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Abstract. Artificial Intelligence is playing a significant and growing role
in manufacturing quality assessment and control. Some examples include
methods for real-time condition monitoring and prediction of adverse di-
gressions, online vision based systems that can obviate sample based test-
ing, enabling optimal control that can run processes at near-optimal con-
ditions most of the time, etc. For most of these systems and in particular
for sophisticated methods like CNNs, model accuracy and performance
depend on the number and representativeness of data samples, especially
for samples from faulty conditions which are relatively rare and trigger
training data imbalance. Generative Artificial Intelligence can potentially
play a major role in creating new samples, especially those of the rarer
kind, provided statistical distinction between synthetic and real samples
can be minimized. Diffusion based techniques are the current frontline
among generative models, and in this work we have developed mecha-
nisms for using vision based Diffusion models to get real time quality
indications in the manufacturing process of Abrasive Grains – which are
critical from a functional viewpoint and quite challenging from a tech-
nical perspective. We have converted Stable Diffusion architectures that
take text-based pre-conditions to generate images, into statistics-based
quality demand vector conditions and generate new and diverse images of
type and merit demanded in the pre-conditions. Generated images con-
tribute significantly to training accurate CNN models that status quality
of a running production process, allowing not only quality decisions but
also potential in-process feedback control of relevant production param-
eters.
Keywords: Abrasive Grains, Generative Models, Stable Diffusion, Sta-
tistical Quality pre-conditioning, Online product quality monitoring.

1 Introduction

Abrasive Grains are small sized, hard and sharp-cornered particles that do the
actual cutting, grinding, polishing and surface finishing of materials by removing
tiny chips from their surface. These grains are typically embedded in bonded or
coated abrasive cutting and finishing tools and grinding wheels, to remove mate-
rial from workpieces in a controlled manner. Effectively, each grain acts as a tiny
cutting tool. Abrasive grains are commonly composed of variants of Aluminum
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oxides, with different manufacturing process and microstructure based on the
specific functions that they are supposed to perform.

These abrasive grains, usually unobserved because of their small sizes, per-
form many critical roles in multiple manufacturing processes, with significant
impact on quality of products and to an extent, on stability of processes. As a
few non-exclusive examples, they are used for clean and controlled cutting of
hard or brittle materials, removing scratches from and polishing aerospace and
automotive parts, and generally improving surface appearance. In grinding oper-
ations, they contribute to achieving high dimensional accuracy and fine surface
finish. They find use in honing engine cylinder bores, hydraulic and pneumatic
cylinders, bearing surfaces, among many other applications.

An important process in the manufacture of these abrasive grains, comprises
of the modification of their surfaces. A prevalent technique in this domain in-
volves coating abrasive grains with ceramic oxides. This coating leads to a num-
ber of benefits, like providing a distinct color signature, and ensuring inter-grain
uniformity in batch products. This uniformity is critical to ensure batch level
consistency and quality, and attainment of performance and functional objec-
tives.

Fig. 1. Original Micrograph Sample, from Shop Floor in Production Phase

Quality assurance related evaluations are conducted at the end of the pro-
duction line, for each batch (a few tonnes in a large bucket) of produced grains.
Random samples from the batch are picked up at arbitrary spatial and temporal
(i.e. even as the bucket is being populated) intervals, and micrographs (images
under a microscope, here of size 300 x 300 pixels) are taken. Fig. 1 shows a typ-
ical micrograph. To get an indication of consistency and adherence to quality,
first the Red, Green, Blue (RGB) values of each micrograph are measured in a
Natural Color System Colorpin [1], and the deviation from a benchmark quality,
i.e. colour distribution, noted. Next, six of these micrographs (in 2 x 3 format)
accumulated from non-spatially-and-temporally adjacent samples are concate-
nated into a single large image (implying size of 600 x 900 pixels in the integral
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image), and average RGB, and importantly the Standard Deviation (SD) of each
of Red, Green, Blue are statistically computed. This SD provides a measure of
the consistency of grains within a product batch. Fig. 2 shows a typical such
concatenated image.

The question arises at this stage as to the relevance of any image processing
and Vision-based algorithms? These immediately come into play when we trans-
late the above manual sampling and measuring process into an algorithm and
methodology for automated, real-time, quality and consistency extraction.

