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Abstract.  The resolution of images recovered using diffuse optical 
tomography without spatial prior information is inherently limited 
due to the diffusive nature of light transport in scattering domi-
nated biological tissue. Several studies have previously reported an 
improvement in depth sensitivity in near infrared spectroscopy by 
considering the subtraction of two neighbouring measurements. A 
nearest neighbour, spatial derivative based algorithm is presented, 
in which the difference between neighbouring source-sharing 
source – detector pairs is considered for tomographic reconstruc-
tion. Using a circular, inward-facing optode geometry, it is shown 
that deeper abnormalities in oxyhaemoglobin, deoxyhaemoglobin 
and water can be recovered with better localisation and contrast as 
compared to reconstructing using absolute values of multi-wave-
length data. Relative improvements of up to 25 % in quantitative 
accuracy of recovered physiological values are demonstrated at bet-
ter resolution for cancerous tissue in a heterogeneous breast model, 
when using this proposed spatial derivative based parameter recon-
struction.

Keywords: diffuse optical tomography, spatial derivative, circular 
geometries.

1. Introduction 

Diffuse optical tomography (DOT) is a non-invasive, high 
contrast and low-cost imaging technique capable of recov-
ering the underlying spatial distribution of optical proper-
ties  within  biological  tissue.  Near  infrared  (NIR)  light 
(650 – 930  nm)  is  injected  into  the  tissue  and  subsequently 
measured at multiple tissue boundary locations, thus allow-
ing  tomographic  reconstruction.  The  use  of  multispectral 
measurements at two or more wavelengths permits the spec-
tral decoupling of chromophore contributions to attenuation, 
to enable recovery of underlying concentrations, such as oxy-
haemoglobin  (HbO),  deoxyhaemoglobin  (Hb)  and  water 
(H2O),  which  can  provide  clinically  relevant  information 
about the pathophysiological state of diseased tissue. When 
recovering  absolute  values  using  conventional  (CONV) 
DOT, the inverse problem is solved by minimising the differ-
ence  between  the  measured  data  and  modelled  (forward) 

data  in a  least squares sense, over multiple measurements. 
This  is  typically  achieved  using  nonlinear  iterative  recon-
struction  schemes  involving  either;  optimisation  schemes 
where  the  gradient  of  the  objective  function  is  calculated 
directly [1, 2], or Newton-like approaches implemented in a 
Levenberg – Marquardt procedure [3, 4].

Several alternative reconstruction algorithms have been 
previously proposed based on fitting to the first order deriv-
ative of  the boundary data, with respect  to either a differ-
ence  in wavelength or a difference  in optodes spatial  loca-
tion.  For  multiwavelength  DOT,  a  spectral  derivative 
approach [5 – 7], which considers the difference  in bound-
ary  data  between multiple  wavelength  pairs,  has  demon-
strated an inherent insensitivity to source or detector cou-
pling offsets and a reduction in errors resulting from inac-
curate geometric modelling. Spatial derivative algorithms 
have  been  proposed  that  demonstrate  improvements  in 
depth  sensitivity  in  reflectance  imaging  geometries.  One 
example  is  spatially  resolved  spectroscopy  (SRS)  [8],  a 
commonly  used  near-infrared  spectroscopy  (NIRS)  tech-
nique  implemented  in  commercially  available  devices 
(NIRO200NX,  Hamamatsu  Photonics,  Shizuoka,  Japan), 
in which the total oxygen index is calculated from the slope 
of light attenuation versus source – detector separation using 
an  analytical  solution  for  a  homogeneous,  semi-infinite 
medium.  It  has  been  widely  argued  that  the  SRS method 
provides greater sensitivity to changes at deeper layers com-
pared to when considering absolute continuous wave (CW) 
measurements, resulting in an improved accuracy of recov-
ered  cerebral  oxygenation  [9].  For  a  subtraction-based 
approach  in  time-resolved  (TR) NIRS,  also  considering  a 
semi-infinite  reflectance  geometry,  optical  absorption  ( µa) 
was estimated by calculating the difference in variance and 
mean time of flight between the two nearby source-sharing 
source – detector pairs. This demonstrated an improvement 
in depth  sensitivity  compared  to  conventional NIRS mea-
surements [10], attributed to the greater difference in time of 
flight at deeper layers than shallower layers, when the cor-
responding  sensitivity  profiles  for  two  measurements  are 
subtracted. More specifically, results revealed that the pro-
posed  subtraction-based  approach  provides  a  unique  and 
selective sensitivity to a layer at a specific depth which was 
argued to be applicable to either CW or TR measurements. 
Applications of derivative based techniques for tomographic 
image reconstruction include (1) temporal difference imag-
ing such as those used in functional-NIRS [11], (2) the use of 
relative intensities for DOT and bioluminescence tomogra-
phy [12], which has been demonstrated to enable calibration 
for the unknown optical properties in a mouse model, and 
(3)  a proposed geometric-sensitivity-difference based algo-
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rithm for DOT [13], in which the subtraction of a combina-
tion  of  source-sharing  source – detector  pairs  reported 
improvements  in  object  depth-localisation  and  optical 
properties estimation using both simulated and experimen-
tal data for an outward-facing, circular geometry, such as 
those used for endoscopic imaging.

