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ABSTRACT

Background: 3D modeling of transmission towers from hand-drawn
sketches is occasionally needed in the exploration stage, construction
stage, or operation of transmission lines. To achieve automatic 3D mod-
eling, extracting standard vectors from the sketches is very important,
however, this is still lacking for real applications. Methods: In this article,
we propose a method for automatically converting the hand-drawn design
drawings of a tower into standard vector diagrams. The network Control-
Net is introduced to control the image generation model Stable Diffusion,
to convert hand-drawn sketches into standard line-structural diagrams.
Then, a vectorization network is used to vectorize the line structure, and
some designed optimization modules are proposed to refine the vector
extraction results. Results: Experiments prove that our method can output
the most accurate and robust vectorization results compared with some
state-of-the-art methods. Conclusion: The proposed method is automatic
and does not need manual operations, which can bring convenience for
the intelligent design and modeling of transmission towers. Furthermore,
it can also provide technical support for developing relevant digital prod-
ucts for the smart grid.
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1 Introduction

During the construction of power transmission lines [1], designers sometimes sketch design
drawings by hand at the initial stage of on-site exploration. At the end of construction, route drawings
by hand may also be used for drone track planning during on-site intelligent acceptance or inspection.
If the hand-drawn sketches can be converted into standard vector diagrams and then regenerated into
corresponding 3D models, it will be easier to intuitively understand the expected effects and improve
the intelligence of related work. There have been relevant achievements in automatic 3D modeling
using vector drawings [2], however, the vectorization for hand-drawn tower sketches is still lacking.

Some image-processing methods have been developed to process sketches of specific symbols
[3]. Murase et al. [4] proposed a sketch recognition algorithm to recognize hand-drawn symbols for
flowchart diagrams. Durgun [5] identified various elements from architectural sketches. However, there
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is rare work for processing hand-drawn tower sketches, while making every stroke of the sketches a
straight line is important for the following vectorization. Also, rare traditional methods conducted
vectorization referring to extracting nodes and lines from drawings used for 3D modeling. He [6]
proposed a dynamic space transformation method based on Freeman coding, which can accurately
and quickly extract the skeleton and obtain high-precision vector data using arc segment measurement.
In recent years, Zhang [7] extracted and reconstructed the center lines of line drawings with arbitrary
widths based on boundary information and then vectorized them. Zhang [8] proposed an image
vectorization algorithm based on boundary optimization and color interpolation. These methods
based on traditional image processing highly rely on the setting of prior parameters, so they easily lose
effect in practical cases having various interference. For a specific target task and application data,
data-driven deep learning techniques are more robust because they can extract more deep features to
complete target prediction or classification.

The vectorization of line drawings based on deep learning has developed to an extent recently.
Bessmeltsev et al. [9] proposed a new image vectorization method called polyvector field, which
can eliminate the ambiguity of vector nodes without compromising quality. Mo [10] constructed a
general framework that learns the mapping from pixels to vectors, and so it can generate vector line
drawings from different types of images. However, these two methods focused only on vectorizing
the curves in stick figures. Ran [11] proposed the GASRNet model, which improved the ability to
extract features of different scales in images and thus improved the accuracy of vectorization. Liu
[12] proposed a structured end-to-end framework based on Transformer for online and efficient
construction of vectorized high-definition (HD) maps. Other researchers conducted the vectorization
based on the semantic segmentation tasks. Egiazarian et al. [13] pre-processed the drawings using the
U-Net network [14], which includes eliminating redundant backgrounds, filling in missing parts, and
segmenting line elements. They then encoded the image blocks with a Resnet-based feature estimator
[15], decoded them with a Transformer module [16], and finally output the vector results. Wu et al. [17]
used Mask-RCNN [18] to segment geometric shape contours and vectorize all rectangular detection
boxes, then, they obtained the optimized vector topology by aligning the vertex coordinates of the
vectors. These methods are robust and effective, but cannot be directly used for extracting the vectors
of sketches for transmission towers.

