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Abstract—This paper presents a complete web-based platform
that transforms single images or text prompts into downloadable
textured 3D meshes in GLB format. The system follows a
production-ready workflow including user authentication, dash-
board interface, input preprocessing with background removal
and segmentation, structured 3D generation using sparse voxel
representations, mesh refinement, real-time browser preview, and
object storage integration. A novel selective INT8 weight-only
quantization technique is applied specifically to transformer flow
modules, achieving approximately 33% model size reduction and
50% lower GPU memory footprint while maintaining drop-in
compatibility with the original architecture. The platform also
incorporates asynchronous job orchestration, GPU worker pools,
metadata tracking, and comprehensive monitoring. Experimental
evaluation on representative single-object datasets demonstrates
superior inference speed compared to optimization-based meth-
ods like DreamFusion while preserving competitive visual quality.
The proposed system demonstrates practical deployment feasi-
bility for applications in AR commerce, gaming asset generation,
educational visualization, and digital twin creation.

Index Terms—3D generation, image-to-3D, text-to-3D, model
quantization, web platform, sparse voxels, GLB export

1. INTRODUCTION

The capability to generate high-quality 3D assets from
limited 2D input represents a significant advancement in
generative artificial intelligence with broad applications across
multiple domains. E-commerce platforms require interactive
3D product visualization, game developers need rapid asset
prototyping from concept sketches, educational tools benefit
from accessible 3D content creation, and digital twin appli-
cations demand efficient 3D reconstruction from reference
imagery.

Traditional 3D modeling workflows require specialized ex-
pertise and substantial time investment, creating barriers to
widespread adoption. Recent research progress has demon-
strated the feasibility of generating plausible 3D content from
single images or text descriptions, yet significant challenges
remain in creating production-ready deployment platforms that
balance visual quality, inference efficiency, memory footprint,
and user experience.

This paper presents a comprehensive web-based platform
that addresses these challenges through an integrated approach
combining:

- End-to-end workflow from user authentication to GLB

download

- Structured-latent 3D generation with sparse voxel repre-

sentation

- Selective INT8 weight-only quantization for transformer

optimization
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- Asynchronous job orchestration for multi-user scalability

- Real-time browser-based 3D preview capabilities

The primary technical contribution is the selective quan-
tization strategy that targets only transformer flow modules
responsible for the majority of computational cost, achieving
substantial efficiency gains while preserving architectural com-
patibility and output fidelity.

II. LITERATURE REVIEW
A. Optimization-Based 3D Generation

Early text-to-3D approaches relied on optimization frame-
works that iteratively refined 3D representations using su-
pervision from pretrained 2D diffusion models. DreamFusion
introduced Score Distillation Sampling (SDS), where gradient
signals from a text-conditioned 2D diffusion model guide the
optimization of a Neural Radiance Field (NeRF) representa-
tion. While producing compelling visual results, these methods
suffer from several limitations:

- Generation times of 30+ minutes per asset

- Per-prompt optimization prevents reuse

- High sensitivity to hyperparameters and conditioning

- Limited multi-view consistency

NeRF-based representations excel at view synthesis but
present challenges for mesh extraction and real-time rendering
applications.

B. Direct Generative Approaches

To address optimization latency, direct generative models
emerged that predict 3D representations in a single forward
pass. Shap-E generates implicit signed distance functions
conditioned on text or images, enabling faster inference at
the cost of geometric precision. Point-E produces point cloud
representations but requires significant post-processing for
surface reconstruction.

These methods improve usability but often produce incom-
plete geometry or require extensive cleanup for production
deployment.

C. Structured Latent Generation

Recent approaches leverage structured 3D latent represen-
tations that preserve spatial relationships while maintaining
compactness. The TRELLIS framework introduces sparse
voxel representations where only occupied regions store latent
features, dramatically reducing memory requirements while
preserving detail in relevant areas. The two-stage generation
process first predicts occupancy then refines features within
occupied voxels.
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Text-conditioned variants extend this capability to prompt-
driven generation through cross-attention mechanisms. The
structured latent approach provides the optimal balance of
geometric fidelity, texture quality, and inference efficiency for
web deployment.

D. Model Optimization Techniques

Transformer-based architectures dominate modern genera-
tive models but present deployment challenges due to param-
eter count and memory footprint. INT8 quantization reduces
weight precision from FP16/FP32 to 8-bit integers, yielding
memory savings and potential inference acceleration through
tensor core utilization.

Weight-only quantization preserves activations at higher
precision, minimizing gradient signal degradation. Selective
quantization targets compute-intensive modules while preserv-
ing precision-critical components like voxel decoders.

III. PROBLEM STATEMENT

Deploying large-scale 3D generative models in web envi-
ronments presents four interrelated challenges:

1) High Memory Footprint: Modern structured 3D mod-
els exceed 20GB GPU memory, limiting concurrent job
execution

2) Long Inference Latency: Even feed-forward models
require 30-60 seconds per asset, exceeding interactive
thresholds

3) Lack of Production Infrastructure: Research demon-
strations rarely include authentication, queuing, moni-
toring, and storage

4) Poor User Experience: No real-time preview, task
management, or download integration

The research question addressed is: How can structured 3D
generation be deployed as a scalable web service with accept-
able quality, low latency, and production-grade reliability?

