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Scale-invariant 3D face recognition using
computer-generated holograms and the Mellin
transform
Yongwei Yao1, Yaping Zhang1,2*, Huanrong He1, Xianfeng David Gu3,
Daping Chu4 and Ting-Chung Poon5

We present  a novel  method for  scale-invariant  3D face recognition by integrating computer-generated holography with
the  Mellin  transform.  This  approach  leverages  the  scale-invariance  property  of  the  Mellin  transform  to  address  chal-
lenges related to variations in 3D facial sizes during recognition. By applying the Mellin transform to computer-generated
holograms and performing correlation between them, which, to the best of our knowledge, is being done for the first time,
we have developed a robust recognition framework capable of managing significant scale variations without compromis-
ing recognition accuracy. Digital holograms of 3D faces are generated from a face database, and the Mellin transform is
employed  to  enable  robust  recognition  across  scale  factors  ranging  from  0.4  to  2.0.  Within  this  range,  the  method
achieves 100% recognition accuracy, as confirmed by both simulation-based and hybrid optical/digital experimental vali-
dations.  Numerical  calculations  demonstrate  that  our  method  significantly  enhances  the  accuracy  and  reliability  of  3D
face recognition, as evidenced by the sharp correlation peaks and higher peak-to-noise ratio (PNR) values than that of
using conventional holograms without the Mellin transform. Additionally, the hybrid optical/digital joint transform correla-
tion hardware further validates the method's effectiveness, demonstrating its capability to accurately identify and distin-
guish 3D faces at various scales. This work provides a promising solution for advanced biometric systems, especially for
those which require 3D scale-invariant recognition.
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 Introduction
Face  recognition  technology,  particularly  in  3D,  is  in-
creasingly  becoming  indispensable  in  the  realm  of  bio-
metric  authentication  due  to  its  superior  accuracy  and
robustness  when  compared  to  traditional  two-dimen-
sional (2D) methods1,2.  As the demand for more reliable

and  robust  recognition  systems  grows,  researchers  have
focused on overcoming the inherent challenges associat-
ed with 3D facial recognition. One major challenge is the
variability  in  scale,  which  arises  from  differences  in  the
distance  between  the  subject  and  the  imaging  device,
posing  a  significant  obstacle3.  This  issue  is  especially 
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critical in real-world applications where subjects are not
consistently positioned at a fixed distance from the cam-
era,  potentially  degrading  the  recognition  performance.
Addressing  this  scale  variability  is  essential  to  enhance
the  reliability  and  applicability  of  3D  face  recognition
systems  in  security,  surveillance,  and  identity  verifica-
tion scenarios.

In recent years,  various methods for 3D face recogni-
tion have  emerged4:  Keypoint-based  methods5 and local
surface  feature  techniques6–8 often  extract  local  descrip-
tors such as curvature, texture, or point clouds, but these
features  are  inherently  sensitive  to  scale  variations  un-
less  explicitly  normalized,  which  introduces  additional
computational  complexity.  Geometric  model  approach-
es, such as the triangular geometrical model by Ali et al.9,
achieve  scale  invariance  by  comparing  triangles  in  3D
space based on similarity criteria.  However,  these meth-
ods simplify the 3D data into sparse geometric represen-
tations, which limits the ability to preserve holistic facial
information and makes reconstruction of the original 3D
face  impossible  from  the  processed  data.  Recent  ad-
vances  in  deep  learning10 offer  new  approaches  for  3D
face  recognition  with  some  robustness  to  scaling,  but
learning-based solutions11 inevitably depend on substan-
tial  computer  hardware  resources  and  extensive  large-
scale 3D face training datasets1.

The  Mellin  transform  is  an  integral  transform  that
converts functions into a form that is particularly useful
for analyzing scale changes12.  In this study, we present a
method  that  incorporates  the  Mellin  transformation
along with computer-generated holography for scale-in-
variant  3D  face  recognition.  Holography,  invented  by
Gabor, is a technique that allows 3D images to be record-
ed on a 2D medium, such as film or a CCD camera, cre-
ating  what  is  known  as  a  hologram13,14.  Once  we  have
recorded  a  hologram,  we  can  reconstruct  the  3D  object
using optical or digital technique. Zhou et al. proposed a
3D face recognition method utilizing computer-generat-
ed  holograms15,  which  enhanced  recognition  efficiency
by converting 3D feature points into 2D holograms and
employing digital correlation for matching. However, the
method  did  not  demonstrate  robustness  with  respect  to
scale  invariance.  Our  approach  leverages  the  Mellin
transform's  capability  to  handle  scale  variations  by  nor-
malizing  the  scale  changes  in  the  holographic  domain,
thus ensuring that the recognition process remains effec-
tive regardless of the scale of a 3D face in the 2D image.
3D  shape- matching  has  been  simplified  to  2D  image-

matching using conformal geometry16. At the same time,
there  is  a  technique  to  enhance  state-of-the-art  2D  face
recognition  approaches  with  3D  features17.  In  our  com-
puter-generated  holographic  technique,  we  create  com-
puter-generated holograms of 3D surfaces using triangu-
lar meshes, which are derived from 3D face scans. Since
holography  preserves  holistic  information  of  a  3D
face13,14, recognition will be highly accurate.