Circular, in-ward facing optode arrangements are com-
monly  implemented  geometries  for  data  acquisition  in 
DOT systems, with applications  including breast  imaging 
for  cancer  detection  [14]  and  finger  imaging  for  arthritis 
diagnostics  and  monitoring  [15].  In  these  applications, 
accurate localisation and quantitative values are crucial to 
enable  characterisation  of  diseased  tissue,  often  located 
deep within  the  anatomy,  creating  a  need  for  algorithms 
that  can  improve  resolution  and  accuracy  of  recovered 
chromophore maps at deeper regions within the centre of 
these circular geometries. Motivated by the discussed stud-
ies  reporting  the  benefits  of  spatial  derivative  boundary 
measurements on depth sensitivity,  in this work a nearest 
neighbour,  spatial  derivative  (NNSD) DOT  algorithm  is 
presented, in which the subtraction between neighbouring 
source-sharing  source – detector  pairs  is  considered  for 
tomographic  reconstruction. The performance of NNSD-
DOT  is  evaluated  in  comparison  to  CONV-DOT,  where 
only the absolute values of the boundary data are consid-
ered,  for  circular  inward-facing  optode  geometries  using 
both simulated and experimental data.

2. NNSD algorithm theory and derivation

In CONV-DOT, absolute values are recovered by minimis-
ing the difference between the measured data, fm, and for-
ward  data,  ff,  in  a  least  squares  sense  over  a  number  of 
sources (Ns) and detectors (Nd), with the objective function 
defined as follows:
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A NNSD-DOT algorithm  is  described here, where  an 
alternative objective  function  is  considered, based on  the 
spatial derivative of neighbouring boundary measurements 
for  each  given  source. Motivation  for  this  choice  of  the 
objective  function was  to build upon previously  reported 
improvements in depth resolution demonstrated when using 
single  source-sharing  source – detector  pairs  with  NIRS 
data, to be extended to tomographic reconstruction. In the 
proposed NNSD-DOT algorithm the difference between the 
measured relative data from two neighbouring source-shar-
ing source – detector pairs and the corresponding model for 
the same pair is instead minimised:
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where  i j i j i j 1f f f= - +u .
By considering the first two terms of the Taylor’s expan-

sion of  /d d2c mu  around µ  (where µ  is  the absorption coeffi-
cient,  reduced scattering coefficient or both)  for  some close 
initial guess µ0,  typically obtained  from a homogeneous  fit-
ting algorithm [16]:
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The update equation at the kth iteration can be obtained, 
as follows:
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The  first and  second derivatives of  2cu  with  respect  to µ 
can then be calculated from Eqn (2), giving:
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In CONV-DOT typically only the first order derivative 
of the measurement quantities with respect to optical prop-
erties are  considered, with  the  second derivative assumed 
to  be  negligible.  Following  from  this,  it  is  also  assumed 
here  that  /d df2 2f mu   can  be  ignored.  Substituting  these 
derivatives  into  Eqn  (4)  results  in  the  Moore – Penrose 
update equation,

J J I JT T1
T Tm t f= +

-u u u u^ h ,  (7)

where the NNSD-Jacobian is defined as 
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and the NNSD-data difference becomes  m fTf f f= -u u u . As is 
commonly implemented when solving ill-posed inverse prob-
lems, Tikhonov regularisation has been included in Eqn (7) to 
dampen very small singular values and stabilise convergence 
[17], with a regularisation parameter. As CW measurements 
were considered in this work, where changes in absorption are 
recovered and only the amplitude of light was considered, the 
time  independent  diffusion  approximation  to  the  radiative 
transport equation was used as a forward model for photon 
transport in biological tissue,

$ Sm fd + =D r r ra 0df- ^ ^ ^h h h6 @ ,  (8)

where D(r) = {3[ µa(r) + µs(r)]}–1 is the diffusion coefficient,  
r is the coordinate, S0(r) is the isotropic source, and f(r) is the 
photon fluence rate for a given wavelength l. This relies on 
the  assumptions  that  reduced  scattering  dominates  over 
absorption  ( µs¢  >> µa )  and  that  fluence  is  isotropic  after  a 
single  scattering  transport  length.  In  this  work  multiwave-
length data were considered, enabling  the recovery of  func-
tional parameters, StO2 (oxygen saturation), tHb (total hae-
moglobin) and H2O from the wavelength dependent absorp-
tion coefficient, with a spectrally constrained DOT algorithm, 
in which the chromophore extinction coefficients were incor-
porated into the Jacobian matrix, thus allowing direct update 
of concentration values at each iteration in a single step using 
measurements  at  all  wavelengths  simultaneously,  as  this 
approach  has  been  shown  to  improve  accuracy  in  recon-
structed  images when using multispectral data  [18, 19]. The 
scatter  amplitude  (Sа)  and  scatter  power  (Sр)  parameters, 
which reflect particle scattering centre size and scatterer num-
ber  density  respectively  according  to Mie  theory  [20],  were 



