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1. Implementation Details
We captured scenes at a per-frame exposure of 1.16µs for
50 frames. The reason for capturing many frames with a
low exposure is a constraint on the dynamic range of our
sensor due to photon count overflow. The ADAPs sensor
used in this study cannot store more than 12 bits of photon
counts per time bin, per exposure. If more photons are de-
tected in a single time bin, the measured histogram will be
clipped to this maximum value. This poses an issue because
during capture of scenes with severe pile-up we will have
ambiguity with points that exceed this limit and we cannot
accurately measure variance of time of flight as required by
our pile-up correction method.

2. Glare Spread Function Details
Measurement To measure the GSF, we turned off the
laser of our LiDAR and used an IR flashlight at the same
wavelength (940nm). This allowed us to avoid the quan-
tization limit of our sensor by distributing the energy over
time, giving us a more accurate measure of the GSF. It addi-
tionally allowed us to remain well under the saturation limit
of our sensor and avoid non-linear behavior. By using a baf-
fle on the end of our flashlight, we could isolate the internal
multipath bounces and avoid noise from external multipath
bounces in the measurement environment. A small aperture
on the end of the baffle was used when measuring the GSF
to ensure that light from the flashlight was imaged onto at
most one pixel in the array. This also ensured that the in-
tensity was low enough to not completely oversaturate our
sensor (causing pixels to “shutoff”). To capture any spa-
tial variation of the GSF, we repeat this process to capture
GSFs at 49 locations within the LiDAR FOV. The setup for
capturing the GSFs can be found in Fig. 1.

Processing An analysis of our GSF characterization ef-
forts is shown in Fig. 2. Because our LiDAR is 1D ver-
tical scanning (with six rows of pixels switched on at a
time), there is a correlation between the transmitted pulse
and the received transient; this is why blooming artifacts ap-
pear as horizontal bands spanning six rows. Our method for
measuring the GSF does not produce this pattern because
the light is constant (not pulsed), and not scanned in sync
with row activations in the receiver array. Thus, to mimic
the effect of the scanning mechanism we only used a six-
pixel wide horizontal band of the measured GSFs centered
around the aggressor as depicted in Fig. 2. To normalize the
GSF consider the unnormalized (measured) GSF a and let
N =

∑
i ai be the total number of photon counts in a and

α, the outscatter ratio, be defined as:

α = 1− a0
N

(1)

where a0 is the number of photon counts in the pixel that
contains the GSF peak. The normalized GSF is given by:

â =

{
0 at GSF peak pixel
ai

αN elsewhere
(2)

We further weight the GSF by a distance dependent factor

ew||p0−p1||2 (3)

where p0 is the coordinate location of the GSF peak pixel
and p1 is the pixel being weighted. We set w = .01.

3. DSP Pipeline
Our approach follows a typical digital signal processing
pipeline that might be found in a commercial SP-LiDAR
(though these are typically proprietary so details may vary).
An overview of our pipeline can be found in Fig. 3. The de-
tails of peak finding and echo computation is given below.

Peak Finding We first locate peaks by taking the top n
highest count bins after convolving the signal with a kernel.
This kernel was measured from a scene containing a flat,
low-reflectance surface to avoid nonlinearities in the mea-
surement.

Echo Computation We take these n peaks and compute
the first three moments around some fitting window: total
measured counts, mean time of flight, and variance of the
time of flight. With these we can start to consider pile-up.

4. Pileup Correction
Photon pile-up occurs when incident flux is too high, lead-
ing to photon arrivals within a SPADs deadtime that are not
detected. This is a non-linear effect which poses a signifi-
cant issue because our method assumes a linear relationship
between the intensity of incident light and the number of
measured photon counts.

4.1. The Problem of Pileup Distortion
Retroreflectors cause extreme pile-up because of the inten-
sity of the return. The glare component, being significantly
weaker, does not see the same pile-up.



Figure 1. Our setup for capturing the GSFs. We include an image of the full setup as well as closeups of the baffle and aperture size. This
was recreated but is roughly the same distance apart as during the GSF captures. The same baffle and aperture was used during capture.

