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Abstract 

Background: Pattern recognition systems built on deep convolutional neural networks require large volumes of labeled 

imagery, yet many practically important domains — including low-resource regional scripts such as Urdu — offer only 

small, imbalanced, and expensive-to-annotate datasets, limiting classifier generalization and inflating overfitting risk. 

Methods: This paper proposes a generative-AI-based synthetic augmentation pipeline that couples a class-conditional Deep 

Convolutional GAN (cDCGAN) with a downstream CNN recognizer, and additionally discusses a diffusion-based fine-

tuning variant for higher-fidelity generation. Preprocessed low-resource images train the conditional generator; the resulting 

synthetic pool is blended with real samples at a controllable augmentation ratio and used to train the recognition model. 

The framework is instantiated on a low-resource handwritten Urdu character dataset and evaluated using Fréchet Inception 

Distance (FID), Inception Score (IS), classification accuracy, precision, recall, and F1-score, across four data-scarcity 

regimes (10%, 25%, 50%, 100% of available real data). 

Results: The methodology, evaluation protocol, training code, and plotting scripts are presented in full so that reported 

metrics can be reproduced. The reporting template indicates that GAN-based augmentation is expected to yield the largest 

accuracy gains under severe scarcity and to narrow as real data becomes abundant, consistent with prior findings on 

adversarial and diffusion-based augmentation. 

Conclusion: The proposed framework offers a reproducible route to mitigating data scarcity in low-resource pattern 

recognition. Mode-collapse risk, computational cost, and domain-generalization limitations are discussed, along with 

directions for diffusion-based extensions and cross-lingual transfer. 

Keywords: generative adversarial networks, data augmentation, diffusion models, low-resource pattern recognition, 

synthetic image generation, Urdu character recognition, deep learning 

I. Introduction 

Deep convolutional neural networks have driven substantial progress in image classification, object detection, and pattern 

recognition, but this progress is contingent on access to large, well-annotated training corpora [1]. In many real-world 

settings — regional-language optical character recognition, agricultural disease diagnosis, and medical imaging among 

them — labeled data is scarce, expensive to collect, or restricted by privacy and logistical constraints [1], [21]. Urdu, despite 

being spoken by more than 230 million people, remains a low-resource language for computer vision and OCR research: 

publicly available handwritten and printed character datasets are small relative to benchmarks such as MNIST or EMNIST, 

and annotation requires native-script expertise that is not widely available [22]–[24]. Under such scarcity, deep classifiers 

tend to overfit, and their decision boundaries generalize poorly to unseen handwriting styles, degradations, and scanning 

artifacts. 
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Traditional augmentation — rotation, flipping, cropping, and photometric jitter — increases the apparent size of a dataset 

without adding genuinely new visual information, and yields diminishing returns once such transformations have been 

exhausted [1], [21]. Generative AI offers an alternative: rather than transforming existing images, a generative model learns 

the underlying data distribution and samples new, structurally diverse images from it. Generative Adversarial Networks 

(GANs) [2] and their conditional variants [3] have been used extensively for this purpose, from class-conditional 

augmentation in extremely low-data regimes [14], [15] to domain-specific applications in medical imaging [16], [18] and 

agriculture [17]. More recently, diffusion models [8], guided by classifier-free conditioning [9], have demonstrated that 

high-fidelity synthetic samples can measurably improve downstream classification accuracy, including at ImageNet scale 

[10] and in few-shot and small-dataset regimes [11], [19]. 

Despite this body of work, three gaps motivate the present study. First, most GAN- and diffusion-based augmentation 

studies target either large natural-image benchmarks (CIFAR, ImageNet) or well-resourced medical corpora; comparatively 

little work systematically evaluates synthetic augmentation for regional low-resource scripts such as Urdu, where character 

shapes, ligatures, and diacritics introduce fine-grained structural constraints that generic augmentation pipelines were not 

designed for. Second, many prior studies report a single augmentation ratio or a single data regime, rather than 

characterizing how the benefit of synthetic augmentation changes as real data becomes progressively scarcer — information 

that is directly actionable for practitioners deciding whether to invest in generative augmentation. Third, reproducibility is 

uneven: architecture, loss functions, augmentation ratio, and evaluation protocol are often under-specified, making it 

difficult to compare GAN-based augmentation against both no-augmentation and traditional-augmentation baselines on 

equal footing. 

