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Abstract

Reconstructing the 2D or 3D form of an object from var-
ious 2D sketches is essential in Computer-Aided Design
(CAD). Despite many improvements that have been made
to deep neural networks, generating isometric images auto-
matically from three orthographic view line drawings using
deep learning has yet to be solved. Current image-to-image
translation methods typically transform only one input im-
age to another image domain. In this paper, we introduce a
new approach using a GAN model, namely IsoTGAN, which
incorporates Transformer in its generator. This method
takes three images of object’s front, side, and top view as
input, then analyzes the spatial and geometrical relation be-
tween each view by an encoder, the output vector is fed to
the Transformer in the generator along with image features
to enable long-range interactions across three orthographic
view input images and finally generates the corresponding
isometric view image of the object. We also propose a novel
Gaussian Enhanced Euclidean attention mechanism and a
geometry-constrained loss function for improved isomet-
ric contour reconstruction. Extensive experiments on the
SPARE3D dataset show IsoTGAN’s promising capabilities
in generating isometric view task, demonstrating its effec-
tiveness.

1. Introduction
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Figure 1. Example of a pair of three-view line drawings and their
corresponding isometric image. The task is to generate isometric
view image given front, side, and top view image.

Isometric view

In today’s digital era, CAD software is essential for cre-

ating 3D shapes in various industrial sectors, including au-
tomotive, aerospace, manufacturing, and architectural de-
sign. The most commonly used technique for depicting
3D objects on a 2D surface is orthographic projection, also
known as orthogonal projection or analemma. This method
projects lines from the object perpendicular to the projec-
tion plane, resulting in a parallel representation. Designers
often use 2D orthographic drawings to showcase their con-
cepts in the early stages of design. Nevertheless, to further
explore and understand the object, a 3D model is necessary.
Isometric view images are crucial for the 3D reconstruction
process as they retain a significant amount of information
about the 3D object. Therefore, there is a strong demand
for a method that can convert three-view contour drawings
into isometric view images, which would greatly facilitate
the design process and increase overall efficiency.

In recent years, numerous research papers have intro-
duced deep learning models for 2D/3D CAD modeling
[11, 15,19, 22, 32, 36, 44, 46, 49]. However, these studies
typically treat the task as a sequence-to-sequence issue, out-
putting sequences of CAD commands for creating 2D draw-
ings or reconstructing 3D objects. Only one study has ex-
plored the generation of isometric images from three-view
orthographic line drawings [19], and this approach similarly
generates CAD commands.

Isometric view images are crucial for reconstructing 3D
objects. Generating these images from drawings of three
orthographic views can be approached as a multi-images-
to-image translation problem. Unlike common image-to-
image translation tasks, there is a strong spatial and geomet-
rical relation between each orthographic view of the object,
as shown in Fig. 1. To generate a comprehensive isometric
view image, it is necessary to understand the relation be-
tween each input view and isometric view. Previous image-
to-image translation methods exploit GAN [14, 34], Au-
toregressive models [41], Variational AutoEncoders (VAEs)
[26], Normalizing Flows [7], and recently, Diffusion mod-
els [37]. Nevertheless, these methods only take one image
or text as input and map it to the target domain without the
need to consider the relation between multiple input images.
Although recent Diffusion methods [12, 18] can take many



input images to generate 3D scenes, they deal with natural
2D images, which are very different from images contain-
ing only flatted contour lines. Since many different objects
have the same single-view image, these Diffusion frame-
works [28, 29, 50] that produce 3D scenes from only one
image may not generate correct isometric view images.

A number of variants of GAN models with attention
mechanism [3, 5, 9, 40, 54] have been proposed. How-
ever, they are weak at generating locally detailed texture
images without sufficient constraints. Moreover, they do
not have any mechanism to tackle the important relation be-
tween each view of the object. To address this problem,
we propose [soTGAN, a GAN-based model, which directly
transforms three orthographic view contour drawings to the
corresponding isometric view contour image by incorporat-
ing an encoder to embed the spatial and geometrical relation
between each view into a representation vector. To enhance
the ability of IsoTGAN to reconstruct local details of iso-
metric view images, the Transformer blocks are equipped
in the generator, which take both the vector output by the
above encoder and image feature as input and model the
attention between them, ensuring long-range interactions
across three orthographic views and constraint guidance be-
tween each input image patch.