11Utilisation of spatial derivative measurements in circular diffuse optical tomographic

not  recovered  and  set  as  homogeneous  a priori  constants 
throughout  this  work;  however,  it  is  straightforward  to 
extend the derivation of the NNSD algorithm to include 
phase  in  frequency  domain  data  if  desired,  to  facilitate 
the recovery of both absorption and scattering properties. 
An  index-mismatched  type  III  condition,  commonly 
known as the Robin boundary condition, was used to rep-
resent  the  tissue – air  boundary.  To  solve  the  forward 
model numerically, finite element method (FEM) meshes 
were created over which the problem was discretised, and 
a  more  sparse,  regular  mesh  was  used  as  a  basis  when 
solving  the  inverse  problem.  All  image  recovery  algo-
rithms were implemented using FEM package NIRFAST 
[4]. In practice, calculation of Ju and Tfu  was implemented 
by  computing J  and Df  in  the  conventional manner  for 
each  source/detector  pair,  identical  to  the  formalism 
utilised  in  CONV-DOT,  and  subtracting  the  difference 
data  or  rows  of  J  for  the  corresponding measurements, 
shown in Eqn (9) for the ith source over j number of mea-
surements. All computations were implemented in matrix 
notation,  which  was  most  computationally  efficient  for 
MATLAB R2017a (Mathworks, Natick, USA):
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3. Simulation methods and results

3.1. Quantitative metrics

To  measure  the  quantitative  accuracy  of  the  recovered 
images, three metrics were used in this work: recovered con-
trast  (RC),  the area ratio (AR) and the mean square error 
(MSE).  RC  is  the  recovered  contrast  between  the  ground 
truth  of  the  anomaly  region  and  the  ground  truth  of  the 
background region, defined as follows:

RC N c N c1 1
an b

j
i
j

i

N

i
j

i

N

1 1

1an b

=
= =

-

re o/ / ,  (10)

where Nan is the number of nodes in the ground truth anom-
aly region, Nb  is  the number of background nodes outside 
the  ground  truth  anomaly  region,  ci

j   is  the  chromophore 
concentration of the nodes inside the ground truth anomaly 
region, ci

jr  is the chromophore concentration of the nodes in 
the ground truth background region, i is the node index and 
j  is  the corresponding chromophore (HbO, Hb, and H2O). 
An optimum value for RC is equal to the contrast ratio of 
the value of the anomaly region over the value of the back-
ground  region  in  the  ground  truth. AR  is  the  ratio of  the 
area of the recovered anomaly and the ground truth target 
area, providing a measure of the accuracy of the recovered 
target size:

AR
tROI
ROI
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where ROI is the area where c > g max(c), tROI is the ground 
truth anomaly region, and g is a predefined threshold chosen 
to be 0.65 based on visual  inspection of  images that consis-
tently  separated  the  anomaly  from  the  background.  Lower 
AR values correspond to a better resolved anomaly. Finally, 
the mean square error between the ground truth and recov-
ered values was calculated as
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where N is  the  total number of nodes,  ci
j   is  the  recovered 

concentration and  ci
ju   is  the ground truth concentration. A 

lower  value  for MSE  indicates  less  difference  between  the 
ground  truth  and  the  recovered  image  across  the  whole 
domain. Statistical analysis when comparing the two meth-
ods,  CONV-DOT  against  NNSD-DOT,  with  simulated 
noise were carried out using a paired sample T-test, with the 
null  hypothesis  that  the means of  both  algorithms are  the 
same and a threshold of p less than 0.05 being taken as sig-
nificant.

3.2. Multiple anomaly model

Simulated data for a simple 2D circular geometry were first 
considered. A  43 mm  radius  circle was  discretised  into  an 
FEM mesh composed of 1785 nodes and 3418 linear trian-
gular  elements,  used  as  a  basis  for  the  forward  problem, 
while a regular grid of 648 nodes and 1230 linear triangular 
elements was used as a basis for the inverse problem. Sixteen 
co-located sources and detectors were placed equidistantly 
along  the  circle  boundary,  corresponding  to  the  system 
optode  fibres,  except  with  the  source  positions  located  a 
single  scattering  transport  length  within  the  boundary,  as 
shown  in Fig. 1. Simulated CW data were generated at 13 
wavelengths (700, 720, 740, 750, 765, 780, 790, 800, 820, 840, 
860,  880  and 900 nm). These dimensions  and wavelengths 
were chosen to match the specifications of the imaging sys-
tem used  to  provide  experimental  data  in  Section  5. Each 
source was illuminated individually, whilst the remaining 15 
optodes were used as detectors,  resulting  in 240  individual 
source – detector  pair  measurements  per  wavelength.  The 
regularisation parameter, t, was heuristically set throughout 
this work to an initial value of 10max J JTu u^ h for both algo-
rithms, and monotonically decreased at each iteration by a 
factor of 100.25.

