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Abstract — Diffusion generative models have experienced rapid 
growth recently, due to their demonstrated superior 
performance compared to other models, such as generative 
adversarial networks (GANs). However, in many engineering 
applications, researchers and practitioners still face challenges 
in adopting diffusion models for their specific needs. To better 
meet the needs of engineering fields, this study augments the 
popular diffusion denoising implicit model (DDIM). The 
proposed method, termed noise-conditioned adversarial DDIM 
(NCA-DDIM), enhances the diffused noise of DDIM by using 
the VAE-based latent code information from training data and 
a weighted summation of Gaussian and Gamma noise 
distributions. This augmentation aims to enable better 
generation of high-fidelity and diversified images for 
engineering applications, such as image-based monitoring in 
manufacturing and biomedical engineering, in a stable and 
computationally efficient manner. Furthermore, by taking 
advantage of the strength of adversarial training in GANs, the 
proposed NCA-DDIM incorporates adversarial training 
through a time-dependent discriminator, further ensuring 
realistic variations among the generated samples. The proposed 
NCA-DDIM has been evaluated in eight datasets with various 
engineering applications, sample sizes, and data dimensions. 
Comparative analysis of eleven state-of-the-art generative 
models highlights the promising performance and potential of 
the proposed NCA-DDIM. Through a joint evaluation using 
multiple quality metrics from different perspectives, the 
proposed NCA-DDIM has demonstrated promising capabilities 
across various real-world engineering applications, producing 
high-quality synthetic data with realistic generation diversity in 
an efficient and stable manner. 

Note to Practitioners — In many engineering fields, including 
manufacturing and biomedical engineering, generating high-
quality and diverse images from limited data is essential for 
common engineering tasks, such as monitoring and anomaly 
detection. Existing generative models, such as GANs or 
diffusion generative models, often face limitations in providing 
stable, efficient, and realistic image generation that meets the 
demands of engineering applications. This work proposes a new 
Noise-Conditioned Adversarial Denoising Diffusion Implicit 
Model (NCA-DDIM), designed to overcome these challenges. 

NCA-DDIM improves image generation by incorporating both 
adversarial training and latent code information, producing images 
with balanced fidelity and diversity than conventional generative 
models. This makes it well-suited for real-world applications where 
image quality and variation are critical, such as process quality 
monitoring in manufacturing or design and analysis in medical 
applications (e.g., tumor treatment). Besides, this new model operates 
efficiently and stably, which is important in industrial settings where 
computational resources and time are often constrained. By 
addressing both the quality and efficiency improvement barriers of 
image generation, the proposed NCA-DDIM offers a practical 
solution for improving productivity and reliability in engineering 
applications. 

Index Terms — Adversarial training; denoising diffusion implicit 
model (DDIM); noise-conditioning; mixed noise distribution. 

I. INTRODUCTION 
For common data-enabled modeling tasks in engineering domains, 
such as anomaly detection in manufacturing or biomedical image 
analysis, high-quality synthetic data can play a critical role in 
greatly enhancing model training, especially when the datasets are 
scarce, expensive, or challenging to annotate. For instance, 
abnormal states in manufacturing processes, such as faults or 
cyberattacks, are rare events; consequently, leading to imbalanced 
data issues while performing certain monitoring analysis [1]. 
Thus, data enhancement techniques, such as generative models, 
have been key solutions to address these engineering problems [2]. 

Diffusion models (DMs) are a class of deep generative models 
capable of learning the underlying distribution of a dataset for 
generating high-quality synthetic data [3]. DMs perturb data with 
noise and then generate new synthetic samples by removing that 
noise in a reverse process [4]. Their remarkable performance, on 
par with other widely investigated models, such as generative 
adversarial networks (GANs) and variational autoencoders 
(VAEs), has led to a surge of DM applications across various 
domains [4]. Besides, DMs have demonstrated steady and flexible 
training capabilities [5], [6]. The dimensional representations of 
DMs have facilitated their use in various tasks such as anomaly 
detection, segmentation, and classification [3], [4]. 

