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Abstract: Much of fluorescence-based microscopy involves detection of if an object is present
or absent (i.e., binary detection). The imaging depth of three-dimensionally resolved imaging,
such as multiphoton imaging, is fundamentally limited by out-of-focus background fluorescence,
which when compared to the in-focus fluorescence makes detecting objects in the presence of
noise difficult. Here, we use detection theory to present a statistical framework and metric to
quantify the quality of an image when binary detection is of interest. Our treatment does not
require acquired or reference images, and thus allows for a theoretical comparison of different
imaging modalities and systems.
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1. Introduction

Fluorescence based confocal and multiphoton microscopy are powerful tools for biological
research and have provided valuable insights into many biological questions. In particular,
the use of multiphoton imaging has allowed for deep access into biological tissues and is of
utmost importance for biological applications where high spatial resolution imaging deep within
intact tissue is required [1-3]. Deep multiphoton imaging has allowed for the visualization and
detection of many types of structures [1,2]. Confocal and multiphoton imaging have also been
used for dynamic imaging and cell tracking [4,5]. Nearly all confocal and multiphoton imaging
experiments used to study biology first rely on the binary detection of an object. For example,
in blood vessel imaging, one is tasked with identifying the blood vessels, in recoding neuronal
activity one must first find the neurons, and in cell tracking one is tasked with detecting cells in
each image frame.

In any such imaging experiment the microscopist must first decide which imaging approach
is best. For example, a decision is made about whether to use one-photon (1P, e.g., confocal),
two-photon (2P) or three-photon (3P) excitation. This decision is usually made based on the
depth of where the imaging needs to take place, because different methods will provide different
image quality, relative to each other, at different depths. All three-dimensionally resolved
fluorescence microscopy techniques (confocal or multiphoton imaging) are fundamentally limited
by out-of-focus background fluorescence, which reduces contrast, degrading quality and inhibiting
detection [6-9]. A simple approach to compare the imaging performance in the past is to use
the signal-to-background ratio (SBR), which is the ratio of in-focus fluorescence (i.e., signal,
S) to out-of-focus fluorescence (i.e., background, B) [6-9]. In multiphoton imaging, the SBR
decreases monotonically as a function of imaging depth, and eventually at a certain depth the
SBR becomes too small for practical detection of objects [6,7].

One may then be tempted to consider that the SBR is an acceptable metric of image quality.
Indeed, in the past a depth limit for 2P and 3P image quality has been arbitrarily defined as
the depth at which SBR is reduced to unity [6,7]. However, SBR alone does not consider the
noise statistics at the detector, which are described with Poisson statistics (i.e., shot noise) for a
typical microscope with high gain photodetectors (e.g., photomultiplier tubes). To make this
argument concrete, consider two cases both with SBR=1: in case one § = 1 and B = 1, and in
case two S = 10 and B = 10. In case one, a pixel containing no object is measured as 1 + 1 counts
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(mean =+ standard deviation) and a pixel containing an object is measured as 2 + 1.41 counts.
In case two these counts are 10 + 3.16 and 20 + 4.47. When one is then tasked with deciding
if a measurement contains an object or not, case two allows for better detection of the object
when shot noise is considered (i.e., as S increases more faithful measurements of S + B and B are
obtained). Therefore, SBR alone cannot be used as a metric for image quality.

Several studies have considered how to evaluate images which can be grouped into reference
or non-reference methods. Reference methods need a ground truth image, which is generally
not available to the microscopist before setting up the microscope and imaging the sample
[10,11]. Non-reference methods do not need a ground truth, however they vary widely from
simple measures such as a signal-to-noise ratio (SNR), contrast-to-noise ratio, brightness, etc.
[8,11-13], to heuristic combinations of parameters about the image such as resolution, blur,
brightness etc. [14], to more complicated mathematical models [10,11,15-17], and ranking
methods [10]. Generally, these methods suffer because they (1) need an image to be taken which
hinders the microscopist to make predictions about which technique to use before setting up
the microscope and imaging the sample, (2) do not relate to the statistics of binary detection,
(3) were not developed with microscopy in mind, or (4) any combination of the three reasons
listed before. Additionally, most of these techniques do not explicitly show the relationship
between image quality and S and B. Two notable exceptions are an SNR used by Sandison et
al. in evaluating confocal fluorescence imaging (defined as SNR = S/VS + B) [8,9] and the d’
originally introduced in [18] (and modified in [19] to include SBR) for evaluating Ca** spike
detection in the presence of shot noise. Sandison’s SNR is a good candidate since it shows
the relationship between S and B but is not grounded in binary detection theory. The modified
d’ is grounded in detection theory but applies to the problem of detection of Ca>* spikes with
the assumption that the fluorescence level detected without a spike is much greater than the
maximum additional amount of fluorescence generated with a spike. Such an assumption is
usually reasonable for in vivo detection of Ca?* spikes with many indicators but cannot be
generalized to confocal or multiphoton images for binary detection. Thus, there is a basic, but
important, gap in the literature when it comes to quantitative assessment of image quality for
binary detection in terms of S and B.

