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ABSTRACT Ultrafast time-compressive CMOS image sensors based on multitap charge modulators can
capture light-in flight using coded exposure masks on the focal plane. Transient images can then be
reconstructed using iterative methods or deep learning models. Although the image sensor is based on
indirect time-of-flight (ToF) image sensors, the reconstructed images are equivalent to those captured by
direct ToF (D-ToF) image sensors. Important design parameters of the image sensor include the pixel block
size and the number of taps of the charge modulator. Several constraints regarding the charge transfer of
the multitap charge modulator, the hamming distance between exposure codes at adjacent timings, and
the minimal time window duration must be considered when designing exposure codes. The influence of
these factors on the fidelity of the reconstructed images is analyzed numerically. The results show that
a pixel block size of 4 × 4 is optimal and that four or more taps are required for light detection and
ranging (LiDAR) applications when 32 transient images of light-in flight are reconstructed. To demonstrate
LiDAR in a scene with multipath interference, two objects were observed through a weakly diffusive sheet.
The temporal resolution, as defined by the clock period of the exposure codes, was 1.65 ns. Multiple
reflections were reconstructed using an iterative method (TVAL3) and a deep learning model (ADMM-Net).
Although the waveforms of optical pulses reconstructed by TVAL3 are distorted, the amplitudes are more
accurate. Conversely, althoughADMM-Net reconstructs sharper optical pulses, the amplitudes are inaccurate.
To achieve the shorter temporal resolution required for time-resolved diffuse optical tomography (DOT) and
fluorescence lifetime imaging (FLIm), the feasibility of heterodyne compression was demonstrated through
simulation.

INDEX TERMS CMOS image sensor, compressive imaging, computational photography (CP), multitap
charge modulator, transient imaging.

I. INTRODUCTION

TRANSIENT imaging of light-in flight has a variety
of applications of quantitative imaging applications,

such as light detection and ranging (LiDAR) [1], [2], [3],
time-resolved diffuse optical tomography (DOT) [4], and

fluorescence lifetime imaging (FLIm) [5]. In these applica-
tions, a camera emits short optical pulses with a duration
ranging from subnanoseconds to nanoseconds and captures
transient images of reflected or fluorescent light from a scene
or a sample as their impulse response. This impulse response
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FIGURE 1. Two types of time-resolved photodetectors (a) SPAD and (b) charge
modulator. Stg: storage.

contains plenty of information. In LiDAR, the optical impulse
is only shifted by time of flight (ToF) in a simple scene.
ToF is proportional to the target distance or depth. How-
ever, multipath interference caused by scattering andmultiple
reflections can widen and distort the pulse, or increase the
number of reflected pulses at different distances [6], [7],
[8]. In such cases, acquiring detailed waveforms is crucial
for accurately estimating depths. DOT estimates 3-D optical
parameter maps of absorption and reduced scattering coeffi-
cients from the waveforms of the measured reflected light.
The delay of the reflected light depends on the separation
between the light source and detector, as well as the optical
parameters. The time range of the optical signal in DOT is
typically less than a few nanoseconds. FLIm measures the
exponentially decaying fluorescence light of fluorophores,
which is influenced by their microenvironments, e.g., temper-
ature, pH, and ion concentration. The fluorescence lifetimes
of endogenous fluorophores excited by light in the range from
near-ultraviolet to blue are typically around one to several
nanoseconds. Therefore, themeasured time range is from tens
to a hundred nanoseconds.

For ultrafast time-resolved imaging, two types of photode-
tector are used: 1) the single-photon avalanche diode (SPAD)
[9], [10], [11], [12], [13], [14], [15], [16], [17], [18], [19];
and 2) the multitap charge modulator [20], [21], [22], [23],
[24], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34],
[35] (Fig. 1). SPADs convert a single incident photon into a
digital pulse [Fig. 1(a)]. This enables high photosensitivity
and high temporal resolution to be achieved simultaneously.
The charge modulator resembles a basic CMOS image sen-
sor pixel using a pinned photodiode [or a photogate (PG)]
and a floating diffusion amplifier [36], [37]. This converts
incident photons to electrons, which are transferred to one
of the charge storage memories by applying time-window
functions G1–G4 to the gates [Fig. 1(b)]. A pair of a gate
and a storage memory is referred to as a tap. Many types of
chargemodulator have been developed, including those based
on PGs [20], [21], [22], transfer gates [23], [24], [25], [26],
[27], current-assisted photonic demodulation [28], [29], and
lateral electric field charge modulation (LFEM) [30], [31],
[32], [33], [34], [35]. Note that the chargemodulator performs
low-level signal processing, namely, correlation between a
time-window function and a temporal input optical signal,

FIGURE 2. Implementations of LiDAR. (a) D-ToF, (b) PM I-ToF, and (c) our
pseudoD-ToF that uses a PM I-ToF image sensor but can reconstruct waveforms
equivalent to those obtained by D-ToF image sensors.

in the charge domain. Therefore, no processing circuit is
required in the pixel, leading to small pixels or a high pixel
count.