Moreover, although there are many researches about spa-
tial and channel attention, they cannot deal with geomet-
rical matching enhancement. Therefore, the novel Gaus-
sian Enhanced Euclidean norm (GEE) attention is proposed
to focus more on important view relation features, which
takes responsibility for efficiently mapping flattened projec-
tion to isometric projection. Here, we use a Gaussian func-
tion which takes the Euclidean norm of channel or spatial
dimension as input to refine features output by the chan-
nel and spatial attention mechanism. The loss function is
adjusted by a geometry constraint to enhance the proposed
IsoTGAN capability in contour-to-contour transformation.
In summary, the contributions of this paper are as follows:

* To the best of our knowledge, we are the first to inves-
tigate the spatial and geometrical relation between each
orthographic view contour drawing of an object on raster
images using an encoder network.

* We propose [soTGAN, a GAN-based model whose gen-
erator is employed with Transformer that takes two types
of input to capture long-range features of object’s views.
Compared to other SOTA GAN-based methods, many
small parts and features of objects in isometric view have
been generated notably better.

e An attention mechanism, GEE, is presented for effec-
tively recognizing each object view’s relation. A modifi-
cation of the GAN loss function by a geometry constraint
is also proposed to generate the isometric view image for
facilitating the 3D reconstruction process.

» Extensive experiments on SPARE3D [16] dataset show

superior results on isometric view generation task com-
pared to previous methods.

2. Related Works

2.1. Transformer for Image Generation

Originally developed for natural language processing
(NLP), the Transformer architecture [42] uses multi-head
self-attention and stacked feed-forward MLP layers to cap-
ture the long-term relationships between words. Dosovit-
skiy et al. [8] have adapted this architecture for highly
competitive ImageNet classification by viewing an image
as a sequence of 16 x 16 visual words. This approach
boasts robust representational abilities without the human-
defined inductive biases. In contrast, CNNs display a pro-
nounced bias toward local features and spatial invariance,
which is achieved by sharing filter weights across different
locations. Recently, many papers have incorporated Trans-
former into GAN architecture for image generation. [20]
proposes GANformer, in which the Bipartite Transformer
with simplex and duplex attention is applied between the
image features and latent variables in the generator. In [23],
a Transformer-based generator and discriminator with grid
self-attention for efficient computation are presented, and
the authors did not use any convolution in model architec-
ture. Another work [53] employs double attention in Swin
Transformer [30] which additionally attends to the style to-
kens. Nevertheless, there is no other work that incorpo-
rates Transformer to reconstruct one image from multiple
images.

2.2. Image-to-image Translation

Numerous methods have utilized GANs for image-to-image
translation tasks. This process involves converting an input
image from one domain to another, using either paired or
unpaired datasets for training. The initial pix2pix frame-
work [21] employs image-conditional GAN [31] for various
paired image-to-image translation tasks, such as turning se-
mantic labels into synthetic images, given groundtruth im-
age. Additionally, various techniques have been developed
for unpaired translation [55], unsupervised cross-domain
generation [39], multi-domain translation [4], and few-shot
translation [27]. More recently, Diffusion models [37] have
shown outstanding performance in areas like image genera-
tion [6, 17], image super-resolution [13, 51], image restora-
tion [10, 47], unpaired image-to-image translation [38, 48],
and image editing [2, 24], surpassing GANs in these ap-
plications. However, Diffusion models need a lot of com-
putation resources for training and inferencing, which hin-
ders their ability in the industrial field. Moreover, typical
image-to-image translation methods primarily aim to con-
vert an image to one or many target domains without involv-
ing multiple input images and the relation between them.