Here we present a statistical framework and metric to compare the quality of images in terms
of § and B. We emphasize that this statistical framework and metric applies to binary detection.
Our theory relies on making decisions about whether each pixel contains an object or not, which
is similar to the case of binary optical telecommunications when one decides if each received bit
isa 0 or 1 [20,21]. The utility of our theory is that it allows microscopists to make decisions
about which technique is best to use without requiring a reference image or even taking an image.
As practical examples, we show that our treatment can be used to compare the performance
of 2P and 3P imaging as a function of the imaging depth, excitation wavelength and staining
density. Our statistical metric also gives insight to why defining the depth limit of multiphoton
microscopy as the depth where SBR =1 is reasonable, even though it was chosen arbitrarily in
the past.

2. Statistical theory of binary detection

We first present a statistical theory to quantify the relative image quality, for binary detection,
in terms of S and B. We consider a model where we look to make a decision at every pixel (in
isolation) as to whether or not that pixel contains an object. The merit of this pixel wise strategy
will be discussed in section 4.

In our binary detection model, we assume that every pixel contains the same level of background
fluorescence regardless of if an object is present or not and pixels which contain an object all
give off the same level of signal fluorescence in addition to background. This is justified at least
in deep 2P and 3P imaging where most of the background is generated away from the focus [6,7].
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Additionally, we note that B can include dark counts from the detector. Under these assumptions,
on average, any pixel without an object will register B photon counts at the detector, and S + B
counts if the pixel contains an object. We note that B and S + B are the mean values of Poisson
distributions assuming photon shot-noise limited performance of the imaging system.

We now consider how to use the measurement, y, at a particular pixel (i.e., y measured photon
counts at the pixel) to determine if the pixel contains an object or not. Note that y will be
distributed according to Poisson statistics, which is used to define two hypotheses: Hy and H;
which represent, respectively, the absence and presence of an object. Thus, given a specific
measurement, y, the probability of obtaining y under Hj is,

po(y) = e BB [y, (1

and of obtaining y under H; is,

i) = e B(S + By /yl. )

In order to decide between the two hypotheses, one can consider a likelihood ratio of the form,
L(y) = p1(y)/po(y), and decision rule [18,22,23],

1 Ly >
5(y) = =7 3)
0 L)<t

where the 0 and 1 refer to selecting Hy or H; respectively, and 7 is a threshold parameter, which
is set by minimizing an overall risk [22,23],

1 1
H(6) = mo ) CioP(il0) +m1 Y, CitP(il1) @)

i=0 i=0

where P(i|y) is the probability of choosing H; when H; is true, C;; > 0 is the incurred cost by
choosing H; when H; is true, and 7; is the prior probability of H; occurring. Note that o and 7
are commonly referred to as priors and that r; = 1 — 7 is the staining density in a fluorescence
image, which is defined as the fraction of volume containing fluorophore. The staining density is
approximately the inverse of the labeling inhomogeneity factor, y, used in [6] and [7]. Provided
that Cy1<Copy, 7 is optimally chosen as [22,23],

_ 71o(C10 — Cop)

= : &)
m1(Cor = C1)
Taking logarithms and doing some manipulation, Eq. (3) can be equivalently written as,
L y>y
o(y) = (6)
0 y<y
where,
S In(7)
y - 1L (7)

= | In[(S+B)/B] " In[(S + B)/B]

Note that y can be written as an integer, as done here, since y is distributed according to a
Poisson distribution and can never give a non-integer measurement. Thus y can be understood as
a threshold which discriminates between two Poisson distributions, po(y) and p;(y) (Fig. 1(a)).

Although the priors may be well known (e.g., the mouse brain vasculature has a volume
fraction of approximately 2% [2]), the choice of costs is somewhat arbitrary, and a small change
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Fig. 1. Statistical Theory. (a) Graph of the probability distributions pg (in red) and p; (in
blue) with arbitrary means. A decision threshold, y, is shown as a black dashed line at an
arbitrary location. Blue circles show true positives and red circles show true negatives, while
red x’s show false positives and blue x’s show false negatives. The points on the cutoff
have both symbols to indicate that randomization may be used here. (b) ROC curves using
randomization for various values of S and B. (c¢) Integrating under the ROC curve gives
the AUC which is shown for various values of S and B. The infinite sum in Eq. (15) was
computed by setting the upper limit to 100. The accuracy of this was checked by computing
the sum with the upper limit set to 200, which showed little difference (see Fig. S1).

can potentially give a very different true positive or detection probability, which is defined as
[22-24],