LiDAR image sensors are generally categorized as either
direct ToF (D-ToF) or indirect ToF (I-ToF). In D-ToF, short
optical pulses are emitted, and SPADs detect their arrival
time. Incident light waveforms are then reconstructed using
time-correlated single-photon counting (TCSPC) [Fig. 2(a)]
[38]. The bin size of the histogram defines the time resolution.
Interpolation in peak position detection can further improve
peak position accuracy [14]. One drawback of D-ToF is the
circuit area required, particularly for multibit memory. For
example, a 10-bit memory composed of D-latches or D-flip-
flops consumes a significant amount of area in each pixel.
Therefore, fully pixel-parallel TCSPC with many bins is
challenging.

On the other hand, I-ToF does not measure the optical
waveform directly, but the correlation between the incident
light waveform and the time-window functions applied to the
gates (G1–G3) [see Fig. 2(b)]. The ToF is then calculated
using the detected pixel values. I-ToF can be further catego-
rized as the amplitude continuous wave (AMCW) method or
the pulse modulation (PM) method. This article only consid-
ers the PM I-ToF due to its similarity to D-ToF.

Charge modulators are well-suited to I-ToF image sensors,
as the correlation between the optical signal, or photocurrent
signal, and the gate signal can be performed without any
in-pixel processing circuits, as mentioned above. Therefore,
the pixel count of I-TOF image sensors is much higher than
that of D-ToF image sensors. However, the optical waveform
detail is lost during measurement because the time-window
functions for the gates in I-ToF are much wider than the bin
width in D-ToF, and the number of gates is limited (typically,
2–4). To achieve transient imaging with I-ToF image sensors,
additional scanning is required [6], [7], [39], which is not
suitable for observing dynamic scenes.

If you need to read out the arrival time of every single
photon to the off-chip with an extremely low latency, SPADs
are the only solution. However, in most imaging applications
such as LiDAR, DOT, and FLIm, measurement accuracy and
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precision are limited by photon shot noise, and nanosecond
or microsecond latency is not required. If more than, e.g.,
a hundred photons or photogenerated electrons are necessary
and a latency of more than a millisecond is acceptable, the
benefits of a multitap charge modulator, namely, small charge
memory size, high photon rate tolerance, and lower operating
voltage, are significantly useful in terms of fabrication cost
and device reliability.

The capability of charge modulators to perform low-level
correlation operations is closely linked to computational pho-
tography (CP). In CP, images are captured after modulation
or coding, and more information is reconstructed than in
conventional photography, such as depth, wavelength, and
light field. Compressive sensing (CS) [40], [41], [42] is one
of the most important signal compression and reconstruction
schemes in CP. In CS, an optical input signal is multiplied by
random binary codes in the optical domain or on the image
sensor, and the result is summed up to obtain the measured
signal. This process is equivalent to the inner product or
correlation between the optical signal and the code. When
the dimension or total number of measured data points is
smaller than that of the input signal, the reconstruction of
the input signals becomes ill-posed. However, if the input
signal is sparse, the original signal can be reconstructed from
the measured signal. Since charge modulators can perform
the necessary correlation between the optical signal and the
applied code at each pixel, specialized CMOS image sen-
sors for CS have been developed. One typical application is
compressive video [43], [44], [45]. In [45], multiple optical
images are multiplied pixelwise with multiple spatially coded
random masks using a one-tap or two-tap charge modulator
so that one compressed image is read out.

As the signal reconstruction process for CS relied on
iterative optimization methods, it was time-consuming and
not suitable for real-time processing. However, thanks to
significant recent progress in deep learning, real-time recon-
struction of compressive video has become possible [46], and
the accuracy of the reconstructed images has significantly
improved [47], [48].

We have developed ultrafast time-compressive CMOS
image sensors for transient imaging with high temporal res-
olution and pixel count. These sensors are based on the
multitap charge modulator and perform focal-plane temporal
CS [49], [50], [51], [52], [53], [54], [55]. To reduce circuit
complexity, the same exposure codes are applied repeatedly
in space. A group of pixels, to which a repetition unit of the
exposure codes is applied, is referred to as a pixel block. Thus,
the pixel array is composed of pixel blocks, all of which are
subjected to the same exposure codes. While the function
of these image sensors is similar to that of compressive
video image sensors, the time scale is completely different.
The time resolution is in the nanosecond regime or shorter,
realized by an ultrafast correlation operation with a multitap
charge modulator. Fig. 2(c) shows our compressive method,
which we call pseudo D-ToF. These image sensors are based

FIGURE 3. Image acquisition and reconstruction.

on I-ToF image sensor technology. However, they enable
us to reconstruct the original optical waveforms, which is
the most important feature of D-ToF image sensors. Unlike
conventional I-ToF, our method uses random exposure codes,
although regular periodic time windows are used in conven-
tional I-ToF. Our CS-based image sensors benefit from the
advantages of both I-ToF and compressive video sensors.
Therefore, a small pixel size, a high pixel count, and real-time
signal reconstruction are possible. The spatiotemporal sam-
pling efficiency of the compressive method is compared with
D-ToF image sensors in [53]. Furthermore, as image acquisi-
tion is conducted in a single shot, no motion artifacts occur.
Consequently, our time-compressive image sensors are ideal
for observing dynamic scenes.