This paper makes the following contributions: 

● A complete, reproducible generative-augmentation pipeline — from preprocessing through class-

conditional DCGAN training to downstream CNN classification — instantiated on a low-resource handwritten 

Urdu character recognition task, including full architecture specifications, loss formulations, and training code. 

● A formalized augmentation-ratio parameter that controls the proportion of synthetic-to-real samples per 

class, evaluated across four levels of real-data scarcity (10%, 25%, 50%, 100%). 

● A quantitative evaluation protocol using FID, IS, accuracy, precision, recall, and F1-score, comparing the 

proposed method against a no-augmentation baseline and a traditional-augmentation baseline under a common 

experimental setup. 

● A results-and-statistical-treatment reporting template, populated with clearly labeled illustrative 

placeholders, so the framework can be directly filled in with results from an executed training run. 

The remainder of this paper is organized as follows. Section II reviews related work on GAN- and diffusion-based 

augmentation and low-resource pattern recognition. Section III describes the proposed methodology. Section IV describes 

the dataset. Section V details the experimental setup and provides code. Section VI presents results and discussion. Section 

VII discusses limitations, and Section VIII concludes with future directions. 

II. Related Work 

A. GAN-Based Data Augmentation 

Goodfellow et al. [2] introduced the adversarial training framework in which a generator and discriminator are trained in a 

minimax game, establishing the foundation for image-synthesis-based augmentation. Mirza and Osindero [3] extended this 

to conditional generation, enabling class-specific sample synthesis directly useful for supervised augmentation. Radford et 

al. [7] proposed the DCGAN architecture, replacing fully connected layers with strided and fractionally-strided 

convolutions, which remains a standard backbone for image-augmentation GANs due to its training stability at moderate 

resolutions. Building on conditional generation, Zhang et al. [14] proposed DADA, formulating augmentation explicitly as 

class-conditional GAN training with an augmented discriminator loss, and demonstrated gains in extremely low-data 

classification regimes. Haque [15] proposed EC-GAN, combining semi-supervised classification with GAN-generated 

samples for low-sample classification. Isola et al. [4] and Zhu et al. [5] introduced paired (Pix2Pix) and unpaired 

(CycleGAN) image-to-image translation, later adapted for augmentation in domain-specific settings — Chen et al. [16] 

applied CycleGAN-based augmentation to melanoma image classification, Bargshady et al. [18] used CycleGAN and 
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transfer learning for COVID-19 detection from chest X-rays, and Cap et al. [17] proposed LeafGAN for practical plant-

disease diagnosis, showing consistent accuracy improvements when GAN-augmented samples were added to small 

agricultural datasets. Choi et al. [6] extended conditional translation to multiple domains with StarGAN, relevant when 

augmentation must span several visually distinct sub-classes within one recognition task. 

B. Diffusion-Based Augmentation 

Diffusion models [8] generate images through iterative denoising and have recently overtaken GANs in sample fidelity for 

many benchmarks. Ho and Salimans [9] introduced classifier-free guidance, improving conditional sample quality without 

a separate classifier. Nichol et al. [12] and Podell et al. [13] demonstrated large-scale text-to-image diffusion (GLIDE, 

SDXL) capable of high-resolution, prompt-controllable synthesis. Azizi et al. [10] showed that samples from fine-tuned 

diffusion models can improve ImageNet classification accuracy when mixed with real training data, and Bansal and Grover 

[11] examined the robustness effects of training entirely on generated datasets. Deng [19] compared image-to-image 

translation, DreamBooth, and ControlNet variants of Stable Diffusion for augmenting sparse object and weed-detection 

categories, finding that diffusion-based augmentation is particularly effective for visually homogeneous, texture-dominated 

classes. Ghosh et al. [20] extended the same generative-augmentation principle to audio classification, indicating that the 

underlying strategy — synthesize class-conditional samples with a generative model, then mix with real data at a controlled 

ratio — generalizes across modalities. 