In such an online system, cameras are placed at a point in the flow of the
produced grains just before they “stream” into the bucket. Note this has got
good resemblance to characteristics of fluid flow, and images of same dimensions
as in the original manual micrographs (300 x 300) are taken automatically at
regular time intervals, and six such consecutive images are concatenated into an
integral image in (2 x 3) format without manual intervention. Then this image
is passed through an accurate Vision-based software to extract the average RGB
as well the SD and get indications of quality and consistency. This Vision based
algorithm is based on ResNet50 architecture and obviously has to be trained
on sample images taken manually like described above, following principles of
supervised learning and related transfer learning. This trained ResNet50 takes
integral images as input and generates 6 values (RGB and their SDs) as output.

Fig. 2. Concatenated Integral Image - taken from 2 x 3 micrographs

Training a ResNet50 as mentioned even under transfer learning requires a
very large set of manually extracted and then quality (RGB and SD) computed
integral image samples. Taking samples in the production process, extracting
micrograph images under microscope, followed by corresponding RGB values
from the physical samples using NCSColorpin, and finally concatenating them
into integral images with corresponding six statistical parameters, is an arduous
process. In this work the authors have developed a procedure to start with a
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small set of manual quality-adjudicated integral images, augment them using
some novel techniques, and then use the expanded training set in a Diffusion
model for generating a large number of new images. This is executed in a multi-
stage process that is explained in subsequent sections of the paper. The new
images are then used to train a ResNet50 model which is validated for new
manually extracted original images and their 6-element statistical vector, and
found to provide good performance, enabling use of the trained model for online
streaming quality assessment as indicated above.

The rest of the paper consists of the following sections. Section 2 presents
related work, while Sec. 3 explains the Diffusion model that is used and appro-
priately transformed for this application. Section 4 describes how our modified
Diffusion model is implemented in the specific manufacturing application for
generation of multiple new and diverse images for actual automated and online
process improvement.

2 Related Work

Building on the industrial motivation and problem formulation outlined in the
introduction section, we review prior work on modeling of microstructures, with
an emphasis on diffusion-based generative frameworks. The synthesis and re-
construction of grain-structured and polycrystalline microstructures has long
posed challenges due to the need to preserve complex spatial statistics, grain
boundary connectivity, and physically meaningful morphology across multiple
length scales. Diffusion-based generative models offer stable training dynamics
and strong capacity for high-dimensional structured data, motivating their rapid
adoption for microstructure synthesis, reconstruction, and inverse design in both
two- and three-dimensional settings. While much of this literature emphasizes
structural realism, our interest lies in adapting diffusion models for image-based
industrial quality assessment, where statistics derived from micrographs are the
primary signals.

Early diffusion-based studies largely focused on unconditional synthesis and
reconstruction. Hoffman et al. [2] introduced GrainPaint, a multi-scale three-
dimensional diffusion framework trained on SPPARKS grain-growth simulations,
enabling large-scale volumetric polycrystalline synthesis via coarse-to-fine refine-
ment. Despite strong scalability and morphological fidelity, validation was lim-
ited to simulated data, and the approach lacked conditioning mechanisms. Subse-
quent work expanded unconditional diffusion modeling to broader reconstruction
tasks. Fernandez-Zelaia et al. [3] demonstrated that DDPMs can generate statis-
tically consistent single-phase polycrystals and perform masked inpainting with-
out handcrafted descriptors. Lee and Yun [4] and Lyu et al. [5] further showed
improved reconstruction stability and agreement with correlation-based statis-
tics across polycrystalline, composite, and random material systems, though ex-
plicit physical constraints and conditioning remained limited. Collectively, these
studies established diffusion models as expressive generators for microstructure
imagery, while highlighting gaps in physically informed validation.
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Later work introduced weak forms of conditioning by linking diffusion models
to processing parameters or predictive tasks. Azqadan et al. [6] applied DDPMs
to predict microstructural images of cast–forged magnesium alloys under unseen
processing conditions, capturing process–structure relationships with low error.
However, this formulation remained image-centric, without explicit modeling of
grain topology or interpretable grain-scale attributes. A more substantial shift
occurred with the emergence of inverse and property-guided diffusion frame-
works. Vlassis and Sun [7] coupled diffusion sampling with surrogate models of
mechanical response, enabling property-driven microstructure generation. While
conceptually significant, performance depended strongly on surrogate accuracy
and training data coverage.