In this article, the performance of ultrafast time-
compressive CMOS image sensors for transient imaging
is numerically evaluated for several coding schemes to
clarify how to determine the pixel block size and how
the coding scheme influences the reconstruction quality.
In Section II, the architecture and fundamental operation of a
time-compressive CMOS image sensor for transient imaging
are explained. The operational constraints of these sensors
are mentioned. In Section III, CS, signal reconstruction, and
exposure code generation methods are briefly explained.
In Section IV, how to determine the two important design
parameters, namely, pixel block size and the number of
taps, is discussed in terms of reconstruction error. Section V
provides demonstrations of compressive LiDAR and com-
pressive FLIm by experiments or simulations. For FLIm,
heterodyne compression is introduced to improve temporal
resolution.

II. CHARGE-DOMAIN TIME-COMPRESSIVE CMOS
IMAGE SENSOR
A. OVERALL SYSTEM AND TRANSIENT IMAGE
COMPRESSION
Fig. 3 illustrates the process of image acquisition and
reconstruction. The ultrafast time-compressive CMOS image
sensor, which is based on amultitap chargemodulator, detects
and compresses light-in flight. The compressed images, in a
number equal to the number of taps, are then read out. Finally,
the transient images are reconstructed by a decoder. In this
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FIGURE 4. Multitap charge modulator-based focal-plane image compression. The
number of taps is four.

FIGURE 5. (a) Image sensor architecture of ultrafast time-compressive CMOS
image sensor. PLL: phase locked loop. ADC: analog to digital converter. (b) Pixel
block structure.

process, the image sensor acts as an encoder. Iterative meth-
ods or deep learning-based algorithms are used as a decoder.

In compressive video, L binary random-coded masks are
prepared to compress the optical signal. The optical distribu-
tion on the image sensor at a given moment is multiplied by a
codedmask in a pixel-wise operation. The codedmask is then
sequentially changed until all L masks have been applied,
and the pixelwise products are summed up over an exposure
time to generate a pixel value. Finally, the compressed image
is read out. This single-tap method is extended to multiple
taps to compress more images or to improve the fidelity
of reconstructed images in the ultrafast time-compressive
CMOS image sensors. As depicted in Fig. 4, multiple sets of
coded masks are used. Here, M sets of coded masks (i.e., M
taps) are assumed so that M compressed images can be read
out.

B. SENSOR ARCHITECTURE
The ultrafast time-compressive CMOS image sensor is sim-
ilar to conventional I-ToF image sensors in most respects,
except for the block structure of the pixel array and the coded
exposure controller (see Fig. 5). The image sensor operates in
global shutter mode. Therefore, the exposure and image read-
out periods are separate. The pixel array comprises an array of
pixel blocks, each ofwhich is composed ofN subpixels. Since

FIGURE 6. Block diagram of coded exposure controller.

FIGURE 7. Timing chart for ultrafast time-compressive CMOS image sensor.

the pixel uses an M -tap charge modulator, N × M exposure
codes are applied to each block simultaneously during the
exposure period. For example, when N = 2 × 2 and M =

4, 16 exposure codes are available, and these are applied to
all blocks.

Figs. 6 and 7 show a simplified block diagram of the
coded exposure controller and a timing chart, respectively.
The coded exposure controller is equipped with exposure
code memories. The maximum number of coded masks for
each tap is denoted by LMAX. As shown in the figures, the
codedmasks are stored for each tap so thatM ×N channels of
exposure code memories are prepared. For each channel, the
exposure code is stored in bytes. The register ECLEN defines
the number of coded masks in bytes and is configured via
the serial-to-parallel interface 2 (SPI2). If L-coded masks are
applied, ECLEN is set to L/8-1 (if ECLEN is 0, eight masks
are applied). Exposure codes are written to the exposure code
memory via SPI1. The capture start/stop controller controls
exposure. In the standby state, the capture start trigger (TRG)
and the capture ready signal (RDY) are low and high, respec-
tively. Once TRG turns high, RDY turns low, and one byte
of the exposure codes is read out to the shift registers at a
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FIGURE 8. One-tap charge modulator with a drain. (a) Schematic and (b) potential
diagram.

time in parallel at each channel, controlled by the code fetch
signal (FETCH). The memory address signal (ADR) counts
up from 0 to (L/8)-1. Then, the codes in the shift registers
are read out serially for all M × N channels in parallel.
This architecture is ideal for high-speed, low-power operation
because the maximum operating speed is largely determined
by the simple shift registers. In one cycle, L-coded masks are
read out. If TRG is high at the end of the cycle, the next cycle
begins. Otherwise, exposure ends, and RDY returns to high,
indicating the standby state. Then, the captured images are
read out. A SYNC signal is output at the beginning of each
cycle and is used to TRG the emission of pulsed light.