IV. PROPOSED SYSTEM ARCHITECTURE
A. Frontend Layer
The React-based frontend provides:

- JWT-based user authentication

- Dashboard with task history and creation

- Image upload with preprocessing preview

- Text prompt input with validation

- Real-time task status via WebSocket

- Three.js powered 3D preview with orbit controls
- Progressive download of GLB assets

B. Backend Orchestration
FastAPI backend implements:

C. GPU Inference Workers
Dockerized workers execute:
- Preprocessing pipeline (background removal, SAM seg-
mentation)
- Quantized model inference
- Mesh extraction and refinement
- PBR material mapping
- GLB export with Draco compression

D. Storage Layer

- MinlO/S3 object storage for GLB assets
- PostgreSQL for metadata and task state
- Redis for caching and session management

V. SELECTIVE INT8 QUANTIZATION

A. Quantization Methodology

The proposed selective INT8 weight-only quantization tar-
gets transformer flow modules while preserving voxel en-
coder/decoder precision:

ng-]()— z

W, = round
s

s+z (1)

where s is the scale factor and z is the zero-point computed
per-channel across transformer layers.

B. Selective Application Strategy

TABLE I
SELECTIVE QUANTIZATION TARGETS

Module Quantized
Sparse Structure Predictor No
Feature Refinement Transformer Yes
Cross-Attention Layers Yes
Voxel Encoder No
Voxel Decoder No
Mesh Extractor No

C. Implementation Details
Quantization applied post-training using linear scaling:
torch.quantization.quantize dynamic (
model.transformer flow,

{nn.Linear},
dtype=torch.qgint8

VI. PREPROCESSING PIPELINE
A. Background Removal

U?Net-based remover extracts foreground object:

- REST endpoints for task CRUD operations o = ouzNelinput) @
- Redis-based job queue with priority levels B. Segment Anything Model Integration
- PostgreSQL metadata database . .
S . SAM generates precise object mask:
- Celery distributed task processing 8 p )
- Prometheus metrics collection Mobj = SAM(I1g, Bauto) 3)
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C. Normalization

Final preprocessing composites object onto neutral back-
ground:

Iproc = Mobj O Ifg + (1 - Mobj) O Bneutral (4)
VII. EXPERIMENTAL EVALUATION
A. Dataset

1000 single-object prompts across 10 categories:

- Consumer electronics (15%)
- Furniture (12%)

- Footwear (10%)

- Toys (8%)

- Vehicles (10%)

- etc.

B. Metrics

TABLE II
EVALUATION METRICS

Metric Type Target
PSNR Geometry 1
SSIM Texture 1
LPIPS Perception l
Inference Time System 1
Peak GPU Mem  System l
Model Size Deployment |

C. Quantitative Results
D. Qualitative Analysis

The quantized model preserves geometric detail while en-
abling 2x concurrency. Texture fidelity remains high across
categories, with minor degradation in highly specular surfaces.
E. Ablation Study

Selective quantization outperforms uniform compression by
1.8 dB PSNR while maintaining deployment advantages.

VIII. DEPLOYMENT RESULTS

A. Scalability Testing

Concurrent Jobs | Assets/Hour | GPU Usage
1 | 80 | 25%
4 | 290 | 68%
8 | 600 | 95%

Fig. 1. Throughput scaling with concurrent jobs (text representation)

B. Production Monitoring
24-hour deployment metrics:
- 98.7% job success rate
- Average latency: 24.3s

- Peak concurrency: 6 jobs
- Storage growth: 2.1GB/hour

| https://ijsrem.com

DOI: 10.55041/IJSREM61873 |

IX. APPLICATIONS AND USE CASES
A. E-Commerce
Product images — interactive 3D viewers increase conver-
sion 23% (internal A/B testing).
B. Game Development
Concept sketches — playable prototypes reduce iteration
time from days to hours.
C. Education
Text prompts — 3D models enable accessible STEM visu-
alization.
D. Digital Twins
Reference photos — engineering prototypes accelerate de-
sign review cycles.
X. LIMITATIONS AND FUTURE WORK
A. Current Limitations

- Single-object focus (multi-object planned)
- Limited topology control

- Specular material challenges

- English-only text conditioning

B. Future Directions

- Multi-object scene generation
User-guided mesh editing
Mobile/edge deployment
Multi-lingual support
Video-to-3D extension

XI. CONCLUSION

This paper presented a production-ready web platform for
image/text-to-3D generation that successfully bridges research
innovation with practical deployment. The selective INTS8
quantization strategy achieves substantial efficiency gains
while preserving competitive visual quality. Combined with
comprehensive web architecture including async orchestration,
the platform supports real-world scalability requirements.

The system demonstrates that modern structured 3D genera-
tion can move beyond research notebooks into accessible web
services. Applications across e-commerce, gaming, education,
and engineering validate the practical impact of efficient
deployment strategies.
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TABLE III
COMPREHENSIVE PERFORMANCE COMPARISON

Method Quality Compute Deployment

PSNR  SSIM  LPIPS Time(s) GPU Mem  Model Size  Concurrency  Throughput  GLB Size
DreamFusion 245 0.82 0.028 3600 12GB N/A 1 1/hr Variable
Shap-E 22.1 0.76 0.035 120 8GB 1.2GB 2 30/hr 2.1MB
Baseline 28.2 091 0.015 45 22GB 8.0GB 1 80/hr 4.8MB
Ours 27.9 0.90 0.016 22 11GB 5.4GB 4 327/hr 4.5MB
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