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A B S T R A C T

Lattice structures with multiple unit cell types diversify the property space by offering more design freedom, 
encouraging adaptation of metamaterials in engineering applications. It is essential to ensure structural con
nectivity and smooth transition among different cell types to avoid pre-mature failure. In this work, we propose a 
framework based on latent space operations to generate smoothly morphing and fully connected transition cells, 
addressing the current research gap in realising lattice designs of dissimilar unit cells. Latent embedding – a low- 
dimensional representation of the original microstructure – is obtained through a variational autoencoder. 
Different types of triply periodic minimal surface (TPMS) lattice were chosen as the targets to demonstrate the 
capability of the algorithm in handling complex 3D geometries within a physically restricted transition region. 
Both qualitative and quantitative evaluations are provided to illustrate the connectivity and geometric similarity 
of the generated transition. Benchmark comparisons against both analytical and existing machine learning (ML) 
based solutions indicate the superior efficacy and generality of the proposed framework.

1. Introduction

Advancements in additive manufacturing (AM) have enabled the 
fabrication of lattice structures with complex geometric features. 
Composed of one or more types of repeating unit cells [1], lattice is 
widely adopted in structural applications due to its high 
strength-to-weight ratio [2,3], energy absorption capability [4–7], and 
robustness to load variability [8]. Beyond mechanical advantages, lat
tice structures also excel in other functional aspects such as heat dissi
pation [9–11] and vibration isolation [12–14]. Depending on whether 
there is spatial variation in the unit cell’s volume fraction, lattice 
structures can be categorized as uniform or graded [15]. The latter en
ables functionally graded design from the macro-scale level. However, 
both uniform and graded cases are typically restricted to a single unit 
cell topology, greatly limiting design flexibility.

Studies have demonstrated that the property space could be further 
diversified by adopting a multi-unit-cell configuration [16,17], that is, 
introducing different unit cell types within a single macro-structure. 
Ensuring connectivity and smooth transition among diverse unit cells 
becomes an emerging consideration to be addressed. Otherwise, abrupt 
changes and insufficient connection will likely result in stress concen
tration and pre-mature failure [18]. In response, Wang et al. [19]
reformulated the microstructure assembly problem as a label selection 

task on a weighted graph, aiming to minimise both nodal weights (i.e. 
property deviation of the selected microstructure from the target) and 
edge weights (i.e. geometric and mechanical incompatibility between 
pairs). The same research group also investigated one-to-many proper
ty-to-design mapping at the microstructure level by conducting k-means 
clustering within the Laplace-Beltrami spectrum, which increases the 
probability of boundary compatibility during assembly [20]. Despite the 
efforts, a common compromise is to adhere to cell types with inherently 
matching boundaries. There is a lack of generative design strategies that 
directly tackle the connectivity challenge.

Latent space arithmetic has gained popularity in the field of image 
processing, which inspired the data-driven design of metamaterials. The 
latent vector is a reduced-dimension representation of the original input 
data where only essential features were preserved. It could be obtained 
by training a generative ML model called autoencoder. The input is first 
transformed into the latent space through an encoder via convolution 
operations, followed by a reverse process to decode the latent vector 
back to a high-dimension feature space. Smooth image-to-image trans
lation was achieved by interpolating within the latent space. For 
instance, Chen et al. [21] introduced a control vector into the linear 
interpolation formula, enabling the alternation of target attributes by 
selecting a specific interpolation path. Mi et al. [22] investigated the 
domain dependency of different interpolation methods. Liu et al. [23]

* Corresponding author.
E-mail address: a.panesar@imperial.ac.uk (A. Panesar). 

1 These authors contributed equally.

Contents lists available at ScienceDirect

Additive Manufacturing

journal homepage: www.elsevier.com/locate/addma

https://doi.org/10.1016/j.addma.2025.104714
Received 9 August 2024; Received in revised form 13 January 2025; Accepted 17 February 2025  