C. MULTITAP CHARGE MODULATORS
The principles and implementations of multitap charge mod-
ulators are summarized briefly here. Fig. 8 shows the
schematic and potential diagram of a one-tap charge mod-
ulator with a drain that can be considered a two-tap charge
modulator with one output. As shown in Fig. 8(a), the tempo-
ral photocurrent signal x is generated from an incident optical
signal. The amount of charges q flowing into the capacitor is
given by the correlation between the photocurrent x and the
temporal exposure code a, which gates the photocurrent. Core
processing of correlation involves multiplying two functions,
x and a, and integrating them, which is performed by the
charge modulator. Note that the generation of a and the signal
readout are conducted by peripheral circuits outside the pixel
array.

This function can be embodied by a photonic device, the
potential diagram of which is depicted in Fig. 8(b). A storage
memory and a drain are placed beside a photodiode. The
potential heights between the photodiode and the storage
memory (or the drain), referred to as gates, are modulated
according to the exposure code a, which is typically binary
because accurate analog modulation is challenging due to the
pixelwise variation of gates’ potential heights. The photocur-
rent blocked by the gate in Fig. 8(a) is transferred to the drain,
which is connected to a constant voltage. The inversion of the
exposure code is applied to the drain gate.

FIGURE 9. Four-tap charge modulator without a drain.(a) LEFM-based pixel
structure and (b) schematic. FD: floating diffusion. VRST: reset voltage. VDD: power
supply voltage. RST1-2: reset signals. SEL1-2: select signals. VOUT1-2: output
signals.

Each tap consists of a charge memory and a gate. Preparing
multiple taps for a photodiode realizes a multitap charge
modulator. Fig. 9(a) shows an example of a four-tap charge
modulator based on LEFM. The gate signals (G1–G4) control
the charge flow. Only one tap can be activated at a time in the
multitap charge modulator to avoid uncertain charge transfer
to multiple taps, as shown in Fig. 9(b). There are options for
the charge storage device and the drain. The charge modu-
lator in Fig. 9(a) has no dedicated drain; it stores charges
in the floating diffusion. To perform true correlated double
sampling (CDS) to eliminate reset noise and to share the read
and reset circuits to reduce pixel size, a pinned storage diode
or storage gate is used for charge storage [21], [22], [25],
[33], [34]. If the pixel has no drain, charges generated dur-
ing the image readout period will overflow and contaminate
signals in storage memories. For PM I-ToF image sensors,
multitap charge modulators with a dedicated drain have been
developed [26], [27], [30], [31], [32], [33], [34], [35], which
are also effective at suppressing ambient light. To extend the
measurable range, six-tap and eight-tap charge modulators
have been developed [35], [56], [57].

D. CONSTRAINTS ON EXPOSURE CODES
Due to the electrical and device limitations of the ultrafast
time-compressive CMOS image sensor, several constraints
must be considered when designing exposure codes. There-
fore, it is not always possible to apply arbitrary or theoreti-
cally optimal codes.

1) Tap Constraint: Only one tap, including the drain, can
be activated in each pixel.

2) Hamming Distance Constraint: The maximum ham-
ming distance between the exposure codes at adjacent
timings is limited.

3) Time-Window Constraint: The minimal time window
duration for both on and off is limited.

These constraints are caused by: 1) multitap charge mod-
ulators; 2) the IR drop of the drivers’ power supply lines;
and 3) the speed of the drivers and modulators, respectively.
The influences of these constraints will be discussed via
simulation in Section IV.
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III. IMAGE ACQUISITION AND RECONSTRUCTION
BASED ON CS
A. COMPRESSIVE SENSING
Because optical signals received by the image sensor in the
short pulse-based LiDAR are very sparse, we can compress
the signal in the physical domain based on the CS. Themathe-
matical representation of CS is summarized below. When we
consider an α-dimensional column vector x, an β × α matrix
A, and an β-dimensional column vector y, the relationship is
denoted by

y = Ax. (1)

Note that x is the original temporal optical signal, and y is
the signal measured through a known measurement matrix
A. When α > β, the original signal x is compressed. We can
reconstruct the original optical signal x by solving an inverse
problem from y and A based on a sparsity constraint. Sparsity
means that most elements of x or 8x (8 is any α × α

transformation matrix) are zero, and only a limited number
of the elements have nonzero values. A describes the spatial
point spread function of imaging optics, exposure codes, and
temporal responses of the image sensor and the light source.

B. FORWARD MODEL OF IMAGE ACQUISITION
The signal compression performed by the spatiotemporal
compressive CMOS image sensor can be formulated as fol-
lows [55]:

p (X ,Y , i)

=

∫∫
S(X ,Y )

∫
{SR (x, y, t) ∗ l (t) ∗ PSF (x, y) ∗ hPD (t)}

⋆
{
hi (t) ∗ gX ,Y ,i (t)

}
dtdxdy. (2)

The operators ∗ and ⋆ represent convolution and cross cor-
relation, respectively. X and Y are the subpixel indices, and
i is the tap index. S(X ,Y ) is the area of the pixel (X ,Y ).
SR(x, y, t) is the reflected optical signal on the image sen-
sor and corresponds to the scene’s impulse response to be
captured. p(X ,Y , i) is the pixel value for tap i of the pixel
(X ,Y ). Temporal light source waveform, l(t), a spatial point
spread function of imaging optics, PSF(x, y), the response of
a photodiode, hPD(t), an exposure code at tap i of the pixel
(X ,Y ), gX ,Y ,i(t), and the temporal response of tap i, hi(t) are
considered in (2). The overall flow is shown in Fig. 10, where
hi(t) and hPD(t) are summarized as hi(t).

