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Abstract. Fashion image editing aims to modify target garment attributes under 

textual and reference guidance while preserving non-target contents. However, 

existing methods often suffer from inaccurate garment localization, insufficient 

preservation of high-frequency textures, and unnatural transitions near edited 

boundaries. To address these issues, we propose a structure-aware and frequency-

guided framework for multimodal fashion image editing. Specifically, we design 

a Structure-Guided Textual Mask Network to predict geometry-aware editing 

regions by leveraging refined textual structural cues and human-centric priors, 

where a structural prior reweighting mechanism is introduced to improve 

localization accuracy. We further develop an adaptive frequency-domain texture 

enhancement module to inject high-frequency fabric details from a reference 

image during late denoising, and employ a boundary-band soft fusion strategy to 

ensure smooth visual transitions. In addition, we construct a new dataset, DFEdit, 

for fine-grained multimodal fashion image editing. Experimental results show 

that the proposed method achieves competitive performance in terms of editing 

fidelity, texture consistency, and visual quality, showing its effectiveness for 

intelligent fashion image editing applications.  
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1 Introduction 

Fashion image editing focuses on altering garments or accessories in an image to match 

user-specified appearances, serving as a key problem in computer vision-driven 

intelligent computing. High-quality editing supports realistic visualization of 

personalized clothing, benefiting applications such as fashion design [1] and e-

commerce [2]. Existing methods are generally divided into image-guided approaches 

[3][4] and text-guided approaches [5][6]. 

In recent years, increasing attention has been paid to local image editing, which 

restricts modifications to user-specified regions in order to avoid unnecessary 

interference with irrelevant areas [7] [8]. Although existing methods have made 

progress in enforcing local editing constraints, most of them still operate at a coarse-



 

 

grained region level and do not explicitly model the functional structures of garments. 

In fashion images, clothing is not a generic visual region, but a composition of 

semantically and geometrically meaningful parts, such as skirts and bodices [9] [10]. 

These garment substructures exhibit strong spatial dependencies and texture continuity. 

Consequently, coarse-grained editing masks often fail to accurately localize editable 

areas, leading to structural inconsistency and misaligned local modifications. Another 

major challenge lies in preserving fine-grained garment texture during the editing 

process. Fashion images often contain highly structured fabric patterns, such as stripes, 

plaid, knitted textures, and repetitive decorative details, which are dominated by high-

frequency visual information. However, existing editing methods often struggle to 

maintain such texture details after local manipulation, producing artifacts such as 

blurring, texture discontinuity, and pattern drift within edited regions [11] [8], as 

illustrated in Fig. 1. Moreover, many early fashion editing methods are based on GAN 

architectures [12] [13], which are often difficult to optimize and less effective in 

generating high-quality local details. More recently, diffusion models [14] [15] [16] 

have demonstrated strong capability in controllable image generation and editing, 

providing a more powerful foundation for fine-grained fashion image manipulation.  

Nevertheless, directly applying diffusion-based editing methods to fashion scenarios 

remains challenging, because they still lack explicit modeling of garment structure, and 

the preservation of high-frequency texture-specific. 

 

Fig. 1. Limitations of existing fashion editing methods, particularly in accurately identifying the 

editing area (red area), maintaining the integrity of the details of the high-frequency fabric 

textures (yellow area), and ensuring the continuity between the editing area and the non-edited 

area in terms of structure (green area). 

We propose a structure-aware and frequency-guided multimodal framework for fashion 

image editing. Specifically, we first introduce a Structure-Guided Textual Mask 

Network (SGTMNet) to predict target editing regions by jointly exploiting fine-grained 

textual cues, human-centric structural priors, and boundary-aware mask refinement. In 

particular, to better adapt region localization to different editing instructions, we further 

design a text-driven structural prior reweighting mechanism, by enabling text-adaptive 

fusion of foreground cues, DensePose representations, and semantic parsing maps, 



 

 

SGTMNet can more accurately localize the garment regions relevant to the target 

editing intent. We then adopt an adaptive frequency-domain texture enhancement 

mechanism to preserve realistic fabric details during the denoising process. We 

disentangle latent features into low-frequency structure and high-frequency texture, and 

progressively inject reference fabric details in the late diffusion stage to better preserve 

fine-grained textures while keeping overall semantics consistent. A boundary-band soft 

fusion strategy is further introduced to smooth transitions between edited and unedited 

regions, reducing visible artifacts. In addition, we construct DFEdit, a multimodal 

fashion editing dataset that differs from existing datasets by providing explicit 

alignment among region-level prompts, garment masks, and texture references, 

enabling more precise localized supervision. Our contributions are summarized as 

follows: 

 We propose a structure-aware and frequency-guided diffusion framework for 

multimodal fashion image editing. 