A transmission tower is a kind of truss structure, thus the vector extraction of wireframes in images
is very close to the task in this study. Zhou et al. [19] proposed an algorithm for detecting line frames
in an image, known as L-CNN, which can directly output meaningful nodes and connect the nodes
to form lines. This type of method is suitable for processing the drawings of transmission towers.
However, it focuses on the position of nodes, affecting the topology of line vectors. A holistically-
attracted wireframe parsing (HAWP) method [20] also detects the line segments effectively with
some improvements for L-CNN. Recently, another improvement of L-CNN named DeepLSD [21]
was proposed to detect line segments quickly and accurately. However, both HAWP and DeepLSD
inevitably lead to many redundancies that interfere with the following tasks. To solve these problems,
we reorganized the procedures of the sketch vectorization and designed some modules to refine and
verify the output vectors.

The vectorization for the hand-drawn tower sketch aims to extract the nodes and line vectors to
make the sketch drawings become standard drawings. Until now, we have not found similar work to
handle this issue. Therefore, we propose a two-stage vector extraction strategy for tower sketches. In
the first stage, a conditional control network named ControlNet is used to guide the large model Stable
Diffusion to generate the straight-line diagrams from the hand-drawn sketches. In the second stage,
the straight-line diagram is vectorized through an end-to-end trainable vectorization network, where

https://www.scipedia.com/public/Tang_et_al_2025 2



Z. Tang, C. Han, H. Li, Z. Fan, K. Sun, Y. Huang, Z. Xu and C. Wang,

Vectorization for tower sketches using large model and deep learning,

Rev. int. métodos numér. cálc. diseño ing. (2025). Vol.41, (2), 15

a line thinning module and some refinement modules are designed to remove redundant vectors. The
experimental results demonstrate that the proposed method can successfully transform the sketches
of tower design into standard vector diagrams, laying a foundation for the intelligent design of
transmission lines and related automation applications.

2 The Proposed Method
2.1 The Overall Flowchart

The proposed vectorization of hand-drawn sketches for transmission towers has two stages: the
first stage is to convert the sketch into a straight-line diagram; the second stage is the vectorization of
extracting the nodes and line vectors. Fig. 1 shows the overall flow chart of the proposed method in
this paper. In the first stage, the hand-drawn sketch is processed to generate a new drawing of straight
lines using a large model of stable diffusion, where the generation process of the Diffusion model [22]
is controlled by another network ControlNet [23]. Then, in the second stage, taking the generated
straight-line drawing as input, the proposed vectorization method is applied to output the nodes and
line vectors. The next sections will elaborate on the methods of the two stages in detail.

Figure 1: Flowchart of the proposed method in this paper

2.2 Straight-Line Conversion of Hand-Drawn Sketches Based on Large Model
The design drawings of a transmission tower are all straight-line structures. So, the vectorization

of hand-drawn sketches serves two purposes: to make each stroke a standard line and to record
the coordinates of each line and its endpoints. Traditional methods achieve these purposes with
image processing techniques, which have many limitations, for example, the resulting shape cannot
be standardized and still highly like the hand-drawn shape, the boundary points detection relies on
the thresholding parameters setting, and the final line connections easily make mistakes. To illustrate
these limitations, an example can be found in Fig. 2, where the traditional methods are implemented
referring to [6–8].

Figure 2: Illustration of issues using traditional methods and GAN model

Converting a hand-drawn sketch into a standard drawing of straight lines is equivalent to
generating a new image. In recent years, generative network models have demonstrated powerful
capabilities, therefore, we proposed a two-stage strategy that includes converting the sketch into
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straight lines first and then extracting the nodes and line vectors from the straight lines. The generative
network usually has two types: the generative adversarial network (GAN) and the diffusion model.
CycleGAN [24] used to be a popular model for transferring image styles in these years, however, it
generates information on all pixels, while the supervision of the lines is lacking, so the effect cannot
be ensured. An example is shown in Fig. 2c, where the CycleGAN is trained using our training data.

To solve the issues above, we introduce the recently most powerful generative model, the diffusion
model [25], to generate images of straight lines. Diffusion models can suppress semantically mean-
ingless information by minimizing the relevant loss term, However, gradients and neural network
backbones used during training and inference still need to be evaluated on all pixels. This process
leads to redundant calculations and unnecessary optimization and reasoning. Therefore, we introduce
a large model based on Stable Diffusion to generate standard straight lines, with the ControlNet to
guide the generation of a shape. The flowchart is shown in Fig. 3.