C. Low-Resource Pattern Recognition and Urdu-Script Case Studies 

Shorten and Khoshgoftaar [21] and Yang et al. [1] provide broad surveys establishing that data augmentation, whether 

geometric or generative, consistently improves downstream accuracy, but that gains from generative methods are most 

pronounced precisely in low-data regimes, where traditional transformations have limited headroom. Within the Urdu-script 

domain specifically, Ahmed et al. [22] applied a one-dimensional BLSTM classifier to handwritten Urdu character 

recognition, reporting the difficulty introduced by Urdu's cursive, context-dependent ligatures. Hamza et al. [23] proposed 

ET-Network, combining EfficientNet-based self-attention with a transformer decoder for Urdu handwritten text 

recognition, achieving state-of-the-art character error rate on the NUST-UHWR benchmark, while explicitly noting that 

limited training data was a bottleneck to further error-rate reduction. Kashif [24] applied a ResNet-18 backbone to the Urdu 

Nastaliq Handwritten Dataset (UNHD), again reporting that recognition accuracy is constrained by the quantity and 

diversity of labeled samples relative to English-language OCR benchmarks. 

D. Discussion of Gaps 

Comparing these threads, two observations stand out. First, GAN-based augmentation studies [14]–[18] consistently report 

the largest relative gains precisely when real data is scarcest — a pattern this paper measures directly by sweeping the data-

scarcity level rather than fixing it. Second, none of the Urdu-script recognition studies reviewed [22]–[24] incorporate 

generative augmentation; each instead reports that data scarcity limits accuracy, without evaluating a generative remedy. 

This is the specific gap the present methodology targets: applying the class-conditional GAN augmentation strategy 

validated in [14]–[18] to a low-resource Urdu character recognition setting, under an explicit, sweepable augmentation-

ratio protocol and a full FID/IS/accuracy evaluation, as recommended by [21] and [1] but not yet reported for this script. 

III. Proposed Methodology 

A. Pipeline Overview 

The proposed pipeline (Fig. 1) consists of five stages: (i) data collection of low-resource labeled images; (ii) preprocessing; 

(iii) training of a class-conditional DCGAN, with an optional diffusion-model fine-tuning path for higher-fidelity 

generation; (iv) synthetic sample generation and augmentation mixing; and (v) training of a downstream CNN recognizer 

on the mixed dataset. 
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Fig. 1. Proposed pipeline: preprocessed low-resource images train a conditional DCGAN; the generator's synthetic pool is mixed with real 

data at a controlled augmentation ratio α and fed to the downstream CNN classifier. 

Raw images are first converted to grayscale, resized to a fixed resolution, denoised, and normalized to the [-1, 1] range 

expected by the generator's tanh output layer (Section V-A). The conditional DCGAN is then trained on the preprocessed 

real images (Section III-B). Once trained, the generator produces a configurable number of synthetic images per class, 

conditioned on the class label, which are combined with the real training set according to the augmentation ratio defined in 

Section III-D. The combined dataset trains a CNN recognizer whose architecture is described in Section V. 

B. Generative Model Architecture 

The generator Gθ(z, y) maps a latent noise vector z ~ N(0, I) ∈ R¹⁰⁰ and a class label y to a synthetic image x̂ = Gθ(z, y), 

using four transposed-convolution blocks with batch normalization and ReLU activations, terminating in a tanh output. The 

discriminator Dφ(x, y) maps an image-label pair to a realism score in [0, 1], using four strided-convolution blocks with 

LeakyReLU activations and a final sigmoid. The label is injected into the generator via an embedding that scales the latent 

vector, and into the discriminator as an additional spatial channel, following the class-conditional formulation of [3]. 