PE: Positional Embedding

LN: LayerNorm

MHCA: Multi-head cross-attention
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Figure 2. The overall architecture of the proposed IsoTGAN. ® represents broadcast element-wise multiplication and & denotes element-
wise addition. E¢ and E represent Channel Euclidean norm and Spatial Euclidean norm, respectively.

While many of these models focus on generating realistic
photos or animations, the generation of contour line draw-
ings has been less explored. Contrary to these approaches,
our framework addresses the challenge of converting three
orthographic views contour drawings into their respective
isometric view image, necessitating an understanding of the
relation among multiple input images and the ability to pro-
duce contour images.

2.3. Deep Generative Models For CAD

Recently, several researches have focused on generating
CAD commands either as 2D contour drawings [11, 32, 36,
44] or 3D objects [15, 19, 22, 46, 49]. All of these meth-
ods employ Transformer-based encoder-decoder architec-
ture, using 2D sketches to create CAD modeling programs.
Among these, the work by Hu ef al. (2023) [19] is most
closely related to our study. They use a generative model to
develop a method for reconstructing 3D CAD models from
three orthographic views. However, this method deals with
sequences rather than images and generates a sequence of
CAD programs.

2.4. Isometric View Image Generation

Han et al. [16] apply the pix2pix framework [21] for gener-
ating isometric view images from three orthographic views,
proposing a baseline that does not account for any relation
between different views of object during training and gen-
erating. In this paper, we introduce a new approach that
incorporates that relation into a vector, which is then used
to generate the isometric view image.

3. Proposed Method

This section introduces the IsoTGAN framework, which is
proposed to automatically generate isometric view image
from three orthographic view contour drawings. Initially,
an encoder is utilized to capture the spatial and geomet-
ric relation between each orthographic view of the object
and embed these relations into a vector. This vector is then
input into IsoTGAN along with orthographic view images
at three different scales. The Transformer blocks are em-
ployed, which are able to model long-range interactions and
constraints across three orthographic views of the object, to
produce an isometric image. Additionally, the novel GEE
attention mechanism and a modification to the GAN loss
function are detailed. The overall architecture of the pro-
posed method is illustrated in Fig. 2.

3.1. Three-view Contour Drawings Encoder

Our framework enhances the generation of isometric view
image by using a three-view relation vector as input for the
generator. This setup involves using an encoder to convert
a triplet of front, side, and top view images into a vector,
which is then provided to the generator. The image encoder
comprises 6 stride-2 convolutional layers followed by two
linear layers that calculate the mean and variance of the out-
put distribution. The encoder and generator together form
a VAE. In this framework, the encoder aims to capture the
spatial and geometrical relation of the three views, while
the generator combines the encoded vector with informa-
tion from three-view images to reconstruct the isometric
view image. During testing, the encoder acts as a relation
guidance network to direct the generator in accurately con-



structing the isometric view image. We implement a KL-
Divergence loss term [26] to facilitate training as follows:

Lxrp = Dkr(q(z | x)[|p(z)), (1

where the prior distribution p(z) is a standard Gaussian dis-
tribution and the variational distribution ¢ is fully deter-
mined by a mean vector and a variance vector [26].

3.2. IsoTGAN’s Generator

3.2.1. Transformer Block

The conventional Transformer block consists of a multi-
head self-attention and a feed-forward layer. In the self-
attention layer, all pairwise relationships between input el-
ements are considered, with each element being updated
through attention to all others. In the task of generating
isometric view image from three orthographic view con-
tour drawings, only attending to image features is not ad-
equate because the strong spatial and geometrical relation
between each view are neglected. Therefore, we perform
cross-attention between input image features and the vec-
tor output by the encoder to enhance reconstruction result.
Formally, let X™*¢ denote an input set of n image patch
vectors of dimension d, and Y*¢ is a set of m spatial
and geometrical vectors output by the relation encoder, the
cross-attention in one head is then computed as follow:

Q=XW,
K=YW,
V=YW, 2)

Attention(Q, K, V) = softmax (QKT> V.
I ) - \/E I

where QQ, K,V represent query, key, value matrices, all
keeping the dimension d, and W denote weight matrices.
The positional embedding is also added to provide the dis-
tinct spatial position of each image patch.

