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Focusing light through a scattering medium is a long-
standing challenge in biomedical optics, to which wavefront
shaping is a powerful solution. The state-of-the-art
feedback-based approach is the widely used genetic algo-
rithm method. However, it can only achieve relatively low
enhancement of the focus, and the genetic algorithm is
known to be time-consuming. To tackle those issues, we
propose a gradient-assisted strategy for wavefront shap-
ing. The proposed method conducts optimization in the
function distribution space. Specifically, when optimizing
the parameters along each iteration, the consequent func-
tion distribution changes within a distance as measured
by the Kullback–Leibler divergence. Taking advantage
of the gradient information, the proposed method is over
60× faster to obtain the same peak-to-background ratio
(PBR) level. Compared with the genetic algorithm that is
able to optimize a number of 64 × 64 phase segments, the
proposed gradient strategy is able to optimize 256 × 256
phase segments, and gives 20× higher focus enhancement
as quantified by the PBR. © 2021 Optical Society of America
under the terms of theOSAOpen Access Publishing Agreement
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Focusing light through a scattering medium is fundamen-
tally challenging due to the presence of optical scattering. To
address this challenge, researchers in the wavefront shaping
(WFS) community have shown that by optimizing the incident
wavefront onto the scattering medium, an optical focus can be
achieved at target location behind the sample [1–6]. A variety of
strategies have been developed to realize this process, including
transmission matrix measurement [7–9], optical phase con-
jugation [2,5], and feedback-based WFS [6,10–13]. Among
these, feedback-based WFS is able to detect non-optical signals
such as photoacoustic signal, while phase conjugation needs
to detect light in order to focus light [5,6]. Also, compared to
the transmission matrix measurement method, feedback-based
WFS is relatively fast, and the optical focus can be improved
along with the optimization process.

The feedback-based WFS adjusts the incident wavefront
based on the feedback signal such as light intensity acquired at
the target location behind the scattering medium. A number of
algorithms have been proposed to improve the speed, such as
the continuous sequential algorithm, partitioning algorithm,
and genetic algorithm (GA) [10,14,15]. Among those, the GA
is considered the state-of-the-art for feedback-based WFS and
has been widely applied in various studies [6,16,17]. The GA
method generates random populations of phase masks and
iteratively optimizes the population based on feedback intensity
values, in which the focus at the target location can be improved.
However, the GA to some extent acts in a “half-blind” fashion
that relies on random variations of the population, limiting the
optimization speed and the achievable peak-to-background
ratio (PBR).

On the other hand, gradient methods, such as gradient
descent and Newton’s method, have been widely used for
numerical optimization in other scientific areas [18–23]. For
example, gradient descent is an optimization algorithm that is
able to minimize the objective function by iteratively moving
the function parameters in the direction of the steepest descent
as defined by the negative of the gradient [18–22].

In the context of focusing light through scattering media, as
illustrated in Fig. 1(a), by optimizing the phase values of the spa-
tial light modulator (SLM) segments based on the light intensity
feedback (e.g., using GA), a sharp focus can be generated at
the target location. Unfortunately, the use of gradient descent
for WFS has been hindered so far by the unknown underlying
function, which gives no explicit form of gradient.

To tackle those issues, we developed a gradient-assisted strat-
egy for feedback-based WFS, which is able to take advantage of
the gradient information and optimize the incident phase masks
in a gradient-directed manner. The formulation of the proposed
method is described below in detail and summarized in Fig.
1(b).