Equation (2) is transformed as follows:

p (X ,Y , i)

=

∫∫
S(X ,Y )

∫
SR (x, y, t) · IRFX ,Y ,i (t) dtdxdy (3)

IRFX ,Y ,i (t)

=
{
gX ,Y ,i (t) ∗ hi (t)

}
⋆ {l (t) ∗ PSF (x, y) ∗ hPD (t)} (4)

where IRFX ,Y ,i(t) is the instrumental response function at the
tap of the pixel (X ,Y ) for a given exposure code. IRFX ,Y ,i(t)
is described further in (4)

FIGURE 10. Forward model of ultrafast time-compressive CMOS image sensor. ‘‘s’’
and ‘‘t’’ under the operators mean spatial and temporal, respectively. • is a
correlation operator, which is shown as an integral product in (2) and (3).

Equations (3) and (4) are represented by a matrix A,
as shown in (1). The scene’s response x is compressed to y by
the image sensor through themeasurement matrixA, where x,
y, andA correspond to SR(x, y, t), p(X ,Y , i), and IRFX ,Y ,i(t),
respectively.

C. SIGNAL RECONSTRUCTION METHODS
1) ITERATIVE METHODS WITH REGULARIZATION
There are several options for signal reconstruction. Conven-
tional methods are based on iterative methods. Since CS
is an ill-posed problem, regularization using the L1 norm
or total variation (TV) is often employed. Robust and effi-
cient methods have been proposed [58], [59]. However, since
reconstruction requires many iterations, these methods are
not suitable for real-time processing.

2) DEEP LEARNING
Another option is a deep learning approach. For example,
ADMM-Net [60], [61] is a promising candidate due to its
short and constant reconstruction time. However, ADMM-
Net requires a lot of memory due to its multistage structure
and numerous network parameters. To reduce the network
size and required memory, we confirmed the effectiveness of
combining a normalized transposed observation matrix and a
U-Net [54]. The compressed signal is partially reconstructed
by multiplying the transposed measurement matrix by the
captured compressed images. Then, the U-Net estimates only
a depth map, while depth errors by MPI are corrected simul-
taneously. The memory size and processing time decreased
to approximately one-tenth. Although the processing time
is longer than that of the aforementioned methods, signal
reconstruction methods based on diffusion models [47] and
deep image priors [48] have achieved accurate image recon-
struction for solving general inverse problems.

D. DESIGNING EXPOSURE CODES
1) RANDOM GENERATION AND SELECTION
The simplest yet effective method for designing exposure
codes is random generation and selection [50]. A dataset of
transient images is used to verify the fidelity of the recon-
structed transient images with given exposure codes. Many
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FIGURE 11. Examples of transient images for performance evaluation. Four out of
six intensity images are shown. (a) and (b) Kitchen from different angles. (c) and (d)
Living-room-3 from different angles.

FIGURE 12. Examples of exposure codes with (a) no constraint, (b) tap constraint,
(c) Hamming distance constraint, and (d) time-window constraint.

sets of exposure codes are randomly generated while satisfy-
ing the design constraints mentioned in Section II-D. The set
of exposure codes that yields the smallest mean square error
(mse) for the dataset is selected.

2) DEEP SENSING
Exposure codes can be optimized while a deep learning
model is trained. Deep sensing [62] is one method of opti-
mizing a neural network and the physical parameters of the
optics or electronics in an imaging system. In [53] and [54],
deep sensing was applied to pseudo D-ToF. This optimization
method yields optimal exposure codes tailored to the dataset’s
domain.

IV. PERFORMANCE COMPARISON
A. SIMULATION SETTINGS
The pixel block size and the number of charge modu-
lator taps are crucial design parameters of an ultrafast
time-compressive CMOS image sensor. These parameters,
along with constraints on the exposure code, influence
the accuracy of reconstructed transient images. This study
numerically analyzes the influence of these factors for
LiDAR applications. The dataset was generated by a transient
renderer [63] for 3-D models [64]. Reconstruction fidelity is
evaluated using mse for six sets of transient images. Four of
these sets are shown in Fig. 11.
The constraints explained in Section II-D are considered in

the simulation. Example exposure codes are shown in Fig. 12.

FIGURE 13. MSE of the reconstructed transient images. (a) Number of taps is
changed from 1 to 8 for 2 × 2 pixels per block. (b) Block size is changed from 1 ×

1 to 16 × 16.

When there are no constraints, the exposure code for each
channel is generated completely randomly. Therefore, the
mean probabilities of 0 (inactivated) and that of 1 (activated)
are both 50%. With the tap constraint, one tap of each charge
modulator is randomly selected. For M -tap modulators, the
mean probability that a tap will be selected at any given
moment is 1/M . For the hamming distance constraint, a ham-
ming distance of 2 is considered. In this case, only two
taps in a pixel block change at a time. For the time-window
constraint, the minimum time-window duration for 0 and 1 is
two clocks.

