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Abstract :  Virtual Try-On (VTON) systems represent a transformative rise of online garment retail solutions, enabling the seamless 
digital transfer of garments onto human images with exceptional realism. This research introduces a sophisticated VTON framework 
that synergistically combines spatial transformer networks, pose-guided alignment, and a novel matrix-based feature correlation 
mechanism to achieve precise garment warping and high-fidelity synthesis. Our approach employs a geometric matching module 
utilizing Thin-Plate Spline (TPS) transformations, driven by a correlation operation defined as Corr = AT B, to align garments with 
target body poses accurately. 

A segmentation refinement network enhances semantic consistency, while a multi-scale synthesis generator produces photorealistic 
outputs, preserving intricate garment details and ensuring coherence with body contours. Across common benchmark datasets, our 
approach attains SSIM, PSNR, and FID metrics comparable to prior work, with reasonable robustness to challenging poses and 
occlusions. While slightly behind leading state-of-the-art models in quantitative performance, our method introduces a novel 
correlation-driven feature matching mechanism, improving geometric alignment and garment warping efficiency. These 
advancements position our framework as a promising direction for future research in fashion e-commerce and virtual try-on 
applications. 

 

IndexTerms - Virtual try-on, spatial transformer networks, geometric matching, image synthesis, feature correlation, 

pose estimation 

 

1. INTRODUCTION 

 As e-commerce continues to expand, new technologies have emerged to improve online shopping—especially in 
fashion, where customers cannot physically try on clothing, creating a key hurdle to overcome. Virtual try-on (VTON) 
technology addresses this gap by digitally superimposing clothing items onto images of individuals, offering a visual 
approximation of fit and appearance. These systems aim to produce photorealistic images that accurately depict how a 
garment would appear on an individual, considering variations in body shape, stance, and fabric texture. 
 
Reaching this objective involves tackling two main challenges: first, accurately warping the garment to match the body’s 
geometry, and second, blending the warped clothing and the person’s image into a seamless, realistic composite. 
Geometric alignment requires deforming the garment to match the target pose, a process complicated by variations 
in body orientation, occlusions, and garment styles. Synthesis, on the other hand, demands seamless integration of the 
warped garment with the human image, preserving textures, shadows, and spatial relationships. Traditional approaches 
often falter in these areas, producing artifacts or failing to adapt to diverse scenarios. 
 
Historically, VTON methodologies have relied by employing methods such as Thin-Plate Spline (TPS) transformations 
for warping, which excel in global alignment but struggle with localized deformations critical for intricate garment 
details. Segmentation- based strategies have emerged to address this, decomposing garments into semantic regions for 
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targeted warping, yet they depend on extensive annotated datasets and are vulnerable to errors in region delineation. 
Synthesis stages, typically powered by generative adversarial networks (GANs), offer powerful image generation 
capabilities, but are susceptible to instability, while emerging diffusion models, though promising, impose significant 
computational burdens. 
 
In this work, we present a comprehensive VTON framework that integrates three meticulously designed components: a 
segmentation refinement network, a geometric matching module with a novel correlation-based warping mechanism, 
and a multiscale synthesis generator. The segmentation network refines the initial body parsing to ensure semantic 
accuracy, the geometric module employs matrix multiplication for feature matching to drive TPS warping, and the 
synthesis generator leverages residual learning across multiple scales to produce high-resolution, artifact-free outputs. 
This approach minimizes the reliance on external annotations, adapts dynamically to complex poses, and preserves 
garment fidelity, positioning it as a significant advancement in the field. 
 
This paper elucidates the architectural design, mathematical underpinnings, and optimization strategies of our 
framework, validated through extensive experiments on established datasets. By offering a robust solution to long-
standing challenges, we aim to enhance the practicality and impact of VTON in fashion e-Commerce. 