Stable 

Diffusion

Control Image

(source image)

Target Image

Prompt

“transfer sketch 

into straight lines”

Figure 3: The flowchart of the conversion of hand-drawn pictures with stable diffusion + ControlNet

Stable Diffusion is an image generation model based on the diffusion process [22], designed
to achieve high-quality and continuous image generation. It works by gradually adding noise to
the input image and randomly blurring it, then progressively reducing the noise level, making the
image clearer and more realistic. The key to this method is to achieve image smoothing and detail
restoration through appropriate diffusion steps and noise control strategies, thereby ensuring that the
image generation process has good stability and generalizability, and the results of image generation
consistently maintain high quality.

The framework of Stable Diffusion is displayed in Fig. 4, which shows a conditional image
generator by integrating a cross-attention mechanism into the UNet architecture of the diffusion
model. This mechanism handles various input modality strings, such as language prompts. To handle
these different modalities, Stable Diffusion introduces a domain-specific encoder that transforms the
input into an intermediate representation. Then, this representation is utilized in the middle layer
of UNet through a cross-attention layer, enabling the model to effectively integrate and focus on
information from images and language prompts. This architecture includes a learnable projection
matrix to facilitate the interaction between modalities, thereby improving the model’s ability to
generate relevant images based on input conditions.

ControlNet [23] is a neural network architecture designed to add spatial conditional control to
large and pre-trained text-to-image diffusion models, thereby constraining content generation. The
overall structure of the process is shown in Fig. 5. We use ControlNet to create trainable copies of 12
encoding blocks and 1 intermediate block of Stable Diffusion while locking the original neural network
modules and then connecting these modules using 1 × 1 zero convolutional layers. In addition, during
the connection process, a conditional vector is introduced as a condition added to the network.
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Figure 4: Framework of stable diffusion

Figure 5: The process of ControlNet to control stable diffusion

During the training process of ControlNet, given an input image z0, the image diffusion algorithm
gradually adds noise to z0, ultimately generating a noisy image zt where t represents the number of times
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noise is added. In this process, the algorithm learns a network εθ based on a set of conditions, including
time step t, text prompt ct, and task-specific condition cf :

L = Ez0,t,ct ,cf ,ε∼N (0,1)

[||ε − εθ

(
z0, t, ct, cf ||2

2

)]
(1)

where L is the overall learning objective of the entire diffusion model, which is used to fine-tune the
diffusion model and ControlNet. This network aims to predict the noise added to the image zt.

Based on the above framework, Stable Diffusion and ControlNet are combined to convert the
hand-drawn sketches to straight-line drawings. With ControlNet, Stable Diffusion can generate target
images based on the input sketch and prompt words. Since this method aims to convert the sketch into
a standard straight-line structure diagram, the prompt can be set to “transfer the sketch into straight
lines”.

2.3 The Vectorization Method
After converting the sketch into a straight-line drawing, we propose a vectorization method based

on HAWP to extract the node and line vectors from the drawings. The complete vectorization method
is shown in Fig. 6, which includes five main parts: the line thinning module, the initial proposal
prediction, the proposal refinement, the proposal verification, and the postprocessing. The main
principle and structure of these parts will be explained in the following.

Proposal Prediction

Proposal Refinement

LOI 

Pooling

Input

Line 

Thinning

S
ta

c
k

e
d
 H
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u

rg
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ss

LOI Features

Proposal Verification

S
c
o

re
s

Post-

processing

Output

Figure 6: Framework of the vectorization method

Line-thinning module. If the sketch line has a width, there may be many candidates for predicting
the nodes. The redundant nodes further lead to redundant line connections. Noticing this, we design
a line-thinning module and add it in front of the network backbone. The thinning module is designed
by referring to the morphological operations, i.e., eroding first and then dilating, with a cross-type
convolution kernel having size 3 × 3, as shown in Fig. 7. The resulting map will be compared pixel-
by-pixel with the one before line thinning until it is not changed. This thinning module can reduce the
invalid nodes and lines without complicated calculations.