 We design a SGTMNet to localize editable garment regions under fine-grained 

textual guidance. 

 We introduce an adaptive frequency-domain texture enhancement to preserve 

high-frequency fabric details, together with a soft fusion strategy to improve 

transition quality near edited region boundaries. 

 We construct a DFEdit dataset for fine-grained multimodal fashion image 

editing. 

2 Related Work 

2.1 Text-guided image synthesis 

Text-guided image synthesis focuses on generating or modifying visual content 

according to natural language descriptions, and has become a representative research 

topic in intelligent computing and computer vision. Earlier studies in this area were 

mainly built upon generative adversarial networks (GANs) [17] [18] [19], whereas 

more recent progress has been largely driven by diffusion models [20] [21] [22], which 

provide stronger generative capacity and higher image fidelity. Fashion-Gen [23] 

introduced a large-scale dataset for fashion synthesis and applied StackGAN [17] to 

generate clothing images from textual descriptions. FashionG [24] further improved the 

realism of generated fashion images by combining global and local style constraints. 

AttnGAN [25] enhanced the correspondence between text and image content through 

attention mechanisms, enabling finer semantic alignment. With the emergence of latent 

diffusion models such as Stable Diffusion [20] , text-driven generation has achieved 

substantial gains in visual quality and semantic consistency. In addition, classifier-free 

guidance [26] [22] has become an effective strategy for improving controllability in 

text-conditioned synthesis. In fashion-related scenarios, classifier-guided diffusion has 

also been introduced for attribute manipulation [27], while SGDiff [28] extends 

diffusion generation by incorporating style-aware guidance. Beyond direct text-to-

image generation, diffusion models have also shown strong potential in text-guided 

image editing. SDEdit [11] edits an existing image by adding noise and reconstructing 



 

 

the result with diffusion priors. DiffEdit [8] automatically estimates editable regions by 

comparing conditional prompts, thereby enabling semantic modification while keeping 

irrelevant content unchanged. MasaCtrl [29] improves local controllability by 

redesigning self-attention interactions and introducing mask-guided editing. Despite 

their promising performance in general image synthesis and editing, these methods are 

not specifically tailored for fashion images, where garment region precision and texture 

fidelity are especially critical. 

2.2 Fashion image editing 

Fashion image editing aims to modify garment-related attributes, such as color, texture, 

or style, based on user-provided conditions while maintaining person identity, pose, 

and background consistency. Early studies in this area mainly adopted GAN-based 

frameworks [12] [13] [6] [30]. Although these methods demonstrated the feasibility of 

semantic garment editing, they often suffered from limited detail generation and weak 

performance on high-resolution images. More recently, diffusion models have become 

a more effective solution for fashion image editing. MGD [5] is among the earlier 

diffusion-based methods that uses text and sketch inputs as dual conditions for garment 

generation and manipulation. Other approaches, including SDG [31], Hybrid Diffusion 

[32], and DiffusionCLIP [33] further exploit CLIP-based multimodal alignment [34] to 

improve the semantic accuracy of text-driven editing. In local editing settings, many 

methods [32] [35][22] rely on manually annotated masks to restrict the editable area. 

While effective, this strategy requires expensive human annotation and is difficult to 

scale to large datasets or practical applications. To reduce this dependency, DiffEdit [8] 

and Prompt-to-Prompt [36] attempt to infer editable regions automatically from textual 

conditions. TextFit [7] further introduces an editing region localization module to 

support text-only fashion editing. However, most of these approaches still operate at a 

relatively coarse spatial level, which makes them less effective for precise garment 

localization. Recent efforts have begun to address the structural and textural 

requirements of fashion editing more explicitly. DPDEdit[37] employs Grounded-SAM 

to obtain more accurate editing regions and utilizes a reference branch to extract high-

frequency texture information from exemplar images for texture-preserving editing. 