Despite their success, DMs, like other generative models, face 
challenges in accomplishing four key objectives in engineering 
applications: (1) efficient sampling (i.e., speed), (2) sample 
generation quality (fidelity), (3) sample diversity, and (4) training 
stability and efficiency. These limitations could restrict their 
broader adoption across different domains in engineering [7]. 
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Depending on the specific application, generative models 
often prioritize some objectives at the expense of others. For 
instance, GANs tend to prioritize sampling quality and speed 
over training stability and level of diversity. On the other 
hand, DMs tend to struggle with sampling speed due to the 
high number of steps required to denoise noisy samples [3]. 
Xiao et al. [7] discussed strategies to address the generative 
learning trilemma using denoising diffusion GANs.  

Most advances in DMs fall within the domain of likelihood 
estimation, variance learning, and both training-based and 
training-free sampling methods [8]. Additionally, model 
integration of different state-of-the-art generative models 
and diffusion models has also been studied to accelerate 
sampling and improve quality [7], [9], [10]. Furthermore, 
deep generative models require large training datasets to 
achieve high-quality generation. However, in engineering 
practice, acquiring such large datasets for training can be 
challenging for many real-world applications due to the high 
cost of data collection and processing [2], [11].  

To address these challenges, this study proposes an 
augmented DM framework to enhance sampling quality and 
diversity through data augmentation, particularly applicable 
to engineering applications. Many engineering applications 
could benefit significantly from the use of such models to 
enable realistic variations while increasing sample sizes. The 
new framework proposed in this study, namely, the noise-
conditioned adversarial denoising diffusion implicit model 
(NCA-DDIM), aims to enhance the performance of the 
popular DDIM. Specifically, the NCA-DDIM describes the 
noise distribution using a weighted combination of Gaussian 
and Gamma distributions, and it also conditions the noise 
diffusion process using a VAE-based latent representation 
derived from the original data. Furthermore, the proposed 
method also incorporates time-dependent adversarial 
training to improve the balance between fidelity and 
diversity while maintaining fast and stable training 
dynamics. This integration is inspired by the success of 
GANs, where the strength of adversarial training is well 
established [12]. The technical contributions can be 
summarized below: 

(1) This study proposes a new noise-conditioned denoising 
diffusion model (NCA-DDIM) in which the noise is 
conditioned on latent codes derived from the input data 
(with a relatively small sample size) using a VAE. This 
proposed noise-conditioning strategy, to the best of our 
knowledge, has not been previously studied and used 
in the context of diffusion generative models. 

(2) The VAE-conditioned noise also employs a weighted 
summation of Gaussian and Gamma distributions to 
introduce higher variability into the generated data. 
This distribution, with tunable variance and skewness, 
also represents a core novel component of the proposed 
NCA-DDIM. 

(3) The generation effectiveness is further enhanced by 
incorporating an adversarial training framework with a 
time-dependent discriminator, aiming to generate 

samples with realistic diversity. While GANs have been 
widely studied, the proposed NCA-DDIM uses a customized 
discriminator to better guide and regularize the noise-
conditioned diffusion process. 

The generated samples are validated for fidelity and diversity 
while maintaining stability and efficiency across datasets from 
various engineering domains, including computer vision, 
manufacturing, and medical imaging. The rest of the paper is 
structured as follows. Section II reviews the current advances in 
DMs and their applications in engineering. Section III presents the 
details of the proposed NCA-DDIM, while Section IV exhibits 
various case studies to validate the effectiveness of the proposed 
method. Finally, Section V summarizes the conclusions and 
discusses future directions. 

