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This paper explores advanced techniques for noise and interferenci suppression in pulsed light

Abstract

detection and ranging (LiDAR) sensors, with a focus on automativ n-driving applications. In
complex urban scenarios, LIDAR performance is challenged ng ambient light, dominated
by sunlight, and interference from nearby sensors. To add se issues, circuit- and system-
level strategies are developed to enhance photon detecti ility, mitigate background noise,
and suppress inter-LiDAR interference while maint high timing precision and power
efficiency. The proposed methods are evaluated theoretical analysis, simulations, and
experimental measurements using a custom-§b icafed single-photon avalanche diode (SPAD)-

based sensor chip in 180-nm HV C technology. Results demonstrate significant
enhancements in noise and interference resistance, ranging accuracy, and robustness under
illumination levels typical of daytime utban environments. The system enables 20-fps depth
imaging at distances up to 34 m undeid9-Klux background illumination, and accurate single-point
target detection up to 100 m un—k x background illumination. These advances pave the
way for reliable and scalabl€ RiDAR systems for autonomous and assisted driving in dynamic
urban settings.

Keywords: Pulsed Li%@ingle-Photon Avalanche Diode (SPAD); Direct Time-of-Flight (d-
ToF); Background§e ppression; Inter-LiDAR Interference; Automotive; Urban Driving

1. Intr&@o

Auto@ous and assisted driving systems depend on high-resolution 3D perception for safe
operation in complex urban environments. Pulsed LiDAR has become a key technology for real-
time depth sensing, providing accurate ranging and robust spatial mapping across diverse driving
conditions (Niclass et al. [ 1] and Yoshioka et al. [2]). It must therefore achieve high accuracy, low
latency, and strong resilience to ambient light and inter-LiDAR interference in dense traffic

scenarios (L1 and Ibanez-Guzman [3]).
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Single-photon avalanche diode (SPAD)-based direct time-of-flight (d-ToF) sensors are a
leading solution for high-resolution depth sensing in pulsed LiDARs (Morrison et al. [4] and Jami
etal. [5]). Their single-photon sensitivity and picosecond timing precision enable long-range, high-
speed applications such as automotive perception and autonomous navigation (Villa et al. [6]).
Depth estimation relies on accurate photon arrival-time measurement of short laser pulses.
However, SPADs cannot inherently distinguish between signal and non-signal photons, %th
trigger identical avalanche events (Chen et al. [7]). In urban environments with stf n@ﬂight,
reflective surfaces, and multiple LiDAR sources, this results in degraded SNR accuracy,
and reliability. Therefore, effective noise and interference suppression is a k’e@ quirement for
SPAD-based d-ToF automotive LiDARs. x

Recent SPAD-based LiDAR advances have introduced noise and interference suppression
techniques, but performance remains constrained under realisft'&v omotive conditions. Time-
correlated single-photon counting (TCSPC) methods (Incor; &(—:t al. [8] and Feng et al. [9]) use
temporal gating and histogram-based processirzg @ press noise and enhance signal
discrimination. In TCSPC, all detected photons (si oise, and interference), are accumulated
into a histogram, whose peak corresponds t ct ToF.

Background noise in SPAD-based d-ToF LiDARs can be modeled as (Padmanabhan et al. [ 10])

I, Ty P Ay - FF-PDP-

N Vi int ,
BGL w p) Ny h-C €))

where Npat 1s the number of ound-light events, /i is visible light irradiance, Aiens 1S receiver

lens area, 7vis 1s visible light'transmission, p is target reflectivity, Avis is the visible light wavelength,
FF is pixel fill fac P is photon detection probability of the SPADs, Tint is histogram
integration tim Q; pixel count, and # and ¢ are Planck’s constant and speed of light,
respectively.@ce sunlight dominates daytime noise, background light is assumed to be in the
visible ra@ Under typical daylight conditions (~100 klux or 1 kW/m? sunlight irradiance), and
ass@ a l-inch diameter receiver lens, 20% target reflectivity, 550-nm average visible
wavelength, FF = 14%, PDP = 4%, Tin: = 10 ms, and a 68x40 pixel array, the number of background
noise events is calculated as 5769. An optical bandpass filter (BPF) with an optical density (OD)
of 6 (transmission of 107) is also assumed in front of the sensor to provide partial suppression for
visible light.

The number of signal events is estimated by (Padmanabhan et al. [10])
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where Plaser 18 laser peak power, Aiaser 1S laser wavelength, Tpw is laser pulse width, R is target range,
a 1s attenuation factor of light in the air, and T¢ycle is duration of one laser cycle. With typical values
of Paser = 50 W, Alaser = 905 nm, Tpw = 10 ns, & = 0.1 km™!, and Teyele = 1 ps (translating to 150-m

maximum range), at 100-m range, the number of detected signal events is calculated as 148.