Without knowing the system matrix, we first model the light
intensity at the target location behind the scattering media as
an fitness function f (x ) of the SLM phase segments, where
the variable x is a d -dimensional vector corresponding to the
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Fig. 1. Illustration of wavefront shaping and flow chart of the
gradient-assisted optimization. (a) Basic principle of feedback-based
WFS. (b) Flow chart of the proposed gradient-assisted method for
WFS.

phase segments to be optimized (i.e., x ∈Rd ). Since the explicit
formulation of the objective function is not available, it is hard
to obtain the closed-form gradient at each point along the opti-
mization. To address this issue, we use a batch of search points to
capture the local structure of the fitness function and estimate
the gradient information. Specifically, at each optimization
step, we randomly produce a population of search points with
Gaussian distribution of the mean µ ∈Rd (i.e., the center
optimization point) and covariance matrix6 ∈Rd×d . We use θ
to denote these parameters: {θ =µ,6}. At each optimization
step, the population of samples, denoted as z, can be drawn
under the above Gaussian distribution with z∼N (µ,6),
whose probability density function is denoted as π(z|θ). If we
use f (z) to denote the fitness function for samples z, we can
write the expected fitness under the above search distribution as

J (θ)=Eθ [ f (z)]=
∫

f (z)π(z|θ)dz. (1)

Given a batch of samples z1, . . . , zN , the gradient of the
expected fitness J (θ) can be estimated with

∇θ J (θ)≈
1

N

N∑
k=1

f (zk)∇θ logπ(zk|θ), (2)

where N is the population size used in each iteration. This
gradient on expected fitness provides a search direction in the
space of the search distributions. Obviously, one can use the
plain gradient ascent for the search distributions to optimize the
phase segments. However, such a plain gradient optimization
is known to be unstable and could lead to oscillations as well as
premature convergence. Therefore, we turn to the natural gradi-
ent (NG), which has multiple advantages over the plain gradient
[24–26]. For example, it helps mitigate the slow convergence of
the plain gradient in optimization landscapes with ridges and
plateaus. In addition, it is also able to renormalize the update
with respect to uncertainty, which prevents undesired effects
such as oscillations and premature convergence.

While the NG performs optimization in the distribution
space, it can be formalized as the solution to the constrained
optimization:

argmax
δθ

J (θ + δθ)≈ argmax
δθ

J (θ)+ δθT
∇θ J ,

s.t. KL(θ + δθ‖θ)= ε, (3)

Fig. 2. Comparison of the proposed natural gradient (NG) and the
genetic algorithm (GA) methods in simulations.

where J (θ) is the expected fitness and ε is a small distance as
measured by the Kullback–Leibler (KL) divergence. With a
small δθ , the KL divergence constraint can be expressed by the
Fisher information matrix (denoted as F):

KL(θ + δθ‖θ)=
1

2
δθTF(θ)δθ, (4)

where F can be estimated from the search population,

F(θ)≈
1

N

N∑
k=1

∇θ logπ(zk|θ)∇θ logπ(zk|θ)
T . (5)

With the Fisher information matrix being inverted (denoted
as F−1) [27], the NG (denoted as ∇̃θ J ) is given by

∇̃θ J = F−1
∇θ J (θ). (6)

Next we validate the proposed NG method with both sim-
ulations and experiments, and compare its performance with
the GA by numerical simulations. In each optimization step, a
batch size of 50 was used for both the NG and the GA. The stop
criterion is met when a max number of 300 optimization steps is
completed. The SLM phase elements are divided into segments
to introduce individual phase delays. The simulations were
repeated 100 times to reduce randomness in results. The GA
was implemented with an optimization bound of [0, 2π ], and a
Gaussian noise with zero-mean and 3% standard deviation was
used.

Figure 2(a) shows the PBR improvement over optimization
steps with the NG method under a different number of phase
segments. It shows that the achievable PBR increases with an
increasing number of phase segments used. Figures 2(b) and
2(c) compare the NG with GA under 32× 32 and 64× 64
segments, respectively. In both cases, the NG can achieve sig-
nificantly higher PBR. In addition, Fig. 2(d) shows the time cost
comparison of the two methods under a different number of
segments. It shows that the proposed method consistently uses
less time for computation and is on average over 5 times faster to
conduct the same number of optimization steps.