The following parameters are assumed in the simulation.
The pixel count is 128 × 128. The charge modulator has
four taps. The pixel block is composed of 2 × 2 pixels.
The number of coded masks, equivalent to the number of
reconstructed images, is 32. Therefore, the compression ratio
is 8 (= 32/4) for these settings. The number of exposure
code sets is 20. TVAL3 [58] is used as an inverse problem
solver. The parameter settings are as follows: maxit = 200,
TVnorm = 1, nonneg = true, isreal = true, TVL2 = true,
mu = 29, beta = 25, tol = 1E-6, and maxcnt = 10. No noise
was considered to evaluate the maximum performance.

B. SENSOR PARAMETERS VERSUS PERFORMANCE
Fig. 13 summarizes the fidelity of the reconstructed transient
images using mse. Fig. 13(a) shows the impact of the number
of charge modulator taps when the pixel block size is set to
2 × 2. For the no constraint and the tap constraint, the mse
decreases with the number of taps because the compression
ratio decreases. In this simulation, the number of recon-
structed transient images is set to 32. If a higher temporal
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TABLE 1. Reconstruction errors for exposure codes constraints.

resolution is needed without increasing the compression ratio
(because larger compression ratios will cause larger recon-
struction errors), more taps are required. However, as the
number of taps increases, the pixel size also increases. The
results show that the hamming distance constraint is harmful
and results in a larger mse than the other cases. The tap
constraint results in a smaller mse than the no constraint.
This is because fewer data points are multiplexed to the pixel
value. Note that the mean activation probability of a tap is
0.5 for no constraint and 1/M (0.25 for M = 4) for the tap
constraint.

Selecting the pixel block size is crucial because the number
of gate signal lines increases accordingly when utilizing the
sensor architecture shown in Fig. 5. For example, with a pixel
block size of 2 × 2, the number of gate signal lines doubles
compared to conventional I-ToF image sensors without a
pixel block structure. Therefore, a large block size is not
suitable for small pixels. Fig. 13(b) shows that the optimal
pixel block size is 4 × 4 for the given dataset. Note that
larger pixel blocks do not improve the mse. This is because
the transient images of light-in flight are nearly continuous in
time and space except at the boundaries of objects. A block
size of 2 × 2 provides additional information to distinguish
between neighboring pixels, which is most effective to reduce
mse. However, as the block size increases, its effectiveness
decreases. To achieve small pixels, a pixel block size of 2 ×

2 and a four-tap charge modulator are good options.
Table 1 discusses the influence of the time-window con-

straint. Although the time-window constraint increases the
mse when only the tap constraint is considered, the effect
of the time-window constraint is smaller than that of the
Hamming distance constraint. When the tap and hamming
distance constraints are applied simultaneously, the addition
of the time-window constraint does not significantly change
the mse.

As discussed above, the hamming distance constraint is the
most harmful. Reducing the resistance of the pixel drivers’
power lines and the inductance of bonding wires can alleviate
the tap constraint. However, the hamming distance constraint
limits the frequency of gate switching, which suppresses
power dissipation. Even if the hamming distance constraint is
solved, we must consider the tradeoff between the hamming
distance of exposure codes and power dissipation.

FIGURE 14. Micrograph of a prototype ultrafast time-compressive CMOS image
sensor.

TABLE 2. Specifications of a prototype image sensor.

V. DEMONSTRATIONS BY EXPERIMENTS AND
SIMULATIONS
A. PROTOTYPE IMAGE SENSOR
Fig. 14 and Table 2 show a micrograph and the specifications
of a prototype ultrafast time-compressive CMOS image sen-
sor. A four-tap LEFM without a dedicated drain is utilized as
a charge modulator. This sensor can use one of the four taps
as a drain, which reduces the number of taps. Therefore, the
drain was not used in this demonstration. The measurement
was conducted in a dark room. This charge modulator has a
high photosensitivity in the visible light region but has a slow
operation speed for near-infrared light. Therefore, visible
light sources were used for the demonstration.

B. MULTIPATH INTERFERENCE IN LIDAR
To demonstrate pseudo D-ToF, a scene with dual-path inter-
ference was captured. The wavelength and the duration of
the light pulse were 660 nm and 2.55-ns FWHM, respec-
tively. The frequency of the coded exposure controller
was 607 MHz. Therefore, one clock period was 1.65 ns. The
exposure time was 55 ms, during which 1 044 736 optical
pulses were emitted. Fig. 15(a) and (b) shows a visible-light
image of the scene, and images captured by the prototype
image sensor, respectively. For reference, a was placed 1.6 m
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FIGURE 15. Experiments of acquiring compressed images with a prototype CMOS
image sensor for a scene with multipath interference.(a) Scene setup. (b) Captured
images after averaging 200 images. Relative depths are based on the depth of the
reference board.