These conditions yield an SNR of approximately -32 dB. Although histogr ssing
distributes noise over time and improves SNR, it remains insufficient for relj ong-range
detection in bright daylight. Moreover, interference from other LiDARSs in environments

further degrades performance, underscoring the need for more advan& ise and interference
suppression techniques in automotive applications.

Automotive LiDAR also demands high frame rates .d* latency. Real-time urban
perception requires tens of frames per second and rapid tow processing across large SPAD
arrays (Dai et al. [11]). Thus, suppression techniques Q/ide strong noise and interference
resilience without reducing frame rate, an ongoin INenge for current architectures.

To mitigate mutual interference, Kashr% #[12] proposed pulse compression via burst
transmission with matched filtering, while pulseposition modulation (PPM) schemes (Grollius et
al. [13] and Zhu et al. [14]) encode te 1 or coded signatures into pulses to distinguish returns
from different LIDARs. Seo et al. ntfoduced dividing each pulse into two sub-pulses with a
temporal offset for correlatio d interference rejection. These methods improve resilience but
reduce maximum detecti ge due to eye-safety limits, and additional histogramming steps can

suppress ambie d out-of-window interference, but require sweeping or adapting the gate

lower frame rate. Rﬂi ating techniques (Ruokamo et al. [16] and Padmanabhan et al. [17])
in dynamic s@rlos, degrading frame rate or SNR. Thus, traditional methods often trade photon

efficiency, temporal precision, or real-time operation for interference suppression, limiting their

use W-Speed automotive LiDAR.

In this work, we explore and experimentally validate novel noise and interference suppression
techniques for SPAD-based d-ToF LiDAR that maintain high frame rate and ranging accuracy
while rejecting ambient noise and mutual interference. Using theory, simulations, and
measurements from a custom-fabricated SPAD sensor, we show substantial improvements in SNR,

depth precision, and robustness under urban automotive conditions.
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The remainder of this paper is organized as follows. Section 2 introduces the proposed
suppression techniques and their implementation within the LiDAR architecture, together with
corresponding theoretical analysis and simulation results. Section 3 presents experimental results,

with detailed discussion on the results provided in Section 4. Finally, Section 5 concludes the paper.
2. Proposed Methods

This section introduces three novel techniques developed to enhance suppressiorof @signal
detections, including background noise and interference, in SPAD-based d-ToF \ Sensors:
time-coded TCSPC, adaptive coincidence detection, and pixel-wise range %ch method
targets specific limitations of existing suppression strategies While@g high photon

o,\(b

2.1 Time-Coded TCSPC X

efficiency and real-time operation.

TCSPC is widely used in SPAD-based d-ToF sen Qreconstructing photon arrivals by
accumulating histograms over multiple cycles. @ever, conventional implementations are
susceptible to cross-sensor interference, % introduce false peaks in the histogram,
sometimes surpassing the true signal peak in amplitude. To mitigate this, we propose a time-coded
TCSPC technique that applies a contr temporal modulation to the laser repetition rate. The
modulation amplitude is kept m méller than the base repetition rate, allowing effective
discrimination between genui d interfering signals. Originally developed in our earlier work
(Dabidian et al. [18]) for @ar—mode LiDAR, this approach enables robust signal identification
without compromisi e or frame rate in controlled environments. Here, we extend and adapt
the method for S ed detection, implementing it on a custom-fabricated SPAD chip to assess
its performarfce ynder realistic conditions.

As illustgated in Figure 1, the pseudo-random modulation applied to the laser repetition rate
caus?@radual temporal drift in the transmitted laser pulses with respect to fixed timing
references (shown in red). The SPAD sensor, however, operates according to these fixed references,
and the time-to-digital converter (TDC) measures photon event times relative to them. A
subsequent post-processing step, performed either on-chip or on an FPGA, decodes the TDC
output data to reconstruct event histograms based on the decoded timing. In fact, the transmitted

laser pulses that follow the known pseudo-random pattern are reconstructed in the final histogram,
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whereas the non-signal returns (including noise and interference) are distributed across the
histogram according to the coding pattern, effectively suppressing their influence. Since the codes
can be selected randomly from a large pool of available codes, even if some LiDAR sensors in the
environment use the exact same coding scheme as our sensor, the actual selected codes per imaging

frame is most likely different. For This reason, the proposed method can effectively suppress