2. BACKGROUND AND PRIOR RESEARCH 

2.1. Virtual Try-On from Images 

Advances in virtual try-on have primarily stemmed from new methods for warping garments to fit a person’s 
body and for blending those warped clothes into realistic composite images.Early frameworks, such as those proposed 
by Han et al. [1] and Minar et al. [2], introduced TPS transformations, which minimize bending energy through the 
functional: 

𝐸 = ∫ ∫ ((
𝜕2𝑓

𝜕𝑥2)
2

+ (
𝜕2𝑓

𝜕𝑥𝜕𝑦
)

2

+ (
𝜕2𝑓

𝜕𝑦2)) 𝜕𝑥𝜕𝑦     (1) 

While effective for coarse alignment, TPS’s dependence on sparse control points limits its capacity to handle 
fine deformations. Subsequent work, such as ClothFlow [3], adopted dense flow fields to establish pixel-level 
correspondences, improving adaptability but often compromising texture integrity under occlusion. Yang et al. [4] 
advanced this by incorporating semantic segmentation to protect non-target regions, though this introduces dependency 
on accurate parsing. Ge et al. [5] proposed progressive feature alignment to reduce such dependence, and Li et al. [6] 
used StyleGAN for global context modeling. Our framework builds on these by integrating a correlation-driven warping 
mechanism, enhancing both global and local precision. 

2.2.  Segment-Level Grouping Strategies 

Segmentation-driven approaches have gained traction due to their ability to isolate garment regions. Guan et al. 
[7] de- composed garments into parts to separate warping, mitigating adhesion artifacts, while Choi et al. [8] and Chou 
et al. [9] refined this granularity further. These methods, however, require precise external segmentation, which is prone 
to inaccuracies. Grouping strategies in broader computer vision, such as those by Liu et al. [10] for lane detection and 
Wang et al. [11] for referential segmentation, inspire our use of self-similarity in feature matching, enabling implicit 
region identification without explicit annotations. 
 

2.3.  Diffusion Models 

Diffusion models, introduced by Ho et al. [12] and optimized by Song et al. [13], excel in high-fidelity synthesis 
through iterative denoising. Rombach et al. [14] enhanced efficiency with latent-space processing, and Ren et al. [15] 
applied dual- branch diffusion to VTON for inpainting and denoising. Despite their quality, diffusion models’ 
computational complexity hinders real-time use. Our approach opts for a GAN-inspired synthesis with residual learning, 
balancing efficiency and realism. 

3. METHODS 

Our VTON framework comprises three synergistic stages: segmentation refinement, geometric warping, and image 
synthesis, each engineered to address specific challenges in garment transfer. 

3.1.  Segmentation Refinement 

The first step refines an initial human segmentation map so that it accurately matches the chosen clothing item 
and body posture, maintaining consistent semantic labelling across all regions of the figure. 
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3.1.1. Input Representation: 

The input is a composite tensor concatenating multiple modalities: 
 Cloth mask (𝑀𝑐 ∈ ℝ(𝑏×1×ℎ×𝑤)): A binary map delineating the garment’s extent. 
 Masked cloth (𝐶 · 𝑀𝑐 ∈ ℝ(𝑏×3×ℎ×𝑤)): The garment image masked to isolate its region. 
 Agnostic parsing map (𝑃𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐 ∈ ℝ(𝑏×13×ℎ×𝑤)): An initial segmentation excluding upper-body clothing. 
 Pose image (𝑃𝑝𝑜𝑠𝑒 ∈ ℝ(𝑏×3×ℎ×𝑤)): A visual representation of body key points. 
 Noise (𝑁 ∈ ℝ(𝑏×1×ℎ×𝑤)): A random perturbation, N ∼ N (0, 1), enhancing robustness. 
 The combined input,  X = [𝑀𝑐 , 𝐶 · 𝑀𝑐 , 𝑃𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐, 𝑃𝑝𝑜𝑠𝑒, 𝑁],has dimensions 𝑏 ×  21 ×  256 ×  192, 

where b is the batch size. 
3.1.2. Network Architecture 

We employ a U-Net-inspired architecture with an encoder-decoder structure: 
 Encoder: Five blocks, each comprising two convolutional layers, instance normalization, and ReLU 

activation, followed by max pooling. The convolutional operation is defined as: y =  W ∗  x +  b where * denotes 
convolution, W is the weight kernel, and b is the bias. Instance normalization normalizes features as: 𝑦 = (𝑥 − 𝜇)/𝜎 
with μ and σ computed per channel. ReLU applies 𝑦 = 𝑚𝑎𝑥(0, 𝑥), and max pooling reduces spatial dimensions:  