Figure 7: The flowchart of line thinning
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Initial proposal prediction. The stacked Hourglass network [26] is adopted as the backbone
network to extract deep features, which has been widely used in human joint estimation or corner-
point-based object detection. This structure consists of multiple Hourglass modules, each including
downsampling and upsampling processes. This enables the network to effectively capture multi-scale
features, resulting in more accurate proposals of nodes and line vectors. More details can be found
in [26]. Then, a head regressor based on heatmap representation is used to predict the proposals of
connection points (the nodes) of the drawings, where the heatmap describes the probability of an
object appearing at this distribution. In detecting the node points, a node mask map and a node offset
map are obtained from the features output by the backbone, and these two types of maps are used in
the heatmap-based head regressor through a loss constraint, to avoid the missing detection of nodes.
Then, the top K connection points are selected as initial connection point proposals. So, a line vector
is predicted with

d̂1 (k) = d̂ + λ · �d̂ (2)

where d is a line connected between two nodes, �d is the distance residual mapping calculated by a
1 × 1 convolutional layer and an s-shaped layer, λ = −1, 0, 1. Therefore, according to 0 < d̂1 < dmax,
the line proposals cannot be more than 3 for each distant point.

Proposal refinement. The node and line proposals are calculated separately using different
information, and then matching the nodes and line proposals can provide more accurate meaningful
alignment in wireframe parsing. The matching strategy is designed based on the Euclidean distance
between the endpoints of a line proposal and the corresponding node proposals, respectively. A
proposal will be retained only if the Euclidean distance is small enough.

Proposal verification. The refinement above screens unreasonable node and line proposals, while
the obtained node and line proposals still need to be verified further with the ground truth. Therefore,
we utilize a lightweight verification head classifier to classify the coupled node and line proposals
separately and apply the line of interest (LOI) pooling operation to calculate the line segment features,
then, we verify these proposals also by calculating the distance between two lines and then comparing
the distance values. The verification head classifier is trained by assigning the positive and negative
labels to line proposals (after refinement) based on their distances to the ground truth. The distance
is computed by matching the two pairs of endpoints based on the minimum Euclidean distance. A
threshold η (η = 1.5) is set to evaluate whether the line proposal is positive or negative.

Postprocessing module. After the above procedures, almost all nodes and lines can be detected
and many redundant results have been filtered out. However, some false nodes still appear due to
the repeated and fragmented lines in the straightening or line-thinning process. To solve this issue,
we designed another postprocessing module to enhance the quality of vector extraction. As the
coordinates of each node have been obtained, the line vectors can be recorded by the sequence number
of nodes and the matching degree of a line vector described by weights. If the nodes are refined
carefully, the invalid line vectors can also be removed with the deletion of invalid nodes. Thus, the
postprocessing focuses on the recognition of nodes. We employ a single-link algorithm [27] to conduct
hierarchical clustering of nodes. The dendrogram for clustering the nodes is displayed in Fig. 8.
The nodes are clustered by evaluating the similarity between different nodes, where the similarity
is calculated as the distance. The redundant nodes are removed according to the clustering results.
Then, the relevant lines are updated according to the changes in the sequence numbers of nodes, so
the duplicate edges can also be removed. After this postprocessing, the vectorization results are more
concise, accurate, and structurally coherent.
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Figure 8: The dendrogram using a single-link algorithm

3 Experiments
3.1 Experiment Settings and Datasets

The experiments are conducted with GTX1650, Python 3.10.6, and Torch 2.0.1 + cu118. The
version of Stable Diffusion is v1.5, the batch size is 4, and the learning rate is 10−5.

Training the conversion of hand-drawn sketches into standard drawings requires numerous
pairs of original hand-drawn sketches and standard drawings as the data foundation. Currently, no
dataset can meet the requirements of this task scenario. Therefore, it is necessary to construct the
corresponding dataset. In China, the difference in various towers focuses on the size of the tower
body and the shape of the cross-arm, while the cross-arm also mainly shows a structure of straight
lines. Fig. 9 below shows the outline of the common tower body and the common types of cross-arms
respectively. There are also other unusual types of shapes different from Fig. 9. However, no matter the
usual or unusual shapes, they are usually divided into several partial elements further, and each partial
element shows a small polygon with a grid structure in the inner. Thus, the description of different types
of towers is changed to the combinations of various polygons. We manually drew the corresponding
draft drawings based on more than one thousand partial polygon drawings of the tower.

Tower

Body

Cross

Arm

Figure 9: The outline shapes of the common tower body and the common cross-arms

Part of the dataset is shown in Fig. 10a, and some details are shown in Table 1. Our datasets were
created referring to about 1157 practical design drawings from 20 different types of towers. These
drawings cover most types of partial elements. We extract the mask from these drawings and process it
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into straight-line drawings. It is worth mentioning that the light intensity of sketches might be diverse in
real cases, like the cases in Fig. 10b, however, this interference does not affect its guidance of generating
straight lines using Stable Diffusion. Further, we label the node and line vector on each straight-line
drawing to create the datasets for training the vectorization network.