Po= ) pi)=1-ci(y), @®)

n=y+1
and a very different false positive or false alarm probability, which is defined as [22-24],

Pr= )" poln) = 1=co(y). ©)

n=y+1

Here c;(y) = Zi _oPj(n) is the cumulative probability distribution for p;(y). Equations (8)
and (9) are graphically illustrated in Fig. 1(a). To circumvent the arbitrariness of the costs, we
consider a receiver operating characteristic (ROC), which plots the best possible Pp given a
Pr [18,23-25]. One can then integrate under the ROC curve to get the area under the curve
(AUC), which gives a measure of detection fidelity, and more importantly eliminates the need
for choosing an arbitrary decision threshold [18]. The larger the AUC the better the detection
fidelity. The concept of ROC analysis and the AUC has been widely applied to diagnostic tests
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[26,27], where the ROC and AUC are typically estimated from experimental data. However, this
has not been used before for assessing the quality (for binary detection) of a fluorescence image.
Probabilistically speaking, AUC is the probability of an ideal observer correctly identifying
an object when presented with two measurements, one which contains an object and the other
which does not [18]. Additionally, the AUC can be thought of as the average Pp when averaged
over all possible Pr. Mathematically speaking, one finds the best possible Pp by specifying an
acceptable false alarm rate, o, and maximizing Pp over all possible decision rules such that the
actually achievable Py of the test never exceeds «, i.e. [22,23],

0 =argmax Pp st Prp<a. (10)
5

Using the decision rule specified in Eq. (6), this amounts to solving [22-24],

y=argmax 1-ci(y) st 1-co(y)<a (11)
b%

which amounts to finding the smallest integer v such that 1 — ¢o(y) < « [24].

It is known that Eq. (10) is solved optimally when the specified (@) and achievable (Pr) false
alarm probability are the same (provided it is possible to have Pr < @) [22,23], however, the
decision rule specified in Eq. (6) does not allow for arbitrary Pr and Pp to be obtained since
the resulting ROC curve is only defined at discrete points due to the Poisson distribution of the
photon counts (y) [23,24]. Therefore, one needs to construct continuous ROC curves. In other
words, one needs to be able to achieve an arbitrary Pr and Pp. The optimum solution to Eq. (10)
is known to be a randomized decision rule [22-25],

L y>y
6M=9q y=v (12)
0 y<y

where ¢ is the probability of choosing H;. In this case first y is found, via Eq. (11), and then one
will have that

Pr =1-co(y) +qpo(y) (13)

and
Pp =1-ci(y) +qp1(y), (14)

where the value of ¢ is selected so the achievable Pr matches the specified @ [22-25]. Thus, it is
now possible to choose an arbitrary Pr and Pp. By inspection of Egs. (13) and (14) one sees
that given the same value of y, Pp will be a linear function of Pr and thus the randomized rule
amounts to connecting the discrete Pr and Pp found without randomization with straight lines
[24] (Fig. 1(b)). Thus, using the randomized rule, the AUC can be found by summing the areas
of the trapezoids,

AUC = Z {%[PD(?’) + Pp(y + DI[Pr(y) — Pr(y + D]} (15)
y=—1

Note in Eq. (15), that ¢ = 0, and that ¢o(—1) = ¢;(-1) = 0. Since the AUC is completely
determined by S and B, i.e., AUC = AUC(S, B), and the focus of this work is to assess the image
quality (in the context of binary detection) in terms of S and B, we have plotted the AUC as a
function of S and B in Fig. 1(c). Here we approximated the infinite sum by setting the upper limit
to 100 and confirmed the accuracy by comparing this to the values computed with an upper limit
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of 200 (Fig. S1). As can be seen from Fig. 1(c), the contour for a constant AUC does not follow
a straight line starting from the origin, which means the AUC is not the same for a constant SBR.
Indeed, given a higher value of S and the same SBR, the AUC is also higher (Fig. 1(c)).

To confirm that assessing the image quality by the AUC matches reasonably with our intuition
(i.e., our visual perception), we present simulated images of beads for various values of S and B
as shown in Fig. 2. The images were generated by randomly choosing locations for circles of a
desired size, setting pixels within these circles to contain the bead (i.e., they have an average
value of S + B), and pixels outside to contain background (i.e., they have an average value of B).
Then we randomly assigned the pixel values according to shot noise. From Fig. 2 we see that the
AUC generally matches our visual perception about image quality, and images with the same
SBR, but a higher S do appear to have a better quality (e.g., the quality increases along the lower
left to upper right diagonal despite that all these images have SBR = 1). Again, this emphasizes
the argument that SBR cannot be used as a metric of image quality.