away from the camera. Two objects, ‘‘C’’ and a pillar,
were placed behind a weakly diffusive sheet. Their rela-
tive distances from the reference are shown in the figure.
The exposure codes were optimized based on deep sensing.
32 coded masks were used for compression. The ham-
ming distance and time-window constraints explained in
Section IV-A were considered in the optimization. The signal
reconstructions by TVAL3 and ADMM-Net were compared.
The parameter settings for ADMM-Net are summarized in
Table 3. The parameter settings for TVAL3 are as follows:
maxit = 200, TVnorm = 1, nonneg = true, isreal = false,
TVL2 = true, mu = 210, beta = 25, tol = 1E-3, and
maxcnt = 5. In the reconstruction, the measurement matrix
A that was oversampled by a factor of four was used to
improve the depth accuracy. Fig. 16 shows examples of the
measured temporal responses used for the matrix A with
and without oversampling. Fig. 16(a) shows the temporal
response measured at a sampling frequency of 607 MHz,
which is equivalent to the operating frequency of the coded
exposure controller. Fig. 16(b) was measured with 4× over-
sampling, where the sampling frequency was 2.428 GHz.
While 32 images are reconstructed with normal sampling,
128 images are reconstructed as transient images with the
4× oversampling. To detect the depth, the peak positions are
detected first. Then, by using the neighboring data points,
are used to refine the depth using parabolic fitting [52], [53].
4× oversampling reduced the sampling pitch from 1.65 ns
(equivalent to a depth of 0.495 m) to 0.4125 ns (0.124 m).
The refinement provides a similar effect to the interpola-
tion used in [52]; the depth becomes continuous rather than
stepwise.

The processing times of ADMM-Net with 4× oversam-
pling and without oversampling were about 300 and 35 ms,
respectively. For processing, a desktop computer with Intel
Core i5-12400 and NVIDIA RTX 3060 was used.

Fig. 17 shows the estimated depths in a point-cloud rep-
resentation. The reference in Fig. 17(a) was measured by
scanning the timing of the laser emission for a single time
window with a duration of 2 bits (3.3 ns). No reconstruction

TABLE 3. Parameters for ADMM-net.

FIGURE 16. Measured temporal response for the subpixel 1 with (a) normal
sampling at 607 MHz and with (b) 4× oversampling. Dashed lines show the given
binary exposure codes.

FIGURE 17. Estimated depths by peak detection and parabolic interpolation.
(a) Reference measured by scanning a single time window, (b) TVAL3, and
(c) ADMM-Net.

processing was conducted for the reference. Although the
reference is similar to the ideal scene response, namely,
the ground truth, there is a difference: it is convolved with
the IRF, which includes the responses of the light source
and image sensor. In this experiment, the diffusive sheet
introduces multiple reflections. However, this type of MPI
does not alter the peak positions of the reflected light.
Fig. 18 compares the measured and reconstructed waveforms
at points A–C, as shown in Fig. 18(d). At points A and B,
two bounces were observed due to weak reflections from
the diffusive sheet. At point C, only a single bounce was
observed. The waveforms reconstructed by TVAL3 are closer
to the reference waveforms (REF) than those by ADMM-Net
in terms of peak position and the ratio of the peak ampli-
tudes. However, they became rectangular due to the TV
regularization term. The original waveforms are smooth,
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TABLE 4. Comparison of estimated depths (averaged for 3 × 3 pixels). Positions A
and B are shown in Fig. 18(d).

FIGURE 18. Comparison of reconstructed optical waveforms. Waveforms at
(a) point A, (b) point B, and (c) point C. Points A–C are shown in (d) intensity image.
REF: reference.

as shown by the reference waveforms (REF) in Fig. 18.
The ADMM-Net waveforms are sharper than the reference
and TVAL3 waveforms due to the deconvolution effect of
ADMM-Net. There are discrepancies regarding the ampli-
tude. In addition, as shown in the relative errors in Table 4, the
peak positions and the depths differ from those of the refer-
ence. These discrepancies may be due to a mismatch between
the dataset and the real measured data, as the dataset was
generated by simulation. For example, although the directiv-
ity of reflectance, surface roughness, and texture differ for
each object in real scenes, these factors are not considered in
simulations. Building a dataset based on real measurements
is crucial to bridging the gap.

The number of detectable reflections is of interest. It is
essentially determined by the range and the width of the
reconstructed optical pulse waveform. If two adjacent pulses
are closely spaced in time and produce only one peak, it is
difficult to detect two peak positions. When the minimal time
interval between two adjacent reflections, which give two
distinctive peaks, is given by 1T , and the measurable range
is T , the maximum number of detectable reflections is given
by T/1T . Using shorter optical pulses and a higher exposure
controller frequency can reduce 1T to increase the number
of detectable pulses. Investigating the relation among1T , the

FIGURE 19. Schematic of heterodyne compression. In this case, the unit delay, 1,
is 1/4 of the clock period of the exposure codes.

number of taps, and compression ratio is important for future
work.

