framework incorporating a RadlmageNet-pretrained DenseNet121
discriminator for synthetic mammography image generation. The experimental find-
ings demonstrate that the configuration with A = 3.0 consistently outperforms other
settings in most evaluation metrics, achieving the best balance between structural
realism, perceptual similarity, and diversity of generated images. This configuration
yielded the lowest KID (0.1765) and FID, indicating optimal fidelity to real medical
data while maintaining sufficient diversity.

While A = 5.0 achieved greater diversity through higher LPIPS (fake—fake)
and lower MS-SSIM (fake—fake), this came at the cost of reduced fidelity. This set-
ting may be beneficial for applications requiring broad data coverage or robustness
testing. Conversely, A = 0.5 offered slightly better perceptual similarity (LPIPS real—
fake) in early epochs but consistently underperformed in overall fidelity and diversity,
making it more suited for tasks prioritizing visual realism over variability.

The integration of RadlmageNet-based features within the discriminator
proved effective in steering adversarial training towards more clinically realistic out-
puts, enhancing both visual authenticity and diagnostic plausibility.

These results emphasize that the gradient penalty parameter A controls a crit-
ical trade-off between fidelity and diversity: A = 3.0 is optimal for diagnosis-oriented
augmentation; A = 0.5 is suitable for tasks prioritizing perceptual realism; A = 5.0
favors diversity and is appropriate for scenarios involving model generalization or
outlier detection.

Despite these positive findings, this study is limited to the CBIS-DDSM data-
set and binary classification tasks. Future work will focus on expanding the framework
to conditional GAN architectures utilizing lesion annotations or BI-RADS scores for
class-specific image generation, extending the method to 3D imaging modalities such
as breast tomosynthesis or MRI, and incorporating radiologist assessment for validat-
ing the clinical relevance of the generated images.
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