S=1 S=2 S=3 S=4 S=5

Fig. 2. Simulated Images. Simulated images of beads (diameter of 25 pixels on a 512 by
512 grid; staining density of 2%) are shown with Poisson noise added for various levels of S
and B in units of counts/pixel. The white number on each image is the AUC computed using
Eq. (15) with setting the upper limit in the infinite sum to 100. The window/level of each
image is selected automatically using ImageJ.
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In order to better understand the dependence of AUC on S and B, we look for approximate
forms to Eq. (15). To do this we approximate pg and p; as Gaussian distributions (i.e., normal
distributions), which are good approximations when the counts are high, and solve for the ROC
considering a single threshold, which allows the AUC to be approximated as (see Supplement 1
for details),

AUC ~ @ ( ) = O(R), (16)

S
VS +2B
where ®(x) = 0.5erfc (—x/ \/5) is the standard normal cumulative distribution function, and we
have defined R as,

s NS
VS+2B T+2/SBR

The AUC under the Gaussian distribution approximation (AUCgayss), and the relative error
of this approximation, defined as (AUCgauss — AUCpoiss )/ AUCpyiss, are shown in Fig. 3, where
AUCpy;ss is the AUC calculated using Eq. (15) without the Gaussian approximation. Figure 3(b)
shows that the error is minimal provided B is not small (e.g., the relative error of the approximation
is approximately less than 3% when S or B are greater than 1). Note that this assumes that S is
non-zero, since when S is zero the AUC computed with either method is 0.5 (i.e., the smallest
AUC possible), in which case practical detection is not possible. Thus, in all further discussions
it will be assumed that S is non-zero.
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Fig. 3. Approximate AUC with Gaussian distributions. (a) The AUC using Gaussian
distributions for the same values of S and B as used in Fig. 1(c). (b) The relative error of this
approximation (defined as (AUCGauss — AUCpyiss)/ AUCpoiss) is shown for various values
of S and B. Nearly all errors are small except when S and B are small, assuming S is finite.

We note that since ®(x) is monotonically increasing, R = ®~!(AUCgayss) completely charac-
terizes the AUC in a way that captures the tradeoff between signal and background. When the
photon counts are small, e.g., S and B << 1, the exact AUC (i.e., AUCpy;ss) must be calculated
using Eq. (15). In parallel to the parameter R under the Gaussian approximation we introduce
the binary detection factor (BDF), defined as BDF = 0! (AUCpy;ss), as our figure of merit for
image quality, which is obtained by first calculating AUCpyiss. We note that the BDF approaches
the value R when the photon counts are large (i.e., when the Gaussian approximation is valid).

3. Utility of the BDF

In this section we will demonstrate the utility of our figure of merit, BDF, by considering some
practical examples. We also explore in this section how our metric can justify the arbitrary choice
of SBR =1 for defining the depth limit of multiphoton imaging.
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3.1. Quantitative comparison of 2P and 3P imaging for deep tissue imaging

It is qualitatively understood that 3P imaging is advantageous for deep tissue imaging while 2P
imaging is preferred in the shallow regions [2,19,28,29]. Some previous attempts to calculate the
cross-over depth, defined as the depth where 3P imaging begins to outperform 2P imaging, were
based on the signal strength alone, but such calculations establish the upper limit of the depth
where 2P imaging is preferred, as taking the SBR into account will shorten this depth [19]. The
metric developed here enables us to perform a rigorous and quantitative comparison of 2P and
3P imaging by properly considering the contributions of both S and SBR. To illustrate how this is
done we perform this calculation with typical parameters for 2P and 3P imaging, with 2P and 3P
cross-sections reflecting those of GCaMP6s [19].

We first calculate the 2P and 3P signal as a function of imaging depth assuming a diffraction-
limited focus. Because Fig. 1(c) shows that the AUC (and consequently the BDF) for the same
SBR is larger with larger S, we consider the cases where S can be made maximum (likewise one
can also note that R o VS for the same SBR). For biological imaging, we note that the maximum §
will typically depend on the maximum average power allowed in the tissue. We thus constrain this
problem to a maximum average power allowed at the surface, (P). In our calculations, we choose
average powers at the brain surface which are at or less than the maximum power established by
previous work for mouse brain imaging: (P) = 100 mW for 1300 nm 3P imaging [19] and 200
mW for 920 nm 2P Imaging [30]. Another fundamental consideration is the maximum pulse
energy at the focus, which is limited by fluorophore saturation (i.e., ground state depletion) and
nonlinear damage. We choose to constrain our problem to a maximum allowable saturation level
(i.e., the probability of excitation per molecule per pulse), @, = g,(,") 0,71,", where g,,(”) isa
constant related to the temporal pulse shape, o, is the n-photon cross-section, 7 is the pulse
full width at half maximum, and I, is the peak intensity at the focus [31]. In our calculations
we choose gy = 20% (of which small changes have minimal effect on calculating the signal;
see Supplement 1). The resulting pulse energy at this excitation level is also commonly used
for most 2P and 3P deep tissue imaging. Using the maximum average power at the surface
and an allowable saturation level, along with knowledge of the concentration of fluorophore,
C, the n-photon cross-section, o7, pulse full width at half maximum, 7, pulse shape, effective
attenuation length, £,, excitation wavelength, A, collection efficiency, ¢, fluorophore quantum
efficiency, 7, tissue refractive index, ng, numerical aperture, NA, and pixel dwell time, 7, the
n-photon signal, S,,, can be completely determined (see Supplement 1 for details). We chose a
constant pulse energy at the focus throughout the imaging depth (i.e., the same level of saturation)
to achieve the best imaging performance possible for both 2P and 3P imaging. We note that
our calculation is for demonstration purposes, and we have selected the imaging parameters
commonly used for 2P and 3P imaging of the mouse brain. S, as a function of depth is shown in
Fig. 4(a).