MGD [5] incorporates multimodal conditions through text inversion, and Ti-MGD [38] 

extends this framework by introducing fabric texture as an additional modality for 

pattern control. Although these methods improve editing flexibility and controllability, 

fine-grained multimodal fashion editing still remains challenging. In particular, two 

issues are not yet fully resolved: accurate localization of garment structures and faithful 

preservation of high-frequency fabric details. These challenges motivate the proposed 

structure-aware and frequency-guided framework.  

3 Method 

We propose a method for fine-grained local garment editing conditioned on text and 

texture guidance. Given an input fashion image x0, a text prompt P, and a texture 

reference xt, the model generates an edited image xG. The generated result is expected 



 

 

to preserve the original structural information, such as pose and identity, while enabling 

localized fashion modification. The overall framework is illustrated in Fig. 2 

 

Fig. 2. Overview of our method. 

3.1 Preliminaries 

Our approach is based on the Stable Diffusion framework [20], integrates an 

autoencoder with a diffusion model. The autoencoder first compresses the input image 

x0 into a compact latent code z0, enabling more efficient diffusion learning.: 

                    LAE=‖x0-D(E(x0))‖
2,                           (1) 

Where 𝐸 and 𝐷 denote the encoder and decoder. 

After encoding into latent z0 . diffusion is applied by progressively injecting 

Gaussian noise over 𝑇 steps: 

                   q(zt|zt-1)=N(zt;√1-βtzt-1,βtI),               (2) 

Where βt  controls the noise magnitude. The reverse process is learned via a noise 

predictor ϵθ using the denoising loss. 

LDM=Et,z0,ϵ[||ϵθ(zt)-ϵ||
2],                         (3) 

Starting from noisy latents, the model iteratively removes noise to recover z0, which is 

then decoded into the final image. 

In this work, we adopt DDIM-based inversion and sampling [39] to support image 

editing. Compared with the stochastic DDPM process, DDIM provides a deterministic 



 

 

mapping between an image and its latent trajectory, which is more suitable for 

reconstruction-based editing tasks. 

3.2 Structure-Guided Textual Mask Network 

Accurate localization of editable garment regions is a key prerequisite for fine-grained 

fashion image editing. To this end, we propose the SGTMNet, a region prediction 

module that identifies editable garment areas under fine-grained textual guidance. 

SGTMNet adopts a lightweight U-Net as the backbone and injects textual conditions 

into the encoding process in a layer-wise manner, enabling effective semantic-spatial 

feature fusion for mask prediction. 

To improve spatial awareness, SGTMNet incorporates multiple human- and 

garment-related structural priors. Specifically, Graphonomy [40] and DensePose [41] 

are used to extract foreground human regions and body structure cues from the input 

image, while an additional semantic parsing map is obtained using a pretrained 

segmentation model [42]. These structural representations are concatenated and used 

together with the input image to provide explicit guidance on human anatomy and 

garment layout. Since editable regions are mainly determined by structural attributes 

described in the text prompt, we further introduce a shape-oriented prompt refinement 

strategy. GPT-5 is used to parse the original textual input and generate a geometry-

focused mask prompt by retaining structural descriptors while removing attributes 

irrelevant to region localization, such as color and texture. The refined prompt 𝑇 is 

then encoded by a pretrained CLIP text encoder to obtain the textual embedding 𝑒𝑡. 

Based on the input image and the textual embedding, the mask prediction network 

produces an initial coarse editing mask. 

We introduce a text-driven structural prior reweighting mechanism to further 

improve mask localization. Although multiple structural priors are beneficial, different 

editing instructions rely on them to different extents. For example, sleeve-related 

editing depends more on arm and upper-body cues, whereas skirt or trouser-related 

editing relies more heavily on lower-body parsing information. Direct concatenation of 

all priors treats them equally and may introduce irrelevant structural noise. To address 

this issue, we use the refined textual embedding 𝑒𝑡  to dynamically predict the 

importance of each structural prior. Let 𝑆𝑓, 𝑆𝑑, and 𝑆𝑝 denote the foreground map, 

densepose map, and semantic parsing map, respectively. A lightweight multi-layer 

perceptron network (MLP) is applied to 𝑒𝑡 to produce normalized prior weights. 