(a) (b) (c) (d) (e)

Figure 2. (a) Animation depicting our GSF acquisition setup. We used an IR flashlight with a small aperture and baffle to generate bright
points in the LiDAR field of view (FOV). To measure different locations we kept the flashlight at a fixed location and pivoted the LiDAR.
(b) A single measured GSF positioned at the center of the LiDAR FOV. The cropped inset depicts a horizontal band of the GSF. In practice
this band was used as a GSF to model the behavior of the scanning system of the LiDAR. (c) Horizontal cross section of the GSF depicted
in (b). Intensity is taken after background subtraction. (d) Log-scale surface plot of GSF. (e) Depiction of the spatial variation in GSF
shape. We recorded GSFs at 49 locations in the LiDAR FOV (all locations shown in inset).

Pile-up correction is a topic of current research and there
are methods to correct for it. Coates correction [2] is one
common method to address pile-up. Another more recent
method can be found in [5]. The issue with both of these
methods is they only correct pile-up in the scenarios where
some photons are detected in later bins, they assume there
is a bias that shifts the peak, but some parts of the signal
in bins later than the peak still exist. In the scenario where
pile-up is so extreme that no photons appear in later bins,
these methods do not work.

One way to avoid extreme pile-up and further mitigate
the overflow saturation as previously mentioned is to use
a neutral density filter. However, we found to effectively
mitigate pile-up effects with this approach we required an
extremely strong filter with a strength of OD 4.0 to atten-
uate the signal. This is not practical in a real deployment
scenario as the signal is too weak in even moderately noisy
conditions to rise above the noise floor. Thus, we provide a
method to mitigate pile-up that utilizes a pile-up corruption
forward model to populate lookup tables which can then be
used to correct the range-walk errors and intensity underes-
timation in extreme pile-up conditions.

4.2. Correction Method

To build these lookup tables lets first discuss the forward
model for pileup corruption.

Forward Model Consider some normalized transmitted
signal λ⃗s ∈ RT for T timing bins such that

∑T
i λ⃗s

i = 1

with some background noise λ⃗b ∈ RT where λb
i = 1

T , i.e.∑T
i λb

i = 1. Thus the incident signal is just a linear combi-
nation of the transmitted signal with the background:

λ⃗ = αλ⃗s + βλ⃗b = αλ⃗s +
β

T
(4)

where α is the number of signal photons detected and β
the number of background photons detected per-pulse when
summed over all time bins.

Because counts follow a poisson distribution under the
assumption there is no pileup we can say that the probability
of detecting ≥ 1 photon in bin i is pi = 1 − e−λi where
λi = αλ⃗s

i + β
T . Thus, if we consider the effect of some

dead-time D (given in number of bins) we can compute the
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Figure 3. Our DSP pipeline is typical of one likely found in commercial SP-LiDAR devices. Starting with raw histograms, peak finding is
done to determine echos. We then use the total photon counts, mean time of flight and time of flight variance of a fitting window around
the peak to perform pileup correction in the echo space. Finally, we perform glare removal as described throughout the paper.

Figure 4. This demonstrates the forward model as alpha and beta are varied and gives a heatmap for the variance lookup table.

E[detections in bin i] per pulse by:

qi(α, β, λ) = pi

(i−1) mod T∏
j=(i−D−1) mod T

(1− pj) = (1− e−λi)

(i−1) mod T∏
j=(i−D−1) mod T

e−λj (5)

To improve the numerical stability we compute the loga-
rithm of Eq. (5) as:

ln[qi(α, β, λ)] = ln(1− e−λi)−
(i−1) mod T∑

j=(i−D−1) mod T

λj (6)

Generate Lookup Tables We then create lookup tables
for the 0th, 1st and 2nd moments of a pileup corrupted sig-
nal which we will refer to as LUTγ LUTµ, LUTσ2 respec-
tively. To do this first we start with a pileup free signal, λk,
which we measured using a dark background.