In this  paper,  we propose a  novel  method for  achiev-
ing  scale-invariant  3D  face  recognition  by  integrating
computer-generated holography (CGH) with the  Mellin
transform.  This  approach  effectively  addresses  a  funda-
mental  challenge  in  3D biometric  recognition—namely,
the variability in object scale caused by differences in ac-
quisition distance. By encoding 3D facial data into opti-
cal  scanning  holography  (OSH)-inspired  mesh-layer-
based holograms and applying a coordinate transforma-
tion in the Mellin domain, we construct a robust recog-
nition framework capable of maintaining consistent per-
formance  across  a  wide  range  of  scale  variations.  The
proposed  method  preserves  the  holistic  3D  structure  of
facial models with high fidelity and theoretically guaran-
tees  scale  invariance,  which is  further  validated through
extensive numerical simulations and hybrid optical/digi-
tal joint transform correlation (JTC) experiments.

 Methodology

 Digital generation of 3D face holograms inspired by
optical scanning holography (OSH)
We use  a  3D face  database18 from the  publicly  available
database of  the 3D Scanning Laboratory at  Stony Brook
University,  in  which  the  data  are  captured  by  a  phase-
shifting  structured  light-ranging  system  with  approxi-
mately  80  K  3D  points  [camera:  Dalsa  CA-D6-0512W
with resolution 532×516 pixels of pixel size 10 μm, fringe
projector:  Kodak  DP900  projector  with  available  wave-
lengths  of  360–700 nm].  The point  cloud model  is  then
converted to a  triangular-mesh model  by using triangu-
lation  along  with  computer  graphics. Figure 1(a) and
1(c) display the captured face of real persons named "So-
phie"  and  "Alex",  respectively.  Their  polygon-mesh  rep-
resentations are shown in Fig. 1(b) and Fig. 1(d).

There  are  three  prominent  techniques  to  generate
computer-generated  holograms:  point-based19,  layer-
based20 and  polygon-based  (or  mesh-based)  methods21.
Most  recently,  Yao  et  al.  have  proposed  a  hybrid  layer-
mesh-based  technique  for  fast  generation  of  computer-
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∑n

i=1
I0 (x, y; zi) I0 (x, y; zi)

generated  holograms22.  We  shall  use  such  technique  to
represent  the  3D  face  as  a  series  of  discrete  layers  from
the polygon-mesh 3D face. Briefly, in the technique, for a
given 3D mesh, we calculate the barycentric coordinates
for  each  triangular  mesh.  Each  barycenter,  indicated  by
blue or yellow dots, is mapped to the nearest layer, there-
by  preserving  depth  information,  as  shown  in Fig. 2(a).
Once layering is completed, we obtain mesh-layer-based

3D  face  data, ,  where 

represents  the  intensity  distribution  function  of  the i-th

zi

Δz

image  plane,  located  at  an  axial  distance  from  the
hologram  plane.  The  3D  face  is  divided  into n image
planes that are uniformly spaced at  and parallel to the
hologram.

I0 (x, y; zi)

1
λzi
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π
λzi
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]
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λzi
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π
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]
Hcos (x, y)
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Each  layer  is  subsequently  convolved  with
digitally  generated  cosine  Fresnel  zone  plates  (FZP),

 ,  and  sine  Fresnel  zone  plates

(FZP), ,  resulting  in  the  corre-

sponding  cosine  hologram, ,  and  sine  holo-
gram, , for the 3D face: 

Hcos (x, y) =
n∑

i=1

I0 (x, y; zi) ∗
1
λzi

cos
[
π
λzi

(x2 + y2)
]
,

(1)
and 

Hsin (x, y) =
n∑

i=1

I0 (x, y; zi)∗
1
λzi

sin
[
π
λzi

(x2 + y2)
]
, (2)

λwhere  *  denotes  2-D  convolution,  and  represents  the
wavelength  of  the  laser  used  to  generate  the  hologram.
Equations (1) and (2) are derived based on principles in-
spired  by  physical  phenomena  and  represent  the  actual
holograms  produced  through  optical  scanning  hologra-
phy (OSH)14,23,24. Therefore, Eq. (1) and Eq. (2) can be re-
ferred  to  as  OSH-based  computer-generated  holograms
(CGHs)  of  a  layered  3D  object.  From  the  above  two
holograms,  we  obtain  a  complex  hologram by  perform-
ing a digital complex operation as follows14,23,24: 