We then proceed to calculate the 2P and 3P background as a function of depth by using the
calculated signal and the 2P and 3P SBR (i.e., B = S/SBR). For simplicity, we consider the
bulk background (i.e., fluorescence generation in the light cone above the focus) but not the
defocus background (i.e., the fluorescence generated by the side lobes of a distorted point-spread
function, See Fig. 3(a) in [2]), which is important when imaging through a highly scattering layer
such as the mouse corpus callosum or the intact mouse skull [32]. For the 2P bulk background
we note that in [6] it states that the depth limit (defined as the depth where SBR = 1) increases
approximately one £, for a sevenfold increase in y. Assuming that SBR « y, and together with
the computed values in Fig. 6 of [6], the SBR can be found to be an exponential function of
depth. Additionally, since the SBR could be impractically high (which is not practical due to
the limited dynamic range of a real detector) at shallow depths, we forced any SBR value above
103 to 10°. For 3P imaging we note that the SBR is very large for the combinations of imaging
depth and staining density considered in this paper [7,33], and so we set the 3P SBR also at
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Fig. 4. Comparison of 2P and 3P image quality when imaging the same fluorophores
(e.g., GCaMP6). (a) Calculation of the S and B as a function of imaging depth for 2P
and 3P imaging. S was calculated under an average power at the surface (100 mW for 3P
imaging and 100 mW or 200 mW for 2P imaging) and saturation constraint (20%). Other
parameters used are as follows: for 2P imaging: o =20 GM, n = 1, y = 50, 4 = 920
nm, £, = 150 um, g,® = 0.66, NA=1,7 = 60 fs, C = | uM, ng = 1.33, T = 1 us, ¢ = 2%;
for 3P imaging: o3 = 3 x 10782 cm?/(photons/cm? s)=2, 7 = 1, y = 50, A = 1320 nm,
e =300 um, gp® = 0.51,NA=1,7=60fs, C=1uM,ng=133,T = 1ps, ¢ =2%. B
was subsequently calculated from S using the SBR data. SBR values above 103 were set to
103 to account for the finite dynamic range of a real detector. (b) S and B can then be used
to calculate BDF = CD_I(AUCpoiSS). Note that in the Gaussian case BDF = R. The upper
limit for the infinite sum in Eq. (15) was set to 2000. The accuracy of this was checked by
computing the sum with the upper limit set to 3000, which showed little difference (see Fig.
S2).

a constant value of 103. The 2P and 3P SBR values used in our calculation are shown in Fig.
S2. The resulting calculated values of B, are shown in Fig. 4(a). Here we chose to use y = 50
corresponding to a staining density of 2% (which is typical for mouse brain vasculature [2]). We
note that over the depth range shown in Fig. 4(a), B in 3P imaging decreases with depth. This is
merely a consequence of the fact that the SBR is held constant at 10> over this depth range (Fig.
S2) while the 3P signal decreases with depth.

We used the calculated values of S and B to calculate the BDF using both the Poisson and
Gaussian statistics. Since S and B are both determined by the imaging depth, we plot the BDF as
a function of depth in Fig. 4(b). From our calculations we see that, if the average power at the
surface is the same for 2P and 3P imaging (i.e., (P) = 100 mW), 2P imaging is better at shallower
depths due to the higher signal, and 3P imaging outperforms 2P imaging after about 620 pm,
which corresponds to about 4.1¢, at the 2P imaging wavelength.

We then repeated these calculations for 2P imaging using a higher average surface power of
200 mW (which may be of more practical interest), while keeping the 3P imaging average surface
power at 100 mW (Fig. 4). We see that the new 2P BDF is about V2 times larger, as predicted by
theory, and the new cross-over depth at which 3P imaging outperforms 2P imaging is around 730
um, which corresponds to about 4.9¢, at the 2P imaging wavelength. These results are consistent
with previous experimental investigations which show that 2P imaging generally works better at
depths shorter than about 700 um in the mouse brain [2,19,28,29,34]. Figure 4(b) also shows
that the Gaussian approximation (i.e., using R instead of BDF) predicts similar cross-over depths
(Fig. 4(b)).