We then compute q̂i = qi(α, β, λk,i), the pileup cor-
rupted waveform, for evenly spaced α ∈ [0, a] and β ∈
[0, b] and compute the LUT entries as LUTγ [α, β] =

∑
j q̂j

LUTµ[α, β] = µλ − µq where µq and µλ are the means
computed over some fitting window j around the peak of

the pileup corrupted waveform and the representative wave-
form (kernel) respectively. LUTσ2 [α, β] = σ2

q̂ where the
variance is computed over some fitting window around the
peak of the pileup corrupted waveform. See Fig. 4 for the
effects of varying α and β as well as a heatmap of the
LUTσ2 . See Fig. 5 for a more detailed view of the LUTσ2

and LUTγ under varying α and β.

Pileup Correction Once we have these lookup tables we
can correct for pileup in a measured signal λm. First, con-
sider a typical signal processing pipeline for SP-LiDARs
where we would first perform some kind of peak detection
and get n peaks/pixel (referred to as “echos” in the litera-
ture). For each of these echos we can compute the statistics
(total energy, variance and mean) of some fitting window
around the peak (typically the same size as what is used in
the LUT creation) to get some γm, σ2

m, µm.
We compute the average measured background βm as the

mean of the last 557 bins (note that with the limited depths
in the scene these bins only contained background counts).
With βm and σ2

m we can first find the corresponding row in
our lookup table LUTσ2 [:, βm] and find the closest fitting α



Figure 5. The top row shows the change of total energy and variance as alpha is varied. Two things to note here are that as alpha goes up,
variance decreases. The same happens with total energy, we expect linear behavior as in the blue curve, but due to pileup and dead-time
effects we get nonlinearities as depicted in the orange curve. Our pileup correction method recovers this linear behavior. For the bottom
row variance increases as background counts begin to dominate the signal and energy decreases due to dead-time effects. Photon counts in
the we are computing the energy on are lost due to background photons causing a deadtime to occur before the signal reaches the sensor.

(which we will call αm) using interpolation or some search
method like binary search. With βm, αm we can then cor-
rect the mean shift (Fig. 6) by

µ′
m = µm + LUTµ[αm, βm] = µm + µλ − µq (7)

and the total energy by

TE′
m = α · (#pulses). (8)

Doing this for each of the n echos gives us n pileup cor-
rected echos and fits into traditional DSP pipelines. We
will also use γ′ = LUTγ [αm, βm] for computing expected
glare. See Fig. 7 for a comparison of our method with and
without pileup correction.

5. Our Method
Once we have echos that are pile-up corrected we can move
to the glare removal part of our pipeline.

Band Size While in theory (according to provided docu-
mentation) a 6 row band would be optimal, we found that
in practice a larger band size worked better so we extended
this to 17 rows.

EigenCWD Details To address the spatial variance of the
GSFs, one could naively interpolate the remaining GSFs,
this however would require a massive 49152x49152 array
which would be computationally expensive. To get around
this we took inspiration from [7]. Instead of interpolating



Total Energy
Before Correction - 7.56e+06
After Correction - 2.93e+07

Figure 6. This shows the histogram under pileup corruption from a real capture with a stop sign. This is still with a relatively strong ND
filter, with no ND filter the pileup may be too high for this method to work. You can see though that there is a mean shift and energy
correction to this pileup corrupted waveform.

Figure 7. Here is a demonstrated use case of this method. The middle image depicts glare correction without pileup correction and the
right image with pileup correction. As you can see points around the stop sign are not corrected due to the distortion caused by pileup.

the array, we store the weights (computed by the inverse
square of this distance to an unmeasured point) for each of
the 49 GSFs giving us a much more compact 49152x49 size
array. We then computed the expected glare at some pixel
u, v coming from another pixel at u′, v′ using a normalized
weighted sum of the measured GSF, ĜSF , as

E[G(u,v)] = ĜSF (u′,v′) · γ′
(u′,v′) (9)

where γ′ is from Sec. 3
Because this weighted average requires shifting the

GSFs, the borders may be unmeasured, to account for this,
rather than zero padding, we expanded the borders using the

same distance weighted exponential as in Eq. (3) with the
base value determined by the pixels at the edge of the pad
region.

Background Determination We computed the back-
ground the same as in Sec. 3 but we further set a minimum
background of 53 photons to account for higher background
counts in earlier bins due to effects such as afterpulsing.