Conditional and multiphase diffusion models further expanded controllabil-
ity. Baishnab et al. [8], Aouf et al. [9], and Nguyen et al. [10] introduced con-
ditional and phase-fraction-aware diffusion models for multiphase and geolog-
ical microstructures, improving compositional validity and phase consistency.
In parallel, process-conditioned diffusion models sought to explicitly encode
process–structure–property relationships. Ikeda et al. [11] and Choi et al. [12]
demonstrated diffusion-based prediction of dendritic and grain morphologies
from processing variables and target properties, though generalization remained
sensitive to dataset diversity. Hybrid and physics-informed extensions followed,
incorporating mechanical targets and physical priors into diffusion pipelines
[13–15], while graph-based diffusion approaches explicitly modeled grain connec-
tivity [16]. These methods advanced topological fidelity but largely overlooked
appearance-level attributes critical for industrial inspection.

A complementary line of work treated microstructures directly as images
or voxelized intensity fields, aligning diffusion models with experimental mi-
crographs. Jung et al. [17] proposed multi-fidelity latent diffusion for three-
dimensional microstructures, while Phan et al. [18] reconstructed full volumet-
ric microstructures from single two-dimensional slices. Extensions to interactive,
temporal, and physics-aware settings further broadened diffusion’s scope, includ-
ing command-based generation [19], temporal evolution modeling [20], physics-
informed diffusion [21], and scalable latent diffusion for porous media [22]. These
advances parallel diffusion successes in medical imaging and other scientific do-
mains, where DDPMs outperform GANs under limited data [23–26], and are
further reinforced by recent conditional and inverse-design diffusion frameworks
for microstructure reconstruction and property-driven synthesis [27–30], and
where property-conditioned diffusion is now standard in chemistry, biology, fluid
mechanics, signal processing, and imaging [31–39], grounded in classifier and
classifier-free guidance mechanisms [40].

Despite this progress, diffusion-based microstructure models remain weakly
connected to industrial inspection and quantitative quality assessment. Prior
work has prioritized geometric realism, phase distribution, or property-driven
inverse design, with limited attention to color uniformity, coating coverage, and
intensity variation—that dominate real-world manufacturing quality control.
Moreover, diffusion models have rarely been leveraged to support image-derived
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continuous regression tasks, nor systematically explored as data augmentation
tools for improving regression robustness under realistic imaging constraints. By
explicitly targeting RGB-based coating uniformity and color consistency, this
work addresses a gap not covered by existing diffusion-based microstructure lit-
erature.

To summarize, the main contributions of this work to the state of the art
are:

• Transformation of a Stable Diffusion architecture text preconditioner to one
that takes 3D or 6D statistical parameters as prior conditioners to demand
specific quality adherence of new and diverse generated image samples.

• Usage of generated samples to train vision based CNN models for online and
accurate prediction of quality of manufactured Abrasive Grains with poten-
tial for feedback-based modulation of running process control parameters.

• Methodology for extraction of square sized patches from original micrograph,
and concatenation of either such patches or the micrographs to yield larger
integral images that Diffusion models can aspire to generate.

3 Diffusion Model

3.1 Latent Diffusion Formulation

Diffusion-based generative models provide a robust framework for structured
image synthesis by leveraging stable, likelihood-based training and iterative de-
noising to capture complex, multimodal data distributions without adversar-
ial instability, enabling high-fidelity and diverse generation. However, classical
DDPMs[41] operate directly in pixel space and become computationally im-
practical at high resolutions due to their dimensionality and memory demands.
Latent diffusion models[42] overcome this limitation by performing diffusion in
a compact, learned latent space that preserves semantic and structural informa-
tion, substantially improving efficiency while retaining expressive power. Build-
ing on this principle, the proposed framework adopts the Stable Diffusion v1.5
architecture[42], which enables computationally tractable yet semantically faith-
ful modeling of high-resolution micrograph images.

Let
x ∈ R600×900×3 (1)

denote an RGB integral image of spatial size 600 × 900. A pretrained Varia-
tional Autoencoder (VAE) encoder EVAE maps the image x to a compact latent
representation z0:

z0 = EVAE(x), z0 ∈ R4×75×112. (2)

The latent tensor z0 is a feature map with four learned channels over a
75 × 112 spatial grid, corresponding to an effective downsampling factor of 8
and capturing the high-level structure of the input image. The VAE encoder is
directly adopted from the pretrained Stable Diffusion v1.5 model and kept frozen
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throughout diffusion training to ensure stability of the latent manifold and to
prevent distortion of the pretrained representation space.