Background  concentrations  for  HbO,  Hb  and  H2O 
were  set  to  physiologically  realistic  values  of  10  mMol, 
10  mMol  and  40 %,  respectively.  Three  circular  anomaly 
regions of 7.5 mm radius were added simultaneously within 
the  same  model,  each  providing  2 : 1  contrast  in  either 
HbO, Hb or H2O and separated by 120° around the centre, 
as shown in Fig. 1. Sа and Sp were assumed to be homoge-
neous and known at physiologically realistic values of 1.34 
mm–1  and  0.56,  respectively.  The  radial  depths  of  these 
anomalies centres from the external boundary were varied 
at 11, 17, 23, 29 and 35 mm. To represent more experimen-
tally realistic models, reconstructions were also carried out 
with 0.5 % and 1 % normally distributed random Gaussian 
noise  added  to  the  boundary  data.  All  simulated  experi-
ments were repeated 10  times,  to allow calculation of  the 
mean and standard deviation for  the quantitative evalua-
tion metrics. Only images for 0 % and 1 % noise have been 
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shown; however, quantitative values for both noise profiles 
are displayed in Table 1.

In  the  case  of  0 %  noise,  when  the  abnormalities  are 
close to the boundary at a depth of 11 mm, both algorithms 
performed  similarly,  with  recovered  images  for  all  three 
chromophores appearing qualitatively similar and all three 

quantitative evaluation metrics recovering nearly identical 
values. As  the  reconstructed abnormalities moved deeper 
towards the circle centre, it can be clearly seen the NNSD-
DOT algorithm consistently outperformed CONV-DOT in 
maintaining the quality of the reconstructed anomaly when 
no noise was added. This was again supported by all three 

Table 1. The values of p for the paired sample T-test assessing the difference between the means of CONV-DOT and NNSD-DOT, for all simulated 
depths for recovered HbO, Hb or H2O, with either 0.5 % or 1 % added noise for all metrics.

Component Depth/mm
RS MSE AR

0.5 % 1 % 0.5 % 1 % 0.5 % 1 %

HbO

11 0.56 0.32 0.027* 0.28 0.47 0.49

17 0.027* 0.13 0.77 0.19 0.0020* 0.19

23 0.020* 0.084 0.13 0.32 0.0039* 0.051

29 0.037* 0.049* 0.19 0.084 0.0195* 0.0098*

35 0.70 0.037* 0.92 0.70 0.65 0.049*

Hb

11 0.922 0.43 0.037* 0.0098* 0.70 0.25

17 0.0059* 0.0039* 0.065 0.16 0.46 0.0039*

23 0.0039* 0.0020* 0.0020* 0.0039* 0.0020* 0.0020*

29 0.0059* 0.0098* 0.065 0.049* 0.0020* 0.018*

35 1.0 0.0195* 0.63 0.13 0.86 0.037*

H2O

11 0.38 0.63 0.0020* 0.13 0.035* 0.28

17 0.19 0.38 0.28 0.32 0.025* 0.23

23 0.0020* 0.23 0.49 0.020* 0.0078* 0.43

29 0.014* 0.38 0.037* 0.43 0.0059* 0.70

35 0.77 0.77 0.16 0.23 0.43 0.0039*

* Significant values using a paired sample T-test. 

11 mm 17 mm 23 mm 29 mm 35 mm

HbO

Hb

H2O

20

10

20
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40

80
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Anomaly depths
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Figure 1. (a) Circular FEM mesh used as a basis for the forward model, and corresponding source and (b) detector positions of 3 anomalies provid-
ing 2 : 1 contrast in HbO, Hb and H2O simulated at five depths.
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Figure 2. Reconstructions using both CONV-DOT and NNSD-DOT, for simulated data when three 2:1 contrast targets of HbO, Hb and H2O were simul-
taneously added at 120° separations. Results are shown for five depths (a) in the absence of Gaussian noise and (b) in the presence of 1 % Gaussian noise.
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quantitative  evaluation metrics  (Fig.  3).  At  depths  of  17 
mm to 35 mm, RC values were always closer to the target 
value of  2  for NNSD-DOT,  indicating an  improved  con-
trast of the recovered anomaly against background, MSE 
values  were  consistently  lower  for  NNSD-DOT,  demon-
strating that the recovered image was overall more similar 
to the ground truth and AR values were lower for NNSD-
DOT, indicating a better resolved reconstructed abnormal-
ity.

In  the presence of 0.5 % and 1 % Gaussian noise,  the 
difference between the two algorithms was more complex. 
One  can  see  from  Fig.  3  that  when  the  anomalies  were 
close to the boundary at 11 mm depth, similar reconstruc-
tions were achieved by each algorithm, with similar quali-
tative  appearance  and  no  statistical  difference  between 
the  two  algorithms  in RC or AR, with  the  exception  of 
AR  for H2O with 0.5 % noise. RC values were generally 
higher  for  the  NNSD  algorithm  with  added  noise  at 
depths  of  17,  23,  and  29 mm, with  statically  significant 

differences  for  0.5 %  noise  for  all  these  depths  with  the 
exception of H2O at 17 mm.