Additive Manufacturing 101 (2025) 104714 

Available online 18 February 2025 
2214-8604/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0001-8801-8288
https://orcid.org/0000-0001-8801-8288
mailto:a.panesar@imperial.ac.uk
www.sciencedirect.com/science/journal/22148604
https://www.elsevier.com/locate/addma
https://doi.org/10.1016/j.addma.2025.104714
https://doi.org/10.1016/j.addma.2025.104714
http://crossmark.crossref.org/dialog/?doi=10.1016/j.addma.2025.104714&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


proposed regularisation techniques to improve the performance of 
inter-domain interpolation, alleviating the issue of non-realistic inter
mediate images. The volumetric representation of a structure shares a 
similar data format as an image, where an array is used to indicate 
material existence at each voxel. Consequently, geometry manipulation 
was also explored by applying arithmetic among latent vectors [24,25]. 
For example, in the semantic operation of ‘cube with hole’ - ‘cube’ 
+ ‘sphere’ = ‘sphere with hole’, each geometry is represented by a latent 
vector, and the result of the arithmetic operation on these vectors 
directly maps to the resulting geometry.

The work conducted by Baldwin et al. [26] applied latent space 
interpolation to generate multi-unit-cell transitions for 2D para
meterised geometries. The impact on smoothness level was investigated 
by varying the distance between two endpoints in latent space and the 
number of interpolation points. A follow-up work [27] explored whether 
integrating property into the latent embedding is advantageous over the 
sole consideration of geometric features. However, the smoothness 
metric proposed here is a measurement of geometric similarity between 
unit cells instead of connectivity. Although a series of unit cells that were 
visually smooth in transition was generated through latent space inter
polation, it remained an open question on how a transition cell bounded 
by a finite design domain could be generated while preserving the 
smooth characteristics from latent space operation.

This paper aims to address the current research gap of generating 
smoothly morphing, fully connected transition cell between dissimilar 
unit cells within a confined space to realise multi-unit-cell lattice de
signs. It is achieved through the proposed framework utilising both 
latent space arithmetic and feature space operations, whilst expanding 
the design space to include 3D complex geometries. The steps involved 
in retrieving latent representation by training a variational autoencoder 
(VAE) model, and operations required to construct the transition cell are 
first elaborated in detail. The performance of the proposed framework is 
evaluated both qualitatively and quantitatively (i.e. via interfacial 
connectivity and geometric similarity metrics) in two case studies and 
benchmarked against existing analytical and ML-based methods. The 
applicability of the proposed framework to accommodate diverse tran
sition targets, along with its manufacturability and mechanical perfor
mance, is discussed before the conclusion is made.

2. Methodology

2.1. Data curation

The aim is to generate sufficient variations of the target cell types so 
that clusters with a degree of spread will be formed in the latent space 
after the training process. The dataset consists of five types of TPMS 
lattices with diverse 3D geometry and 2D layout at the connecting faces, 
as shown in Fig. 1. As a surface-based lattice, the unit cell topology is 
defined by the level set functions, while the volume fraction (VF) is 

controlled by the offset parameter t (Appendix A). Subsequently, voxel 
representation is achieved through a spatial discretisation of 100 ×

100 × 100 pixels. The choice of resolution is governed by preserving 
sufficient geometric details whilst making the training process compu
tationally inexpensive. Utilising LatTess [28], an in-house lattice gen
eration software, 200 variants of each TPMS type are equally sampled 
within the VF range of 0.2–0.6. The lower bound is set to ensure struc
tural integrity while the upper bound prevents diverse cell types from 
transitioning into a solid block. These data points are further split into 
training, validation, and testing sets following a ratio of 6:1:1, as a 
common practice in ML. It should be highlighted that TPMS lattices are 
chosen for demonstration purposes only, while the methodology is 
generalisable to any other types of unit cells in voxel representation.

2.2. VAE architecture

A VAE [29] is constructed and trained to map and reconstruct the 
lattice unit cell to and from the latent space. Fig. 2 illustrates the com
ponents of the VAE-based framework. The VAE distinguishes itself from 
the standard autoencoder by being able to generate clusters in the latent 
space that are closely packed and potentially overlapping – i.e. enables 
sensible results to be reconstructed during latent space interpolation, 
establishing the foundation for latent space arithmetic.

The mean μ(x) and standard deviation σ(x) of each element are ob
tained through the two ‘parallel’ layers at the end of the encoder as 
shown in Fig. 2. It implies that the training data are no longer discrete 
points but continuous regions of normal distribution in the latent space. 
It increases the degree of overlapping between points within the cluster, 
allowing continuous clusters to be formed in the latent space and 
consequently meaningful outputs be re-constructed. The disparity be
tween the reconstructed object from the decoder x̂ and the initial input x 
is termed as the reconstruction loss as expressed in Eq. (1) and is 
minimised during training. It will, however, not guarantee continuity 
between clusters. 