II. LITERATURE REVIEW 
This section surveys recent advancements in diffusion generative 
models and their engineering applications. Section II-A discusses 
current developments in diffusion models, focusing on training-
based and training-free methods, likelihood optimization, and 
mixed modeling. Section II-B reviews engineering applications, 
particularly in manufacturing and medical imaging, while also 
highlighting research gaps. 

A. Recent Advances in Diffusion Models (DMs) 
In recent years, diffusion-based models have gained popularity 
due to their impressive generative capabilities [3], [4]. However, 
their stepwise denoising process can be relatively slow [3], [13], 
prompting numerous studies to enhance DMs for a faster sampling 
process. For instance, Wimbauer et al. [14] optimized U-Net 
layers to speed up the sampling process.  

One effective approach to improve the stepwise denoising process 
in DMs is by employing efficient sampling techniques to speed up 
the generative process while maintaining quality. Training-free 
methods, such as ordinary and stochastic differential equations 
(ODE/SDE) solvers, improve sampling without retraining. For 
instance, Song et al. [15] replaced the Markov chain in denoising 
diffusion probabilistic models (DDPMs) with a non-Markovian 
diffusion process, achieving faster but not necessarily better 
sampling quality. Also, DDIM has been generalized into gDDIM 
by parametrizing the score network to broaden its applicability 
beyond DDPM [5], while higher-order solvers further boost 
convergence speed [16]. However, the applicability of such 
models based on training-free sampling requires expertise in 
numerical methods, such as SDE and partial DE [8].  

DMs can also be improved through training-based sampling 
techniques, such as pre-trained models or knowledge distillation, 
which involves transferring knowledge from large-scale models 
(teachers) to small models (students) [17]. Knowledge distillation 
in DMs aims to reduce the learning process for efficient sampling. 
Luhman and Luhman [18] developed a denoising student diffusion 
distillation model that uses DDIM as a teacher model to generate 
new samples with fewer steps. While there are various training-
based sampling techniques, the scalability and generalization 
remain concerns [19]. In addition, likelihood optimization can also 
enhance DM sample quality by refining how models estimate data 
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distributions [20]. For example, parametrizing the variance 
and noise schedule from linear to cosine can reduce gradient 
noise, leading to high log-likelihoods [6], [21]. However, the 
challenges of likelihood optimization are still significant, 
including mode collapse, tractability, computational cost, 
and more [3], [4]. 

Mixed modeling techniques have also been proven to be 
effective in enhancing DMs by using the strengths of 
different generative models to achieve specific objectives. 
For instance, a forward diffusion process was integrated with 
a GAN model and has been demonstrated to improve both 
data efficiency and generator diversity [9]. To address the 
issue of slow reverse processes in DMs, Xiao et al. [7] used 
a diffusion-denoising conditional GAN to denoise noisy 
images during generation, providing a balance between 
diversity, fast sampling, and sample quality. Nevertheless, 
methods such as in [7] could face limitations in generating 
large-scale and diversified samples, which were addressed 
through a combined DDPM and diffusion-denoising GAN to 
improve convergence [22]. Other mixed modeling methods, 
such as diffusion VAE [10], diffusion normalizing flow [23], 
and latent diffusion model (LDM)-VAE [24], have also been 
developed to enhance generation speed. Thus, the integration 
of various models with mixing techniques holds great 
potential to further advance DMs. Therefore, this study aims 
to integrate the strengths of diverse generative models to 
comprehensively achieve the goal. 

B. DMs in Imaging-involved Engineering Applications 
DMs have wide-ranging applications in computer vision, 
temporal modeling, interdisciplinary fields, and natural 
language processing [3]. Integrated with other generative 
models, the DM frameworks have been used to tackle 
engineering challenges, such as distortion prediction in metal 
additive manufacturing [25]. Other engineering applications 
include microstructure reconstruction in material 
engineering [26], robotics engineering [27], etc. In these 
applications, datasets often present complexities such as 
varying layer textures, limited sample sizes, and constraints 
on fidelity or other aspects, all of which DMs aim to address.  