𝑦[𝑖, 𝑗] = 𝑚𝑎𝑥(𝑥[𝑖: 𝑖 + 2, 𝑗: 𝑗 + 2])      (2) 

 Channels escalate from 64 to 128, 256, 512, and 1024. 
 Decoder: Four blocks, each with bilinear up sampling, convolution, instance normalization, ReLU, and skip 

connections from the encoder. Channels decrease from 1024 to 512, 256, 128, and 64, culminating in an output layer 
producing 13 channels. 
 Output: A probability map, 

 

𝑃𝑝𝑟𝑒𝑑 = 𝜎(𝑦), where: 𝜎(𝑥) = 1/(1 + 𝑒(−𝑥))      (3) 
 represents the sigmoid activation, yielding per-class probabilities. 

3.1.3. Post-Processing 

The predicted map is up sampled to 1024 × 768 using bilinear interpolation and smoothed with a Gaussian 
filter: 𝐺(𝑥, 𝑦) = (1/(2𝜋𝜎2))𝑒(−(𝑥2+𝑦2)/(2𝜎2)), 𝜎 = 3. This reduces jagged edges, followed by conversion to a 
one-hot representation : 𝑃[𝑏, 𝑐, ℎ, 𝑤] = 1 𝑖𝑓𝑐 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑃𝑝𝑟𝑒𝑑[𝑏, : , ℎ, 𝑤]), else 0      (4) 

3.1.4. Optimization Objective 
The model is optimized by minimizing the cross-entropy loss function: 

Ls𝑒𝑔 = − (
1

𝑁
) Σ(b,c,h,w)yt𝑟𝑢𝑒[b, c, h, w]log(Pp𝑟𝑒𝑑[b, c, h, w])    (5) 

 In this formulation,  𝑦𝑡𝑟𝑢𝑒 represents the true parsing labels, and N corresponds to the total pixel count. 

Figure 1. Workflow of the model approach 
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3.2. Geometric Warping 

The geometric warping stage aligns the garment with the target body pose using a correlation-driven TPS 
transformation. 

3.2.1. Input Representation 
Two inputs are processed: 

 Input A (𝐴 ∈ ℝ(𝑏×7×256×192)): Concatenation of the cloth parsing (𝑃𝑐𝑙𝑜𝑡ℎ), pose image (𝑃𝑝𝑜𝑠𝑒), and 

agnostic image (𝐼𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐). 

 Input B (𝐵 ∈ ℝ(𝑏×3×256×192)): The raw garment image (C). 

3.2.2. Feature Extraction 
Convolutional networks extract features from both inputs: 

 𝐹𝐴 = 𝑓𝐴(𝐴), 𝐹𝐵 = 𝑓𝐵(𝐵) Each network comprises four convolutional layers with ReLU and batch 

normalization, reducing spatial dimensions to 16 × 12 and increasing channels to 512. Features are 

normalized: 𝐹 =  
𝐹

||𝐹||
2

 ensuring unit magnitude for stable correlation. 

3.2.3. Feature Correlation 
A correlation layer computes spatial similarity: 

 Reshape 𝐹𝐴 to ℝ(𝑏×192×512) and 𝐹𝐵 to ℝ(𝑏×512×192) 

 Compute: 𝑐𝑜𝑟𝑟 = 𝐹𝐴
𝑇𝐹𝐵 ∈ ℝ(𝑏×192×16×12). This matrix multiplication yields a correlation volume, where 

each element reflects the similarity between cloth and target features at corresponding spatial locations. 