L recon. =
1
N

∑N

i
(xi − x̂(zi) )

2 (1) 

To ensure the clusters are positioned tightly while still being distinct, 
an additional loss term based on Kullback–Leibler divergence (KL- 
divergence) is incorporated into the training process. The KL-divergence 
essentially measures how the probability distributions diverge from 
each other and its implementation in the VAE can be expressed as: 

L kl =
1
N

∑N

i

(σ2
i + μ2

i − log(σi) − 1)
2

(2) 

Hence, the total loss for the training consists of both the recon
struction loss and the KL-divergence as expressed in Eq. (3). 

Fig. 1. Five types of TPMS in voxel representation and the corresponding connecting face.
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L total = L recon. + L kl (3) 

Three layers of convolution (and transposed convolution) are applied 
in the encoder (and decoder) to map and reconstruct the unit cells to and 
from the latent space, as illustrated in Fig. 3. To capture non-linearity, 
each convolution layer is followed by a Rectified Linear Unit (ReLU) 
activation function.

The appropriate dimension of the latent space is first suggested by 
the Principal Component Analysis (PCA) [30] and further confirmed by 
a parameter study. PCA is conducted on all classes of unit cells through 
Scikit-learn’s PCA function [31] where the cumulative explained vari
ance ratio is obtained up to 50 principal components. The explained 
variance ratio of a principal component is defined as the ratio between 
its eigenvalue to the sum of the eigenvalues of all principal components. 
Hence, the cumulative sum of the explained variation ratios across the 
principal components reveals the minimum number of components to 
describe a set percentage of variance in the given set of data. With the 
orthogonal nature of the principal components, the obtained minimum 
number can subsequently be used as an indicator of the appropriate 
latent space dimension in the VAE implementation.

As a result, it is observed that at least 95 % of the variance in the data 
could be captured once the component number exceeds 12. Subse
quently, a parameter study is conducted when the latent space dimen
sion ranges from 8 to 16. There is no significant reduction in the training 

loss once the latent space dimension exceeds 12, confirming the PCA 
results. The output from convolution layers is flattened first, followed by 
a fully connected layer, before feeding into the latent space. Overall, the 
detailed architecture of the VAE model is presented in Fig. 3. The mini- 
batch gradient-descent approach is adopted for the training, where the 
batch size is set as 125 and the optimiser is Adam.

2.3. Transition cell generation

Fig. 4 illustrates the workflow of the transition cell generation. Three 
main stages of actions are undertaken: i) VAE-based actions; ii) slicing- 
and-merging; and iii) post-processing. The first stage is conducted 
within the latent space while the latter two stages take place within the 
feature space.

2.3.1. VAE-based actions
The target cells are mapped into the latent space through the encoder 

of the trained VAE. Subsequently, linear interpolation is applied be
tween the two latent vectors at a set interval – either being the same 
number as the unit cell’s resolution N (standard configuration) or mul
tiples of the resolution mN (super-resolution configuration) where m is 
the user-defined super-resolution factor. The interpolated latent vectors 
are then fed into the decoder to reconstruct the series of unit cells that 
are smoothly morphing.

Fig. 2. Architecture of the implemented VAE.

Fig. 3. The detailed architecture of the proposed VAE model.
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2.3.2. Slicing and merging
To ensure full connectivity with the target cells on both ends while 

preserving the smooth transitioning characteristics of latent-space-based 
interpolation, an approach of extracting and combining slices from a 
series of reconstructed unit cells is adopted, hereby termed as ‘slicing- 
and-merging’. The detailed implementation of the strategy for the two 
possible configurations of a series of unit cells is outlined below:

Standard configuration (the number of unit cells in the series equals 
to the target resolution value): A series of N unit cells are generated to 
form the set C. With the subscript denoting the index of the unit cell in 
set C and the superscript denoting the index of the layer in a cell, the 
transition cell c is formed as: 

ci = C− i
i , i = {1, 2, …, N} (4) 

i.e. the ith layer of the transition cell (ci) takes the form of the last ith slice 
of the ith unit cell (C− i

i ) in the set.
Super-resolution configuration (the number of unit cells in the series 

is a multiple of the target resolution value): Set C is formed of mN unit 
cells. Following the same convention as above, the transition cell c is 
formed as: 

ci =
1
m

∑m− 1

j=0
C− i

i+j, i = 1+{0, 1, …, N − 1 } ∗ m (5) 

Note that the expression is equivalent to Eq. (4) when the super- 

resolution factor m is set as 1. The super-resolution configuration with 
m = 2 is employed to generate the outputs presented in the rest of this 
article unless otherwise stated.

