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Abstract—In this paper, we propose two distinct approaches to generate and stylize a 3D object from a 2D set of sketches. To our
knowledge, no prior work has been done on directly stylizing 3D models generated from sketches using neural radiance fields (NeRF).
First, we explored going from the sketches to stylized sketches and then to a 3D model. This enables coloring in the sketches based on
a style image to construct a 3D object with a specific style. We also investigated few-shot NeRF and different types of sketch
generation methods in our approach. The second method was going from sketches to a stylized 3D object directly. This required prior
conditioning based on text or images that could be fed in to guide the NeRF model directly. This approach allowed not only color editing
but also texture editing through the manipulation of density functions. In this paper, we demonstrate that going from sketch to stylized
3D object is not only possible but can be achieved through various methods.

GitHub repository: https://github.com/01pooja10/Sketch2D-To-Style3D

Index Terms—Neural radiance fields, sketch to 3D, Neural style transfer, CLIP

1 INTRODUCTION

n recent times, the field of 3D modeling has been per-
Ivasive in various industries, going all the way from
animation and video games to life-saving applications in
healthcare research. Neural Radiance Fields (or NeRF) have
been at the heart of recent progress in this sphere, allowing
efficient compression of complex 3D scenes into distributed
neural representations. However, using NeRFs for 3D model
creation is not an easy task, and requires large samples of
perspective images to properly capture complex 3D scenes.
Some of these challenges were addressed by introducing
few-shot NeRF methods, reducing the number of images
required for training [1] and recent advances were able to
increase the flexibility of NeRF models through stylization
schemes [2], [3], allowing to stylize the generated 3D image
using example images, or text. However, one challenge
remains, the requirement for obtaining various high-quality
photo-realistic images to train the NeRF models on the 3D
scene.

It was the goal of this project to bridge this gap between
the artist’s vision and the 3D model by using a Sketch to
Stylized NeRF scheme. This will allow an artist to generate
a much simpler set of images in the form of sketches to be
provided to the model, along with text representation of the
desired 3D model style for more flexibility and control. This
way, a vibrant 3D model of the artist’s vision will only be a
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few sketches and one sentence away. The main contributions
of this work include:

1. Two novel methods for constructing a sketch to
NeRF pipeline were explored, these taking the gen-
eral forms ’sketch to style to NeRF' or ’sketch to
stylized NeRF'.

2. Some initial testing of a few-shot sketch to NeRF
stylization were explored, paving the way for further
work and exploration in the field.

3. Existing NeRF modification through text approaches
were augmented by adding W-MSE and sparsity
terms to the loss function !, with initial testing
showing promising improvement when training on
sketch-like images.

2 RELATED WORK
2.1 SNeRF

The authors of SNeRF [4] present a novel method to stylize
images post-rendering i.e. after obtaining the outputs from
NeRF. They propose the usage of two loss functions that are
minimized in parallel wherein the computational graph for
one doesn’t depend on or affect the other. The NeRF and
stylization modules are trained and optimized in tandem.
Note that here, the images are stylized once the outputs
have been rendered through NeRF. Further, the stylized
images (from different views) are again set as the target
images while training NeRF and this helps capture style
elements of each view separately.

2.2 CLIP-NeRF

CLIP-NeRF [5] is a multi-modal manipulation of neural
radiance fields guided by CLIP. It uses a disentangled con-
ditional NeRF that allows conditional generation based on

1. See related work section, 2.3.



shape and appearance conditioning. It also enforces view
consistency while allowing CLIP to modify the shape and
appearance of neural radiance fields. However, the authors
have not released the full code for the conditional NeRFE
Therefore, we use the color-editing code that they have
uploaded, which demonstrates the color editing of neural
radiance fields using CLIP without shape deformation.

2.3 NEF

The authors of NEF [6] present a way to reconstruct 3d
shapes from edges. NEF adopts the overall structure of
NeRF but instead uses it to reconstruct parametric curves
from a 2D set of images. It introduces different modifications
to enable the reconstruction of 2d edges into a 3d shape.
Most pertinent of all to us are the loss functions: W-MSE
and sparsity. Edges tend to be very sparse. If NeRF is trained
only on the edge maps of an image, it tends to degenerate
into a local optima [6]. W-MSE is a modified MSE loss
function that gives a higher weight to edge rays/pixels. It is
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jC™j denotes the number of edge pixels and jC~j denotes
the number of non edge pixels. This essentially gives higher
weight to any pixels that should be part of an edge and
lower weight to any pixels that are not an edge. This
assumes that the edge pixels are more sparse compared to
non-edge pixels. The authors set to 0.3, which we also
follow.