interference signals from multiple interfering sources. (b
Compared to conventional approaches, this method offers enhanced perform high-
speed 3D depth imaging under realistic urban-driving conditions. As depicted in/Rigure 2, each

imaging frame consists of M code repetitions, followed by a decoding sta @ ing each code
iﬁ codes for an n-bit

repetition, all available codes are utilized, resulting in 2" possible m@%
sequence. Each code repetition thus includes 2" laser pulses, which are modulated according to the
n -bit pseudo-random sequence. In subsequent repetitions, dif% g&odulation codes are used,
producing a continuous drift of transmitted pulses over thes ng frame that spreads potential
interference signals. A key advantage of this schem.e is %hin each measurement cycle (i.e.,
the interval between two consecutive timing refer@ only one laser pulse is transmitted. Since
eye-safety limits total laser energy per cyc% ch laser pulse width is typically set by the
detection circuitry, the use of only one laser p per measurement cycle enables the laser source
to operate at a higher peak power co ed to multi-pulse schemes. Increasing the transmitted
peak power in turns increases the r d 6ptical power from an object at a given distance, thereby
extending the maximum mea e range of the LiDAR sensor. Moreover, since the entire coding
and decoding process is ¢ eted within a single imaging frame, the sensor’s frame rate remains
unaffected. Backgro ise is reduced by a factor of Mx2" through standard TCSPC averaging,
while interferen gs are further suppressed by a factor of 2" due to the temporal coding.

To evalu@)t@eeffectiveness of this technique, we consider a SPAD-based d-ToF LiDAR
employir@:SPC with pseudo-randomly modulated laser repetition rate. A multi-target scenario
is avﬁ, consisting of N; targets located at different distances. Before decoding, accumulated

eventS form the histogram
h(t) = hsig (t) + |ﬁ'BGL (t) + hint (t)! (3)
where Asig(£), hscL(?), and hin(f) denote signal, background noise, and interference contributions,

respectively. The applied modulation introduces temporal shifts d7% into the transmitted pulses,

leading to the following expression for signal histogram:

5
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hy, (t) = ZZ% §(t—(ToF, +dT,)), 4)

k=1 m=1
where N, represents the total number of pulses, A, is signal amplitude, and ToF,, = 2R/c is the
time-of-flight (ToF) corresponding to m-th target at distance R,. Assuming uniform background

illumination, noise histogram can be modeled as

e ()= N, fo Qs)

where oL denotes background photon count rate per histogram bin. For worst- cas erence
scenario, namely, an external source operating at the same base repetition rate a@mam laser,
the interference component is modeled as

,@v
him(t)ziA :5(t-ToF), A\’ (6)

where 4; and ToF; represent the amplitude and ToF of the )i &ering signal, respectively. To
reconstruct the signal, a matched-filter decoding process is@ed by shifting each histogram slice

by dTy, expressed as 4
. Y
MF(t)%@ aT, ), @
which yields the following components 1
N Z A, -S(t—ToF,), (8)
b dec BGL (t) N BGL ! (9)

@ (10)
e 1) = ZA 5(t=(ToR —dT, ),
Due to n-bit @ral coding, the interference term Agecint(f) 1s effectively distributed across 2"
histogran@i}s, reducing its per-bin strength by the same factor.
ntify performance, the signal-to-noise-and-interference ratio (SNIR) parameter is

definéd, taking into account simultaneous suppression of noise and interference. The SNIR for m-

th target can be expressed as

2
SNIR —=—

(AH’ jgl (11)
2n BGL
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This relationship demonstrates that signal contributions from true targets remain coherently
reinforced after decoding, while interference signals are dispersed and background noise is
statistically averaged. Since rcL is defined per histogram bin, increasing histogram resolution
further enhances SNIR.

Simulation results of time-coded TCSPC using 4-bit modulation are shown in Figure 3. The
results demonstrate that strong interference signal is distributed across 16 histogram bins t
standard TCSPC, resulting in an approximate 11.2-dB improvement in histogram SN @eover
under controlled illumination conditions, the increase in histogram backgroun @ aused by

interference spreading can be compensated based on the known modulatlo

additional improvement of approximately 6.8 dB in SNIR. N
Overall, time-coded TCSPC preserves both the maximum megasurable range and imaging

providing

frame rate of SPAD-based d-ToF LiDAR systems, while prov1d1 stantial suppression of non-
signal events in the histogram. Moreover, since TCSPC typi ploys a large number of pulses,
time-coding patterns can be designed to remain orthog oss multiple LiDAR units, enabling

scalable and interference-resilient operation in de@nmotwe environments.