For RC with 1 % added noise, significance was achieved at 
29 mm and 35 mm for HbO, although p-values were close to 
significance for 17 mm and 23 mm, and depths greater than or 
equal to 17 mm for Hb, but not for any H2O reconstructions 
(see Table 1). AR values were also typically lower for NNSD-
DOT at depths of 17 mm or more in both noise profiles, indi-
cating  the anomaly was better  resolved, although  statistical 
significance  was  only  reached  for  certain  chromophores  at 
certain depths, again more often for 0.5 % noise than 1 %. In 
terms of MSE,  in  several  cases  the performance of NNSD-
DOT was  significantly  inferior at  shallow depths of 11 mm 
and  17  mm,  and  only  minimal  improvement  was  seen  at 
depths greater than 23 mm in the presence of noise, although 
most of these results did not demonstrate any statistical sig-
nificant difference between the two algorithms. These results 
indicate that in the presence of noise, although the abnormali-
ties are generally better resolved and have improved contrast 
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Figure 3. Plots against target anomaly depth: (a) recovered contrast of anomaly region compared to background; (b) mean square error and (c) area 
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15Utilisation of spatial derivative measurements in circular diffuse optical tomographic

using NNSD-DOT, the overall MSE is either significantly infe-
rior if abnormalities are close to the boundary or there is often 
no significant difference if abnormalities are deeper when using 
NNSD-DOT, attributed to an increase in the number of image 
artefacts in the background.

3.3. Asymmetric heterogeneous model

An asymmetric, heterogeneous model designed to provide 
a basic  representation of  the human breast geometry was 
generated, to provide a more geometrically realistic exam-
ple of  biological  tissue  against which  the  algorithms per-
formance could be evaluated. The model consisted of  the 
same mesh geometry and simulation settings as in Section 
3.2,  but with  a  thin  outer  layer  of  adipose  tissue  and  an 
asymmetrical  inner  layer  of  glandular  tissue  assigned. 
Expected physiological values for StO2, tHb and H2O for 
these regions were assigned respectively as 70 %, 17  mMol 
and 71 % in adipose tissue and 69 %, 22 mMol and 70 % in 
glandular tissue, based on values for the corresponding tis-
sue type in the previous literature [21]. A circular anomaly 
region was added to represent a cancerous tumour, with a 
diameter of 15 mm and a centre at depth of 28 mm from the 
boundary,  expected  to  be  realistic  quantitative  changes 
occurring in a cancerous breast tumour of 40 %, 40.0 mMol 
and 40 % for StO2, tHb and H2O, respectively [22]. Due to 
the  additional  challenges  of  separating  scattering  and 
absorption in CW, Sa and Sp were assumed homogeneous, 

in this case set to the values for adipose of 1.34 mm–1 and 
0.56, respectively.

Reconstructed  distributions  of  the  parameters  are 
shown  in  Fig.  4,  along  with  corresponding  line  profiles 
along the horizontal diameter. A qualitative improvement 
is  visible  in  the NNSD-DOT case with  fewer  image  arte-
facts  close  to  the  optode  locations  on  the  boundary  and 
improved  contrast  of  the  cancer  for  all  three  metabolic 
parameters. Mean values from Fig. 4 in the region defining 
the  cancerous  anomaly  in  the  ground  truth  image,  were 
more accurate in the NNSD-DOT case (48.0 %, 34.0 mMol 
and  51 %)  than  for  CONV-DOT  (46.5 %,  34.9 mMol  and 
48.2 %) for StO2, tHb and H2O respectively, corresponding 
to  relative  improvements  of  19.4 %,  14.9 %  and  25.2 % 
closer to the ground truth. Table 2 shows the mean values 
of all three quantitative evaluation metrics, RC, MSE and 
AR,  for  10  repeat  experiments when  either  0 %,  0.5 %  or 
1 % Gaussian noise was added to the simulated data. In the 
absence of noise, all three metrics were significantly supe-
rior in the NNSD case, with RC values closer to the target 
values  of  1.97,  0.574  and  0.569  for  tHb,  StO2  and  H2O 
respectively, lower MSE, and lower AR indicating the can-
cer has been better resolved. When 0.5 % noise was added, 
RC was significantly improved for tHb when using NNSD, 
MSE  was  significantly  lower  for  all  three  physiological 
parameters  for NNSD, attributed  to  the  reduced number 
of  image artefacts  close  to  the optode  locations,  and AR 
was  significantly  lower  for StO2 and H2O; however, with 
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Figure 4. (a) Reconstructions  for simulated asymmetric, heterogeneous breast model using both algorithms and (b) corresponding  line profiles 
[(solid curves) for a target image; (dotted and dashed curves) for reconstructions obtained using CONV-DOT and NNSD-DOT, respectively] along 
the horizontal diameter; c is the concentration.
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1 % added noise for the heterogeneous model there was no 
significant  difference  between  the  two  algorithms  in  any 
cases,  again  indicating a greater  impact of Gaussian noise 
on the NNSD algorithm.