Depth Determination After computing the negative log
liklihood, one may notice that echos with measured counts
well under the expected glare are treated similarly to points



with measured counts well above the expected glare. To
solve for this we zero out points that are below the ex-
pected glare. Because we also zero out points that are be-
low 5σ of the expected background, in the event that all
peaks are zero’d out, we instead retain peaks that are be-
low the expected glare and weight them by the sigmoid of
countsmeasured−E[Glare]

T with T = 90. The echo with the
highest confidence is then selected as the depth.

6. Retroreflector Analysis
Early on in this work we examined how different retrore-
flector characteristics effected glare. We looked at retrore-
flector sizes, distances and colors.

Size The size of the retroreflector directly contributes to
the extent of the glare. Each pixel that contains a retroreflec-
tor element not only contributes to the glare of pixels out-
side the retroreflector but also other adjacent pixels on the
retroreflector. This is part of the reason pile-up was so prob-
lematic. In theory, every scene element would contribute
some glare, in practice, elements that do not cause strong
returns have a low enough probability of causing glare that
it is usually not detected. However, even retroreflective el-
ements that spanned a single pixel we noticed caused some
glare in adjacent pixels demonstrating the high intensity of
these returns.

Distances Distance is less interesting, as it simply follows
the inverse square law of intensity falloff. But again, dis-
tance is important when considering the need to mitigate
pile-up.

Color We tried multiple colors of retroreflectors (yellow,
red, orange, white) and multiple colors were demonstrated
in our results. We found color had negligible effects and
thus we did not perform an ablation study for this.

7. Photographic De-glare Method
7.1. Pileup-free Measurement Model
When pileup is minimal, measurements collected by a Li-
DAR with a camera-like receiver are well modeled by Eq. 2
of the main text. If the GSF is known, the uncorrupted dat-
acube x can be recovered from measurements y by solving a
linear inverse problem. Furthermore, because the GSF is ef-
fectively time-independent, we can solve for each time slice
of the datacube independently. This allows us to reduce the
large problem of inferring a three-dimensional data volume
from three-dimensional measurements, to a set of smaller,
two-dimensional image recovery problems.

We write down a discrete version of Eq. 2 in the main
text:

yt = Axt + η (10)

Here yt, xt ∈ RMN are M × N pixel images that cor-
respond to time slices of the measured and uncorrupted dat-
acubes, respectively, at time t. η ∈ RMN is a random noise
vector, which we assume follows a noise distribution that
is independent of t. The GSF is represented by the matrix
A ∈ RMN×MN .

7.2. Fast Glare Removal with Sharpening Operator
We use a single-step glare removal method originally pro-
posed by Talvala et al. [4] for glare removal in high dynamic
range photography. We use the method to remove glare
from individual time slices of a LiDAR datacube, which we
treat as still images. The single-step glare removal method
is similar in spirit to sharpening operators used in image
processing [3]—that is, an approximate inverse that can be
applied to an image in minimal computation time. Although
iterative optimization methods in theory provide accurate
solutions, they are arguably too computationally intensive
to provide real-time de-glaring in such scenarios. While the
quality of de-glared images produced using single-step de-
glare operators may suffer relative to those produced using
iterative optimization, our ultimate goal is not to produce
clear images, but rather to suppress glare signals that might
otherwise be interpreted as real objects in the scene. We
will show that, when pileup distortion is not severe, our ap-
proximate de-glare operators are effective at accomplishing
this task.

To construct the de-glare operator, we first deconstruct
the GSF into two components: an identity matrix that ac-
counts for unscattered light, and a second operator B that
accounts for light scattered away from the intended pixel:

A = (1− α)I+ αB. (11)

Here α quantifies the fraction of light scattered away
from the uncorrupted image.1, with 0 ≤ α ≤ 1. All en-
tries of B are positive, and all columns of B sum to one–i.e.∑

i Bij = 1 for all columns j–which ensures that A con-
serves the energy of the uncorrupted image.