DMs have also emerged as a crucial tool in addressing 
various challenges in biomedical engineering. Models such 
as LDMs and others have been instrumental in augmenting 
datasets from medical imaging to address issues such as 
imbalanced datasets for anomaly detection [28], [29]. Other 
applications include segmentation [30], denoising [31], and 
enhancing image resolution [32]. However, many of these 
models primarily prioritize sample similarity over diversity, 
generation speed, and training stability. For example, 
Yangue et al. [33] developed an extended DDIM termed 
DDIM/KID-IS to predict variations in ultrasound image 
analysis through data augmentation. Although it was 
effective in predicting variation, it also required a wide U-
Net with dual encoders, increasing computational cost [33]. 

In manufacturing engineering, DMs have also demonstrated 
the potential to further advance quality assurance [2], [34]. 

For example, Zhang et al. [35] enhanced the monitoring accuracy 
in laser powder bed fusion using DDPM integrated with fringe 
projection and high-dynamic-range sensors. In another study, an 
LDM demonstrated superior performance in cranial defect 
reconstruction compared to other generative models, such as 
Wasserstein GAN (WGAN) and VAE, as well as image 
registration and geometric augmentation [24]. Besides, a 
denoising DM has been used to improve the conversion of 
manufacturing designs, optimizing manufacturability [36]. 

Despite these advancements, there is no unified framework for 
adapting DM to specific engineering domains, such as 
manufacturing and biomedical engineering [2]. This gap 
highlights several challenges. First, current DM applications in 
engineering often rely on direct implementations without tailoring 
to address limitations such as slow sampling and lack of stability. 
Moreover, the improvements discussed in Section II-A are mainly 
tested in computer vision, and thus not always well aligned with 
domain-specific engineering contexts. In summary, advancing 
DM to better balance the performance expectation from multiple 
perspectives is especially needed, as discussed in the literature 
[33], [37].  

III. RESEARCH METHODOLOGY 
This section introduces the proposed methodology for an 
augmented noise-conditioned adversarial diffusion model, termed 
NCA-DDIM (as illustrated in Fig. 1). Section III-A outlines the 
overall framework of NCA-DDIM, while Section III-B provides a 
detailed description of DDIM, the underlying diffusion model 
(DM) used in NCA-DDIM. Moreover, Section III-C discusses the 
proposed noise conditioning approach for DDIM, specifically, the 
weighted summation of noise distributions and the conditioning 
strategy using VAE-based latent representations. These are the 
key innovations that distinguish NCA-DDIM from DDIM and 
thus enhance the generation performance. Finally, Section III-D 
elaborates on the time-dependent adversarial training technique 
employed in NCA-DDIM, which is used to enhance the quality 
and diversity of the generated samples. 

  
Fig. 1. Overview of the proposed NCA-DDIM. In Step 1, real samples are passed 
through the variational encoder to obtain their latent representations. These are then 
mixed with the proposed noise distribution before being input into Step 2 of the 
diffusion process. In the final stage (Step 3), the generated samples are evaluated 
by a time-dependent discriminator. 
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diffusion models (DDIM, DDPM, LDM, etc.), as well as 
GAN and VAE variants, e.g., deep convolutional GAN 
(DCGAN), WGAN, least squares GAN (LSGAN), GAN 
with adaptive discriminator augmentation (GAN-ADA), 
VAE, VAE-GAN, and vector quantized VAE (VQ-VAE). 
While several other models and variants exist, this study 
focuses on widely adopted and computationally accessible 
baselines that are suitable for unsupervised training on the 
datasets used in this work. 