2.2 Adaptive Coincidence Detection %

SPAD-based LiDARs frequently Aﬁate under photon-starved conditions, where random

ambient photons can induce falseM
such as those proposed by \\@zam et al. [19] and Hu et al. [20], address this by validating

events only when two or l@
window, typically

events. Traditional coincidence detection approaches,

'ADs within a defined neighborhood fire within a short temporal

the pulse width. However, they rely on fixed thresholds, which may

threshold{acgording to the high-voltage supply applied to SPADs. This approach is particularly
effe?ﬁ compensating for variations in the SPADs’ dark count rate (DCR), which is strongly
depenident on supply voltage. Even small increase in supply voltage can cause substantial rise in
DCR, leading to unreliable ToF measurements. By automatically increasing the detection threshold
as supply voltage rises, this method effectively suppresses noise at higher voltages and maintains

stable sensor operation across wider voltage range.
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Figure 4 depicts conceptual operation and circuit-level implementation of adaptive coincidence
detection. It operates based on three distinct thresholds, determining whether one, two, or three
detections in each macro-pixel of four neighboring SPADs in a time window matching the laser
pulse width are required for valid event detection. The threshold is then set by comparing the
supply voltage by two voltages “VSPAD TH HI” and “VSPAD TH LO”, and setting the
threshold accordingly. These voltages can be controlled to account for different back%d
illumination conditions. In noisy environments, they are lowered to enable coincidC&@ection
at lower voltages, providing stronger noise suppression, and vice versa.

This adaptive approach offers two main advantages. First, it effectively(r s background
noise, resulting in significantly improved SNR. Second, it broade &ensor’s operational
voltage range, ensuring reliable performance across diverse illumination conditions. In contrast,
conventional fixed-threshold methods suffer from missed dete&%@low voltages or excessive
noise at high voltages due to increased DCR and ambient light.$he adaptive technique mitigates
these issues by maintaining high SNR and stalble tion across wider voltage range.
Furthermore, it can be implemented efficiently array or subarray level with minimal
additional circuitry, making it highly scalabl%g SPAD arrays. When integrated with TCSPC,

c

the system achieves enhanced robustness by -validating events both spatially and temporally.
2.3 Pixel-Wise Range Gatin

Range gating is a techniqu&used to restrict the detection range of a sensor to a narrow time
window instead of the ful rement range, and it is a known method for improving SNR in d-

ToF LiDARs. By obs

a limited temporal window, non-signal events, such as those caused
by ambient noise rference, that fall outside this window are automatically excluded, while
valid signal ithin the window are captured. However, conventional methods employ fixed
windows@r across the entire pixel array. This lack of flexibility reduces performance in
dyn?enes containing objects at different depths. To compensate, the window must typically
be swept across the full measurement range per frame, which substantially lowers frame rate.
The proposed approach introduces a locally adaptive gating mechanism, where each macro-
pixel, comprising four neighboring SPADs used for coincidence detection, maintains an
independently-controlled gating window. The window parameters are dynamically adjusted based

on prior depth estimates by local histogram statistics. By continuously updating these parameters
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in real time, the system preserves sensitivity to relevant depth ranges while eftectively suppressing
out-of-range noise and interference photons, resulting in improved adaptability and overall system
performance.

Figure 5 illustrates the conceptual operation of pixel-wise range gating. Unlike conventional
methods, the window is individually defined per pixel based on its coarse ToF estimate obtained
during a preliminary pre-imaging stage, corresponding to laser pre-shots 1-M shown in the%e.
[@1}; the
subsequent main imaging phase, corresponding to laser shots 1-N, per-pixel %indow is
applied to acquire the fine depth image. Only events that fall within the desi ?

Since this stage operates at a low timing resolution, it can be completed rapidl¥,

ting window

for each pixel are accumulated in the histogram, while those outside ow are discarded.
This selective accumulation effectively suppresses noise events, particularly those associated with
pile-up distortion (Gyongy et al. [21]), while preserving th .t e signal counts. Consequently,
histogram peak forms more quickly relative to backgr K/noise, resulting in significant
improvement in SNR. Overall, pixel-wise range ga.tin thgh—resolution depth imaging at
increased frame rates. It enhances image quality and €Xtends sensor’s maximum measurable range
while simultaneously reducing on-chip me rements for histogram storage.