Hc (x, y) = Hcos (x, y) + jHsin (x, y) , (3)

j =
√
−1.where  Figure 2(b) illustrates  the  process  of

 

Sophie

Alex

a b

c d

Fig. 1 | Captured  face  of  real  persons.  (a)  Picture  of  Sophia.  (b)

Sophia  consisting  of  polygon  meshes.  (c)  Picture  of  Alex.  (d)  Alex

consisting  of  polygon  meshes.  The  3D  face  models 'Sophie' and

'Alex' are  sourced  from  the  publicly  available  database  of  the  3D

Scanning Laboratory at  Stony Brook University  and are used under

academic license.
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Fig. 2 | (a) Layering of 3D meshed face. (b) Digital generation of complex hologram Hc(x, y) using OSH-based holograms.
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Eq.  (1) to Eq.  (3).  By  leveraging  the  layering  approach
and applying the  principles  of  OSH,  we ensure  that  our
digital  holograms  maintain  high  fidelity  in  representing
the  3D characteristics  of  the  facial  models.  This  process
is crucial for achieving reliable and robust 3D face recog-
nition, particularly under various scale conditions.

 Mellin transform holograms and their correlations

Hc (x, y)

Once the 3D information of the face is encoded in OSH-
based  digital  holograms,  the  Mellin  transform  can  be
performed  on  the  hologram  to  achieve  scale-invariant
3D face recognition. The Mellin transform of the 3D face
hologram  can be represented as
 

HMc (ω, γ) = M{Hc (x, y)} =

∞x
0

Hc (x, y) xjω−1yjγ−1dxdy,

(4)

M{·}
(ω, γ)

x = et, y = ev

ln (x) = t, ln (y) = v

where  represents the Mellin transform operation.
 are  the  coordinates  of  the  output  plane  of  the

Mellin  transform.  Performing  coordinate  transforma-
tions  to  the  input  coordinates ,  i.e.,

 , Eq. (4) is manipulated to become
 

HMc (ω, γ) =M {Hc (x, y)} =

∞x
−∞

Hc (et, ev) ejωtejγvdtdv

=F {Hc (et, ev)} , (5)

F {·}

Hc (et, ev)

where  represents  the  two-dimensional  Fourier
transform  (FT). Equation  (5) indicates  that  the  Mellin
transformation  can  alternatively  be  performed  by  first
applying the Mellin coordinate transformation to obtain

, followed by Fourier transform.

Hc (ax, by)
Hc (ax, by)

After  scaling  the  3D  facial  model  and  generating  the
scaled complex hologram ,  as  outlined in Eq.
(4), the Mellin transform of  is given by
 

M {Hc (ax, by)} =a−jωb−jγM {Hc (x, y)}
=e−jωln(a)e−jγln(b)M {Hc (x, y)} , (6)

a bwhere  and  represent the scale factors in the x and y
directions. Equation  (6) demonstrates  that  the  Mellin
transform  of  a  scaled  complex  hologram  is  identical  to
the  Mellin  transform of  the  original  complex hologram,
except  for  some  phase  factors  that  depend  on  the  scale
factors. From Eq. (6), we have
 

|M{Hc (ax, by)}| = |M{Hc (x, y)}| . (7)

Furthermore, we can show that
 

F−1 {M{Hc (x, y)}M∗ {Hc (ax, by)}}
= [Hc (et, ev)⊗Hc (et, ev)] ∗ δ (ω− ln (a) , γ − ln (b)) ,

(8)

⊗

Hc (x, y) Hc (ax, by)

where  represents  correlation  operation. Equation  (8)
represents  the  correlation  result  in  the  Mellin-trans-
formed domain between the original complex hologram

 and  a  scaled  version  of  it ,  where a
and b are scale factors in the x and y directions,  respec-
tively.  Physically,  this  means  that  scale  changes  in  the
original 3D face holograms do not affect the correlation
result,  but  only  shift  the  peak  position,  making  the  sys-
tem  inherently  scale-invariant.  In  other  words,  this  for-
mulation allows us to match scaled versions of a 3D face
hologram  by  transforming  the  problem  into  a  domain
where  scale  becomes  a  shift,  making  it  easier  to  recog-
nize faces regardless of their size.