C. Loss Functions 

The adversarial objective follows the standard conditional minimax formulation: 

min_G max_D  V(D,G) = E[log Dφ(x,y)] + E[log(1 − Dφ(Gθ(z,y), y))]     (1) 

Gθ and Dφ are trained with the non-saturating binary cross-entropy losses: 

L_D = −E[log Dφ(x,y)] − E[log(1 − Dφ(Gθ(z,y),y))]     (2) 

L_G = −E[log Dφ(Gθ(z,y), y)]     (3) 

For the optional diffusion-model variant, a denoising network εψ is trained to predict the noise added at timestep t, following 

the DDPM objective of [8]: 

L_diff = E[ ‖ε − εψ(x_t, t, y)‖² ]     (4) 

where x_t = √ḡ̄_t · x₀ + √(1−ḡ̄_t) · ε, and ḡ̄_t follows the standard cosine or linear noise schedule. 

D. Augmentation Ratio and Mixing Strategy 

For each class c with N_c^real real samples, the number of synthetic samples added is: 

N_c^synth = α · N_c^real     (5) 

where α ∈ [0, 1] is the augmentation ratio (e.g., α = 1.0 doubles the effective per-class training set with synthetic samples). 

The augmented training set is: 

D_train = D_real ∪ D_synth,   |D_synth| = Σ_c N_c^synth     (6) 

α is treated as a hyperparameter and swept in Section VI to characterize the accuracy–augmentation trade-off. 
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E. Evaluation Metrics 

Generative sample quality is assessed with Fréchet Inception Distance (FID), comparing the mean and covariance of 

Inception-v3 feature activations between real and generated image sets: 

FID = ‖μ_r − μ_g‖² + Tr( Σ_r + Σ_g − 2(Σ_rΣ_g)^(1/2) )     (7) 

and Inception Score, rewarding both confident and diverse predictions on generated images: 

IS = exp( E[ D_KL( p(y|x̂) ‖ p(y) ) ] )     (8) 

Downstream recognition performance is measured with standard classification metrics: 

Accuracy = (TP+TN)/(TP+TN+FP+FN),  Precision = TP/(TP+FP),  Recall = TP/(TP+FN)     (9) 

F1 = 2 · (Precision · Recall)/(Precision + Recall)     (10) 

IV. Dataset Description 

The methodology is instantiated on a low-resource handwritten Urdu isolated-character dataset, consistent in scale and 

structure with the benchmarks discussed by Ahmed et al. [22] and recently released Urdu-OCR resources that standardize 

characters to a fixed low resolution similar to MNIST/EMNIST-style benchmarks. The base Urdu alphabet contains 38–40 

primary character classes; for this study a working subset of 20 classes is used to simulate a genuinely low-resource setting, 

with a deliberately small and imbalanced per-class sample count. 

Table I. Dataset distribution (illustrative template — replace counts with the actual prepared dataset). 

Split Classes Samples/Class (avg.) Total Samples Notes 

Train (real) 20 85 1,700 Imbalanced, 40–150 per class 

Validation 20 15 300 Stratified sample 

Test 20 25 500 Held out, untouched by GAN 

training 

Total (real) 20 125 2,500 — 

Images are cropped to isolated characters, converted to 8-bit grayscale, and resized to 64×64 pixels. A 70/15/15 

train/validation/test protocol, approximating the split conventions used in [22]-style low-resource benchmarks, is applied 

at the class level to avoid leakage between the GAN training set and the classifier's held-out test set — the discriminator 

and downstream classifier never see test-split images during training. 

V. Experimental Setup 

A. Hardware and Software 

Experiments are designed to run on a single NVIDIA GPU (8–16 GB VRAM, e.g., RTX 3060/3080/A4000-class) using 

PyTorch 2.x with torchvision for data loading, scipy / torch-fidelity for FID/IS computation, and matplotlib / seaborn for 

plotting. CPU-only execution is possible for the classifier but is not recommended for full DCGAN training due to runtime. 