The above calculation uses two different excitation wavelengths for 2P (920 nm) and 3P (1300
nm) imaging. This is practical for comparing 2P and 3P imaging of the same fluorophore (e.g.,
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GFP, GCaMP®6, fluorescein, etc.), and the longer excitation wavelength and stronger excitation
confinement of 3P excitation both contribute to the advantages of 3P imaging when imaging
deep. Our metric can also delineate the two advantages of 3P imaging (i.e., longer excitation
wavelength and stronger excitation confinement) by comparing 2P and 3P imaging with the same
excitation wavelength, e.g., imaging near IR dyes with 2P excitation and green dyes with 3P
excitation at around 1300 nm. As an example, we repeat our calculations, except assume the
same excitation wavelength of 1300 nm for both 2P and 3P imaging and the same £, of 300 um
(Fig. 5). Additionally, since we expect the depth at which 3P imaging outperforms 2P imaging to
be larger we change the pixel dwell time to 50 ps, which is typical for deep tissue imaging.
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Fig. 5. Comparison of image quality for 2P imaging of near IR fluorophores (e.g., long
wavelength Alexa dyes) and 3P imaging of green fluorophores (e.g., GFP). (a) Calculation
of the S and B as a function of depth for 2P and 3P. S was calculated using an average
power at the surface (100 mW) and saturation constraint (20%). Other parameters used
are as follows: 2P imaging:on, = 20 GM, n = 1, y = 50, 4 = 1300 nm, £, = 300 um,
gp? = 0.66, NA=1, 7 = 60 fs, C = 1 uM, ng = 1.33, T = 50 us, ¢ = 2%; 3P imaging:
o3 = 3 x 10782 cm? /(photons/cm2s)~2, 5 = 1, ¥ = 50, A = 1300 nm, €, = 300 um,
g™ = 051, NA=1, 7 = 60 fs, C = 1 uM, ng = 1.33, T = 50pus, ¢ = 2%. B was
subsequently calculated from S using SBR data. SBR values above 103 were set to 103
to account for the finite dynamic range of a real detector. (b) S and B can then be used
to calculate BDF = <D_1(AUCp0iss). Note that in the Gaussian case BDF = R. The upper
limit for the infinite sum in Eq. (15) was set to 2000. The accuracy of this was checked by
computing the sum with the upper limit set to 3000, which showed little difference (see Fig.
S3).

From Fig. 5(b), we see that 3P imaging outperforms 2P imaging after about 2000 pm, which
corresponds to about 6.6(,. We note that the cross-over depth is deeper (even in unit of £,) than
the previous calculations in Fig. 3, simply because the 2P excitation also benefits from the long
excitation wavelength and has less attenuation in this case. Figure 5 shows the intrinsic advantage
of 3P microscopy for deep tissue imaging due to its stronger excitation confinement.

A recent paper [33] has also shown that it is possible to perform mixed 2P and 3P excitation of
the same dye, providing the additional possibility for multicolor 3P imaging. Our theory can also
be straightforwardly extended to more complicated cases such as mixed 2P and 3P excitation.

3.2. Deep imaging 3P advantage dependance on staining density

It is well known the excitation confinement advantage of 3P imaging (as compared to 2P imaging)
is more pronounced with densely labeled samples, and thus 3P is generally better than 2P for
deep imaging in densely labeled samples. We also note that our calculations in section 3.1 are a
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function of the staining density (since SBR o y), and thus the 3P advantage for deep imaging as
a function of staining density can be quantified. In order to do so, we repeat our calculations
form section 3.1, except we vary the staining density (e.g. 1/ x) and solve for the depth at which
the BDF is the same for 2P and 3P imaging, which we denote as z., (Fig. 6).

a goo ‘ . b 4s00 15
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4000 | - — Poiss.: 100 mW 2P, 100 mW 3P |}

800
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Fig. 6. Calculations of z¢4. zeg is calculated as a function of the staining density using the
parameters in Fig. 4, and Fig. 5 for panels (a) and (b), respectively. Calculations with the
Poisson BDF and the Gaussin approximation are both shown. For the Poisson case the upper
limit for the infinite sum in Eq. (15) was set to 2000, and the accuracy of this was checked
by computing the sum with the upper limit set to 3000, which showed little difference (see
Fig. S4).

