
BlendNeRF: 3D-aware Blending with Generative NeRFs

Challenge: Seamless blending of images, especially with misalignments from camera 
poses and object shapes

Solution: 3D-aware blending using generative Neural Radiance Fields (NeRF)
• 3D-aware Alignment:

• Estimate camera poses of the input images
• Perform pose alignment for objects

• 3D-aware Blending:
•Utilizes volume density rather than raw pixel space only
• Blend images in NeRF's latent representation space

We first use a CNN encoder to infer the 
camera pose of each input image. 

Step 1. Given the camera pose 𝐜, we 
estimate the latent code 𝐰 for each 
input using a reconstruction loss ℒ!"#.

Step 2. Given the estimated camera 
pose 𝐜$!% and latent code 𝐰!"&, we align 
the reference image to match the pose 
of the original image. 

Project: https://blandocs.github.io/blendnerf
Code: https://github.com/naver-ai/blendnerf
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3D-aware alignment

Ablation studies
EG3D backbone : CelebA-HQ, AFHQ-Cat, ShapeNet-Car 

StyleSDF backbone: FFHQ
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Comparison with Baselines

Red lines denote target blending parts.

(a) 2D blending: 2D blending methods compose two images without any 3D-aware alignment. 

(b) 2D blending with 3D-aware alignment: To address misalignment, we apply our 3D-aware 

alignment method to existing 2D blending methods. 

(c) Proposed method: We propose 3D-aware blending after applying our 3D-aware alignment. 

Note that all methods do not use 3D labels or 3D morphable models.

We aim to find the best latent code 𝐰"'%( to synthesize a seamless and natural output. To achieve 

this goal, we exploit both 2D pixel constraints (RGB value) and 3D geometric constraints (volume 
density). With the proposed image-blending and density-blending losses, we optimize the latent 

code 𝐰"'%(.

3D-aware blending
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Exp 1. 3D-aware alignment
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Exp 2. 3D-aware blending

Blending results in various datasets

Image blending loss Density blending loss

Quantitative results