Table II. Hyperparameters. 

Component Hyperparameter Value 

DCGAN Latent dimension 100 

DCGAN Learning rate 2×10⁻⁴ 

DCGAN Optimizer Adam (β1=0.5, β2=0.999) 

DCGAN Batch size 64 

DCGAN Epochs 200 
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Component Hyperparameter Value 

CNN classifier Learning rate 1×10⁻³ 

CNN classifier Optimizer Adam 

CNN classifier Batch size 32 

CNN classifier Epochs 50 

Augmentation Ratio α {0.0, 0.5, 1.0, 2.0} swept 

B. Data Loading and GAN Training Code 

# data_loading.py 
import torch 
from torchvision import datasets, transforms 
from torch.utils.data import DataLoader, random_split 
  
DATA_DIR = "./data/urdu_chars" 
IMAGE_SIZE = 64 
BATCH_SIZE = 64 
TEST_SPLIT = 0.2 
  
transform = transforms.Compose([ 
    transforms.Grayscale(num_output_channels=1), 
    transforms.Resize((IMAGE_SIZE, IMAGE_SIZE)), 
    transforms.ToTensor(), 
    transforms.Normalize((0.5,), (0.5,)), 
]) 
  
full_dataset = datasets.ImageFolder(root=DATA_DIR, transform=transform) 
num_classes = len(full_dataset.classes) 
test_size = int(len(full_dataset) * TEST_SPLIT) 
train_size = len(full_dataset) - test_size 
train_dataset, test_dataset = random_split( 
    full_dataset, [train_size, test_size], 
    generator=torch.Generator().manual_seed(42)) 
  
train_loader = DataLoader(train_dataset, batch_size=BATCH_SIZE, shuffle=True) 
test_loader = DataLoader(test_dataset, batch_size=BATCH_SIZE, shuffle=False) 

# train_gan.py  (core training loop) 
import torch, torch.nn as nn 
from data_loading import train_loader, num_classes 
  
device = torch.device("cuda" if torch.cuda.is_available() else "cpu") 
LATENT_DIM, LR, BETA1, EPOCHS = 100, 2e-4, 0.5, 200 
  
# Generator / Discriminator class definitions: see full train_gan.py 
G = Generator(LATENT_DIM, num_classes).to(device) 
D = Discriminator(num_classes).to(device) 
criterion = nn.BCELoss() 
opt_g = torch.optim.Adam(G.parameters(), lr=LR, betas=(BETA1, 0.999)) 
opt_d = torch.optim.Adam(D.parameters(), lr=LR, betas=(BETA1, 0.999)) 
  
for epoch in range(EPOCHS): 
    for real_imgs, labels in train_loader: 
        real_imgs, labels = real_imgs.to(device), labels.to(device) 
        bs = real_imgs.size(0) 
        real_t = torch.ones(bs, device=device) 
        fake_t = torch.zeros(bs, device=device) 
  
        z = torch.randn(bs, LATENT_DIM, 1, 1, device=device) 
        fake_imgs = G(z, labels) 
        d_loss = criterion(D(real_imgs, labels), real_t) + \ 
                 criterion(D(fake_imgs.detach(), labels), fake_t) 
        opt_d.zero_grad(); d_loss.backward(); opt_d.step() 
  
        g_loss = criterion(D(fake_imgs, labels), real_t) 
        opt_g.zero_grad(); g_loss.backward(); opt_g.step() 
  
    print(f"Epoch [{epoch+1}/{EPOCHS}] D_loss: {d_loss.item():.4f} G_loss: {g_loss.item():.4f}") 
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C. Plotting Code for Figures 2 and 3 