After the multi-head cross-attention (MHCA) layer, two
3 x 3 convolution layers are utilized, then ReLU [1] activa-
tion function is applied for nonlinearity. We use a sinusoidal
positional encoding across horizontal and vertical dimen-
sions for the image features X to ensure features location
inside the image. The output of MHCA layer goes through
the GEE attention (detailed in section 3.2.2), then is added
to the output of the convolution layer so that the model can
focus more on important image features.

IsoTGAN is our adaptation of SPADE [33]. The net-
work architecture follows the design of SPADE, except that
SPADE blocks are replaced by Transformer blocks. With
cross-attention, instead of intensively modeling interactions
between all pixel pairs in an image, it enables adaptive
long-range interactions between distant areas in an adequate
manner, through a global spatial and geometrical vector.

This vector selectively collects information from the en-
tire input and distributes it to related regions, controlling
the way the model generates isometric image, in which the
output image must follow projection physics rules. Intu-
itively, information can move in both directions, from the
local pixel level to the global high-level representation and
back again. Given that soft-attention is inclined to group el-
ements by proximity and content similarity, the transformer
architecture allows the model to precisely modulate local
semantic regions, avoiding discontinuity in generating the
contour of object shape.

3.2.2. Gaussian Enhanced Euclidean norm Attention

The relation representation vector in three-view drawings
can carry extraneous information from axis contours, which
traverse the object’s center, but not the object outlines. To
enhance understanding of each object view’s relation as
well as minimizing the influence of axes contour in isomet-
ric view image generation, we introduce the Gaussian En-
hanced Euclidean norm (GEE) attention. This approach hy-
pothesizes that smaller attention activations correlate with
global contexts of higher absolute values [35]. The GEE
framework includes both channel and spatial attention mod-
ules, each split into two branches, as depicted in Fig. 2. Un-
like the Gaussian Context Transformer approach [35], the
left branch of GEE directly uses the Euclidean norm of fea-
ture maps as input to a Gaussian function without the nor-
malization operation of global average pooling (GAP). The
intuition behind is that the Euclidean norm quantifies the
magnitude of a vector or matrix, with larger Euclidean norm
indicating greater deviation from the vector or matrix to its
origin, so constraining the Euclidean norm with Gaussian
function will improve model generalizability. Additionally,
we argue that this principle applies to spatial dimensions as
well, thus extending it to capture global spatial information.
The right branch is quite similar to the CBAM architecture
[45], except that we utilize only GAP followed by a 1 x 1
convolution in its channel attention module to reduce model
parameters.

Concretely, given a feature map F € RC*7XW a5 input,
C denotes the number of channels and H, W are spatial
dimension, GEE computes attention as follows.

3
F'=M;(F)oF & G(Es) @ F/, 3)

where ® represents broadcast element-wise multiplication
and @ denotes element-wise addition. F” is the final output.
E. € RO and Eg € RY>HXW represents Channel
Euclidean norm and Spatial Euclidean norm, respectively,
and is formulated as follows.

Be = {eo = JTL DL RGP ke (1,0 .
@



E. = {esij =S F k)2 ie {1, Whie {1,...,H}}
2 )
A Gaussian function G(z) = exp(—g5z) processes the in-
put z with its maximum value at 1, a mean of 0, and a stan-
dard deviation o, aligning with the hypothesis about the re-
lationship between global contexts and attention activations.
A larger o leads to a more uniform distribution among at-
tention activations.
M, € RE*IX! and Mg € RY>*H*W ig channel atten-
tion map and spatial attention map, respectively, and com-
puted as

M, (F) = Sigmoid(f'*! (GAP(F))), (6)

M, (F) = Sigmoid(f™*"([MaxPool(F); AvgPool(F)])),

)
where represents a convolution operation with kernel
size of k X k.