3.4. Anomaly pair resolution model

To  compare  reconstruction  resolution  between CONV  and 
NNSD, the 2D circular model presented  in Section 3.2 was 
used, except with a pair of identical, 15 mm diameter anoma-

Table 2.  Quantitative evaluation metrics, recovered using the NNSD-DOT and CONV-DOT algorithms for the heterogeneous model, either with 
0 %, 0.5 % or 1 % added Gaussian noise.

Functional 
parameter

Noise level (%)
RC MSE AR

NNSD-DOT CONV-DOT NNSD-DOT CONV-DOT NNSD-DOT  CONV-DOT

tHB

0 1.79 1.68* 2.41 ́  10–6   3.99 ́  10–6* 1.29 2.08*

0.5 1.66 1.64* 3.71 ́  10–6 3.97 ́  10–6* 1.45  1.49

1 1.55 1.56 4.48 ́  10–6 4.57 ́  10–6 1.93  2.02

StO2

0 0.621 0.675* 5.64 ́  10–4   1.28 ́  10–3* 0.625 1.65*

0.5 0.707 0.707 1.42 ́  10–3 1.69 ́  10–3* 0.775 1.18*

1 0.743 0.748 1.48 ́  10–3   1.50 ́  10–3 0.125 0.221

H2O

0 0.636 0.712* 8.92 ́  10–4 2.83 ́  10–3* 0.396  2.19*

0.5 0.753 0.744 2.54 ́  10–3   3.67 ́  10–3* 1.23 2.51*

1 0.813 0.820 2.98 ́  10–3   2.62 ́  10–3 0.396 2.26

* Significant values using a paired sample T-test.
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Figure 5. Example simulation with the tHb anomaly pair at 18 mm centroid separation (0.0278 cycles per mm) with (a) reconstructions for all three 
chromophores using either algorithm and (b) corresponding line profiles [(solid curves) for a target image; (dotted and dashed curves) for recon-
structions obtained using CONV-DOT and NNSD-DOT, respectively] along central 56 mm of the horizontal diameter.
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lies  included, both with 2:1  contrast  in Hb and HbO, and 
their respective centroids located on the model’s horizontal 
diameter symmetrically about the model centre, as demon-
strated  in  Fig.  5a.  The  modulation  transfer  coefficient 
(MTC) was used as a quantitative metric to assess the ability 
to resolve the two anomalies [23], defined as the relative per-
centage  depth  of  the  trough  minimum  compared  to  the 
mean of the two peaks in the horizontal diameter line pro-
file.  The  anomalies  radial  distances  were  simultaneously 
altered to give centroid separation distances between 16 mm 
and 30 mm, in 2 mm intervals, evaluated for 10 repeats when 
either  0 %,  0.5 %  or  1 % Gaussian  noise  was  added  to  the 
simulated data. 

At 18 mm separation distance, distinguishing the anom-
aly pair was challenging with CONV in images of both Hb 
and HbO, whilst the distinct anomalies were clearly visible 
when using the NNSD algorithm in Fig. 5a, with more well-
defined peaks in their corresponding line profiles for NNSD 
(Fig. 5b). This difference  in  resolution was also  evident  in 
cross-talk  signals  occurring  in  water  images.  The  consis-
tently  higher MTC values  seen with NNSD quantitatively 
support  this  observation  in  Fig.  6,  particularly  at  shorter 
separations corresponding to around 0.02 to 0.03 cycles per 
mm; however,  as  the  added noise was  increased  any  com-
parative  improvements  attained  from NNSD  over CONV 
became less significant.

4. Spatial derivative sensitivity profile

To investigate  the underlying mechanisms of  the proposed 
algorithm,  example  sensitivity  profiles  of  the  Jacobian, 
either for NNSD or CONV, for a single source with index 1 
and detectors with indices 9 and 10 on the opposing side, are 
shown  in Fig.  7, with  a  clear  distinction  seen between  the 
two algorithms. The two Jacobian profiles for neighbouring 
source-sharing source – detector pairs in Fig. 7a are indica-
tive  of  the  presence  of  some mutual  information  between 
their  respective  boundary  data,  in  which  any  changes  in 
underlying optical properties  in the regions of overlap will 
contribute to both measurements.