 Results and discussion

 Scale-invariant 3D face recognition
Based  on Eq.  (8), Fig. 3 presents  the  overall  framework
for  achieving  scale-invariant  3D  face  recognition  using
Mellin transformed complex holograms. The process be-
gins  with  slicing  the  3D face  mesh  model.  Two realistic
3D face models, 'Sophie' and 'Alex,' are used for simula-
tions.  They  are  sourced  from  the  publicly  accessible
archives of Stony Brook University's 3D Scanning Labo-
ratory18.  The 3D face model  Sophie,  consisting of  14254
polygons, is scaled using factors a and b ranging from 0.4
to 2.0, resulting in 17 different sized versions of Sophie as
the  3D  face  to  be  recognized.  Another  3D  face  model,
Alex,  consists  of  14007 triangular  polygons,  is  used as  a
comparison in face verification experiments with Sophie.

z = zi
i = 1, 2, · · · , 60 z1 = 260 z60

The 3D face models are segmented along the z-axis in-
to 60 distinct layers, with each layer separated by 150 μm.
The segmentation specifies  layers at  intervals ,  for

,  extending  from  mm  to =
269 mm. Specifically,  the number of  layers  (60)  and the
layer  spacing  (150  µm)  were  chosen  to  balance  human
eye  resolution  and  computational  efficiency.  The  layer-
ing interval and number of layers were empirically opti-
mized based on preliminary experiments to ensure high
fidelity  in  representing  the  3D  characteristics  of  the  fa-
cial  models.  In  addition,  we  carried  out  the  same  num-
ber  of  layers  and  set  the  same  layer  spacing  parameters
for all 3D face models, so as to avoid the influence of the
setting of layer number and layer spacing on the recogni-
tion results. Subsequently, OSH-based holograms of size
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a = b = 1

6  mm × 6  mm and  resolution  of  256  ×  256  pixels  were
generated. We have used wavelength of 532 nm as a laser
source. Figure 4(a) depicts  the  magnitude  of  the  com-
plex  hologram  of  Sophie  without  any  scaling
( ). Figure 4(b) plots  the  magnitude  of  the
Mellin transform calculated according to Eq. (4), serving
as a reference for further correlation operation.

a = b = 1.0

The dimensions of the Sophie 3D facial model are var-
ied  systematically  with  scale  factors a and b adjusted
from 0.4 to 2.0 in increments of 0.1, excluding the stan-
dard scale ( ), resulting in 16 distinctly scaled
models. The scale range, beginning at 0.4, was selected to
ensure  that  facial  features  remain  sufficiently  resolvable
and  recognition  accuracy  is  preserved,  taking  into  ac-
count the spatial  bandwidth of the spatial  light modula-
tor (SLM) and the pixel resolution of the 3D face models

a = b = 0.5 a = b = 2.0,

employed  in  our  experiments.  The  16  complex  holo-
grams are displayed in Fig. 5(a),  mapping in 4 × 4 cells.
Figure 5(b) and 5(c) further display the magnitude of the
Mellin  transform  of  the  complex  holograms  for  Sophie
with scale  factors  and  respec-
tively.  Comparing Fig. 4(b), Fig. 5(b) and Fig. 5(c) re-
veals  that  the  magnitude  of  the  Mellin  transform  re-
mains  the  same  for  different  scale  factors,  thereby
demonstrating  the  validity  of Eq.  (7) for  Mellin  trans-
formed complex holograms.

To validate the effectiveness of our scale-invariant 3D
face recognition methodology, cross-correlation compu-
tations  were  conducted  between  the  reference  complex
hologram shown in Fig. 4(a) and the array of 16 complex
holograms  detailed  in Fig. 5(a).  With  Mellin  transform,
i.e.,  calculations  were  performed  according  to Eq.  (8),
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a = b = 0.5
a = b = 2.0

Fig. 6(a) and Fig. 6(b) depict the normalized cross-corre-
lation  patterns  at  scale  factors  and

,  respectively,  with  reference  complex  holo-
gram. Figure 6(c) shows the autocorrelation of the refer-

a = b = 1.0.
ence  complex  hologram,  i.e.,  with  no  scaling,  i.e.,

 These  visualizations  highlight  the  capabili-
ty  of  the  Mellin  transformation  to  consistently  identify
3D  facial  features  across  a  range  of  scale  factors,
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Magnitude of Mellin transforms with scale factors a=b=2.0.
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emphasizing  its  effectiveness  in  scale-invariant  3D  face
recognition.

a = b = 0.5 a = b = 2.0

a = b = 1.0.

When there is no Mellin transform involved, the nor-
malized  cross-correlation  results  for  scale  factors

 and  are  depicted  in Fig. 6(d)
and Fig. 6(e),  respectively. Figure 6(f) depicts  the  auto-
correlation  pattern  of  the  reference  complex  hologram,
i.e.,  with  scale  factors  We  recognize  that
there  are  no  discernible  peaks  in Fig. 6(d) and Fig. 6(e),
and the  identification is  failed. Figure 6(f) shows a  peak
because  of  autocorrelation  of  the  reference  complex
hologram. It is interesting to note that by comparing Fig.
6(c) and Fig. 6(f), when the complex hologram is coordi-
nate transformed with the Mellin transform [see Eq. (8)],
the  autocorrelation  peak  is  very  sharp  as  illustrated  in
Fig. 6(c).  Hence,  the  use  of  Mellin  coordinate  transfor-
mation has preprocessing capability that enhances auto-
correlation result, which is an unexpected benefit.