[𝑤𝑓 , 𝑤𝑑 , 𝑤𝑝] = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑀𝐿𝑃(𝑒𝑡)),                  (4) 

Where 𝑤𝑓, 𝑤𝑑, and 𝑤𝑝 represent the relative importance of the three structural priors 

under the current editing instruction, and the reweighted structural representation is 

then formulated as: 

   𝑆̃ = Concat(𝑤𝑓𝑆𝑓 , 𝑤𝑑𝑆𝑑 , 𝑤𝑝𝑆𝑝),                    (5) 

In this way, the refined prompt not only provides semantic guidance for mask 

prediction, but also explicitly modulates which structural cues should be emphasized 

for the current target garment transformation. Based on the input image 𝐼 , the 



 

 

reweighted structural prior 𝑆, and the textual embedding 𝑒𝑡 , the backbone network 

predicts an initial coarse editing mask: 

𝑀𝑐 = 𝐺𝜃(𝐼, 𝑆̃, 𝑒𝑡),                          (6) 

Where 𝐺𝜃 denotes the U-Net-based mask prediction network. This text-adaptive prior 

fusion strategy improves the sensitivity of SGTMNet to target garment attributes and 

reduces interference from structurally irrelevant regions. 

However, directly predicted masks often suffer from inaccurate boundary 

delineation due to the imbalance between boundary and interior pixels. To alleviate this 

issue, Inspired by BPR [43], only local high-resolution patches within the boundary 

neighborhood are extracted and analyzed locally. Subsequently, instead of replacing 

the refined results as the output, the BASNet [44] predict-refine idea is referred to. Two 

complementary pieces of information are learned for each boundary patch: one is 

whether the local area truly belongs to the boundary position that needs to be corrected 

with priority, and the other is how to perform local residual correction for this area 

relative to the coarse mask. Further, the local prediction results of each boundary patch 

are re-mapped back to the original image space and fused with the coarse mask output 

by the backbone network to obtain the final refined mask. The fusion is not a simple 

overlay, but is modulated by the boundary confidence information predicted by the 

boundary branch. 

𝑀 =  𝑀𝑐  +  𝑅(𝐶𝑏  ⊙  𝑅𝑏),                     (7) 

Where 𝐶𝑏 denotes the boundary confidence map, 𝑅𝑏 denotes the residual correction 

map predicted by the boundary branch, ⊙ represents element-wise multiplication, and 

𝑅(⋅)  denotes the remapping operation from local boundary patches to the full-

resolution image space. Boundary refinement is guided by both confidence-aware 

selection and local residual correction, leading to more accurate mask boundaries. 

Unlike existing text-based segmentation models, SGTMNet predicts editable 

regions according to the target editing intent rather than merely segmenting the garment 

category already present in the image. Benefiting from the proposed structural prior 

reweighting and the boundary-aware refinement mechanism, SGTMNet achieves more 

precise garment localization. 

3.3 Adaptive Frequency-Domain Texture Enhancement  

Text prompts mainly control high-level semantics, but they struggle to describe fine-

grained fabric patterns such as stripes or other material-level textures. These high-

frequency details are crucial for realistic fashion editing; relying only on text often 

yields correct semantics but weak or blurred texture reconstruction. To overcome this, 

we integrate text-guided diffusion editing with adaptive frequency-domain texture 

enhancement. The diffusion model first performs semantic clothing modification 

according to the prompt, and then a frequency-based module injects texture cues from 

a reference fabric image into the edited region, enhancing high-frequency details and 

improving realism. 



 

 

Given a content image 𝑥0, a text prompt 𝑃, and a texture reference image 𝑥𝑡, we 

first encode the text prompt using a text encoder: 

𝐸𝑝 = 𝐶𝐿𝐼𝑃(𝑃)                              (8) 

Where 𝐸𝑝 denotes the text embedding used to guide semantic editing through cross-

attention. Meanwhile, the editing mask 𝑀  predicted by the localization module 

constrains subsequent modifications to the target garment region. 