In  the  spatial  derivative  approach,  when  subtracting 
nearest  neighbour  measurements,  the  sensitivity  in  these 
overlapping regions is diminished to some degree, resulting in 

a reduced FWHM of the two peaks for the NNSD sensitivity 
plot  compared  to  the  single peak  for  the CONV sensitivity 
plot. Analysis of the singular values of J has previously been 
shown to be a useful approach for optimisation of density and 
field of view of optode arrangements [24]. To investigate the 
differences  in  the  sensitivity  profiles  of  the  two  algorithms 
further, singular value decomposition (SVD) of the respective 
Jacobian matrices results in a triplet of matrices, J = USV T, 
where U and V are the matrices containing the corresponding 
singular  orthonormal  vectors  of  J,  corresponding  to  the 
detection-space modes and image-space modes, respectively; 
and S is a diagonal matrix containing the singular values of J 
ordered in decreasing magnitude. The magnitude of these sin-
gular  values  indicates  the  relative  contributions  of  these 
image-space modes on the detected signal and therefore the 
number of useful measurements above the data noise floor or 
modelling error.

Figure 8 reveals the NNSD algorithm provides higher sin-
gular value intensities for the same index. When considering a 
value of  1 %  for  the noise  and  regularisation  threshold,  the 
number of singular values above this limit was 121 for CONV-
DOT  and  167  for NNSD-DOT.  This  increased  number  of 
singular values indicates that more useful measurements are 
contributing  to  the  parameter  recovery  using  the  proposed 
NNSD algorithm.

5. Blood phantom. Experimental 
methods and results

Experimental  data  were  used  from  imaging  a  blood-based 
gelatin  cylindrical  phantom with  a  diameter  of  86 mm and 
height of 85 mm using a circular geometry CW spectrometer 
tomography  system with a Ti : sapphire  laser  source  [25]. A 
homogeneous  phantom with  background  concentrations  of 
approximately  85 %,  11 mMol  and  50 %  for  StO2,  tHb  and 
H2O, respectively, was  imaged and used to calibrate for the 
source  and  detector  coupling  and  data/model mismatch,  in 
addition to calculating a homogeneous fit used as an  initial 
guess following a protocol presented previously  [16]. A het-
erogeneous phantom was also imaged with intralipid solution 
added to a 25 mm diameter cylindrical hole containing con-
centrations of approximately 27 mMol  tHb and about 95 % 
water. Measurement data at 13 wavelengths  (700, 720, 740, 
750, 765, 780, 790, 800, 820, 840, 860, 880 and 900 nm) were 
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used for the reconstruction and the FEM mesh used was iden-
tical to simulations in Fig. 1.

A qualitative improvement in contrast of the anomaly is 
evident using  the NNSD-based algorithm  for  reconstructed 
2D images of tHb and H2O in Fig. 9, with improved resolu-
tion of the anomaly and greater contrast observed, which can 
be more clearly visualised  in the corresponding  line profiles 

running through the anomaly centre. Compared to CONV-
DOT,  artefacts  at  the boundary  close  to  the  anomaly were 
less  significant,  but  the  background  appears  less  homoge-
neous  with  more  image  artefacts  at  depth  for  the  NNSD-
based  algorithm,  consistent  with  the  amplification  of 
Gaussian noise observed in simulation. All three quantitative 
evaluation metrics were calculated for  the recovered  images 
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diameter of all three sensitivity profiles.
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Figure 8. Normalised singular value plots for both (solid curve) CONV-Jacobian and (dashed curve) NNSD-Jacobian and (b) a zoomed version of 
region highlighted in the box.

Table 3. Quantitative evaluation metrics for reconstructed images from experimental gelatin phantom data, recovered using the NNSD-DOT and 
CONV-DOT algorithms. 

Parameter
tHb StO2 H2O

NNSD-DOT CONV-DOT NNSD-DOT CONV-DOT NNSD-DOT CONV-DOT

Ground truth RC 2.17 – – – 1.9 –

RC 2.45 1.67 – – 1.62 1.58

MSE 3.2 ́  10–3 2.1 ́  10–3 9.4 ́  10–6 1.1 ́  10–5 1.3 ́  10–2 7.8 ́  10–3

AR 0.37 0.66 – – 0.40 0.79
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and support the same conclusions, with higher RC values and 
lower AR  for  both  tHb and H2O, whilst MSE values were 
greater for both these variables, as in Table 3.

6. Discussion and conclusions

The dominance of scattering over absorption in diffuse trans-
port results in the commonly described ‘banana shape’ sensi-
tivity distribution between a single source and detector pair, 
as shown in Fig. 5 and consequently resolution in recovered 
DOT images typically deteriorates with increased depth due 
to  the widening  of  this  sensitivity  profile.  In  this  work,  an 
algorithm has been presented, based on the spatial derivative 
of the nearest neighbour detector pairs, and its performance is 
evaluated and compared  to conventional  reconstruction  for 
inward-facing  circular  geometries.  Using  this  NNSD-DOT 
algorithm,  results  from  simulations  in  the  absence  of  noise 
demonstrated a consistent improvement in both quantitative 
accuracy and resolution of recovered anomalies at depth, for 
regions towards the centre of the circle. Distinctive Jacobian 
plots were seen between the NNSD and CONV algorithms, 
with the former containing regions of both positive and nega-
tive  values.  Although  it  is  impossible  to  increase  the  total 
information  content  in  the  boundary  data  without  taking 
additional measurements, by subtracting neighbouring mea-
surements in this way for NNSD, some mutual information 
from  the  overlapping  regions  of  the  individual  sensitivity 
profiles  for  these  two  neighbouring measurements  will  be 

cancelled and therefore eliminated from the update at that 
iteration.  It  is  hypothesised  that  the  resulting  narrower 
FWHM of the Jacobian observed for NNSD compared to 
CONV causes an increase in number of useful singular val-
ues and hence more useful orthonormal components during 
fitting, as compared to CONV-DOT. This allows the NNSD 
approach to achieve the demonstrated improvements in res-
olution and depth sensitivity without the need for additional 
measurements or the introduction of spatially variant regu-
larisation [26] or depth compensation algorithms [27], which 
by altering  the model  can potentially  introduce  additional 
artefacts.