The left branch enhances the output from the right
branch by focusing more on significant spatial and geomet-
rical relationships between each view of the object. The
output from the GEE block is then added element-wise to
the output of the convolution layer.

kak

3.2.3. Loss Function

The conventional conditional GAN framework for image-
to-image translation consists of a generator G and a dis-
criminator D. In this paper, the generator G is responsible
for converting three orthographic views drawings into iso-
metric view image, whereas the role of discriminator D is to
differentiate between real isometric images and those pro-
duced by the generator. This framework operates under a
supervised learning manner, where the training dataset con-
sists of three views-isometric view image pairs {(xi,y;)}.
with x; representing a triplet of object’s front, side, and top
view image and y; being the corresponding isometric view
image. Conditional GANs work by modeling the condi-
tional distribution of real images based on the input images
through the following minimax game:

mGin max Lcean(G, D). (8)

For our task, the generator G takes the relation vector output
by the encoder E as an extra input, hence, the objective
function Lgan (G, D) is computed as

E(xy)llog D(x, y)]+Ex[log(1-D(x, G(x, E(x))))]. 9)

The above objective function does not include the geom-
etry constraint of isometric view image, which is crucial for
reasonable generation, i.e. the generated image must fol-
low projection physics rules. To incorporate the geometric
constraints of the isometric view image, we use a geomet-
ric transformation function f(-). We input both the com-
bined three-view images x and their transformed versions

X = f(x) into the generator G. In this study, we apply
vertical and horizontal flipping. The aim is to minimize
the discrepancy between the generated isometric image g =
G(x,z) and its flipped version g = f(G(f(x),z)), where
z = E(x) is the output vector from the encoder. The geom-
etry loss is calculated as follows:

Lyeo(G) = Exz [[|G(x,2) = f(G(f(x),2))ll].  (10)

In contrast to other image-to-image translation tasks, an
isometric view image consists solely of the contour lines of
the object. Consequently, a pixel can only assume one of
two values, 0 or 255, where 0 indicates that the pixel is part
of the object’s contour, and 255 denotes that it belongs to the
background. The total loss is added by both Cross-Entropy
loss and geometry loss. Additionally, MoNCE [52] is in-
corporated to enhance versatility, leading to the following
modification of the total loss function:

L= EGAN(Ga D) + MoNCE + ﬁgeo(G) +/ (ﬁiapi) ,
(1)
where £(-, -) denotes the standard Cross-Entropy. p; is the
model’s output probability whereas there is a contour point
at pixel ¢, p; is the ground truth contour point of the isomet-
ric image.

4. Experiments

4.1. Datasets

We conducted our experiments using the SPARE3D [16]
dataset, which comprises 5000 pairs of three-view and iso-
metric images. Typically, represented hidden lines in ob-
jects are not displayed in actual CAD drawings; thus, we
preprocessed the images to remove all hidden lines. We
concatenated three-view images along channel dimension
so the input C' = 9. The dataset was divided into 4000
training pairs and 1000 testing pairs.

4.2. Experiment Setup

We carried out all experiments using a single NVIDIA RTX
4090 GPU with 24GB of VRAM. Our model was imple-
mented using the PyTorch framework. The learning rates
were set to 0.001 for the generator and 0.003 for the dis-
criminator. We utilized the Adam optimizer [25] with pa-
rameters 31 := 0.001 and 35 := 0.9. The evaluation metrics
employed in our experiments include:

* Frechet Inception Distance (FID) is employed to measure
the distance between the distribution of generated results
and the distribution of real images.

 Structural Similarity Index (SSIM) is used to measure
similarity of generated results and real images.

* L1 and L2 calculates the absolute difference and square
of the difference between generated and real images, re-
spectively.



4.3. Experimental Results
4.3.1. Quantitative Results

Table 1. Quantitative generation performance comparisons with
baseline model.