 Correlation performance evaluation

Pcorre

Ē

We use the Peak-to-Noise Ratio (PNR) metric to quanti-
tatively  evaluate  the performance of  the proposed scale-
invariant  3D  face  recognition  method.  The  PNR  is  de-
fined  as  the  correlation  peak  value  over  the  mean
energy  over the correlation plane, indicating the corre-
lation peak value relative to the mean noise on the corre-
lation  plane.  The  calculation  of  PNR  is  calculated  as
follows: 

PNR =
Pcorre

Ē
=

Pcorre

1
M · N

∑M

m=1

∑N

n=1
|C (m, n)|2

, (9)

Pcorre

Ē

C (m, n)

where  denotes the maximum value of  the normal-
ized correlation peak,  is  the mean background energy
calculated over the correlation plane including the main
peak  area,  is  the  correlation  function,  and M
and N are  the  number  of  pixels  in  the x and y coordi-
nates over the correlation plane.

Figure 7 shows  the  PNR  values  for  the  recognition
based  on  correlation  of  coordinate-transformed  com-
plex holograms, as the scale factor varies from 0.4 to 2.0.
As shown in the figure,  the PNR values  with the Mellin
transform  remain  a  constant  value  of  log10(PNR)=4.5
throughout the scale change. For a reference, we show a
blue  dot  in  the  figure,  which  corresponds  to  the  case
based  on  correlation  of  complex  holograms  only  for
a=b=1.0.  The  PNR  value  is  log10(PNR)=1.2.  The  pro-
posed method shows an improvement of at least two or-
ders of magnitude in PNR values.
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 Hybrid optical/digital joint transformation correlation
experiments

f (x, y)

After  coordinate  transformation  of  complex  holograms,
correlation  in Eq.  (8) can  be  performed  digitally  using
FFT.  However,  as  the  size  of  the  complex  hologram  in-
creases,  the computation time will  become prohibitively
high.  Since  an  optical  lens  can  perform  Fourier  trans-
form,  it  is  advantageous  to  investigate  a  hybrid
(optical/digital)  approach  to  perform  the  calculation  of
Eq.  (8).  Briefly,  if  is  a  pattern  in  the  front  focal
plane  of  the  lens  with  focal  length f,  on  the  back  focal
plane of the lens we have, besides some constant, 

F {f (x, y)}|kx= k0x
f ,ky=

k0y
f

=

∞x
−∞

f (x, y) ejkxx+jkyydxdy

∣∣∣∣∣
kx= 2πx

λf ,ky=
2πy
λf

, (10)

kx ky

kx

ky
2πx
λf

2πy
λf

where  and  are spatial frequencies corresponding to
the x and y variables,  respectively.  It  is  noted  that  after
the Fourier transform, the spatial  frequency variables 

and  are repalced by  and  to denote that  the

resulting function is still a function of spatial variables x
and y.  Hence, we refer to such a lens as a Fourier trans-
form lens (FL) in optics14. Fourier transformation is pro-
cessed in parallel in the optics domain, irrespective of the
object's size, with the processing time being constant and
equal  to  twice  the  focal  length  divided  by  the  speed  of
light.

We have  chosen the  well-known joint  transform cor-
relation system in optics to investigate the hybrid imple-
mentation of Eq.  (8)14,25.  The hybrid optical/digital  joint
transform  is  shown  in Fig. 8.  A  pair  consisting  of  a
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Hcr

Hct

Hcr(x− x0, y) +Hct(x+ x0, y)
2x0

JM

phase-only reference complex hologram  and a target
complex  hologram  is  loaded  onto  a  2D spatial  light
modulator (SLM) from a computer. A 2-D SLM is a de-
vice with which one can imprint a 2-D pattern on a laser
beam by passing the laser beam through it or by reflect-
ing the laser beam off the device14,23. In Fig. 8, we show a
reflection-type  phase-only  SLM26 [We  can  only  acquire
phase-only  or  amplitude-only  SLMs  from  commercial
sources].  Hence,  the  pair  of  the  pattern  on  the  SLM  is

. The two patterns are dis-

played side by side with a separation of . Upon reflec-
tion  from  the  SLM,  the  reflected  light  is  projected  onto
the  focal  plane  of  the  Fourier  transform  lens  (FL)  onto
the  camera,  giving  the  so-called  joint  transform  spec-
trum  (JTS)  intensity  pattern  to  be  detected  by  the
camera:
 