Circuit-level implementation of this technigte is illustrated in Figure 6. During pre-imaging
phase, each pixel generates a low—raﬁtion histogram using the coarse ToF data “C_TOF”
obtained from TDC. Once this p is Completed, a gating window indicator “RG_WIN” is
determined for every pixel b n its histogram profile and stored in an on-chip memory. In the
prototype sensor developgd'for this work, including a 68x40 pixel array, this requires about 1-kB
on-chip memory. Duji {dbsequent measurement cycles, this stored information remains constant.
When an event 4 ted, the pixel address is used to retrieve corresponding RG_WIN via
multiplexin ¢ selected window indicator defines gating thresholds “RG_TH LO” and
“RG_TH@’ that are then compared against C_TOF. Output signal “RG_VALID” acts as a
V&lli@'ﬂag, indicating whether the detected event falls within the appropriate window for that
pixel/ The entire pixel-wise range gating function can be disabled by pulling “RG_EN” low. A new
pre-imaging phase is initiated at the beginning of each frame to refresh the memory with updated
per-pixel window information. The details of pixel addressing and ToF measurement performed
by the TDC are beyond the scope of this paper and are therefore not discussed here. In the

implemented prototype, gating logic block shown in Figure 6 follows the configuration
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summarized in Table 1, where eight distinct windows are employed to cover depth measurements
up to 60-m range.

A system-level simulation is presented in Figure 7, where background noise is modeled using
Poisson distribution (Tontini et al. [22]). Pile-up distortion is also included, assuming a limited
throughput of three events/cycle, consistent with the prototype sensor’s characteristics. Target

return signal is positioned at 15.2 m. Results demonstrate that range gating substantially in@es

histogram SNR while effectively mitigating pile-up distortion. Furthermore, since gati indow
is determined through a low-resolution, fast histogramming stage within each fr. e process
can be performed on a per-pixel basis without the need for gate sweeping, eserving high

frame rate. x&

3. Measurement Results (b,

[
The proposed suppression techniques were experimer@iated using a SPAD-based d-

ToF sensor chip fabricated in 180-nm HV CMOS. Th features an array of 68%x40 macro-
[
pixels, each consisting of four SPADs conﬁguregxcoincidence detection. The coincidence

threshold is dynamically controlled thr%
t

coincidence detection described earlier. Eigh

’ADs’ supply voltage, enabling adaptive
hip TDC blocks are integrated, each responsible
for a 17x20-pixel region, providing bo rse and fine ToF measurements with 10-ns and 156.25-
ps resolutions, respectively. CoMﬁ data is subsequently used to implement pixel-wise
range gating. When a detec vent passes range-gating validation based on its coarse ToF,
corresponding fine ToF V@]s accepted as the high-resolution timing measurement; otherwise, it
is discarded. Final Ti is then transmitted to a Kintex-7 FPGA on a Digilent Genesys 2 board
for further proce

3.1 Mé)QJment Setup

ricated sensor chip was evaluated within a LiDAR setup, as shown in Figure 8. The
systmloys a 905-nm pulsed laser diode (SPL TL90ATO0S8) as the illumination source, driven
by a high-power driver (EPC9126). A 1-inch diameter, 25-mm focal length lens (LA1951-B) is
positioned in front of the sensor, forming the scene image. This optical configuration provides a
field-of-view (FoV) of approximately 8.5°%7.5°. To suppress ambient illumination, a 1-inch

diameter optical BPF centered at 905 nm with a 25-nm linewidth (FBH905-25) is placed between

10
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the receiver lens and the sensor. The filter provides an OD of about 5.9 in the visible range,
corresponding to an attenuation factor of roughly 8x10° For single-point measurements
(telemetry), a 1-inch diameter, 30-mm focal length lens (LA1805-B) is placed in front of the laser
to collimate the beam. For imaging applications, this lens is removed to provide flash illumination.

The driver operates the laser at a peak power of 50 W, with a 100-kHz repetition rate and 10-
ns pulse width. Two voltages are generated by the power supply: a 30-V supply used to po@w
laser driver and SPADs, and an 8-V supply dedicated to the logic circuitry. The w-\/@ply is
further regulated by a variable low-dropout (LDO) regulator to provide adjustab, ly of 20—
30V for the SPADs. Similarly, the 8-V supply is stepped down to 1.8 V, 3.3V, V using three
additional LDO regulators to power the logic circuits within the drivev& sor chip.

nd”c

The FPGA controls LiDAR operation by providing cloc ontrol signals. The

START MOD signal, modulated according to the coding sche crlbed earlier, triggers the
laser. The START signal, an unmodulated version of STA , marks the beginning of each
cycle and is sent to the sensor chip. After each cycle t » START signal initiates the readout.

Two additional clocks “TDC_CLK” and “RO_CL E frequenc1es of 100 MHz and 10 MHz

respectively, drive the TDC and the reado
“DATA_OUT” is then transferred to the FPG

y on the sensor. The resulting output data
a 10-MHz rate for further processing.