Method FID| SSIMtT Li1J| L2}
pix2pix [16] (baseline) | 43.82 0.436  29.34 28.73
SPADE [33] 40.39 0458 29.17 28.55
MOoNCE [52] 4129 0477 27.11 26.20
DINO [43] 38.91 0.506 24.60 24.63

IsoTGAN (ours) 21.18 0.723 1544 14.37

Table | shows the quantitative comparison results of the
proposed IsoTGAN with the baseline model pix2pix [16],
SPADE [33], MoNCE [52], and DINO [43]. Overall, our
model outperforms other methods with a large margin in all
metrics scores. Compared to the runner-up model, a reduc-
tion of about 45% in FID and an increase of approximately
42% in SSIM are obtained. Standard reconstruction met-
rics L1 and L2 also significantly decrease by about 37%
and 41%, respectively, proving the efficiency of our pro-
posed IsoTGAN when modeling the spatial and geometri-
cal relation between each view of the object and guiding the
generator to reconstruct the corresponding isometric view
image. While other GAN-based methods, without Trans-
former blocks, are only strong at decomposing global at-
tributes of the entire image, the cross-attention layer and
GEE in the Transformer block help IsoTGAN enhance the
ability to reconstruct local details of objects in isometric
view. The encoder of IsoTGAN provides comprehensive
spatial and geometrical relation vector for the generator to
understand these relations; therefore, it is capable of gener-
ating reasonable isometric view images.

4.3.2. Qualitative Results

Fig. 3 shows the qualitative results of IsoTGAN and other
paired image-to-image translation models. It can be clearly
seen that our proposed method generates more similar iso-
metric view images compared to ground truth images. In
other methods’ generated results, the contour lines of iso-
metric images are discontinued or incompleted, showing
that typical GAN loss function is not adequate in recon-
structing images containing only contour lines from images
of the same type, even though their structure looks more
simple compared to natural images and other generative
models are good at converting drawing edges into color im-
ages. The pix2pix [16] baseline generates isometric images
that lack a lot of details and are incomprehensive. SAPDE
[33] and MoNCE [52] perform better as they could cap-
ture the overall structure of objects, but small details are not
reconstructed successfully. Especially, MoNCE’s output of
example seventh looks very similar to the groundtruth. Gen-
erated results of DINO [43] are discontinued at some parts

in objects contour lines, and in example fifth, one small cir-
cle on top of the object is missing. Our proposed IsoTGAN
successfully generates small details of objects, and the dis-
continuity in objects contour lines is minimized.

Some objects have the same front view and side view
projection, other objects have top view projection similar
to the rotation operation of front view or side view projec-
tion. Therefore, ISOTGAN has to distinguish between three
views and discern their relations and constraints to produce
comprehensive output. The modified loss function helps
IsoTGAN predict contour lines better. By incorporating ge-
ometry loss, the proposed model has learned to reconstruct
an isometric view image given its vertical flipped three-
view image input; therefore, IsoTGAN is able to understand
how projection translation affects an object’s image on a 2D
plane. The combination of shapes in the isometric view is
also understood well by the model.

4.3.3. Ablation Studies

Ablation experiments were conducted on SPARE3D dataset
to investigate the contribution of different components in
the proposed method. First, we utilized only the encoder in
our framework, while Transformer and GEE were replaced
with conventional convolution, and the loss function con-
tained only L5 4n and MoNCE. Then, we gradually added
Transformer, GEE, L,, and £. In the next step, the encoder
was discarded while other components were kept. When
the encoder was not used, MCHA in Transformer was sub-
stituted by self-attention that performs attention on image
patches. We also performed experiments where only Trans-
former and GEE were applied, and then only L4, and ¢
were added.

Overall, it can be seen clearly that the encoder plays a
crucial role. As Table 2 illustrates, without the encoder,
despite keeping all other components, the generation met-
rics are significantly worse compared to when the encoder
is equipped. Only utilizing the encoder yields better FID
and SSIM than discarding it while keeping all other four
components. Without the encoder, IsoTGAN becomes a
conventional GAN model, so the model cannot understand
the spatial and geometrical relation between each orthogo-
nal view of the object. The Transformer with MHCA layers
also contributes immensely to the effectiveness of the pro-
posed method by incorporating a spatial and geometrical
vector to selectively distribute information from the entire
input to appropriate regions, enhancing the generation of lo-
cal parts of objects. The GEE attention mechanism in con-
junction with Transformer provides extra information about
noise contexts for a more accurate generation of isometric
view image. Additionally, the modification of loss function
gives more geometry constraint for the model to ensure that
the generated output follows objects’ physical rules.