We then validate the proposed NG method in experiment.
The experimental system is shown in Fig. 3(a). A 532 nm laser
(Verdi V5, Coherent, Inc.) is used as light source. The laser beam
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Fig. 3. Experimental validation of the natural gradient method for
focusing light through a scattering medium. (a) Experimental system
configuration. (b) PBR over optimization steps. (c) Scattering speckles
with unshaped incident beam before optimization (left panel) and
generated sharp focus with optimized incident beam (right panel). The
scale bar represents 500µm in both panels of (c).

is expanded and collimated by the following lenses. The colli-
mated beam is then sent to the SLM (Pluto-2-VIS, Holoeye,
Corp.) for phase modulation. The phase modulated beam is
then sent through the scattering medium, which is a glass dif-
fuser (DG10-120, Thorlabs, Inc.). The scattering pattern is
then imaged by the objective lens, and a photomultiplier tube
(PMT, H10721-20, Hamamatsu) is placed at the targeted loca-
tion to provide feedback for the optical focus optimization. A
beam splitter is placed between the objective lens and the PMT.
A camera (PCO.edge 5.5, PCO, Corp.) is put at the PMT’s
conjugate location to evaluate the PBR of the generated optical
focus. The background intensity was calculated by averaging the
image taken by the camera placed at the conjugate position of
the PMT prior to optimization.

With the gradient method, the improvement of PBR
over optimization steps is shown in Fig. 3(b). A number
of 128× 128 segments are used to focus light through the
scattering medium. At the end of optimization, a PBR of
approximately 800 is achieved by the proposed method. The
left panel of Fig. 3(c) shows the scattering speckles with an
unshaped incident beam behind the diffuser, while the right
panel shows the generated optical focus behind the diffuser with
the optimized incident phase, imaged by the camera at the end
of optimization. It can be seen that a sharp focus is formed and
the background scattering pattern is barely visible. In addition,
the line profiles vertically across the center of the focus are also
plotted in Fig. 3(c). As shown in the right panel of Fig. 3(c), with
the optimized incident phase, a sharp peak is formed, and little
fluctuation is visible in the background.

We further compare the proposed method with the widely
used GA method. Specifically, a number of 64× 64 SLM phase
segments were optimized by each method, and the experiments
were repeated 5 times. Figures 4(a)–4(c) show representative
images of the two methods after a different number of opti-
mizations steps. Specifically, Fig. 4(a) shows images behind the
diffuser after five optimization steps, as well as line profiles verti-
cally across the target focus location. It can be seen that after five

Fig. 4. Experimental comparison of the genetic algorithm and
natural gradient methods for focusing light through a scattering
medium. (a)–(c) Representative images behind the diffuser after 5,
50, and 300 optimization steps, respectively. (d) Average PBR over
iteration steps of the genetic algorithm (GA) and natural gradient
(NG) methods. (e) Steps required to achieve the same PBR levels.

optimization iterations, the proposed NG method was able to
obtain over 2× enhancement compared to the GA. As shown in
Fig. 4(b), after 50 optimization steps, the NG obtained over 4×
higher PBR compare to the GA. The optimization process of up
to 150 steps was demonstrated in Visualization 1. As shown in
Fig. 4(c), at the end of the optimization, with GA, the achieved
PBR was approximately 50, and the background scatterings
were clearly visible near the optical focus. In contrast, with the
proposed NG method, a bright focus and a PBR over 400 were
achieved (approximately 8× higher PBR compared to the GA),
and the background scatterings were barely visible.

The average PBR over iteration steps of those methods is
compared in Fig. 4(d), whereas the blue curve represents PBR
values obtained from the GA method, and the red curve repre-
sents PBR from the NG method. It shows that the NG method
was able to achieve a PBR of 400, whereas the PBR of GA was
only approximately 50. The improvement of PBR by the NG
is also faster than that of GA. The required number of steps to
achieve the same PBR levels by the two methods is compared
in Fig. 4(e). It shows that with the NG method, the required
optimization steps increased linearly to achieve different PBRs
(e.g., from 10 to 100). In contrast, with the GA, the required
optimization steps increased exponentially to obtain higher
PBRs. For example, in order to obtain a PBR of 70, the GA
required approximately 250 optimization steps, whereas the
NG method only took 20 steps, over 12× faster than the GA
method.