We construct the following glare removal operator S
from components of the GSF, and apply it to measurements
yt to obtain the approximate solution x̂

(S)
t :

x̂
(S)
t = Syt = [(1 + α)I− αB]yt. (12)

The operator S subtracts the unwanted glare component
while simultaneously scaling the input image to account for
light lost due to outscatter. Like A, the columns of S sum to

1For notational simplicity, we’ve assumed the fraction of outscattered
light is the same for all image pixels. To account for variable outscatter
fractions, we could define a vector α̃ of same length as xt, and replace Eq.
11 with A = diag[1− α̃] +B diag[α̃]



1, and S is energy-conserving. The errors in x̂
(S)
t scale with

α2, and so we expect x̂(S)
t to be a reasonable approximation

when α is small. Importantly, x̂(S)
t can be evaluated with a

single matrix-vector product, which requires significantly
less computation time that an iterative solver.

The evaluation of x̂(S)
t can be sped up further by assum-

ing that the GSF is shift-invariant, which is often approx-
imately true–particularly at the center of the lidar field of
view. In this case, the matrix B becomes the convolutional
kernel b, and the de-glare operator can be written as

x̂
(S)
t = (1 + α)yt − α (b ∗ yt) (13)

7.3. Experimental Details
For evaluating the PDG method we needed to use an ND
filter, however, because the lens on our ADAPs evaluation
kit is not replaceable we needed to mount the filter over the
lens. It is worth noting that we mounted the ND filter in
front of the transmitter, not the receiver, as mounting it in
front of the receiver would alter the GSF that was measured
without use of the ND filter. The filter caused significant
crosstalk between the transmitter and receiver, so we used
a crosstalk barrier. The ADAPs kit comes with a crosstalk
barrier which we extended with a small piece of black foil.

This foil was within the FOV of the sensor thus when
applying any method we first zeroed out the borders so this
did not impact the glare removal process. Additionally, we
cropped out these regions for the figures. We used the same
cropped region for the scenes with multiple retroreflectors.

7.4. De-glare Operator Computation
To generate the convolutional version of the de-glare oper-
ator described in Eq. 13, we use only one GSF, captured at
the center of the lidar FOV (see Fig. 2b,c,d). The unnormal-
ized GSF a can be decomposed as

a = N [(1− α)ê0 + αb] , (14)

where N =
∑

i ai is the total number of photon counts
in the measured GSF, ê0 is a one-hot vector that equals 1 at
the pixel that contains the GSF peak and 0 elsewhere, b is
the convolutional kernel described in Eq. 13, and α is the
outscatter ratio from Eq. 13.

The outscatter ratio α can be computed as follows:

α = 1− a0
N

, (15)

where a0 is the number of photon counts in the pixel that
contains the GSF peak. The convolutional kernel b can be
computed by taking the vector a/N and setting the entry of
the GSF peak pixel to zero, i.e.

bi =

{
0 at GSF peak pixel
ai/N elsewhere

(16)

7.5. Bias Introduced by De-glare Operator
The de-glare operator S introduced in Sec. 7.2 of is not
a true inverse, and so will introduce bias in the recovered
frames. The relationship between the true, uncorrupted im-
age xt and its estimate x̂

(S)
t can be obtained by plugging

the expression

ŷt = Axt = (1− α)xt + αBxt. (17)

into Eq. 12. When we do so, we obtain the expression

x̂
(S)
t = xt − α2 (I−B)

2
xt, (18)

which consists of the true image and an additive bias
term. Inspection of Eq. 18 shows that the bias scales as a
function of α2 and (I−B)

2. Thus, the bias will remain
small when the outscatter fraction α is small. The bias is
also strictly negative (assuming xt is strictly positive), and
takes the form of (I−B)

2
xt.

When the convolutional form of the de-glare opera-
tor (Eq. 13) is used, additional bias will be introduced.
The severity of this bias will be low if the GSF is well-
approximated as shift-invariant, and should increase with
the degree to which that assumption is violated.