To emulate interference during m ments, a second laser, identical to the primary laser, is
used and driven by a separate driv@e d by START. Its power is adjustable through the driver,
while its ToF can be controll varying its distance from the sensor.

The implemented LiD@W&lS evaluated under three test conditions: indoor environment with
800-lux background 4 ination and a maximum range of 5.2 m; outdoor environment with 79-
klux illuminatio Q54-m maximum range; and another outdoor environment with 103-klux
illumination (and a 100-m maximum range. These test conditions are hereafter referred to as
SETUPI@TUPL and SETUP3, respectively. SETUP2 is designed to evaluate performance
und?f-range conditions, representative of dense urban environments that require fast and
accurate imaging. In this setup, flash illumination is employed with shorter integration times to
emulate high-speed imaging. In contrast, SETUP3 targets long-range performance, where imaging
is typically unnecessary. Thus, the sensor operates in single-point (telemetry) mode, emulating

range-finding operation under long-distance, high background noise conditions.

11
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Physical configuration of the indoor setup “SETUP1” along with die micrograph of the sensor
chip is illustrated in Figure 9, and the outdoor setups “SETUP2” and “SETUP3” are shown in
Figure 10.

3.2 SETUP1 Measurement Results

Owing to the low background noise and strong signal reflections in this setup, the %is
inherently high, making it suitable primarily for validating interference suppreg'% 4-bit

pseudo-random modulation is applied to the laser repetition rate according t reviously

described time-coded TCSPC. To emulate a realistic multi-target scen
positioned at distances of 4.35 m and 5.05 m. The receiver lens is remo&
the entire scene, including both targets and the interference. The interference directly illuminates
the sensor, rather than reflecting from the targets, with its powe.&@d by changing its distance
(due to beam divergence) and its ToF controlled via its trig &e. The coding time step is set to
the minimum value of 156.25 ps (matching the sensor' mn) in this setup.

The TCSPC decoding is implemented on the E For this test, TDC data is transferred off-

chip to the FPGA with a limited throughput
The FPGA performs time-coded TCSPC decodi

ents/cycle for each half-column (20 pixels).
g and generates the final histograms, in which the

strong interference signal is effectivel

ad across multiple bins.
Figure 11 presents measureme ulfS with and without coding. Given the short range, only
the 6-bit fine ToF data from C with 156.25-ps resolution is used, corresponding to a 10-ns
(1.5-m) window. Thus, thd Histograms cover the window of 3.9-5.4 m, clearly showing both targets
at 4.35 m and 5.05 &ng with the strong interference. Measurements show an interference
suppression of through its spreading across 16 consecutive bins, leading to the proper
detection of both targets with good accuracy.

To e\@te the method in a realistic high-resolution, fast-imaging scenario, the sensor chip
was?fo capture a 68x40-pixel depth image of a scene under strong interference. In this setup,
the receiver lens is mounted to form a focused image, while the interference illuminates the same
scene with a peak power approximately 20% higher than that of the main laser, producing
reflections back toward the sensor. For each frame, 1000 pulses are transmitted, and detected
events are accumulated into per-pixel histograms to compute the corresponding ToF values. With

a 100-kHz repetition rate, transmitting 1000 pulses requires 10 ms, followed by about 1.5 ms of

12
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post-processing on the FPGA (including histogramming and decoding). This yields an effective
imaging frame rate of 87 fps. Since time-coded TCSPC is implemented within the regular TCSPC
processing, this high frame rate is achieved while providing proper interference suppression in 3D
imaging. Therefore, the proposed method does not limit the sensor's frame rate.

The results, shown in Figure 12, demonstrate successful high-speed imaging with a depth

resolution of 2.34 cm, while effectively suppressing the strong interference signal. (b
The adaptive coincidence detection technique is also evaluated in this setup? @se the

background illumination is relatively low, the coincidence threshold is adjuste ily based

on the DCR of the SPADs, which depends on the SPADs’ supply voltage. 13 shows the

measured histograms of combined coarse and fine ToF data (with 15& resolution) from a
single pixel at supply voltages of 22.5 V and 23 V, with the adaptive’coincidence detection
mechanism disabled. An object is placed at 4.5-m range, acti. z%e main target. The results
indicate that the sensor is highly sensitive to voltage variati &0.5—\/ increase in supply voltage
causes a significant rise in DCR and pronounced Pile Q)rtion due to the sensor’s limited
throughput, rendering the ToF measurement unreli hen the adaptive coincidence detection