C. FLIM WITH HETERODYNE COMPRESSION
The time resolution of reconstructed transient images is
defined by the clock period of the coded exposure controller
during image acquisition. For this prototype image sensor,
this period is longer than 1.2 ns. However, FLIm and DOT
require time resolutions of less than 1 ns. A heterodyne
method [65], [66] can achieve such a short time resolution.
As depicted in Fig. 19, the periods of the excitation laser
(or fluorescence) emission and the exposure codes differ
slightly. In the figure, the fluorescence emission timing is
incrementally delayed by 1 (1/4 of one clock period) for
each cycle. Therefore, the effective time resolution is 1.
When using ordinary I-ToF-based image sensors for FLIm,
many images are capturedwhile scanning the laser’s emission
timing [33]. Thus, the data acquisition time is longer than
with D-ToF-based image sensors. Conversely, heterodyne
compression scans the laser emission during the exposure,
and the images are captured only once. Therefore, the mea-
surement time is shorter. If the clock cycle is 1.65 ns
and the number of scan steps is eight, the temporal sam-
pling pitch, or 1, becomes 206 ps. This is sufficient for
FLIm.

The aforementioned heterodyne compression was ver-
ified through simulation. A dataset was created for the
simulation using a database of fluorescent images [67].
Each sample in the database is composed of four chan-
nels. Here, a channel refers to a specific fluorophore, and
each fluorophore is expected to have a different fluorescence
lifetime. Three of these channels were selected, and life-
times (τ1, τ2, τ3) were randomly assigned to each channel
in each sample. When generating the dataset, we assumed
that τ1, τ2, and τ3 followed uniform distributions. Thus, the
lifetimes were randomly determined using uniform distribu-
tions with ranges of [0.5, 1.5 ns], [1.5, 2.5 ns], and [2.5,
3.5 ns]. The pixel value for each channel was considered the
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FIGURE 20. Comparison of reconstructed optical waveforms. (a)–(c) Waveforms at
points A–C in (d). (a) Ground truth. (b) TVAL3. (c) ADMM-Net. (d) Intensity image of a
biological sample in the database.

TABLE 5. Comparison of reconstruction error in FLIm.

weight of the exponentially decaying fluorescence compo-
nent. The synthesized fluorescence waveform is denoted as
follows:

IX ,Y (t) =

3∑
i=1

Pi (X ,Y )∑3
j=1 Pj (X ,Y )

exp
(

−
t
τi

)
. (5)

Here, Pi(X ,Y ) presents the pixel value of a sample at chan-
nel i for pixel (X ,Y ). The same exposure codes used in
Section V-B were applied. The delay step, 1, was set to 1/8
of a clock period, equivalent to 206 ps at a clock frequency
of 607 MHz. The deep learning model settings are summa-
rized in Table 3. The settings for TVAL3 are the same as in
Section V-B.

Fig. 20 compares the ground truth with the recon-
structed fluorescent waveforms by TVAL3 and ADMM-Net.
Although TVAL3 reconstructed the decaying curves, the
waveforms differ from an exponentially decaying function.
This is because TV regularization, which is used to solve
CS problems, tends to reproduce stepwise waveforms by
nature. Therefore, it is difficult to accurately reconstruct
sharply decaying functions observed in FLIm. In con-
trast, ADMM-Net accurately reconstructed the waveforms.
As shown in Table 5, ADMM-Net outperforms TVAL3
in terms of the fidelity of the reconstructed fluorescent
decay.

VI. CONCLUSION
The concept, implementation, performance comparison, and
demonstrations of ultrafast time-compressive CMOS image
sensors based on multitap charge modulators are discussed.
These image sensors are based on I-ToF image sensors.
However, after signal reconstruction, the optical waveforms
equivalent to those obtained by D-ToF image sensors are
acquired. For the signal reconstruction, we can use not only
conventional iterative methods with the TV regularization but
also deep learning models for accurate and fast reconstruc-
tion. Two important design parameters are the pixel block
size and the number of taps of the charge modulator. The
influence of these parameters on the signal reconstruction
fidelity was numerically analyzed based on an iterative signal
reconstructionmethod. The results show that at least four taps
are necessary and a pixel block size of 4 × 4 is optimal for
LiDAR applications. Considering the number of gate signal
lines, which is related to the pixel pitch, a pixel block size
of 2 × 2 can be a good option. Several constraints should
be considered in the design of exposure codes. The hamming
distance constraint limits the number of bits that can change
at a time, significantly degrading the fidelity of reconstructed
transient images. This problem can be alleviated by decreas-
ing the inductance of the bonding wires and the resistance
of the pixel driver power supply. However, increasing the
hamming distance of exposure codes increases power dis-
sipation. To demonstrate LiDAR in a scene with multipath
interference, two objects were observed by a prototype image
sensor with four-tap charge modulators and a pixel block size
of 2 × 2 through a weakly diffusive sheet. The temporal
resolution, or one clock period for the exposure codes, was
1.65 ns. The exposure code length was 32. Oversampling
with a factor of four was used in signal reconstruction. Dual
reflections were successfully reconstructed using an iterative
method (TVAL3) and a deep learning model (ADMM-Net).
However, the waveforms reconstructed by TVAL3 were dis-
torted and became rectangular. The waveforms reconstructed
by ADMM-Net appeared more natural and were sharpened
due to the deconvolution effect of ADMM-Net. The peak
positions were slightly shifted, probably due to a mismatch
between the simulated and real measured data. To achieve the
shorter time resolution required for time-resolved DOT and
FLIm, heterodyne compression was demonstrated through
simulation.
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