2.3.3. Post-processing
The voxel values in the generated transition unit cell are first con

verted to binary representation. A threshold value of 0.5 is applied for 
transition cells generated with the standard configuration, and a 

threshold value of 
(

1 − 1
m

)

is applied for those generated with the super- 

resolution configuration where m ≥ 2 such that the voxel is assigned a 
value of 1 only if there is material in most of the constituting slices.

Subsequently, the isolated or loose-hanging elements are removed. 
Fig. 5 illustrates some cases where secure connection criterion with 
solely face, edge, or node connection is met, i.e. voxels to preserve. 
Therefore, for each element, every adjacent face-, edge-, and node- 
connected element is assigned an adjacency value of 1, 1

2 , and 1
4, 

respectively. The face, edge, and node adjacency values sum to an ad
jacency score for each element. The element is removed if the adjacency 
score is less than 1 implying no secure connection exists. The operation 
is run iteratively until the change in total number of elements is less than 
a user-defined threshold.

Finally, elements are added to fill in the small holes in the resultant 
transition cell from the previous step with the remove_small_holes() 
function in scikit-image library [32]. Fig. 6 illustrates the generated 
transition cell (with Schwarz-P and Neovius being the target cells, VF =

Fig. 4. Workflow for transition cell generation.

Fig. 5. Exploded view to demonstrate the cases reaching secure connection score with only face, edge, or node connection.
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0.2) before and after the post-processing.

2.4. Evaluation criteria for a smooth transition

Besides qualitatively assessing the effectiveness of the transition cell 
generation strategy via visual inspection, quantitative metrics assessing 
the interfacial connectivity (C− ) and geometric similarity (G− ) are 
proposed and defined as: 

CA =
|FA ∩ FT |

|FA|
(6) 

GA =
|XA ∩ XT |

|XA ∪ XT |
(7) 

where F− is a 2D array representing the connecting face, X− is a 3D array 
representing the unit cell, subscripts A,B,T indicate the two target cells 

and the transition cell, respectively. The intersection or union between 
two entities is a voxel-by-voxel comparison.

The connectivity metric needs to be evaluated at both ends of the 
transition cell for the two dissimilar target cells. Hence, the final per
formance score is defined as the product: 

CAB = CA • CB (8) 

GAB = GA • GB (9) 

2.5. Case studies

Two case studies are conducted to demonstrate the framework’s 
capability in transitioning between diverse target cell configurations (i. 
e. different TPMS types and intra-cell VF grading), as shown in Fig. 7. 
Table 1 summarises the specific target cell configurations.

The proposed framework accommodates graded target cells by tak

Fig. 6. Generated transition unit cell before and after post-processing.

Fig. 7. Overview of the case studies and benchmark methods.
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ing the VF at the connecting faces (i.e. VFA2 and VFB1), which allows the 
same implementation as the uniform case to be utilised. It is illustrated 
in Fig. 8.

2.6. Benchmarking

To demonstrate the improvement in interfacial connectivity and 
geometric similarity, the proposed transition cell generation framework 
is compared against two benchmark approaches: a) ML-based method 
and b) analytical morphing. For brevity, illustrations and results in the 
following sections are based on the graded target cells defined in Case II.

2.6.1. ML-based method
Similar to the proposed methodology, the ML benchmark also builds 

upon latent space interpolation, but without the “slicing-and-merging” 
operation applied on the decoded cells. Studies have suggested that the 
Euclidean distance between two vectors within the latent space implies 
geometric similarity within the feature space [19]. Fig. 9 presents three 
equally-spaced interpolation points and the corresponding decoded 
cells, in which the gradual evolvement in lattice topology aligns with the 
theory. From a series of interpolated cells, the best candidate is selected 

to simultaneously maximise two objectives, CAB and GAB, as defined in 
Section 2.4. Connectivity is prioritised when a global optimum is not 
present.