and 26.5 V (also shown in Figure 13)

is enabled, the corresponding histograms
demonstrate effective noise suppression at hi voltages by adjusting the coincidence detection
threshold according to supply voltag lower voltages, however, the coincidence detection
threshold is lowered to capture events. Meanwhile, at lower voltages, the coincidence
detection threshold is lower that no suppression is provided in the bottom-left subplot of
Figure 13. This allows the @or to maintain stable operation across an extended 4-V supply range,

values for suppl thresholds used in adaptive coincidence detection (VSPAD TH LO and

significantly impron bustness against high voltage-induced noise. Ideally, the optimum
VSPAD_TH@m Figure 4) are chosen based on the PDP and DCR characteristics of the SPADs
versus 51@))/ voltage, and the expected background illumination level in the environment.
Hm?’m the prototype sensor presented in this paper, these values are simply determined by
sweeping the supply voltage and capturing the histograms for different coincidence detection
levels. For SETUP1, threshold levels of 22.8 V and 24.5 V have been found to give the best SNR
performance through the supply sweep and histogram SNR measurement.

Due to the limited maximum range of this setup, the range-gating mechanism is not evaluated

here and is instead validated in the other experimental setups.
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3.3 SETUP2 Measurement Results

This setup is designed to evaluate performance under mid-range, high-noise conditions, where
fast and accurate imaging is critical. The background illumination is considerably higher (79 klux),
making suppression techniques essential for reliable operation. Time-coded TCSPC is tested using
a 4-bit pseudo-random modulation scheme, similar to the previous setup. However, to enable flash
imaging, the receiver lens is mounted in front of the sensor. The interference operates wi ak
power about 20% higher than the main laser, illuminating the same scene and reﬂg$ack to
the sensor. The target is placed at 20-m distance, with the interference triggere@ﬁs after the
main laser. A 5-ns coding time step is used to clearly demonstrate interfe preading in the
histogram. @

Figure 14 shows the measurement results obtained with and wi coding. For longer-range
measurements, both the 8-bit coarse and 6-bit fine ToF data nNae TDC, corresponding to 10-
ns and 156.25-ps resolutions, are combined to form a singleshistpgram with 16384 bins and 156.25-
ps resolution (equivalent to 2.34-cm range resolutien ults demonstrate 16.3-dB interference
suppression achieved by spreading the interfe &across 16 bins with 75-cm separation,
consistent with the 5-ns time step used in th g pattern. This enables accurate detection of the
main target. Additionally, while high background illumination introduces pile-up in the histogram,

‘% interference below the pile-up level.
coincidence detection are sli educed to 22.5 V and 24 V. Consequently, coincidence threshold
remains set to either éhroughout the entire operating range of 22.5-26.5 V, with level 1

reserved solely for Q umination (such as indoor) conditions. In this setup, pixel-wise range-
g

the applied coding successfully r%
Due to high background 2 umindeon in this setup, the supply voltage thresholds for adaptive

gating is evalua h range measurements up to 54 m, as summarized in Table 1. Figure 15
shows me ent results at various distances, with success rate defined as the percentage of

t TQneasurements after a 50-ms integration period (equivalent to 20-fps imaging). The
systg operates in flash illumination mode, where the laser illuminates the entire scene, and a
representative histogram from a single pixel is shown. Using 90% success-rate threshold, the
method extends the maximum measurable range by 1.7x while providing 7.1-dB improvement in
histogram SNR. Additionally, range gating effectively suppresses pile-up distortion by confining

the histogram to a narrower time window and substantially reduces the total number of recorded

events, minimizing the required memory for histogram storage. Since these measurements emulate
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a 20-fps flash imaging scenario, it is evident that the proposed pixel-wise range gating technique
improves the sensor's maximum range, while maintaining the proper frame rate required in