JM (x, y) = |F {Hcr (x+ x0, y) +Hct (x− x0, y)}|2

=|F {Hcr}|2 + |F {Hct}|2

+ F* {Hcr} F {Hct} exp (j2kxx0)
+ F* {Hct} F {Hcr} exp (−j2kxx0) , (11)

kx ky
2πx
λf

2πy
λf

again with the understanding that  and  are repalced

by  and  to get back to the spatial  domain. The

absolute  operation  signifies  that  the  camera  detects  in-
tensity physically14. Once the camera detects the intensi-
ty pattern, the camera sends its output to a computer to
perform  the  final  digital  Fourier  transform  (such  as  the
use of FFT) to obtain correlation outputs:
 

F {JM (x, y)}kx= 2πx
λf ,ky=

2πy
λf

∝ [Hrr (−x,−y) +Htt (−x,−y)
+ Hrt (−x− 2x0,−y) +Htr (−x+ 2x0,−y)] , (12)

Hrt(x, y) Hcr (x, y)⊗Hct (x, y) Hrr Htt

Hrt Htr

x = ±2x0 r = t Hrr Htt

Hcr (et, ev)⊗Hct (et, ev)
ωln (a) ≈ 0 γln (b) ≈ 0

where = .  and  are
the autocorrelations of the reference and the target com-
plex  holograms,  entered  at  the  origin  of  the  correlation
plane.  and  are  the  two  cross-correlations,  cen-
tered at . If ,  and  will give two ad-
ditional  strong  auto-correlation  peaks  beside  the  cen-
tered  peak. Equations  (11) and (12) refer  to  the  discus-
sion of two complex holograms. If we employ the Millen
transform, the correlations in Eq. (12) in principle is re-
placed by  if we neglect the values
of a and b as  and  [see Eq. (8)].

λ =

Hcr (et, ev) Hct (et, ev)
a = b = 1.0 a = b = 2.0

f =

JM

In  the  actual  experiments  as  shown  in Fig. 8,  a  green
semiconductor laser with a wavelength of 532 nm is
expanded by the beam expander (BE) and directed onto
the  phase-only  spatial  light  modulator  (SLM)  (HOLO-
EYE PLUTO (NIR-011)), which has a resolution of 1920
× 1080 and a pixel size of 8 µm. The SLM is loaded with
joint  inputs  formed  by  and  with
scale  factors  and  for  complex
holograms. The light reflected from the SLM is reflected
by a beam splitter (BS) and then passes through a Fouri-
er transform lens (FL) with a focal length of 300 mm
before  being  received  by  a  camera  (MMRY  UC900C
Charge-coupled Device). The camera is positioned at the
back  focal  plane  of  the  Fourier  transform  lens  FL  to
record  the  JTS  intensity  pattern .  Once  the  JTS  is
recorded, we can digitally perform Fourier transform op-
eration  on a  computer  to  obtain  the  various  correlation
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Fig. 8 | Hybrid optical/digital joint transform correlator. BE, beam expander; BS, beam splitter; SLM, spatial light modulator; FL: Fourier transform lens.
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outputs. If the complex holograms of 3D face are identi-
cal  regardless  of  any  scales,  the  correlation  output  will
contain  three  strong  correlation  peaks:  the  central  peak
and  the  ones  on  either  side  being  the  auto-correlation
peaks for matched patterns.

a = b = 1.0 a = b = 2.0

(ω, γ)
a = b = 1.0 a = b = 2.0

Figure 9 shows the joint  inputs  loaded onto the SLM,
which consists of the OSH-based complex holograms of
different  3D  faces  without  and  with  Mellin  coordinate
transform. Figure 9(a) and 9(b) display  pairs  of  OSH-
based  phase-only  holograms  of  the  3D  face  of  Sophie,
with  scale  factors  ( )  and  ( ),
whereas Fig. 9(c) and 9(d) present  pairs  of  OSH-based
phase-only hologram of  the 3D face of  Sophie and Alex
after  encoding  with  the  Mellin  coordinates ,  again
with scale factors ( ) and ( ) as in-
dicated in the figure.

Figure 10 presents  the  results  of  the  hybrid
optical/digital  joint  transformation  correlation  experi-
ments, where the inputs are from Fig. 9(a) and 9(b). The
aim of these experiments is to verify through optical test-
ing  that  accurate  matching  occurs  only  when  the  input
faces are of the same identity and have the same scale, in
the  absence  of  the  Mellin  transform. Figure 10(a) and
10(d) are the JTS intensity patterns captured by the cam-
era  corresponding  to  the  joint  inputs  in Figs. 9(a) and
9(b),  respectively. Figure 10(b) and 10(e) are  the  results
from performing the Fourier transform on Fig. 10(a) and
Fig. 10(d) in the computer, i.e.,  giving us the correlation
outputs. Figure 10(c) and 10(f) show the normalized in-
tensity along the red dashed lines in Fig. 10(b) and 10(e),

respectively. Figure 10(c) shows three  strong correlation
peaks,  indicating  successful  verification  of  the  input  3D
face  of  Sophie.  The  correlation  outputs  in Fig. 10(e)
shows only one bright spot (the central peak), indicating
a failure to recognize the input 3D face of Sophie under
different  scaling  factors.  Therefore,  the  conventional
method  without  Mellin  transform cannot  achieve  scale-
invariant 3D face recognition.