From Fig. 6(a) one sees that below a certain value of staining density (about 0.1% for the
100 mW 2P and 100 mW 3P case, and about 0.01% for the 200 mW 2P case and 100 mW 3P
case), Zeq does not change much. This can be understood because eventually the staining density
becomes so small, that very little background is generated. In these cases, one finds that the
confinement advantage of 3P excitation no longer matters and only the wavelength advantage
plays out. This can be confirmed by noticing that the maximum value of z,, in Fig. 6(a) matches
the depth where the 2P and 3P signal cross in Fig. 5(a). In this sense one can consider a ‘densely
labeled sample’ to mean a sample where it is necessary to consider the background generation
when comparing the performance of 2P and 3P imaging in terms of z,.

Figure 6(b) does not exhibit the same behavior as Fig. 6(a), because here the 2P signal will
always be higher than the 3P signal since the same excitation wavelength is used. In this case
the notion of a ‘densely labeled sample’ is less clear because only the excitation confinement
advantage of 3P comes into play, and thus the background always needs to be considered in
determining z., despite how small it may actually be. Figure 6(b) also shows that when the
staining density becomes very small that BDF and R are no longer predicting a similar z,.
This can be understood since the recorded signal counts become low and so the Gaussian
approximation is no longer valid. If the integration time was made longer, then the z., predicted
by BDF would be closer to that predicted by R. We have varied the maximum SBR value between
200 and 5000 and compared the results with Fig. 6 (maximum SBR of 1000), we found negligible
difference in z,.

3.3.  Justification of SBR=1 for defining the depth limit of multiphoton imaging

Our statistical metric also gives insight to why defining the depth limit of multiphoton microscopy
as the depth where SBR =1 is reasonable, even though it was chosen arbitrarily in the past [6,7].
For simplicity we will use our metric under the Gaussian approximation (i.e., using R). We
consider two extremes in SBR, where the SBR is much less and much greater than unity and
consider how R (i.e., the image quality) behaves when all other parameters are held constant. In
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this case we will have that

S = K(P)" exp(-nz/Le), (18)

for n-photon excitation, where K is a proportionality constant. Additionally, we assume that the
SBR behaves as an exponential function with depth as shown by previous work [6,7]. That is,

SBR = A exp(-fz), (19)
where A and S are constants. When SBR>>1, then from Eq. (17),
R ~ VS = K'2(PY"? exp(-nz/2¢,). (20)
When SBR < < 1, on the other hand,
R ~+/S-SBR/2 = K'2A'2(Py"? exp[—(z/2)(n/¢. + B)]/ V2. 21

In both cases, R decreases exponentially as a functional of imaging depth. However, when
SBR < < 1, a much faster decrease occurs in R as compared to the case when SBR > > 1.
Figure 7 shows R against z on a semi-log plot. For SBR > > 1 the slope is proportional to n/¢,,
and when SBR < < 1 the slope is proportional to n/¢, + S (Fig. 7). Such a slope change in the
exponential function is identical to the situation of imaging two different layers of tissues where
the deeper layer is much more scattering than the superficial layer.

1
1
1
SBR>>1 ~ 1
1
1

R (a.u.)

Fig. 7. R as a function of imaging depth on a semi-log plot. Red and blue dashed lines show
the approximations made when SBR>>1 and SBR<<1. The dashed black line shows the
approximate depth where the slope changes.

To get an idea of the depth z where this slope change happens, we equate Egs. (20) and (21).
Denoting this depth as z*, one finds that z* = (1/8) In(A/2), and that SBR(z*) = 2. This suggests
that when the SBR falls below 2, R will decrease at a much faster rate (Fig. 7), as if encountering
a much more scattering layer of tissue. Thus, one could consider SBR=2 as a reasonable criterion
for the depth limit. We note that this is close to the arbitrarily selected SBR =1 criterion.

4. Discussion

Much of the literature and our understanding of fluorescence imaging have delt with how
imaging parameters, such as NA, pixel dwell time, cross-section, etc., affect the signal strength,
resolution, background generation, etc. [1,2,6,31]. However, knowledge of how signal and
background photon counts influence the quality of an image, in terms of the binary detection
of objects, has remained largely unexplored from a statistical point of view. The metric
BDF = ®~!(AUCpyjss) ~ R, thus fills this gap and enables a quantitative treatment of this issue.
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Furthermore, as explained in sections 3.1 and 3.2, this metric can be used to evaluate different
imaging modalities and instruments, and quantify the dependence of when different modalities
outperform each other as a function of experimentally defined parameters such as imaging depth,
excitation wavelength, and staining density. Additionally, our metric requires only knowledge of
S and B, and so one does not need a reference image, or even to produce an image. This means
that one can evaluate and design new imaging systems for biological applications, without the
need to first build the instrument and then use it to produce an image.