Figure 10: Illustration of some samples in: (a) dataset; (b) real case

Table 1: Details about the dataset

Number of drawings Drawing resolution Prompt word

1157 512 × 512 Transfer the sketch into straight lines

3.2 Evaluation of the Results of Straight-Line Conversion
We first display some temporary results in the training process, as shown in Fig. 11. In the first

epoch, the generated results are uncontrollable and show no relation to the input. Along with the
training, the results become close to the target in the 60th epoch.

We also conduct some comparisons to illustrate the effect of our method. There has not been
a related network like this paper. However, the official ControlNet site provides a variety of models
capable of transforming different types of line segments [25,28], which primarily include Canny edge
detection, Lineart, and Scribble. Therefore, we compare the results of these models with our model all
trained on our dataset. It is worth mentioning that these official models need to be processed by the
corresponding preprocessor first and converted into the corresponding type of image, but our method
needs not. The comparison results of some samples are shown in Fig. 12.

The results indicate that our method has successfully transformed hand-drawn curves into straight
lines, while the results generated by the official ControlNet models are not satisfactory. The compared
models focus more on the generation of textures and content rather than the transformation of straight
lines, thus misinterpreting the prompt, leading to unnecessary lines in the background or framework
of the results.
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Figure 11: Visualization of some temporary training data

Figure 12: Evaluation of results on transforming sketches to straight lines using different models

To further quantify the results, we introduce two indices to compare these methods, the structural
similarity index measure (SSIM) and the Hausdorff distance. SSIM [29] is a widely used index in
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image processing, which measures the similarity of two images and is calculated by sliding windows
on images. The measure between two windows x and y on two images respectively is

SSIM (x, y) =
(
2μxμy + c1

) (
2σxy + c2

)

(
μx

2 + μy
2 + c1

) (
σx

2 + σy
2 + c2

) (3)

where μx and μy are the mean of pixels within x and y, respectively; σx and σy are the variance of x and
y, respectively; σxy is the covariance of x and y; c1 and c2 are two variables to stabilize the division with
weak denominator. The SSIM between the sketch and the converted straight-line drawing measures
the quality of the conversion. The value of SSIM tends to be 1, meaning that the converted image has a
higher similarity to the ground truth. Sometimes, redundant false lines appear during the conversion,
then the SSIM value tends to be smaller.

Hausdorff distance [30] is an indicator mainly used to compare two sets representing shape,
contour, or path to evaluate the differences in their relative positions and distributions. The Hausdorff
distance between a pair of non-empty subsets X and Y is defined as

dH (X , Y) = max
{
supx∈X d (x, Y) , supy∈Y d (X , y)

}
(4)

where sup represents the supremum operator. The smaller the value of Hausdorff distance, the higher
the similarity between the two sets, indicating that their shapes, positions, and sizes in space are
relatively close.

Table 2 compares the results of different methods to the ground truth created by the manual, which
is consistent with the visualization results in Fig. 12. Due to the false lines generated, the SSIM for
the other three methods shows very low and the Hausdorff distance is large, while for our method, the
SSIM is large and the Hausdorff distance is the lowest, meaning that the generated result is reasonable
and maintains high accuracy to the ground truth.

Table 2: Quantification of results for different ControlNet models

ControlNet model SSIM Hausdorff distance

Canny 0.688 112.887
Lineart 0.744 78.103
Scribble 0.499 136.987
Ours 0.828 4.903

3.3 Evaluation of Vector Extraction
I. Comparisons

Since there is no work having the same task as this paper, to demonstrate the effectiveness, we
selected the state-of-the-art most related methods, L-CNN [19], DeepLSD [21], and HAWP [20] for
comparison. These methods are based on deep learning networks and have shown good results in
vectorization for other applications in recent years. The compared methods are trained and tested on
the same datasets constructed in this paper. We try to adjust the parameters best to train the model for
these methods. The quantification is conducted with the commonly used metric, the structural average
precision (sAP). Specifically, the sAP refers to the proportion of data correctly identified as positive
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cases (i.e., true values) among all positive cases. A high sAP value means higher precision. To identify
the correctness of the extracted line vector, a Euclidean distance is calculated and evaluated by