Another loss function of interest is the sparsity loss.
Edges that are sparse in 2D images should also be sparse
in 3D as well. To enforce this sparsity, the authors use
a regularization term that encourages sparse densities for
non-edge pixels. The authors define sparsity loss as
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where i indexes non-edge pixels and j indexes the samples
that were taken along a ray. The authors set s = 0.5, which
we also follow.

2.4 InfoNeRF

In this work, the authors present InfoNeRF [1], an
information-theoretic regularization technique used to al-
low NeRF training with a low number of images (as little
as 4). This will also be referred to as a few-shot NeRF
throughout this report.

While this work is not directly related to the style-to-
NeRF objective of this project, it does represent a very
important aspect needed for the realistic implementation of
sketch to 3D. That is, making the process feasible for po-
tential users by reducing the number of sketches necessary
for training down a number producible by hand. Therefore,
the InfoNeRF model was experimented with as a potential
component of the sketch to 3D pipeline.

2

The essential idea behind this work is that the lack of
information that results from training NeRF on only a few
images can be resolved by performing a certain regular-
ization across the rays used when training the model. In
particular, the regularization term attempts to minimize the
total entropy across each ray, given by r, where the entropy
is defined by

N
H(r)= ) p(ri)log(p(ri))
i=1
where rj for i 2 T1;2;:::;Ng is a sampled point on
ray r, and p(rj) defines the ray entropy at point r;j. The
regularization then uses the opacity
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with the terms j and j being the observed density and
sampling interval at point i respectively. The ray entropy
loss is then given by
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where Rs and Ry denote a set of rays from training
images and a set of rays from randomly sampled unseen
images respectively. Finally, another regularization term is
given for information gain reduction, taking the form

p(ri)
p(ri)

where r are rays obtained through slight rotations from
ray r. Using these two regularization terms along with
the typical difference loss term enables the few-shot NeRF
methodology. Intuitively, the idea is to make dense regions
more likely to be bunched together using the entropy loss
term and to ensure that rays stay mostly consistent with
slight viewing rotations using the KL-divergence term.

N
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3 PROPOSED METHOD
3.1 Sketch Extraction

Before being able to train a NeRF [7] model on a set of
sketches from different perspectives of the scene, these
sketches must first be obtained somehow. Constructing such
a dataset, which may need to contain up to 100 different
sketches for some of the NeRF methods attempted here,
is a highly time-consuming process. Therefore, to test the
various methods explored in this project, it was necessary to
find a way to generate a large set of sketches automatically.
Conveniently, there already exist many data sets of natural
images taken from different perspectives of the same scene.
Therefore, a simple way to obtain a set of sketch-like images
for training involves extracting them from a set of natural
images through the edge information contained in them.



Two such methods were tested: one using PIDINet and
another using DFI 2, or Dynamic Feature Integration [8].

3.1.1 PIDINet

PIDINet [9] is a network that is used to extract the edges
within an image. There has been a lot of work on Con-
volutional Neural Networks as edge detectors. However,
convolutions do not have any inductive bias that encodes
gradients. This is the reason why the authors of PIDINet
came up with a different type of convolution called Pixel
Difference Convolution (PDC). Rather than focusing on
the values of the pixels themselves, PIDINet focuses on
the difference between the pixel values. This gives it an
advantage over traditional convolutions where the kernels
have to learn from scratch how edges are represented. We
opt to use PIDINet as our sketch generation network due
to its ability to surpass human perception in edge detection
with fast inference.

3.1.2 Dynamic Feature Integration

Dynamic Feature Integration (DFI) is a technique created
to extract three essential features out of a given image, these
being salient object segmentation, edge detection, and skele-
tal extraction. Two of these, namely object segmentation and
edge detection, are essential components for extracting a
sketch from a natural image (after all, a sketch can simply
be thought of as an edge map of the salient, or most notable,
elements of an image).

The simplest method one might think of when per-
forming sketch extraction with DFI is to multiply DFI's
outputs together, namely the salient mask and the edge
map. Unfortunately, the edge map generated by DFI is
not sufficiently consistent in its masking within the salient
and non-salient regions, resulting in a highly noisy output
after multiplication. However, there is a simple step that
can make this method feasible. By passing the salient mask
through a Gaussian filter to essentially "smear’ the mask
and remove the high frequency components, the output
becomes much closer to a sketch-like representation of the
original image. One last step that was found to be very
helpful was to then remove any other prominent details
from the background of the image by amplifying the whole
image and clipping it at the max value allowable for the
given image format. The overall algorithm used is shown in
algorithm 1 where an amplification of 15 was used (obtained
through experimentation).