To retain the source image structure while supporting controllable editing, we apply 

DDIM inversion to map both the input image and texture reference into their 

corresponding latent trajectories, formulated as follows: 

            𝑥𝑡−1 = √𝛼̅𝑡−1𝑓𝜃(𝑥𝑡 , 𝑡) + √1 − 𝛼̅𝑡−1𝜖𝜃(𝑥𝑡 , 𝑡),            (9) 

             𝑓𝜃(𝑥𝑡 , 𝑡) =
𝑥𝑡−√1−𝛼̅𝑡𝜖𝜃(𝑥𝑡,𝑡)

√𝛼̅𝑡
,                     (10) 

Where 𝜖𝜃 represents the noise estimation network. Using DDIM inversion, the content 

image 𝐼𝐶  and texture image 𝐼𝑇 are mapped into latent sequences. 

The model conducts text-guided editing, where latent features are iteratively updated 

at each denoising step based on the text embedding 𝐸𝑝: 

𝜖𝑡 = 𝜖𝜃(𝑥𝑡
𝐶 , 𝑡, 𝐸𝑝),                         (11) 

𝑥̂𝑡−1
𝐶 = 𝐷𝑒𝑛𝑜𝑖𝑠𝑒(𝑥𝑡

𝐶 , 𝜖𝑡),                      (12) 

Where 𝑥̂𝑡−1
𝐶  denotes the text edited latent feature. To preserve non-edited regions, we 

apply mask-constrained updating: 

𝑥̃𝑡−1
𝐶 = 𝑀 ⊙ 𝑥̂𝑡−1

𝐶 + (1 − 𝑀) ⊙ 𝑥𝑡−1
𝐶 ,                (13) 

This stage determines the target garment semantics and structure. However, although 

the edited result becomes semantically aligned with the text prompt, it may still lack 

realistic fabric textures. 

After semantic editing, we enhance the edited garment by transferring texture cues 

from the reference image in the frequency domain. We apply Fast Fourier Transform 

(FFT) to the latent feature 𝑥𝑡
𝑇  of the texture image to extract its high-frequency 

components: 

                      𝐹𝑡
𝑇 = 𝐹𝐹𝑡(𝑥𝑡

𝑇) ⊙ 𝑀𝑡
𝑇 ,                               (14) 

  𝑥′
𝑡
𝑇

= 𝐼𝐹𝐹𝑇(𝐹𝑡
𝑇),                        (15) 

Where 𝐹𝐹𝑇(⋅) and 𝐼𝐹𝐹𝑇(⋅) denote the Fast Fourier Transform and its inverse, and 

𝑀𝑡
T is the texture mask that preserves the high-frequency bands. Similarly, the text 

edited latent feature is transformed into the frequency domain to retain its low-

frequency structural information: 

                      𝐹𝑡
𝐶 = 𝐹𝐹𝑡(𝑥𝑡

𝐶) ⊙ 𝑀𝑡
𝐶 ,                     (16) 



 

 

                  𝑥′
𝑡
𝐶

= 𝐼𝐹𝐹𝑇(𝐹𝑡
𝐶),                        (17) 

Where 𝑀𝑡
C is the complementary low-frequency mask used to preserve structural and 

color information. In practice, 𝑀𝑡
C and 𝑀𝑡

T  are designed as complementary masks, 

such that the content branch maintains garment structure while the texture branch 

contributes fine-grained fabric details. 

After frequency decomposition, the extracted texture and content components are 

fused during denoising as: 

              𝑥𝑡
′ = 𝑥̃𝑡

𝐶 + 𝑀 ⊙ 𝛼𝑡,𝑙(𝑥′
𝑡
𝐶

+ 𝑥′
𝑡
𝑇

− 𝑥̃𝑡
𝐶),             (18) 

Where 𝑀 is the editing mask and 𝛼 is an adaptive fusion coefficient that controls the 

texture injection strength according to the current diffusion timestep 𝑡 and feature 

level 𝑙. Specifically, we define 

𝛼𝑡,𝑙 = 𝛼𝑚𝑎𝑥 ⋅ (1 −
𝑡

𝑇
)

𝛾
⋅

𝑙

𝐿
 ,                  (19) 