The corresponding VAE decoder,

DVAE : R4×75×112 → R600×900×3, (3)

is likewise inherited from Stable Diffusion v1.5 and used only during inference
to reconstruct images from denoised latents, remaining frozen to preserve recon-
struction consistency.

3.2 Latent-Space Forward Noising and UNet-Based Denoising

The forward diffusion process applies a Markovian Gaussian noising scheme di-
rectly in latent space, progressively corrupting the clean latent z0 into an approx-
imately isotropic Gaussian through a fixed variance schedule, with noisy latents
constructed in closed form at uniformly sampled timesteps during training. The
reverse process is parameterized by a UNet that learns to predict the injected
noise given the noisy latent, diffusion timestep, and conditioning signal. A multi-
scale encoder–decoder architecture with skip connections preserves spatial struc-
ture, while sinusoidal timestep embeddings enable noise-aware denoising across
diffusion stages. The UNet architecture is identical to Stable Diffusion v1.5, en-
abling reuse of pretrained weights and restricting modifications to conditioning
alone.

3.3 Conditioning via RGB Embeddings

In standard Stable Diffusion, conditioning is performed using text embeddings
produced by a pretrained language–image model (e.g., CLIP). In contrast, the
proposed framework entirely removes text-based conditioning and replaces it
with a conditioning mechanism based on measured color attributes.

Let
cRGB = (Rm, Gm, Bm) ∈ R3 (4)

denote the calibrated mean RGB values obtained from physical color measure-
ments(refer Sec 1). These values are mapped into the conditioning embedding
space via a lightweight Condition MLP:

fϕ : R3 → R512 → R768. (5)

The intermediate 512-dimensional hidden layer, combined with nonlinear ac-
tivation functions, enables the network to learn nonlinear interactions between
color channels. The final 768-dimensional output is chosen to exactly match the
dimensionality of CLIP text embeddings, thereby ensuring architectural compat-
ibility with the U Net’s cross-attention layers without structural modification.
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3.4 Token Replication and Cross-Attention Conditioning

To conform to the fixed-length token interface of text-conditioned diffusion mod-
els, the condition embedding cRGB is replicated across 77 tokens:

c = 177 ⊗ fϕ(cRGB), c ∈ R77×768. (6)

This replication enforces a global conditioning constraint, ensuring that the
color specification uniformly influences all spatial locations. Unlike text prompts
where different tokens encode different semantic entities, this design deliberately
removes token-wise variation.

The conditioning tensor c is injected into every cross-attention layer of the
UNet, where latent feature maps act as Queries (Q) and the replicated embed-
dings serve as Keys (K) and Values (V). Conditioning at multiple resolutions
allows the RGB signal to modulate both coarse structural organization and fine
micro structural textures throughout the denoising process. Q (Query) repre-
sents what information is being sought, K (Key) represents what information is
available to match against the query, and V (Value) contains the actual infor-
mation that is weighted and aggregated based on this match.

Attention(Q,K, V ) = softmax

(
QK⊤
√
d

)
V (7)

3.5 Reverse Diffusion Sampling and Training Objective

At inference, sampling begins from a Gaussian noise latent and iteratively ap-
plies the learned reverse diffusion process, with the UNet denoising the latent at
each timestep conditioned on the RGB embedding. After the final denoising step,
the clean latent is decoded by the frozen VAE decoder to generate a synthetic
600×900 integral image. Training optimizes the standard diffusion noise predic-
tion objective, where the UNet learns to predict the injected Gaussian noise at
randomly sampled timesteps. Only the UNet and conditioning MLP are trained,
while the VAE encoder and decoder remain frozen to ensure latent stability and
prevent catastrophic forgetting.

4 Diffusion based approach for Generation of new and
diverse images for training

We describe here how a very small set of manually extracted integral images (600
x 900 pixels) are used to generate a sufficiently large and accurate set of new,
diverse, and statistically traceable images through (a) augmentation and (b) our
Diffusion model. The large image sets are used to train alternative ResNet50
architectures that take these images as inputs and generate 6-element vectors
(RGB and corresponding SDs) as outputs. The trained ResNet50 models are first
validated and ranked on a different set of manually extracted integral images,
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and the best among these models implemented for online automated quality
assessment of abrasive grains as explained in Sec. 1.