8. Baseline Implmentation Details
Because we only have one baseline to compare to it is worth
going into greater detail about the implementation and how
we reconstructed their method. Following [1], we imple-
ment a learning-based method that predicts per-pixel glare
likelihoods. Let H ∈ RH×W×T denote the input histogram
volume (we use T=672 time bins). We extract a depth-
index map t̂ ∈ {0, . . . , T−1}H×W and an intensity map
I ∈ RH×W via

t̂ij = argmax
k

Hij[k], (19)

Iij = Hij[t̂ij ]
. (20)

GSF fitting. Given a transient histogram volume H ∈
RH×W×T containing real-world glare artifacts, we first
project it to a per-pixel depth map D ∈ RH×W and in-
tensity map I ∈ RH×W . In contrast to [1], which operates
directly on linear intensities I , we work in the log2-intensity
domain, since the intensity contrast between retroreflectors
and background spans several orders of magnitude, making
a direct exponential fit in linear space unstable. For each
row containing an “aggressor” region (retroreflector pixels),
we collect tuples (∆x, log r, w), where ∆x is the lateral dis-
tance from the aggressor edge, w is the aggressor width for
that row, and

log r = log2

(
Ipixel

Ipeak

)
(21)



is the log-intensity ratio relative to the aggressor peak. Ag-
gressor pixels themselves are excluded via a log-intensity
threshold.

We normalize the distance by the aggressor width, x =
∆x/w, aggregate all samples across rows, and fit a low-
order polynomial p(x) in the natural-log domain of the in-
tensity ratio by solving

min
p

∑
i

(
p(xi)− ln ri

)2
, (22)

where ln ri = log ri · ln 2. This yields a smooth decay func-
tion r̂(x) = exp

(
p(x)

)
defined over x ∈ [0, 1].

Synthetic data generation. During synthesis, the glare
intensity along each row is regenerated by evaluating the
learned decay r̂(x) (with x denoting the normalized lat-
eral distance) and scaling the saturated retro intensity ac-
cordingly, while keeping the depth constant inside the glare
band:

Iglare(x) = Iretro · r̂(x), (23)
Dglare(x) = Dretro. (24)

This procedure produces synthetic depth and intensity
maps, Dsynthetic ∈ RH×W and Isynthetic ∈ RH×W , that con-
tain the synthetic retroreflector and its glare artifacts.

Network and training. We adopt a lightweight Squeeze-
SegV2 [6] backbone that takes the two-channel tensor
[Dsynthetic ∥ Isynthetic] ∈ RH×W×2 as input and outputs a bi-
nary glare likelihood map. The network is trained with
class-balanced BCE-with-logits loss using Adam and a
cosine-annealed learning rate schedule. We employ only
horizontal/vertical flips as data augmentation. The model is
trained for 50 epochs with a batch size of 4 on a dataset of
300 synthetic samples.

Inference and histogram-domain suppression. Since
[1] outputs a glare-probability map P ∈ [0, 1]H×W , we
extend this baseline to the transient-histogram domain to
enable a fair comparison with our method, which requires
restoring the original depth and intensity maps from glare-
corrupted data. Specifically, for any pixel whose confidence
exceeds a fixed threshold (Pij ≥ τ , with τ = 0.5), we
suppress the corresponding histogram bins within a full-
width-at-half-maximum (FWHM) window centered at the
estimated time bin t̂ij . Throughout our experiments, we set
FWHM = 10 time bins, matching the temporal FWHM of
the emitted laser pulse in our LiDAR system and assuming

it remains unchanged after reflection. Formally,

H ′
ij[k] =

{
0, if

∣∣k − t̂ij
∣∣ ≤ FWHM

2 and Pij ≥ τ,

Hij[k], otherwise.
(25)

The resulting histogram H ′ is thus “glare-cleaned,” in the
sense that glare contributions are nulled while the rest of
the temporal response remains intact.

Comparison to Our Method One major downside to this
method is, as discussed in the main paper, that it operates in
the depth map space which may be too late. Signals masked
by glare may have already been removed during the post-
processing required to transform histograms to depth maps.
Another downside is that this method requires retroreflec-
tive elements to be geometries that can be easily modeled
parametrically (e.g. octagons, rectangles, circles). Objects
with more complex geometry such as the cones and drums
we tested underperformed. Finally, this method assumes a
single retroreflector in the scene and does not adapt well
to scenes with multiple retroreflectors, unlike our approach
which is scene independent.
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