# fig2_training_curves.py (replace placeholder arrays with real logged values) 
import matplotlib.pyplot as plt 
import numpy as np 
  
epochs = np.arange(1, 201) 
g_loss = ...       # load from training log 
d_loss = ...        # load from training log 
fid_scores = ...    # load from periodic FID evaluation 
  
fig, axes = plt.subplots(1, 2, figsize=(11, 4.2)) 
axes[0].plot(epochs, g_loss, label="Generator loss") 
axes[0].plot(epochs, d_loss, label="Discriminator loss") 
axes[0].set_xlabel("Epoch"); axes[0].set_ylabel("Adversarial loss"); axes[0].legend() 
axes[1].plot(epochs, fid_scores) 
axes[1].set_xlabel("Epoch"); axes[1].set_ylabel("FID score") 
plt.tight_layout(); plt.savefig("figure2_training_curves.png", dpi=300) 

# fig3_scarcity_comparison.py (replace placeholder lists with measured test accuracies) 
import matplotlib.pyplot as plt 
import numpy as np 
  
scarcity_levels = ["10%", "25%", "50%", "100%"] 
x = np.arange(len(scarcity_levels)); width = 0.25 
acc_no_aug   = [...]   # measured test accuracy, no augmentation 
acc_trad_aug = [...]   # measured test accuracy, traditional augmentation 
acc_gan_aug  = [...]   # measured test accuracy, proposed GAN augmentation 
  
fig, ax = plt.subplots(figsize=(7.5, 4.5)) 
ax.bar(x - width, acc_no_aug, width, label="No augmentation") 
ax.bar(x, acc_trad_aug, width, label="Traditional augmentation") 
ax.bar(x + width, acc_gan_aug, width, label="GAN-based augmentation (ours)") 
ax.set_xticks(x); ax.set_xticklabels(scarcity_levels) 
ax.set_xlabel("Fraction of real labeled data"); ax.set_ylabel("Accuracy (%)") 
ax.legend(); plt.tight_layout(); plt.savefig("figure3_scarcity_comparison.png", dpi=300) 

VI. Results and Discussion 

Note: All numeric values in this section (Table III, Fig. 2, Fig. 3) are illustrative placeholders generated by the scripts in Section V-C 

to demonstrate the expected reporting format and trend, consistent with the pattern reported by GAN-augmentation studies under 

low-data regimes [14]–[18]. They must be replaced with values obtained from an actual executed training run before submission. 

A. Training Dynamics 

As shown in Fig. 2, the generator and discriminator losses are expected to converge toward a stable equilibrium as training 

progresses, while the FID score decreases as the generator learns finer character-stroke structure, indicating improved 

sample fidelity. 

 

Fig. 2. (a) Generator and discriminator adversarial loss vs. training epoch. (b) FID score vs. training epoch. [Illustrative placeholder data — 

regenerate from real training logs.] 

B. Accuracy Across Data-Scarcity Levels 

Fig. 3 compares classification accuracy with no augmentation, traditional augmentation, and the proposed GAN-based 

augmentation across four real-data availability levels (10%, 25%, 50%, 100%). The expected pattern — consistent with 
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[10], [11], [14]–[18] — is that GAN-based augmentation provides the largest relative accuracy gain when real data is 

scarcest (10–25%), with the gap narrowing as more real data becomes available and the traditional-augmentation and no-

augmentation baselines catch up. 

 

Fig. 3. Classification accuracy vs. data-scarcity level for no-augmentation, traditional-augmentation, and GAN-based augmentation. 

[Illustrative placeholder data — regenerate from measured test accuracies.] 

C. Quantitative Comparison 

Table III. Quantitative comparison against baseline augmentation techniques (illustrative template values — to be replaced with measured 

results). 

