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Intelligent Shirt Style Drawing Generation Based on
Fine-Tuned Diffusion Model

ZHU Weiming, YU Jiabei
(School of Fashion Design and Engineering, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract : This study aims to enhance the efficiency and reduce costs in the apparel design industry by leveraging artificial
intelligence image generation technology. An end-to-end rapid generation of garment style drawings is achieved through
LoRA fine-tuning of the Stable Diffusion model. Taking shirts as the case study, the technical principles of diffusion models
were analyzed. A dedicated shirt style drawing dataset was constructed and utilized for model training. The generation
performance was quantitatively evaluated using the structural similarity index ( SSIM) and peak signal-to-noise ratio
(PSNR). Experimental results demonstrate that the fine-tuned model achieves 22.69% and 68. 59% improvements in
SSIM and PSNR metrics, respectively. The generated style drawings significantly outperform the baseline model in
structural coherence, composition, style consis-tency, detail fidelity, and line quality. This method provides an efficient
and cost-effective approach for intelligent garment design with substantial potential for practical implementation.
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Fig.1 Stable Diffusion model
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Fig.2 Text-to-image diagram of Stable Diffusion
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pretrained_model_name_or_path = "./sd-models/anything-v5-PrtRE"
train_data_dir = "./train/aki"
resolution = "512,512"

enable_bucket = true

min_bucket_reso = 256
max_bucket_reso = 1_024

output_name = “"drill"

output_dir = "./output"

save_model_as = "safetensors"
save_every_n_epochs = 2
max_train_epochs = 10
train_batch_size = 1
network_train_unet_only = false
network_train_text_encoder_only = false
learning_rate = ©.0001

unet_lr = 0.0001

text_encoder_lr = 0.00001
1r_scheduler = "cosine_with_restarts"
optimizer_type = "AdamW8bit"
1r_scheduler_num_cycles = 1
network_module = "networks.lora"
network_dim = 32

network_alpha = 32

logging dir = "./logs"
caption_extension = ".txt"
shuffle_caption = true

keep_tokens = @

max_token_length = 255

seed = 1_337

prior_loss_weight = 1

clip_skip = 2

mixed_precision = "fp16"
save_precision = "fpl6"

xformers = true

cache_latents = true
persistent_data_loader_workers = true
lr_warmup_steps = @
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Fig.6 Preview of training parameters
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Tab.1 Impact of different LoRA weights on the generation

results
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ter fine-tuning
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Tab.2 Objective evaluation of experimental results
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Tab.3 Comparison evaluation of images before and after fine-tuning
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