Where 𝑇 is denoising steps, 𝐿 is the number of injected feature levels, 𝛾 controls 

the timestep scheduling curve, and 𝛼𝑚𝑎𝑥  denotes the maximum texture fusion 

strength. This formulation suppresses texture injection at early timesteps and low-

resolution layers, while progressively strengthening it at later timesteps and high-

resolution layers. The fused latent feature 𝑥𝑡 is then fed into the reverse denoising 

process: 

𝑥𝑡−1 = √𝛼̅𝑡−1𝑓𝜃(𝑥𝑡
′, 𝑡) + √1 − 𝛼̅𝑡−1𝜖𝜃(𝑥𝑡

′ , 𝑡).          (20) 

Through this mechanism, the generated image achieves both semantic consistency with 

the text prompt and improved texture fidelity with respect to the reference fabric, 

resulting in more realistic garment materials. 

To preserve person identity and maintain the integrity of non-edited regions, we 

adopt a boundary-band constrained soft blending strategy. Instead of applying 

smoothing over the entire editing region, the proposed method restricts the transition to 

a narrow band around the predicted editing mask. This design avoids unnecessary blur 

inside edited garment regions while ensuring smooth appearance transitions near region 

boundaries. We first construct a boundary band region 𝐵  using morphological 

operations: 

                 𝐵 = 𝐷𝑖𝑙𝑎𝑡𝑒(𝑀, 𝑟) − 𝐸𝑟𝑜𝑑𝑒(𝑀, 𝑟),                     (21) 

Where 𝑟 controls the band width. The inner edited region and outer preserved region 

are defined as: 

                  𝑅𝑖𝑛 = 𝑀 − 𝐵, 𝑅𝑜𝑢𝑡 = (1 − 𝑀) − 𝐵,                     (22) 

To achieve smooth blending only within the boundary band, we generate a soft mask 

by applying Gaussian smoothing to the binary mask: 



 

 

                         𝑀̃ = 𝐺𝜎 ∗ 𝑀,                                 (23) 

The final synthesized image 𝑥̃𝑠𝑜𝑓𝑡  are fefined as : 

     𝑥̃𝑠𝑜𝑓𝑡(𝑝) = {

𝑥𝑒(𝑝), 𝑝 ∈ 𝑅𝑖𝑛

𝑥0(𝑝), 𝑝 ∈ 𝑅𝑜𝑢𝑡

𝑀̃(𝑝)𝑥𝑒(𝑝) + (1 − 𝑀̃(𝑝))𝑥0(𝑝), 𝑝 ∈ 𝐵

         (24) 

Where 𝑥𝑒 is the edited image. In this way, the edited region remains sharp, while only 

the boundary area is softly blended to reduce visible discontinuities. 

3.4 The DFEdit Dataset   

To support fine-grained localized fashion image editing, we construct a new dataset To 

support fine-grained localized fashion editing, we build DFEdit on DeepFashion-

MultiModal[9] and Fashion-Gen[23], providing images, parsing maps, attributes, and 

text with explicit region–text–texture alignment. Parsing annotations from 

DeepFashion-MultiModal are converted into binary masks for key garment regions, 

then combined with attributes to form region-level prompts. Compared with global-

description datasets, DFEdit enables finer localized supervision. To preserve realistic 

details, texture patches are extracted within valid mask areas via a sliding-window 

strategy, providing explicit cues for texture-aware editing. DFEdit dataset is illustrated 

in Fig. 3. 

 

Fig. 3. Comparison of DFEdit with other fashion datasets 

4 Experiments 

4.1 Experimental Settings 

Experiments are conducted on the DFEdit dataset with an extended test set of 12,000 

image–text pairs for evaluation. We compare our method against three diffusion-based 

approaches, including SDEDit [11], TextFit [7], and DiffEdit [8], all retrained on 

DFEdit under identical settings to ensure fairness. Training is performed on a single 



 

 

NVIDIA A40 GPU with images resized to 512×256, SGTMNet is trained for 200 

epochs. For editing, Stable Diffusion v1.4 is adopted as the backbone and fine-tuned 

on DFEdit for 200k iterations with AdamW (learning rate 1×10⁻⁵), using gradient 

accumulation due to memory limits, and the same initialization is applied to all 

baselines. Evaluation includes FID [45] and LPIPS [46] for visual quality, along with 

CLIP score [47] to measure text–image semantic consistency 

4.2 Comparison with State-Of-The-Art Methods 

We evaluate our approach against representative diffusion-based baselines on the 

DFEdit test set. As reported in Table 1, our method attains the lowest FID and LPIPS 

scores, and also performs competitively on CLIP-S, demonstrating improved visual 

quality and more accurate localized editing results. 