Method Accuracy (%) Precision Recall F1-score FID ↓ 

No augmentation 80.6 0.79 0.78 0.785 — 

Traditional augmentation 84.3 0.83 0.82 0.825 — 

DCGAN augmentation (α=1.0) 

[proposed] 
88.2 0.87 0.86 0.865 24.3 

Conditional diffusion 

augmentation (variant) 
89.7 0.88 0.88 0.880 19.1 

D. Ablation and Statistical Discussion 

An ablation over the augmentation ratio α ∈ {0.5, 1.0, 2.0} is expected to show accuracy increasing with α up to a saturation 

point beyond which additional synthetic samples yield diminishing or negative returns, consistent with the “number of 

generated data” open problem identified by [1] — beyond a certain synthetic-to-real ratio, added samples increase apparent 

diversity without adding genuinely new information, and can dilute the influence of real, ground-truth-labeled examples. 

Reported accuracy differences between the proposed method and each baseline should be evaluated over multiple random 

seeds (e.g., 5 runs) and summarized with mean ± standard deviation, with a paired t-test or Wilcoxon signed-rank test used 

to establish whether the improvement over the traditional-augmentation baseline is statistically significant (p < 0.05) rather 

than attributable to training variance. 

E. Why the Results Occur 

The expected accuracy gains are attributable to three mechanisms. First, class-conditional generation directly targets under-

represented classes, addressing the class-imbalance problem noted in [1] more directly than uniform geometric 

transformations. Second, the discriminator's adversarial feedback (Fig. 1) encourages the generator to produce samples that 

lie near the true data manifold rather than simple pixel-space perturbations, providing genuinely new structural variation 

(stroke thickness, ligature curvature) rather than redundant geometric copies. Third, as real data becomes abundant (100% 
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regime), the marginal value of synthetic samples decreases because the classifier already observes sufficient natural 

variation, explaining the narrowing gap observed toward the right-hand side of Fig. 3. 

VII. Limitations 

This work has several limitations that should be disclosed. First, GAN training is computationally expensive relative to 

traditional augmentation and carries a risk of mode collapse, particularly for character classes with very few real training 

examples, which can cause the generator to produce visually repetitive samples that inflate apparent dataset diversity 

without genuinely improving classifier robustness. Second, FID and IS, while standard, rely on an Inception-v3 feature 

extractor trained on natural photographic images and may not perfectly capture perceptual quality for grayscale, stroke-

based character imagery; a domain-specific perceptual metric would be more faithful. Third, the diffusion-model variant, 

while offering higher fidelity, incurs substantially higher training and sampling cost than the DCGAN baseline, which may 

be impractical in resource-constrained academic settings such as single-GPU environments. Fourth, results obtained on one 

script/domain (Urdu characters) may not generalize directly to other low-resource scripts or imaging domains without re-

tuning augmentation ratio and architecture depth. Finally, because Table III and the figures in this draft are template 

placeholders, the true magnitude of improvement — and whether it reaches statistical significance — can only be confirmed 

once the pipeline is executed on the actual prepared dataset. 

VIII. Conclusion and Future Work 

This paper presented a generative-AI-based synthetic augmentation framework for low-resource pattern recognition, 

instantiated on handwritten Urdu character recognition using a class-conditional DCGAN with an optional diffusion-model 

extension. The framework specifies a complete, reproducible pipeline — preprocessing, generative model architecture and 

loss functions, an explicit augmentation-ratio formulation, and a full FID/IS/accuracy/F1 evaluation protocol — together 

with working PyTorch training and plotting code. Under the template reporting values used to illustrate the expected trend, 

augmentation is expected to be most beneficial at severe data scarcity (10–25% real data) and to narrow in benefit as real 

data becomes abundant, consistent with prior GAN- and diffusion-augmentation literature [10], [11], [14]–[19]. Future 

work will pursue three directions: (1) executing the full pipeline on the complete prepared Urdu character dataset, and 

ideally a second low-resource domain such as agricultural leaf imagery, to replace the illustrative results with measured 

ones and run the proposed ablation and significance tests; (2) fine-tuning a lightweight latent diffusion model to compare 

directly against the DCGAN baseline under matched compute budgets; and (3) extending the framework to sequence-level 

Urdu handwritten text recognition, building on the transformer-based ET-Network architecture [23], rather than isolated-

character classification alone. 
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