min
(||p∗

1 − p1||2
2 + ||p∗

2 − p2||2
2

) ≤ θ (5)

where (p1
∗, p2

∗) is the predicted endpoints of a line vector, (p1, p2) is the ground truth, and θ is a
threshold. The metrics of sAP10 and sAP15 are calculated with thresholds set at 10 and 15 [19],
respectively. The detailed results are shown in Table 3, which shows that our result is the best.
Interestingly, our method and LCNN perform stable at the two different thresholds, but DeepLSD
and HAWP both show distinct in the two situations. To further evaluate these methods clearly, we
also visualize the results as in Fig. 13. There is a severe lack of nodes and line vectors for LCNN.
The DeepLSD predicts the nodes and line connections of edge lines for both sides of each line,
however, the ground truth just corresponds to those of skeleton lines. The HAWP also shows severe
redundancy. For a strict threshold in sAP10, the redundant false detections reduced the ratio, so
the DeepLSD and HAWP performed worse than LCNN even. For a loose constraint with a larger
threshold, some redundant line vectors are thought correct and thus the indices of these two methods
increase conversely. Overall, our method shows the best result.

Table 3: Comparison of quantitative indicators for vector extraction

Method sAP10 sAP15

LCNN 75.0 77.1
DeepLSD 62.6 76.2
HAWP 64.7 85.3
Ours 92.1 94.9

Figure 13: The vectorization results: (a) Input; (b) LCNN; (c) DeepLSD; (d) HAWP; (e) Our method
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II. Ablation Experiment

We also conduct the ablation experiment for further analysis. The quantities and visualizations are
displayed in Table 4 and Fig. 14 separately. Since our method is based on the HAWP method, it also
has the problem that redundant node and line vectors easily occur. We add the line thinning module to
reduce the redundancy caused by the width of lines first, then a postprocessing module is also added
to reduce the unnecessary vectors further. The indices in Table 4 show the effectiveness of our added
modules, and the visualization results in Fig. 14 are consistent with Table 4, which means the necessity
of our modules.

Table 4: Results of the ablation experiment

Line thinning Postprocessing sAP10 sAP15
√ 79.3 87.1√ 88.4 93.4√ √ 92.1 94.9

Figure 14: Ablation results: (a) Input; (b) Line thinning; (c) Result with lining thinning but without
postprocessing; (d) Result without line thinning but with postprocessing; (e) Result with line thinning
and with postprocessing

4 Conclusion and Discussion

In this paper, we propose a two-stage strategy for the standard vectorization of the hand-
drawn sketches of transmission towers. Firstly, the hand-drawn sketch is converted into a straight-
line drawing using the Stable Diffusion controlled by ControlNet. Then, a vectorization method
is proposed, where a line-thinning module and a postprocessing module are designed to obtain a
concise and accurate vector result. The experimental results demonstrate that this method can convert
hand-drawn sketches into standard vector diagrams successfully. Due to the introduction of a large
model, this method has applicability and robustness. The entire process is highly automated, providing
convenience for the design and application of high-voltage transmission towers, and it holds significant
importance for the comprehensive advancement of the digital transformation of power systems.

https://www.scipedia.com/public/Tang_et_al_2025 13



Z. Tang, C. Han, H. Li, Z. Fan, K. Sun, Y. Huang, Z. Xu and C. Wang,

Vectorization for tower sketches using large model and deep learning,

Rev. int. métodos numér. cálc. diseño ing. (2025). Vol.41, (2), 15

However, there are also some limitations for practical use. In the first stage, we convert a sketch
into a straight-line drawing using the image-generative model. If the user draws a line without severe
distortion, converting it into a straight line has no problem, otherwise, a line may be broken into two
pieces of straight lines. As the example in Fig. 15 below, even though the generative shape has been
standardized better, one of the cross lines is mistakenly bent due to the large arc of the sketch, which
should be generated like the redline. In addition, the scale constraint of the shape wholly is still lacking,
which means the sketch for drawing a square may be converted into a rectangle mistakenly.

Figure 15: Illustration of some limitations

For the future, a lightweight classification network model can be constructed to verify each stroke
draws a line or two lines. Furthermore, currently, the prompt for the Stable Diffusion is “transfer the
sketch into straight lines”. In the future, a prompt table can be created and provided to help guide
the generation of more standardized shapes. In addition, exploring better networks for the task in this
study is worthwhile.
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