In  the presence of 0.5 % and 1 % noise during simulated 
studies, the performance of NNSD algorithm was more com-
plex,  with  significant  improvements  seen  at  certain  depths 
and  for  certain  chromophores,  although  increases  in  total 
MSE were observed across the whole image in certain cases. 
Recovered  images  using  experimental  data  acquired  for  a 
gelatin phantom containing an anomaly, also supported the 
same conclusions, with improvement in contrast and resolu-
tion of the anomaly using NNSD, but greater MSE. Whenever 
two or more measurements are combined to produce a new 
data set, such as in difference imaging, spectral derivative or 
spatial derivative algorithms, Gaussian noise will  inherently 
be  amplified. For  example,  in CW  imaging,  a  1 %  intensity 
noise in CONV-DOT is equivalent to 1.41 % noise when two 
intensity measurements are combined. Evidence of this noise 
amplification can be seen in previously published work, with 
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Figure 9. (a) Reconstructed tHb and H2O anomaly for a gelatin based phantom, using both algorithms and (b) line profiles running along the di-
ameter through both the centre of the anomaly and the centre of the mesh for (solid curve) a target image and reconstructions obtained using (dot-
ted curve) CONV-DOT and (dashed curve) NNSD-DOT. 
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significant boundary artefacts clearly visible, both for simula-
tions with noise and experimental data when using the geo-
metric-sensitivity-difference based algorithm [13]. In cases of 
high noise, it could therefore be argued that the NNSD-DOT 
algorithm may not be beneficial,  however by  implementing 
approaches  for  reducing Gaussian  noise NNSD-DOT may 
still prove useful, such as taking the average of multiple repeat 
measurements or if the given imaging setup allows for deriva-
tive based calibration free imaging, such as has been proposed 
previously [12], the resulting noise will be the same as in cali-
brated CONV-DOT.

Improvements in quantitative accuracy are useful in clini-
cal applications for the diagnosis of disease, such as detecting 
breast cancer or arthritis in the joint. Simulations using a sim-
ple  heterogeneous  breast  model  demonstrated  a  potential 
15 % – 25 %  improvement  in  quantitative  accuracy  of  recov-
ered physiological values by using the proposed NNSD-DOT 
algorithm. Circular  inwards-facing optode geometries  are  a 
unique case for tomography, in which a combination of both 
reflectance and transmission measurements are acquired with 
rotational symmetry. Any improvements in information con-
tent  and  consequently  resolution  resulting  from  the NNSD 
measurements will therefore also be observed in all directions. 
Although enhancements have been demonstrated for this spe-
cific circular imaging setup, this result cannot be generalised 
to other imaging geometries as any enhancement will be both 
geometry specific and dependent on source and detector loca-
tions. Application  of  the NNSD  algorithm  for  recovery  of 
abnormalities  in  both  scattering  and  absorption  with  fre-
quency domain data, or in cases with non-broadband data at 
only  two wavelengths  to  recover  only  two  abnormalities  in 
HbO  and  Hb,  were  also  investigated  in  simulation  experi-
ments. The results of  these studies were not  included  in  the 
main  text  due  to  space  considerations  but  revealed  similar 
conclusions. In addition, an equivalent 3D cylindrical model 
with the same source – detector set-up located on the circular 
boundary of a 2D cross-sectional plane was similarly found to 
provide superior resolution and contrast with NNSD, how-
ever further characterisation is required to assess the impact 
of more complex source – detector configurations, such as the 
inclusion of combinations not lying within the same 2D cross-
sectional plane.

In  conclusion,  this work has demonstrated  the poten-
tial enhancements in resolution and contrast achievable by 
using  a  nearest  neighbour,  spatial  derivative  DOT  algo-
rithm  to  recover  absolute  chromophore  distributions  for 
inwards-facing circular  imaging geometries, such as those 
used to monitor diseases of the breast or joint. An associ-
ated  increase  in  the  intensity  of  singular  values  of  the 
Jacobian matrix compared to conventional DOT has pro-
vided insight into the mechanisms behind spatial-differen-
tial  methods.  Future  work  is  required  to  systematically 
explore the parameter estimation and other weighted com-
binations  of  source – detector  pairs,  in  order  to  optimize 
and generalize this algorithm to a wider variety of imaging 
configurations.
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