The first obvious question is - how accurate is the RESNET50 trained on
the initial small set of manually generated data itself. We are not training the
RESNET50 ab-initio but implementing transfer learning on an initial architec-
ture trained on ImageNet, by retraining only the last layer with new data. We
used 24 initial manually extracted samples for the retraining, and then validated
it on 6 other manually extracted images. After convergence, the training MAPE
values were 5.50%, 7.86% and 6.59% for R, G and B, 5.09%, 3.90% and 5.64% for
the corresponding SDs, while the validation MAPE values were 99.71%, 99.61%
and 99.55% for R, G and B, and 77.64%, 73.21% and 81.62% for the corre-
sponding SDs. Obviously, the validation MAPEs are too poor for generalization,
and that makes the entire exercise of synthetically generating many more data
samples as imperative.

Our starting basis is a set of 30 manually extracted integral images. As
discussed in Sec. 1, these are obtained by concatenating 6 parent images each
extracted as micrographs from grain samples. These original micrographs are of
size 300 x 300 pixels, an example of which may be seen in fig. 1. Each micrograph
has a measured (by NCS Colourpin) set of RGB values, and on concatenation
into an integral image, the latter will have an average RGB set and a SD set,
forming a vector of 6 elements. Our first action is to extract “patches” of size
128 x 128 from within each of the 6 component micrographs, randomly from
different locations but keeping orientation unchanged (as grain alignments may
not be isotropic). 16 such patches are extracted from each micrograph, resulting
in 96 such patches from the 6 parents of an integral image.

An integral image which is created by concatenating 2 x 3 parent micro-
graphs, can now be alternatively synthesized by concatenating 5 x 8, i.e. 40 such
patch images. Since that would result in a size of 640 x 1024, hence the last
component patch on either axis is clipped to result in an exact size of 600 x
900. The 40 patches that contribute to an integral image are selected randomly
out of 96 (only that near-equal distribution across the 6 parents is taken), and
moreover, they are placed (i.e. order of concatenation) randomly to create the
integral image. Hence, in principle a very large number of such integral images
can be combinatorially synthesized from these patches. Moreover, these patches
are originally extracted from 6 micrographs, hence the resultant average of any of
the potential integral images will have the same RGB values (which also matches
with that of the original micrograph-concatenated integral image) and the same
internal variation, i.e. SD values. Implying the vector of 6 statistical parameters
will be same across all potential new integral images and coincide with that of
the original integral image.

Following the above procedure, we synthesize 4 (only) new integral images
from each of the original 30 images, resulting in 150 integral images. Note that
number of 6-element statistical vectors remain 30, and 5 integral images are
aligned with one such vector. Next, by traditional augmentation process of mod-
ulation of brightness and contrast but avoiding rotation, we create 9 new integral
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Fig. 3. Integral Image formed by concatenating 40 patches

images from each one of a set of 5. Since we started with a total of 30 such sets
of 5, by this two-step augmentation process we create 1500 such integral im-
ages. We use this for training and validation of the first ResNet50, which we
call ResNet50_6D_A. We are able to attain validation MAPE (Mean Absolute
Percentage Error, with ϵ = 0.0001) of 0.543% for Red, 0.536% for Green, 0.644%
for Blue. The validation error is computed on 20% of the entire dataset, with
the remaining 80% used for training.

Next, we use our customized Diffusion model as explained in Sec. 3 to gener-
ate 1500 new images, each pre-conditioned with one of 30 conditioning vectors
of size 6 (we actually use only the RGB components of this vector for pre-
conditioning as SDs are derived parameters). It is to be noted here that our
Diffusion models are an adapted and customized version of the original Stable
Diffusion v1.5 architecture, where conditioning with text-embeddings is replaced
with a 3-element numerical vector representing RGB, without changing the fixed-
length text tokens interface. The manner of attainment of this transformation of
pre-conditioning, keeping Diffusion-architecture interfaces intact, is described in
above Secs. 3.3 and 3.4. Fig. 4 shows two typical new synthesized Integral 600 x
900 images generated using this mechanism.

Combining the augmented dataset with the generated dataset yields a net
training dataset of 1500 x 2 images, and we train another ResNet50 model on this
combined dataset, which we call ResNet50_6D_B. The corresponding validation
MAPEs for this new ResNet50 are 1.60% for R, 1.84% for G, 2.13% for B.

Finally, we use the 1500 generated new images from our Diffusion model,
alone (i.e. not using the augmented-by-traditional-means dataset at all), to train
the last ResNet50_6D_C. Note this is trained from Diffusion-synthesized images
alone. The resultant validation errors are 2.61% for R, 3.68% for G, 3.80% for
B.