2.6.2. Analytical morphing
The analytical benchmark utilises the Sigmoid function to achieve 

uni-directional morphing between two target cells, as shown by Eqs. 
(10) and (11). To keep the cell size consistent, the thickness of the 
morphing region is set the same as the unit cell resolution. 

σ(s) = 1
1 + e− s (10) 

Xanalytical = σ • XB +(1 − σ) • XA (11) 

where s indicates the spatial information within the morphing region.

3. Results

3.1. VAE training

Fig. 10 indicates that both the training and validation loss converges 
after 80 epochs, without observing any trend of over- or under-fitting. 
The training took approximately one hour on an Apple M2 pro chip 
with 16 GB memory.

Fig. 11 is produced from PCA of the latent vectors in the dataset – the 
clustering pattern further confirms that the trained model is able to 
distinguish topological features of different cell types.

Different types of TPMS unit cells are randomly selected from the 
testing set and serve as the ground truth to compare against the recon
structed ones by the VAE model. High reconstruction accuracy is 

Table 1 
Target cell configurations for case studies.

Unit cell Lattice type Volume fraction

Case I Target A Schwartz-P 0.30
Target B Neovius 0.50

Case II Target A Schwartz-P 0.2 − 0.3
Target B iWP 0.4 − 0.5

Fig. 8. Modification to the methodology to accommodate graded target cells.
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achieved by conducting visual assessment and quantitative evaluation of 
geometric similarity using Eq. (7), as shown in Fig. 12.

3.2. Smooth transition

Case I. : uniform target cells

Table 2 summarises the specific configuration of the targe unit cells 
and the quantitative performance of the generated transition cell. 
Adopting the proposed framework, the generated cell gradually transits 
from an annulus layout (characteristics of Schwartz-P) to a filleted cross 
shape (characteristics of Neovius), as shown in Fig. 13. Consequently, 
the structure is fully connected at both interfaces as desired. The geo
metric similarity scores are also high, since the transition cell shares 
some common topological features of the targets, such as central cavity 
and quadrilateral symmetry. With visual inspection, the transition cell is 
an intact structure without isolated or loose-hanging elements, proving 
the effectiveness of the post-processing steps. Although the VF of the 
transition cell is not a parameter that can be directly controlled, it stays 
as an intermediate value between the two targets as desired. 

Case II. : graded target cells

Table 3 summarises the specific graded target cell configurations and 

the quantitative performance of the generated transition. Coupled with 
Fig. 14, a smooth transition with 100 % connectivity at both faces and 
high geometric similarity is demonstrated.

3.3. Benchmark comparison

Qualitative comparisons against benchmark methods are illustrated 
in Fig. 15 and results from the quantitative evaluations are summarised 
in Table 4. The proposed method demonstrated full interfacial connec
tivity compared to both benchmark methods. Since the interpolated cells 
from the ML benchmark are likely to preserve the symmetric nature of 

Fig. 9. Unit cells decoded from latent space interpolation.

Fig. 10. The training history of the proposed VAE model.

Fig. 11. Shape clustering within the latent space using PCA.
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TPMS, it is hard to find a universal layout that is well-connected to both 
faces, especially for dissimilar target cells. Fig. 16 provides a visual
isation of the unilateral connectivity issue of cells generated by the ML 
benchmark method. The interfacial connectivity of the transition 
generated by the analytical benchmark is marginally lower than that 
from the proposed framework.

The averaging nature of the analytical benchmark method implies 
that the geometric similarity to both targets will be comparable in 
magnitude. Both the proposed method and the ML-benchmark identify 
the geometrical features in the training and relies on latent space 
characteristics, such that the generated transition cells are likely to 
exhibit higher resemblance to one target or the other.

Fig. 15 illustrates that the rendering quality of the analytical 
benchmark outperforms the proposed method, as the morphing is con
ducted on implicit functions. Nevertheless, voxel representation makes 
the proposed method generalisable to non-surface-based unit cells 
where the analytical benchmark method struggles to generation integral 
transitions, to be elaborated in Section 4.2.