TABLE II. NCA-DDIM HYPERPARAMETERS SETUP IN THIS STUDY 

Model Parameters Value 
Weight decay 0.0002 

Exponential moving average rate 0.999 
Timesteps / Learning rate 20 / 0.001 

Minimum/maximum signal rates 0.02 /0.98 
Embedding dimension/block depth/width 32/2/ [32, 64, 128, 256] 

Embedding minimum/maximum frequencies 1 / 1000 
Encoder convolutional layers 128,128,128 

Discriminator convolutional layers 128,256,512 

C. Ablation Study  
In this ablation study, the effectiveness of different 
components in NCA-DDIM is tested using the copper 
45°/135°  additive manufacturing dataset. Our approach 
advocates adapting the noise distribution to match the 
complexity of the dataset instead of always using the 
Gaussian noise distribution. In this context, dataset 
complexity refers to factors such as high data dimensionality, 
limited sample size, and the presence of complex underlying 
features, such as intricate patterns and textures in images. 
While these aspects are inherently difficult to quantify 

directly, the marginal probability density (MPD) distribution of 
pixel intensities aggregated across all images in a dataset is used 
as a way to reveal relative differences in pattern complexity 
between datasets. Figure 4 illustrates the MPD distribution of 
several datasets in this study against a variety of distributions: 
Gaussian (G), Gamma (Ga), GGa, GMGa, GMGaM, and Gamma 
mixture Gaussian (GaMG). As depicted in Fig. 4(b), the MPD of 
the additive manufacturing dataset closely matches the parametric 
distributions. However, for Figs. 4(b)-(d), the MPDs exhibit non-
trivial patterns that are not well captured by the standard Gaussian 
assumptions. These observations support the motivation behind 
our proposed NCA-DDIM, which introduces a flexible noise 
mixture to align the diffusion process.  

 
Fig. 4. Comparison of Marginal probability density (MPD) with several other 
distributions across four datasets: (a) Oxford Flower; (b) Additive Manufacturing; 
(c) CelebA; and (d) Ultrasound. 

TABLE III. PARAMETER SETUP FOR THE THREE GROUPS OF BENCHMARK MODELS IN THIS STUDY 

Diffusion model architecture 
Model Weight decay Learning rate Min/max signal rates Timesteps U-net block depth/width 
DDIM 0.0002 0.001 0.02/0.98 20 2 / [32, 64, 128, 256] 
DDPM N/A 0.0002 -1/1 250 2 / [32, 64, 96, 128] 

GAN architecture 
 beta Learning rate Latent dimension Generator nodes Discriminator 

LSGAN N/A 0.0002 128 128,256,512 128,128,128 
GAN-ADA 0.5 0.0002 128 128,128,128,128 128,128,128,128 

DCGAN N/A 0.0001 128 128,256,512 128,128,128 
WGAN 0.5/0.9 0.0002 128 512, 256, 128 128,256,512 

VAE architecture 
 Latent dimension Encoder  Decoder Discriminator/VQ 

VAE 128 128,128,128  128,256,512 N/A 
VAE-GAN 128 128,128,128  128,256,512 128,64,32,128 
VQ-VAE 128 32,64  32,64 64 

LDM 128 3,64,128 Timesteps: 1000  256,128,64 N/A 

Specifically, in this ablation study, we explored the 
following noise distributions: GGa, GMGa, and GMGaM. 
As discussed in Section III-C, such a combination of 
distributions should potentially increase the level of 
variability in the generated outputs. For instance, Fig. 5 
presents the effects of various distributions compared to the 
proposed GGa noise distributions. Specifically, Fig. 5 
includes the following noise distributions: GGa, Exponential 
(Expo), Ga, GMGa, and Gaussian-mixture (GM). It can be 

seen that our proposed noise distribution, namely, GGa, can 
achieve competitive results compared to GM and GMGa, with 
variations or diversity such as changes in color, as expected from 
the theoretical assertion. However, as we stated in Section III-D, 
these changes in distribution can also lead to excessive or 
unrealistic diversity with low-quality generated samples, as seen 
with the exponential noise and Gamma noise distributions. This 
validates the need for the adversarial training component of NCA-
DDIM. 
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