For a rigorous comparison of the three ResNet50 models we have trained, we
cannot take the corresponding MAPEs from the respective validation data alone,
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Fig. 4. Newly generated images using our diffusion mechanism.

as these would not be statistically independent of their corresponding training
data. Instead, we now use 89 alternative manually extracted integral images (see
last line of first para of this section), which we have not engaged for training in
any form, as an independent and authentic comparison set.

Table 1. Comparison of all 6 MAPEs from the 3 ResNet50s, on the alternative man-
ually extracted integral images. All MAPEs are in percentages.

ResNet50
Version MAPE_R MAPE_G MAPE_B MAPE_SDR MAPE_SDG MAPE_SDB

ResNet50_6D_A 12.04 15.93 15.73 42.16 37.89 45.58

ResNet50_6D_B 9.66 20.63 22.41 37.20 35.74 42.49

ResNet50_6D_C 8.76 18.22 21.02 28.56 31.64 38.24
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From Table 1, it is seen that the Computer Vision model, i.e. ResNet50
version, is performing best when trained with the data created from our Diffusion
model alone. The augmented model results show better MAPE for G and B,
and worse for all the others. It may be noted that the 89 manual integral images
extracted as test data, are taken from a time window separation of two months
from the production of the original 30 images and as such reflect some drift in
production, but still the error levels can be considered as good-to-go for online
in-process evaluation as described in Sec. 1.

Considering that SD is a derived parameter, the sample-to-sample variation
as manifested in MAPE values may be considered large. Hence, in Table 2 we
have noted the SDs (the SDs themselves, and not their MAPE values) from
the 3 ResNet50s for the 89 new manual sets versus the SDs of the actual sets
(appearing in first row). In each table cell we have entered (SD_max, SD_min,
SD_median; across all 89 samples). It can be seen that the actual manually
extracted data has substantial outliers, which is damped both for our augmented
as well as Diffusion data sets, and it is possible that these outliers act to spoil
the actual MAPE values, on any of the trained RESNET50s.

Table 2. Statistical comparison of standard deviation components (SDR, SDG, SDB)
across different ResNet models.

Model SDR SDG SDB

Original ResNet6D 6.609, 0.838, 3.007 5.152, 0.987, 2.330 4.822, 0.604, 2.237

ResNet50_6D_A 3.131, 1.713, 2.068 2.126, 1.370, 1.600 1.900, 1.203, 1.474

ResNet50_6D_B 4.700, 1.392, 1.855 2.066, 1.206, 1.639 2.269, 0.975, 1.342

ResNet50_6D_C 3.886, 1.253, 2.529 2.444, 1.044, 1.815 2.161, 0.283, 1.602

It may be mentioned here that, apart from the main line of investigations, we
also experimented with different forms of new images to be generated. For exam-
ple, instead of generating integral images of size 600 x 900, we tried generating
patches of size 128 x 128 through the Diffusion model, and then concatenating
them as in the image augmentation trials into Integral images. However, this
did not lead to any improvements in image quality, so we preferred the above-
described mainstream approach in comparison to this alternative.

5 Conclusion and Future Scope

This work demonstrates a practical and scalable approach for online quality as-
sessment of abrasive grains using vision-based diffusion models.Starting with a
small set of manually collected micrographs, statistically consistent and diverse
images are generated through structured augmentation and diffusion-based gen-
eration. Replacing text-based conditions with measurable RGB parameters al-
lows the model to generate images that directly reflect quality requirements.
These generated samples effectively address data scarcity and imbalance, and
enable reliable training of ResNet50 models for automated, near real-time mon-
itoring of coating consistency on the shop floor.
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The trained models show good accuracy in predicting color statistics, reduc-
ing dependence on extensive manual inspection and supporting the potential
of feedback-driven process control during production. Although this paper fo-
cuses on red coated grains, the methodology has been extended to other colors,
specifically purple, black and white coated grains, where accuracies attained are
of similar levels. Work is under progress to further enhance accuracy levels of
generated images using metrics that are alternative to the downstream Resnet50
based assessment.

As future work, this framework can be extended to other coating types and
visual characteristics, including other colored grains, with suitable adaptation
of statistical conditioning. Further validation across different abrasive materials,
lighting conditions, and production lines will help establish the broader appli-
cability of diffusion-based methods for manufacturing quality assessment and
near-real-time feedback control.
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