In section 3.1 we only considered how 2P and 3P imaging compare, but one could also
consider confocal imaging too. Given that the confocal point-spread-function is nearly the
same as the 2P point-spread-function (neglecting the Stokes shift in the fluorescence emission),
one would expect that, using the same excitation wavelength, confocal imaging should always
be better than 2P imaging since the one-photon excited signal is stronger. Indeed, long
wavelength one-photon confocal imaging can achieve greater than 1 mm imaging depth [35,36].
However, this does not consider the important differences in out-of-focus photobleaching and
photodamage, and the significant loss of fluorescence signal in confocal detection. While our
metric provides a quantitative assessment of the image quality (i.e., binary detection) in terms of
S and B, other factors must also be considered for the best imaging approach, particularly when
comparing between linear and nonlinear imaging modalities where the excitation confinement is
fundamentally different.

Interestingly, our metric R is similar to the SNR used by Sandison ez al. [8,9], although their
SNR was not derived based on a binary detection problem. Indeed, R is nearly the same as
Sandison’s SNR with the one difference being the factor of 2 in front of the B in our metric.
This factor of 2 can be intuitively understood as follows: to measure S one would need two
measurements, one with the object (S + B) and one without (B), and then subtract B from S + B.
Simple uncertainty propagation (assuming Poisson statistics) will show that the result would be
S + VS + 2B (signal + standard deviation), suggesting that our metric represents the effective
SNR that could actually be measured.

Our result also validates the arbitrary choice of SBR =1 for defining the depth limit when one
considers the decrease in R versus imaging depth with all else held the same. From our analysis
we found that a SBR below 2 marks the cutoff for when R will decrease more rapidly with depth.
Although not exactly SBR =1, this result is close to the arbitrarily set limit. Interestingly, a
similar argument can be carried out for Ca>* spike estimation with the @’ modified to include
SBR [19], in which case one finds that a SBR below unity marks the cutoff, matching the arbitrary
choice. Thus, the SBR limit, as defined by the rate of decrease in detection ability as a function
of depth, will depend on the specific detection problem at hand.

It is important to use a metric that is appropriate for the specific detection problem at hand.
For example, for a problem involving Ca>* spike detection, one should use d’ as this metric was
developed specifically for Ca?* imaging. For binary detection of an object, on the other hand,
one should use the BDF developed here. The BDF or d’ (or other metrics) should not be applied
universally, and specific metrics should be used for specific problems which they are designed for.
We also note that not only will the depth limit determined by the SBR change with a different
metric (such as d’ or BDF), but also the cross-over depth will change.

The fact that one universal metric, in terms of S and B, may not adequately describe the
detection quality of any detection problem can of course have implications in scenarios where
more than one detection problem needs to be applied. For example, in Ca®* imaging one first
needs to perform a binary detection problem to detect the neurons, and then once the neurons are
identified, needs to be able to detect spikes in time. This two-step process is most obvious in
schemes such as adaptive excitation [37]. Because of the multiple metrics in this problem, an
image which may be acceptable in one sub-problem may not be acceptable in the other, and the
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microscopist should take careful consideration of all sub-problems when evaluating systems in
these applications.

We also note that in many applications, and published images, many frames of the same
field of view are taken and averaged. Our theory can be extended to this case with some slight
modification. In many cases most images are viewed digitally meaning that averaging a certain
number of frames and summing the same number of frames look no different when displayed.
However, the latter case means that each pixel will behave with poison statistics, and our theory
can be used. We note there will now be an effective signal, S, = NS and effective background,
B,y = NB, where N is the number of frames added. Thus, we would have R.z = \/IT/R, and so R
would still provide a comparison provided that N is held constant.

The careful reader will note that we considered a pixel wise metric, that is to say a decision is
made at each pixel, in isolation from its neighbors, as to whether or not it contains an object. We
note that this mirrors a similar approach to binary optical communication where a decision is
made for every bit [20,21]. In imaging, the detection of object pixels from background pixels
using this approach is the same as hard thresholding an image (potentially with randomization).
While this is a somewhat simplistic view, it is sufficient for a relative comparison between images.
A better image should allow for more pixels to be correctly classified, and since we assume that
the only thing that changes between different imaging modalities is S and/or B, the comparison
of how many pixels are correctly classified provides a relative comparison of image quality. We
note that such a relative comparison is adequate for making decisions about which imaging
instruments (e.g., 2P or 3P imaging), dyes, and parameters to use.

Although the AUC is the most common metric for comparing ROC curves, it gives a global
metric [26,27]. When not all values of @ may be acceptable, one may want to consider instead a
partial AUC where only the area under the ROC curve in the acceptable range of « is considered
[26,27]. We note that such analysis could be carried out in a similar manner as presented here.

One could consider a more complicated case for detecting a group of pixels containing an
object. For example, for a bead of a pre-defined size one would have a circle of pixels that
contain an object. We note that this detection problem could also be combined with an estimation
problem (e.g., determining where the bead is centered in the image). We did not explore these
problems here since it is not needed in our pixel-wise approach and could be considered in future
work. We also note that this work did not consider multi-level detections, which could also be
examined in the future.
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