Figure 11 shows the results of the hybrid optical/digital
joint transformation correlation experiments with inputs
from Fig. 9(c) and 9(d).  These experiments demonstrate
that,  after  applying  the  Mellin  transform,  accurate
matching is  still  achieved even when the input faces be-
long  to  the  same  identity  but  are  at  different  scales.  In
Fig. 9(d),  we  intentionally  introduced  two  uncontrolled
variables, identity and scale, in order to contrast with Fig.
9(c). This comparison was made to show that, when the
input  faces  are  of  different  identities,  even  with  the
Mellin transform, the matching does not succeed. Figure
11(a) and 11(d) display  the  JTS  intensity  patterns  cap-
tured by the camera corresponding to the joint inputs in
Fig. 9(c) and 9(d),  respectively. Figure 11(b) and 11(e)
present  the FFT outputs  of Fig. 11(a) and 11(d),  respec-
tively. Figure 11(c) and 11(f) illustrate the normalized in-
tensity along the red dashed lines in Fig. 11(b) and 11(e),
respectively.  Again,  the  illustration  of  3-peak  output  in
Fig. 11(c) denotes a match of the 3D face of Sophie even
with  scale  factor  of  2.  On  the  other  hand,  a  single  peak
output in Fig. 11 represent no match between Sophie and
Alex.
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Fig. 9 | Joint inputs of OSH-based holograms without and with encoding of the Mellin coordinates in the hybrid joint transform correlator experi-

ment.  (a)  Joint  input  of  Sophie  (a=b=1.0)  vs.  Sophie  (a=b=1.0)  without  encoding  of  the  Mellin  coordinates.  (b)  Sophie  (a=b=1.0)  vs.  Sophie

(a=b=2.0) without encoding of the Mellin coordinates. (c) Sophie (a=b=1.0) vs. Sophie (a=b=2.0) with encoding of the Mellin coordinates. (d) So-

phie (a=b=1.0) vs. Alex (a=b=2.0) with encoding of the Mellin coordinates.
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 Arbitrary cross-scale matching experiments
To  further  validate  the  robustness  of  the  proposed
method in  real-world  scenarios,  where  a  fixed-scale  ref-
erence  is  not  always  available,  we  conducted  cross-scale

matching  experiments  between  arbitrary  scale  pairs.
Specifically,  for  the  3D  model  "Sophie,"  we  performed
correlation tests between randomly selected scale combi-
nations.  In  these  experiments,  the  reference  hologram
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of 10(d). (f) Normalized intensity plot along the red dashed lines in (e).

 

0.8

1.0

0.6

N
or

m
al

iz
ed

 in
te

ns
ity

0.4

0.2

0

0.8

1.0

0.6

N
or

m
al

iz
ed

 in
te

ns
ity

0.4

0.2

0

Matching Matching

200 400 600
Pixels

800 1000 1200 1400 1600

200 400 600
Pixels

800 1000 1200 1400 1600

a b c

d e f

Fig. 11 | (a) JTS intensity patterns detected by camera corresponding to the joint input in Fig. 9(c). (b) FFT output of (a). (c) Normalized intensity

plot along the red dashed lines in (b). (d) JTS intensity patterns detected by camera corresponding to the joint input in Fig. 9(d). (e) FFT output of

(d). (f) Normalized intensity plot along the red dashed lines in (e).

Yao YW et al. Opto-Electron Adv  8, 250095 (2025) https://doi.org/10.29026/oea.2025.250095

250095-10

 

https://doi.org/10.29026/oea.2025.250095


{0.4, 0.5, 0.6, · · · , 2.0}

uses scale factor a = b = α, and the query hologram uses
scale factor a = b = β,  with α and β chosen from the set

, including cases where α ≠ β.
Figure 12 shows representative correlation outputs for

three  different  arbitrary  scale  pair  combinations.  In Fig.
12(a),  the  correlation  is  performed between the  3D face
model at 0.4× scale (reference) and 0.7× scale (query), re-
sulting  in  a  clear  and  sharp  peak  at  position  (125,  125)
with  a  normalized  value  of  1. Figure 12(b) presents  the
result of correlating the 0.5× scale reference with the 1.2×
scale query, where the peak is located at (123, 123),  also
normalized to 1,  demonstrating successful matching de-
spite  the  scale  difference.  In Fig. 12(c),  the  correlation
between the 1.5× scale reference and the 2.0× scale query
yields a peak at (127, 127), again with a normalized peak
value  of  1,  confirming  robust  matching  at  larger  scale
factors.