4. Discussion

While detailed evaluations were provided for two case studies 
already, the objective of this section is to assess the generality of the 
proposed methodology. Specifically, visualising the transition between 
all the other types of TPMS lattice included in the dataset. This enables 
the exploration of how the geometric differences between target cells 
affect the smoothness of the generated transition. To prove the proposed 
framework is not restricted to surface-based unit cells, the transition 
between truss-based lattices is discussed. Evaluations on manufactur
ability and mechanical performance have been conducted, though the 
current framework does not provide explicit control over these aspects.

4.1. Applicability to various TPMS types

Fig. 17 illustrates all the possible combinations resulting from the 
five TPMS types within the dataset, where the VF of all the target cells 
were kept at 0.5. Through visual inspection, these transition cells always 

Fig. 12. Compare reconstructed cells with the ground truth in the testing set.

Table 2 
Quantitative evaluation for Case I uniform target cells.

Unit cell Lattice 
type

Volume 
fraction 
VF

Interfacial 
connectivity 
C

Geometric 
similarity 
G

Target A Schwartz-P 0.30 1.00 0.72
Target B Neovius 0.50 1.00 0.81
Transition - 0.41 - -

Fig. 13. Qualitative evaluation for Case I uniform target cells.

Table 3 
Quantitative evaluation for Case II graded target cells.

Unit cell Lattice 
type

Volume 
fraction 
VF

Interfacial 
connectivity 
C

Geometric 
similarity 
G

Target A Schwartz-P 0.2 − 0.3 1.00 0.39
Target B iWP 0.4 − 0.5 1.00 0.57
Transition - 0.35 - -
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share geometric features from both targets and high connectivity is 
guaranteed from the similar interfacial profiles. Detailed quantitative 
evaluation results for each case are presented in Appendix B. Therefore, 
it is concluded that the proposed method is adaptable to complex 3D 
geometries with sufficiently fine resolutions, despite the level of topo
logical dissimilarity between the targets.

To acknowledge the limitation of the algorithm, structural integrity 
issues might exist for certain target cell configurations when the VF is 

relatively low (e.g. VF < 0.3). As the example illustrated in Fig. 18, the 
transition from iWP to Neovius is incomplete when the VF of the target 
cells is as low as 0.3. The disconnected region gradually encloses from 
two sides as the VF increases to 0.4. To explain the phenomenon, since 
the latent vectors interpolated around the mid-point are far away from 
both targets, the structures become less predictable after decoding back 
to the feature space. When a significant number of layers were sliced 
from incomplete structures and then merged, the resulting gap became 
too large to be redeemed by the post-processing steps. Further research 
is required to increase the interpretability of the latent space and 
potentially propose measures to control the latent space characteristics. 
In the meantime, for practical usage of the proposed framework, it is 
suggested to determine a lower VF threshold to ensure structural 
integrity.

4.2. Applicability to truss-based lattice

The voxel representation adopted in the proposed framework implies 
generality to other lattice types (e.g. truss-based lattice). Following a 

Fig. 14. Qualitative evaluation for Case II graded target cells.

Fig. 15. Qualitative comparison against benchmark methods.

Table 4 
Quantitative comparison against benchmark methods.

Evaluation metric Proposed 
method

ML 
benchmark

Analytical 
benchmark

Volume fraction VFT 0.35 0.32 0.33
Interfacial 

connectivity
CA 1.00 0.71 0.98
CB 1.00 0.27 0.95

Geometric 
similarity

GA 0.39 0.74 0.48
GB 0.57 0.39 0.48

Fig. 16. Connectivity visualisation for the ML-based benchmark.
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Fig. 17. Transition between various types of TPMS lattice.

Fig. 18. Structural integrity limitation when the VF of target cells are low.

Fig. 19. Transition between truss-based lattice.
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similar dataset preparation and VAE training procedure, Fig. 19 dem
onstrates the transition between a body-centered-cubic (BCC) and a 
face-centered-cubic (FCC) unit cell, both with uniform VF = 0.5. In this 
case, the proposed method clearly outperforms the analytical bench
mark by preserving structural integrity.

4.3. Manufacturability evaluation

With realising multi-unit-cell lattice design being the motivation, the 
proposed framework establishes the foundation to generate transition 
cells that are smoothly morphing within a fixed design domain while 
ensuring full connectivity. It implies that lattices with dissimilar cells 
can be generated without discontinuity, ensuring the primary manu
facturability where the design is integral, as illustrated in Section 4.2.