Algorithm 1 Sketch Extraction Using DFI

1: procedure EXTRACTSKETCH(img)

2 img_sal;img_edge DFI1(img)

3 img_sal  GaussianFilter(img_sal)
4; sketch  img_sal img_edge

5 sketch  clip(sketch 15)

6: end procedure

2. Note that DFI-generated sketches were not used for testing most
of the NeRF stylization approaches in this project as this method was
discovered towards the end. So far DFI generated sketches were only
tested with InfoNeRF.

(b) DFI Extracted Sketch

(a) Original image

Fig. 1: This shows an example of the sketches extracted
using the DFI algorithm described in 1, where figure la
shows the original image and 1b shows the resulting image.

3.2 Sketch to NeRF
3.2.1 Sketch to Style to NeRF

Once we obtain the sketches from PIDINet/DFI, the next
step in the first approach is to stylize them. For this firstly,
we identify a style image (a painting in our case) to con-
dition the sketches on. For the first approach, we condition
sketches on respective style images and further train and
retrieve the outputs from NeRF/InfoNeRF. This essentially
means that the 2D sketch-like edge maps need to be stylized
and for that purpose, we employ a style transfer module.

Style transfer is a widely used technique that preserves
the contents/objects in an image while modulating and
switching up the style/color elements of the same image.
The pretrained weights of multi-style transfer generative
network [10] called MSG-Net, have been used. This model
performs especially well when the image has a focus object
such as the Lego tractor in our case. It uses a co-match
layer which prioritizes learning the style-based second-
order statistics or the gram matrix intrinsically.

Using the style images (paintings in Figures 3 and 4), we
obtain the ground truth images that constitute the training
set for NeRF/InfoNeRF. But when the images are fed as
is, both NeRF and InfoNeRF weigh the background region
much more than necessary. This distorts the final output 3D
novel view since the background information is redundant
and more often than not affects the structure of the 3D
views.

For this reason, we removed the colors in the back-
ground by masking them out. By manually singling out the
edge pixels, we obtain the masks that preserve the shape
of the foreground region (the Lego tractor). All other pixels
are set to a value of 0 thereby giving the effect of a white
background with the stylized Lego tractor object acting as
the foreground region of significance.

Finally, we ended up with a training set of 100 images as
shown in Figure 5, and each of the 100 views was stylized
individually using the pretrained weights of the model
MSG-Net. 3

3. Of course, only a small number of these images was used to train
InfoNeRF, namely we tested it on training sets of 4 and 10 images.
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Fig. 2: Approach 1 - Sketch to NeRF flowchart

a) Style1 b) Style 2

Fig. 5: Stylized input images

This led to the final training phase wherein we adopted
and modified a Pytorch-based NeRF implementation and
the InfoNeRF implementation available on GitHub for our
training datasets. These NeRF models were trained from
scratch on the aforementioned stylized image dataset. The
3D views generated were observed over 40,000 training iter-
ations for regular NeRF and 30,000 iterations for InfoNeRF,
and results were periodically saved.

3.2.2 Sketch to Stylized NeRF

The approach taken here is to go directly from sketch to
stylized 3D. First, we take the 100 training images from
the LEGO excavator dataset and apply PIDINet. Then we
apply a sharpening filter to sharpen up the edges generated
from the model. We also generate a mask of the image using
a flood fill algorithm described in algorithm 2. Using the
modified loss functions described in section 2.3, we train
a standard NeRF model with W-MSE and sparsity loss for
20000 iterations. A sample generation from the NeRF model
is shown in figure 6.

Algorithm 2 Flood Fill Algorithm for Extraction of Back-
ground

1: procedure FLOODFILL(img; threshold)

2 img  img > threshold

3 visited  array_like(img)

4 for all boundary pixels p in image do
5: BFS (img, p, visited)

6 end for

7 return visited

8: end procedure

After the NeRF model is trained, we transfer the weights
from the NeRF model to CLIP-NeRF described in section 2.2.
We also modify CLIP-NeRF with a modified loss where only
the background and the edges are considered in calculating
the MSE loss. Therefore, the overall loss function for CLIP-
NeRF is

L = Ledge_mse * Leciip

where Ljip is the original clip loss used in CLIP-NeRF.
Ledge_mse is defined as

Ledge_mse = Jjtarget[edge_mask] gen[edge_mask]jj%