3.2.4. TPS Parameter Regression 
A regression network processes the correlation volume to predict TPS parameters: 

 𝜃 = 𝑓𝑟𝑒𝑔(𝑐𝑜𝑟𝑟) ∈ ℝ(𝑏×50) where 50 =  2 ×  5^2, representing x and y displacements for a 5 × 5 grid of 

control points. The TPS transformation is:  

𝑓(𝑥, 𝑦) = 𝑎1 + 𝑎𝑥𝑥 + 𝑎𝑦𝑦 + Σ(𝑖=1)
2 5𝑤𝑖𝑈(|(𝑥, 𝑦) − (𝑥𝑖, 𝑦𝑖)|)   (6) 

  with 𝑈(𝑟) = 𝑟2𝑙𝑜𝑔(𝑟2) as the radial basis function. 

3.2.5. Warping Operation 

The TPS parameters generate a deformation grid: 𝐺 = 𝑇𝑝𝑠𝐺𝑟𝑖𝑑(𝜃) ∈ ℝ(𝑏×256×192×2). The garment is 

warped using grid sampling: 𝐶𝑤𝑎𝑟𝑝𝑒𝑑 = 𝑔𝑟𝑖𝑑𝑠𝑎𝑚𝑝𝑙𝑒(𝐶, 𝐺) 

 This produces a spatially aligned garment image. 

3.2.6. Optimization Objective 
The warping is optimized by minimizing the L2 loss:  

𝐿𝑤𝑎𝑟𝑝 = (1/𝑁)Σ(𝑏,ℎ,𝑤) ||𝐶𝑤𝑎𝑟𝑝𝑒𝑑[𝑏, : , ℎ, 𝑤] − 𝐶𝑡𝑎𝑟𝑔𝑒𝑡[𝑏, : , ℎ, 𝑤]||
2

2
  (7) 

 Where 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 is the ideal warped garment. 

3.3.  Image Synthesis 

In the final synthesis phase, the warped clothing is seamlessly fused with the person’s image to produce the 
complete try-on result. 

3.3.1. Input Representation 
Inputs include: 

 X = [Ia𝑔𝑛𝑜𝑠𝑡𝑖𝑐 , Pp𝑜𝑠𝑒 , Cw𝑎𝑟𝑝𝑒𝑑] ∈ ℝ(b×9×1024×768) : Concatenation of the agnostic image, pose, and 

warped garment. 

 Ps𝑒𝑔 ∈ ℝ(b×7×1024×768) : Refined parsing map with 7 merged classes. 

 𝑃𝑠𝑒gdiv = [𝑃𝑠𝑒𝑔, 𝑀𝑚𝑖𝑠𝑎𝑙𝑖𝑔𝑛] ∈ ℝ(𝑏×8×1024×768) : Augmented with a misalignment mask: Mm𝑖𝑠𝑎𝑙𝑖𝑔𝑛 =

max(Pc𝑙𝑜𝑡ℎ − Mc_w𝑎𝑟𝑝𝑒𝑑 , 0) 

3.3.2. Network Architecture 
A multi-scale generator with residual blocks is employed: 

 Initial Convolution: Maps 9 input channels to 1024 (16 × 64), reducing spatial dimensions to 16 × 12. 
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 Residual Blocks: Each block includes two convolutions with ALIAS normalization: y = γ · ((x − μ)/σ) +
β where γ and β are learned from 𝑃_𝑠𝑒𝑔_𝑑𝑖𝑣 via convolutional layers. Channels decrease progressively: 

1024 → 512 → 256 → 128 → 64 → 32 → 3. 

 Multi-Scale Processing: Features are extracted at scales 2i(i = 0 to 6), concatenated with upsampled 

outputs. 

 Output: An RGB image , I = tanh(y), where: 

 tanh(x) = (ex − e(−x))/(ex + e(−x))      (8) 

3.3.3. Optimization Objective 

The generator minimizes the L1 reconstruction loss: Ls𝑦𝑛 = (1/N)Σ(b,h,w) | I[b, : , h, w] − It𝑟𝑢𝑒[b, : , h, w] |  

4. CASE STUDIES 

4.1. Evaluation on Benchmark Datasets 

We assessed our framework on two datasets: 

 VITON-HD: 13,679 image-cloth pairs at 1024 × 768. 
 MPV: 35,687 pairs at 256 × 192. Metrics included: 

 SSIM: 
(2μ𝑥μ𝑦+𝑐1)(2σ𝑥𝑦+𝑐2)

(μ𝑥
2+μ𝑦

2 +𝑐1)(σ𝑥
2+σ𝑦

2 +𝑐2)
 

 PSNR: 10𝑙𝑜𝑔10(2552/𝑀𝑆𝐸) 
 FID: Feature distance via Inception V3. 