Front view

Side view

L]
T

Top view

Groudtruth
isometric view

H

SOIONm N
y

|
g b

) |

©

)
{
0

(=
B
v

pix2pix [16] ~

SPADE [33]

©
L1
N
.

/

%
5

MOoNCE [52]

¥

DINO [43]

IsoTGAN (ours) Q\

)
® (@
%

G

©
Q
GECRONBRIe

(O
@
“© 0

O @

RN @RS @)

(= | PN
2 G ®
ISR SRy

CRCRCRE

U

(
®

Figure 3. Qualitative comparisons of isometric view generation performance with baseline model.

Table 2. Ablation studies on SPARE3D dataset of the proposed method.

Method | Encoder Transformer GEE L., ¢ | FID] SSIMt L1] L2}
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28.18 0527 21.33 21.05
31.15 0508  23.86 22.56
30.12 0512 2377 22.66
2947 0520 21.02 2053
31.21  0.480 2450 2321
2930 0498  21.10 20.77
2420 0.605 17.89 16.37
21.82  0.695 15.66 14.49
22.89 0587 1670 15.52
2198 0.686 15.85 14.43
2137 0.711 15.54 14.62
v | 2118  0.723 1544 14.37
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4.3.4. Impact of Standard Deviation in GEE

In this section, we explore how the standard deviation o
. . . 2 .

in the Gaussian function G(z) = exp(—55z) influences
the performance result of IsOoTGAN in generating isometric

view image from three orthographic view contour drawings.
The findings are presented in Table 3. It is observed that
as o increases, the network performance first improves and
then decreases. The optimal performance is achieved when
o is set at 4. This behavior makes sense because a very high
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Table 3. Generation result of [sSoOTGAN on SPARE3D dataset with
different standard deviation o in GEE.

o [ FID} SSIMT L1| L2
1] 2256 0648 16.13 1531
22251 0674 1598 1522
42118 0723 1544 14.37
62189 0705 1607 15.16

variance can reduce the differences in attention activations
across channel and spatial dimension, which interferes with
the effective reduction of global noise contexts. Conversely,
a too low variance might limit the significance of other im-
portant features and incorrectly emphasize noise contexts.

4.3.5. Attention Visualization

To better understand the interpretability of the [SOTGAN’s
generator, we analyze the attention matrices generated by
the Transformer blocks. We examine the attention weights
output by the MHCA layer. Each element (4, j) in these
matrices shows the degree of attention that token 7 gives
to token j. Since the model employs multi-head attention,
multiple attention matrices are produced, one per head. For
clarity, we calculate the average of these weights across all
heads and target tokens for each block. Considering an in-
put image size of 256 x 256, this results in an average at-

tention vector with dimensions w x h (16 x 16). Each entry
7-th in this vector indicates the average attention token j
receives. By overlaying the attention heatmap on the input
images, shown in Fig. 4, it can be seen clearly that each
block pays attention to a specific part inside three-view im-
ages. It focuses on contour lines of the shape and by that,
strengthens the generation of local details of the object.

5. Conclusion

This paper has proposed a novel IsoTGAN framework for
effectively automatic isometric view image generation from
three orthographic views contour drawings. It employs an
encoder to capture and convert the spatial and geometric
relation between each view of the object into a vector.
This vector serves as additional input to the generator. The
Transformer with cross-attention equipped in IsoTGAN’s
generator enables long-range interactions and constraint
guidance to promote comprehensive isometric view image
generation. An attention mechanism called GEE which
utilizes Gaussian function and a geometry-constraint loss
function are also proposed to refine the generation results.
Extensive experimental results demonstrate that our pro-
posed method shows a strong capability in isometric view
image generation, achieving state-of-the-art performance.
Physical constraints for better refining the reconstruc-
tion of difficult features of objects will be considered.
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