AM has been a popular choice to fabricate lattice structures for its 
capability in handling complex geometric features. While the current 
framework does not incorporate AM constraints explicitly, post- 
processing steps are in place to remove small or disconnected features 
which coincide with manufacturing considerations. Overhang angle is 
one of the most characteristic constraints amongst many general AM 
design guidelines. By applying the technique outlined in [33], the per
centage of elements violating the 45◦ overhang angle constraint in a 
transition cell is calculated and presented in Table 5. Most cases achieve 
a reasonably low percentage of violation. The worse performing cases all 
has one of the target cells being D-Gyroid which has a relatively large 
percentage of the elements identified as unprintable. It should be 
acknowledged that while 45◦ is a common rule of thumb, some identi
fied unprintable elements may still be printed without support in prac
tice, depending on the fabrication technique and material used.

It can be inferred that the transition cell inherits the target cells’ 
printability. It implies that as long as the target cells are chosen to be 
printable (e.g. quasi-self-supporting nature of TPMS [34]), the transition 
cell will be manufacturable even without explicit incorporation of the 
AM constraints into the framework. Such characteristics enhances the 
applicability of the proposed framework in generating practical 
multi-unit-cell lattice designs.

4.4. Mechanical performance evaluation

While the framework does not explicitly incorporate control on the 
mechanical properties of the generated transition cell, the focus on 
ensuring smooth and fully connected transition should result in a 
smooth load transfer throughout the structure. To confirm the hypoth
esis, uniaxial compression is applied to the assembly of transition cells 
generated by the proposed and benchmark methods. The finite element 
simulation is conducted in Abaqus, adopting 8-noded hexahedral 
element to discretise the design domain. Uniformly distributed pressure 
load is applied at the top surface while fixed support is applied at the 
bottom restricting all degrees of freedom. Fig. 20 illustrates the resulting 
von-mises stress distribution, given Schwartz-P and iWP with uniform 
VF= 0.5 as the target cells. It is observed that the proposed method 

achieves high continuity in stress distribution at the interfaces between 
the transition cell and the targets, comparable to the analytical bench
mark’s performance. In contrast, significant discontinuities and stress 
concentration are observed in the ML benchmark, as circled in Fig. 20
(b), corresponding to the location of sudden geometrical change.

The observation highlights that the generated transition cell ensures 
smooth transition of stress distribution at the same time of ensuring 
smooth geometrical transition. It implies that lower risk of pre-mature 
failure at the interface between dissimilar unit cells when the multi- 
unit-cell lattice is under load. Hence, the local optimisation of the unit 
cell type can be realised more effectively. Conversely, incorporation of 
property control on the transition cell is worth exploring to further 
optimise the local and global performance in addition to achieving 
geometrical smoothness and full connectivity.

4.5. Application in multi-unit-cell lattice structures

The proposed framework is capable of generating uni-directional 
transition cell, that is, the two targets are located on the opposite 
sides of the desired transition region. Nevertheless, its application in 
multi-unit-cell lattice structures is not restricted in a single direction 
from the macroscale perspective. Fig. 21 illustrates an example with 
three regions each dominated by a different TPMS cell type, where the 
transitions are designed utilising the proposed method. The transition 
between region A and B (shaded in green) is with uniform VF, however, 
that between region A and C (shaded in orange) illustrates a more 
complex case where the VF of target cells increases linearly from 0.3 to 
0.5.

The generated transition not only ensures high connectivity at the 
interface with the targets, but also with the neighbouring transition cells 
of different VF. For completeness, the intersection of the two transition 
regions could be designed by applying the union operation on the voxel 
representation of the two neighbours, though future work is required to 
strategically optimise for such a scenario.

5. Conclusion

In this paper, a novel transition cell generation framework based on 
latent space interpolation is proposed. Interfacial connectivity and 
geometric similarity, as two important evaluation criteria for smooth 
transition within a multi-unit-cell structure, are simultaneously satisfied 
within a finite design domain. The effectiveness is demonstrated by the 
generation of transition between dissimilar cell types as well as those 
with intra-cell VF grading. The capability of the presented framework 
will enable realisation of complex metamaterial designs involving 
multiple dissimilar unit cells in demanding engineering applications. 
Voxel representation also makes the framework adaptable to target cells 
without parametric expression, improving its applicability and 
generality.