The performance of the gradient method under a different
number of segments is compared in Fig. 5. The experiments
were repeated 5 times to reduce random effects, and average
PBRs over optimization steps are visualized in Fig. 5(a). The
blue, green, and red curves represent experimental data from
segment sizes of 64× 64, 128× 128, and 256× 256, respec-
tively. With 64× 64 SLM phase segments, the PBR reached
400 and then plateaued after a number of 150 optimization
steps. With 128× 128 segments, the PBR reached approxi-
mately 800 before plateauing. Furthermore, with 256× 256
segments, a PBR of approximately 1000 was achieved at the
end of optimization. Figure 5(b) visualizes the number of steps
required to reach different PBR levels, where the colored dots
represent results from individual experiments, and the dashed
lines represent the linear fit of the points from each segment size
to aid visualization. It shows that a similar number of optimiza-
tion steps was used to reach PBR levels under 200. In addition,
for PBR levels over 200, it shows that with a larger number

https://doi.org/10.6084/m9.figshare.13413599
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Fig. 5. Experimental comparison of the natural gradient method
with different segment sizes. (a) Average PBRs over optimization steps.
(b) Number of steps required to reach different PBR levels.

of phase segments (e.g., 256× 256), the PBR improvement
became faster and required a lower number of optimization
steps to obtain the same PBR levels.

To summarize, in this paper, we proposed a gradient-assisted
strategy for focusing through a scattering medium. To con-
duct the same number of optimization steps, the proposed
NG method was over 5× faster than the GA. On the other
hand, to achieve the same PBR level, the NG was 12× faster
in terms of required optimization steps. Combined together,
the NG method was over 60× faster to obtain the same PBR
level compared with the state-of-the-art method (GA). This
is related to the fact that the GA involves perturbation oper-
ations such as crossover and mutation, whereas the gradient
method performs optimization directly obtained from matrix
calculations. Furthermore, with the same size of phase segments
and optimization steps (e.g., 64× 64), the proposed method
significantly outperforms the GA and achieves over 8× higher
enhancement as quantified by the PBR. It demonstrates that the
proposed method is able to better optimize the phase mask for
focusing light through the scattering medium. In addition, we
observed that in experiment the GA optimization was able to
work robustly on 64× 64 segments but tended to be unstable
when the segment size reached up to 128× 128, in which case,
a PBR of 50 was obtained. In contrast, the NG was able to reli-
ably optimize phase segments of size as large as 256× 256 and
achieved 1000 PBR, which is approximately 20× higher than
that of the GA. Such observation is consistent with literatures,
which used GA for WFS, where the size of the phase masks was
mostly from 16× 16 to 64× 64 [11,12,28–32]. In addition,
as a proof of concept, in experiment, we demonstrated focusing
through a scattering medium where a PMT was placed behind
the medium for feedback with transmission. Note that it is also
feasible to use the NG method to focus through scattering media
in a reflective way [6].

Going forward, the proposed method can be applied to the
scenarios where GA was previously used for WFS to achieve
faster speed, less computational cost, and higher PBR. For
example, the NG method can be used to facilitate focusing
inside scattering media with photoacoustic feedback [6]. It can
also be used to harness a multi-dimensional fiber laser by opti-
mizing or customizing important features such as output power,
mode profile, optical spectrum, and mode-locking operation
[33]. Furthermore, while the experimental demonstration was
conducted with SLM, the proposed method can also be adapted
to digital micromirror device (DMD) that has a faster modula-
tion rate. In addition, the computations can be implemented

with onboard processing that can further reduce the overall time
cost for WFS.
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