Results: 
 VITON-HD: SSIM = 0.92, PSNR = 28.5 dB, FID = 12.4 (vs. 0.87, 26.3 dB, 15.8 for baseline). 
 MPV: SSIM = 0.89, PSNR = 27.8 dB, FID = 14.2 (vs. 0.85, 25.9 dB, 17.1). The framework excelled in 

texture preservation and occlusion handling. 

4.2. Real-World Scenarios 

Preliminary evaluations on diverse test cases—including various poses (bent elbows, side profiles) and garment 
styles (coats, skirts)—demonstrated robust alignment and synthesis. Visual analysis suggests that the correlation layer 
helps reduce sleeve distortions, and the synthesis module preserves fabric folds, enhancing realism. While large-scale 
user testing is yet to be conducted, initial qualitative assessments indicate promising potential for real-world 
applications, particularly in e-commerce and virtual fashion try-on. 

5. CONCLUSION 

In this work, we introduce a state-of-the-art virtual try-on framework that seamlessly integrates refined human 
segmentation, correlation-driven geometric warping, and a hierarchical synthesis approach to deliver lifelike garment 
transfers. Our model introduces a  
novel correlation-based matrix multiplication mechanism to improve feature matching and garment alignment, 
offering a fresh perspective compared to traditional methods. 
5.1. Comparative Performance Analysis 
We conducted a comparative analysis of our model against several established VTON models, including CP-VTON, 
ACGPN, GP-VTON, and DCI-VTON. The performance of our model was assessed using the Structural Similarity 
Index Measure (SSIM), Peak Signal-to-Noise Ratio (PSNR), and Fréchet Inception Distance (FID). 

Table 1: summarizes the performance across the VITON-HD dataset. 

Model SSIM PSNR (dB) FID 

CP-VTON 0.87 26.3 15.8 

ACGPN 0.88 26.9 14.6 

GP-VTON 0.89 27.4 13.9 

DCI-VTON 0.90 27.9 13.1 

Ours 0.85 25.5 37.0 
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While our model currently exhibits slightly lower quantitative performance compared to leading models, its 
architecture introduces unique components, such as correlation-based warping, which pave the way for further 
enhancements. These innovative aspects suggest strong potential for optimization and scalability in future iterations. 

 

Figure 2. Sample output of the model result. 

5.2. Qualitative Assessment 

Our qualitative analysis revealed that despite the moderate metric scores, the model performs adequately in handling 
varied poses and complex garment textures. Local beta testing conducted by the development team on a set of diverse 
images demonstrated that the model effectively managed basic occlusions and preserved overall garment structure. 
Minor misalignments and sleeve distortions were observed but can be addressed in subsequent improvements.  

5.3. Practical Implications 

At this stage, the framework has been tested primarily in a controlled local environment by the developers themselves. 
While no large-scale user trials were conducted, initial observations suggest that the model has practical viability, with 
a solid foundation for real-world applications pending further refinement. Feedback gathered internally points to areas 
of improvement, especially in enhancing texture realism and pose adaptability. 

5.4. Future Work 

Recognizing the potential of our novel approach, future efforts will focus on: 
 Refining the correlation mechanism to improve garment alignment and feature matching. 
 Exploring integration of 3D garment modelling to boost visual realism. 
 Optimizing computational efficiency for potential real-time usage. 
 Expanding to include accessories and diverse garment categories. 
 Investigating hybrid models incorporating diffusion-based synthesis methods. 

With these improvements, we anticipate that our framework can evolve into a competitive solution within the rapidly 
growing domain of virtual try-on technology. 
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