The  consistent  appearance  of  a  single  dominant  peak
in all  cases confirms that the proposed method can reli-
ably  identify  and  match  3D  faces  across  arbitrary  scale
pairs  without  relying  on a  standard  template  at a = b =
1.0.  The  slight  positional  shifts  in  the  correlation  peak
(e.g., ±2 pixels) are expected and consistent with the the-
oretical  prediction  in Eq.  (8),  where  the  shift  corre-
sponds to the logarithmic scale factors used in the Mellin
domain correlation.

Figure 13 presents  the  hybrid  optical/digital  joint
transform  correlation  (JTC)  experimental  results  corre-
sponding  to  the  cross-scale  pair  with  scale  factors  1.5×
vs. 2.0×. In Fig. 13(a),  the captured image of the JTS in-
tensity  pattern  shows  the  result  recorded by  the  camera
after  passing  through  the  Fourier  transform  lens.  The
SLM displays two phase-only holograms of the same 3D
face  model  at  different  scales,  specifically  at  1.5×  and
2.0×,  placed  side  by  side  as  joint  inputs. Figure 13(b)
shows the Fourier transform of the captured JTS, reveal-
ing  the  matched  correlation  outputs.  The  two  bright
spots  located  on  either  side  of  the  origin  represent  the
two autocorrelation terms between the scaled holograms,
with  the  red  dashed  line  indicating  the  horizontal  axis
along  which  the  intensity  profile  is  extracted.  In Fig.
13(c),  the  normalized  intensity  profile  along  the  red
dashed line is shown, revealing two distinct autocorrela-
tion  peaks  symmetrically  located  on  either  side  of  the
origin. These peaks correspond to the successful correla-
tion  between  the  1.5×  and  2.0×  scaled  holograms,  and
the sharpness and intensity of the peaks confirm the ro-
bustness of the matching despite the scale difference.

These  results  demonstrate  that  the  proposed  system
achieves  true  scale-invariant  3D face  recognition,  main-
taining  high  correlation  contrast  even  when  the  refer-
ence  and  query  data  are  at  completely  different  scales.
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This  property  is  crucial  for  practical  deployment,  where
subjects  may  appear  at  variable  distances  in  uncon-
trolled environments.

 Conclusions
In this  study,  we have demonstrated the effectiveness of
scale-invariant  3D  face  recognition  by  leveraging  com-
puter-generated  holograms  and  the  Mellin  transforma-
tion.  Our  method  preserves  the  scale-invariant  charac-
teristics of 3D face holograms, ensuring consistent recog-
nition  performance  regardless  of  different  scale  factors.
Testing  results,  both  purely  computational  and  hybrid,
confirm that the proposed technique of computer-gener-
ated  holograms  with  the  Mellin  transform  exhibits  ro-
bust  correlation  peaks  which  are  unaffected  by  the
changes  in  scale  of  a  3D  face.  Through  our  investiga-
tions,  we  have  discovered an unexpected benefit:  apply-
ing the Mellin transform for correlation serves as a cru-
cial  and  important  preprocessing  step,  significantly  en-
hancing  the  correlation  peak,  as  evidenced  by  the  com-
parison  between Fig. 6(c) and Fig. 6(f).  These  findings
highlight the potential of our approach for accurate and
reliable  3D  face  recognition,  even  when  the  input  faces
are  subject  to  scale  variations.  The  outcomes  of  this  re-
search  provide  a  solid  foundation  for  further  advance-
ments  in  scale-invariant  biometric  recognition  systems,
emphasizing  the  practicality  and  efficiency  of  integrat-
ing  computer-generated  holography  with  the  Mellin
transform in real-world applications.

We would like to note that although we only used tri-
angular  meshes  for  3D  surfaces  in  this  work,  our  ap-
proach  is  also  applicable  when  the  3D  face  is  decom-
posed with different methods such as isogeodesic strips27.
Additionally,  while  we  have  utilized  holograms (holistic
information of a 3D face) for correlation, RGB-D images
can  also  provide  precise  3D  information  when  com-
bined with the Mellin transform28. We have not used any
specific  features  for  3D  recognition  as  our  approach
leverages holistic information from 3D faces in the form
of  complex  holograms  generated  from  its  3D  meshes,
which is a unique aspect of the technique proposed here.
Future  work  will  focus  on  addressing  practical  chal-
lenges—such  as  depth-induced  defocus,  spot  size  varia-
tion, and system imperfections—through the integration
of advanced preprocessing techniques and exploration of
hardware  enhancements.  Additionally,  evaluations  will
be  extended  to  larger  3D  face  datasets  using  standard-
ized  biometric  performance  metrics,  aiming  to  compre-

hensively  validate  the  robustness,  scalability,  and  real-
world applicability of the proposed method.
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