Compared to existing ML-based approach, the proposed slicing-and- 
merging strategy in the feature space significantly improves connectiv
ity – consistently achieving a 100 % score – while preserving the smooth 
characteristics of latent space interpolation. In addition to achieving 
comparable performance against the analytical benchmark for TPMS, 
the proposed framework further demonstrates its versatility in dealing 
with truss-based lattice.

With the foundation of being able to generate smoothly morphing 
and fully connected transition cells set in this work, future work aiming 
to enhance the performance and expanding the features is outlined as 
following: 1) to address the structural integrity limitation when gener
ating transition between low-VF target cells; 2) incorporation of prop
erty control (e.g. mechanical property, thermal conductivity etc.) in the 
generation of the transition cell. With the current framework limited to 
uni-directional transition and the generated transition cell inheriting the 
manufacturability of the target cells, additional capabilities such as 
multi-directional transition will be developed to further the applicability 

Table 5 
Comparison of the percentage of elements violating overhang angle constraint in 
the transition cells. The top and bottom indicates the printing direction. Per
centage of violation in target cells are tabulated in the diagonal entries for 
reference.

Target A (top) VFA = 0.5

D- 
Gyroid

iWP Neovius Octo Schwartz- 
P

Target B 
(bottom) 
VFB =

0.5

D-Gyroid 7.6% 10.8% 13.9% 12.7% 9.3%
iWP 10.7% 7.7% 6.1% 5.3% 4.1%
Neovius 9.5% 4.2% 6.4% 4.9% 2.7%
Octo 9.4% 4.2% 4.9% 4.2% 2.2%
Schwartz- 
P

6.2% 3.6% 4.0% 4.0% 2.7%
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of the proposed framework to more complex real-world applications.

CRediT authorship contribution statement

Xiaochen Yu: Writing – original draft, Visualization, Validation, 
Software, Methodology, Investigation, Formal analysis, Data curation. 
Bohan Peng: Writing – original draft, Visualization, Validation, Soft
ware, Methodology, Investigation, Formal analysis, Data curation, 
Conceptualization. Ajit Panesar: Writing – review & editing, Supervi
sion, Resources, Project administration, Funding acquisition, 
Conceptualization.

Declaration of Competing Interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgements

This work is funded and supported by the Department of Aeronautics 
at Imperial College London.

Appendix A. The level set functions of TPMS lattices

TPMS Type Level set function

D-Gyroid |cos(x)sin(y)+cos(y)sin(z)+cos(z)sin(x) | ≤ t
iWP |cos(x)cos(y)+cos(y)cos(z)+cos(z)cos(x)+0.25 | ≤ t
Neovius |3[cos(x)+cos(y) +cos(z) ] +4cos(x)cos(y)cos(z) | ≤ t
Octo |4[cos(x)cos(y)+cos(y)cos(z) +cos(z)cos(x) ] − 3[cos(x)cos(y)cos(z) ] +2.4 | ≤ t
Schwartz-P |cos(x)+cos(y)+cos(z) | ≤ t

Fig. 20. Von-mises stress distribution under uniaxial compression.

Fig. 21. Apply the transition cell generation strategy in designing a multi-unit-cell lattice structure.
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Appendix B. Transition between different types of TPMS lattice

Target cells 
VFA = VFB = 0.5

Transition cell Volume fraction Interfacial connectivity Geometric similarity

VFT CA CB GA GB

D-Gyroid → iWP 0.49 0.99 1.00 0.41 0.69

D-Gyroid → Neovius 0.46 1.00 1.00 0.40 0.70

D-Gyroid → Octo 0.44 0.99 1.00 0.37 0.63

D-Gyroid → Schwartz-P 0.46 1.00 1.00 0.39 0.66

iWP → Neovius 0.56 1.00 1.00 0.67 0.68

iWP → Octo 0.55 1.00 1.00 0.78 0.75

iWP → Schwartz-P 0.56 1.00 1.00 0.73 0.70

Neovius → Octo 0.54 1.00 1.00 0.87 0.80

Neovius → Schwartz-P 0.52 1.00 1.00 0.86 0.86

Octo → Schwartz-P 0.53 1.00 1.00 0.84 0.85
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