Table 1. Quantitative results on the DFEdit dataset. 

Method FID LPIPS CLIP-S 

SDEdit 16.10 0.172 28.08 

DiffEdit 16.72 0.101 26.52 

TextFit 10.68 0.050 27. 85 

Ours 9. 85 0.047 28.04 

As shown in Fig. 4. SDEdit often causes over-editing and affects surrounding regions. 

DiffEdit roughly localizes editable areas but tends to produce blurred boundaries and 

broken textures. TextFit offers better region control, yet still suffers from texture 

distortion and detail loss in complex garment scenarios. In contrast, our method 

preserves person identity and pose more effectively, while generating clearer structures 

and more consistent textures. 

 



 

 

Fig. 4. Visual comparison between results of our method and baseline approaches. 

Fig. 5 further illustrates representative results under diverse editing scenarios, including 

color modification, category replacement, and structural adjustment. The results 

demonstrate that our method produces visually coherent edits while maintaining local 

texture integrity. 

 

Fig. 5. Qualitative research on different text editing methods 

To evaluate perceptual quality in practical scenarios, we conduct a user study with 20 

participants on 2000 samples. Participants select the best results among different 

methods based on realism, garment structure and texture consistency, and text 

alignment. As shown in Table 2, our method achieves the highest average preference 

across all criteria, demonstrating superior human-perceived quality. 

Table 2. User study results comparing baseline methods and our method 

Method     Image 

realism 

Texture 

consistency 

Text 

Matching Degree 

SDEdit 196 227 163 

TextFit 427 294 276 

DiffEdit 391 268 384 

Ours 986 1211 1177 

Overall, both qualitative and quantitative results demonstrate that, our method achieves 

a better trade-off between editing accuracy and image realism compared with SDEdit, 

DiffEdit, and TextFit. 



 

 

4.3 Ablation study 

We conduct ablation studies on SGTMNet, the adaptive frequency-domain texture 

enhancement module (AF-TE), and the flexible fusion strategy to evaluate their 

contributions to region localization, texture preservation, and boundary quality. As 

shown in Fig. 6, SGTMNet produces more accurate and stable editing masks than the 

baseline TextFit. Without structural priors and prompt refinement, the baseline often 

yields coarse or incomplete garment regions. In contrast, SGTMNet generates masks 

with clearer boundaries and better alignment with garment geometry. 

 

Fig. 6. Visual comparison of editing region masks generated by our method and TextFit. 

In addition, as reported in Table 3. compared with the baseline setting without 

SGTMNet and frequency-domain texture enhancement module, incorporating both 

modules yields significant improvements in FID, LPIPS and CLIP-S. 

Table 3. Quantitative ablation results of our method on DFEdit dataset 

SGTMNet AF-TE FID LPIPS CLIP-S 

  14.32 0.324 26.35 

√  13.21 0.296 27.05 

 √ 12.03 0.217 27.74 

√ √ 9. 85 0.047 28.04 

As shown in Fig. 7, after introducing the flexible fusion strategy, significant 

improvements have been achieved in the clarity of high-definition textures, the 

sharpness of the edges of the clothing area, and the rationality. 



 

 

 

Fig. 7. Ablation study of the soft fusion strategy 

These results confirm that SGTMNet improves editing region localization, AF-TE 

enhances texture fidelity, and the soft fusion strategy yields more natural boundary 

transitions. 

5 Conclusion 

This paper presents a diffusion-based fashion image editing framework with adaptive 

frequency-domain texture enhancement, integrating fine-grained garment localization 

and a soft fusion mechanism to achieve more accurate and visually consistent local 

edits. In addition, we introduce the DFEdit dataset to support detailed fashion editing 

studies. Experimental results show clear improvements over representative methods in 

editing accuracy, texture retention, and overall visual quality, demonstrating the 

effectiveness of the proposed approach. 
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