automotive applications.
3.4 SETUP3 Measurement Results

This setup evaluates the sensor’s range-finding performance under high back
illumination and long-range conditions (up to 100 m), representative of demamhn gy
automotive scenarios. Due to limitations in the measurement setup, interference ng time-
coded TCSPC is not conducted in this setup. However, according to the provided in
Section 2.1, time-coded TCSPC is theoretically independent of measu & ge. Furthermore,
interference test results in SETUP1 and SETUP2 (Figure 11 and Figu& demonstrate that the
interference suppression provided by the time-coded TCSP hod in these setups at
approximately 5-m and 23-m distances are 15.85 dB and 15 , respectively, which confirms
the independence of this method on the measurement ince interference suppression was
validated in previous setups and modeled through th @sed time-coded TCSPC technique, this
experiment primarily focuses on sensor ope er extreme background noise. Accordingly,
the time-coded TCSPC is disabled, and sta%l‘ CSPC processing is used to generate the final
histograms. ‘s
The supply voltage threshold@ia ive coincidence detection are set to 22.5 Vand 23.3 V,
lower than in earlier setups o stronger background noise. The SPAD supply voltage is set to
23.6 V to enable the high of coincidence detection and maximize noise suppression. If the
voltage drops to 23.3 coincidence threshold automatically decreases by one level to maintain
sufficient signal on, ensuring high noise immunity with minimal sensitivity to supply
variations. @ting is also enabled, though applied globally (not pixel-wise) since this is a
single-point measurement. The gating follows the logic in Table 1, with events beyond the range
winw 60—-100 m grouped into a single wide window. Because the noise profile typically
decreases at longer ranges due to the limited sensor throughput and pile-up effect, this broader
gating window remains effective.

Figure 16 shows a sample histogram for a highly reflective target at 90 m, with and without
range gating. Without gating, strong background noise and pile-up distortion obscure the weak

long-range return, making ToF extraction unreliable. With gating enabled, event detection is
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focused on the window of 60-100 m, and most noise and pile-up artifacts are suppressed,
significantly improving SNR and enabling accurate and stable ToF measurement.

Figure 17 shows the success rate of single-point measurements at varying distances up to 100
m with a 50-ms integration. Without range gating, sensor performance degrades beyond 80 m, with
success rate dropping to approximately 65% at 100 m. With range gating enabled, however, the
success rate exceeds 90% at 100 m, demonstrating reliable operation under 103-klux back d

illumination and confirming effective long-range performance in high-noise conditﬂ)&o

4. Discussion E Q’

The combined implementation of time-coded TCSPC, adaptive i??nce detection, and
pixel-wise range gating establishes a holistic framework that enhances robustness of SPAD-based
d-ToF LiDARSs in dense urban automotive environments. Togf&g&ey address three primary
limitations, ambient light noise, inter-LiDAR interferen: voltage- or scene-dependent

sensitivity, without compromising frame rate, photon effigichcy, or scalability.
[

System-level results demonstrate reliable oper: under illumination exceeding 100 klux

(bright daylight) without complex optical fi power-intensive modulation. Unlike earlier

TCSPC- or gating-based approaches that trad R for reduced frame rate or range, the proposed
methods preserve real-time imaging xﬁ improving SNR and interference immunity through
intelligent timing and adaptive cir chhiques rather than brute-force optical or computational
filtering. Q

Compared to fixed- @n fixed-threshold SPAD systems, adaptive coincidence detection
decouples DCR sensi & from operating voltage, ensuring stable photon detection across wide
bias and temper Qiations, critical for large automotive SPAD arrays. Pixel-wise range gating
provides locali @epth-adaptive temporal filtering, overcoming limitations of fixed-gate designs.

Its integgatign with TCSPC enables selective histogram accumulation, improving SNR and

me?ﬁciency for scalable, high-frame-rate 3D imaging.
Ttme-coded TCSPC enhances resilience to multi-LiDAR interference, increasingly

problematic in dense urban environments with multiple 905-nm systems. Unlike correlation-based
or PPM schemes that require multiple pulses and reduce eye-safe range or frame rate, this method
embeds pseudo-random timing signatures within a single pulse per cycle by modulating laser

repetition rate. This preserves optical power and real-time operation while statistically dispersing
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interference in the histogram, achieving code-domain mitigation with minimal hardware overhead
and no photon-throughput penalty.

Together, these techniques form a hierarchical suppression strategy:

 Temporal coding mitigates coherent interference.

» Adaptive coincidence detection stabilizes sensitivity against voltage and dark-count
variations while suppressing noise. (b

* Pixel-wise range gating filters asynchronous and out-of-range noise and interfér r@

This multi-layered approach fundamentally differs from prior art, providing @e CE across

c

illumination levels, target distances, and environmental dynamics Wlthout d ore sensor

specifications x
Table 2 compares the proposed system with state-of-the-art d-To ARs. The prototype
sensor, powered by combined application of the three propose. (&ques, achieves the longest
distance measurement and enables 3D imaging at frame rat &background light levels required
for automotive applications. Furthermore, it featuges ﬁolid—state architecture with flash
illumination and SPAD detection. This perf@ce is superior to that of traditional
implementations listed in Table 2, which f% eve either single-point measurement or 3D
imaging at comparable distances under the requifed frame rate and background light conditions.
Overall, the measured results posi the system as a bridge between research-grade SPAD
imagers and automotive-ready @(S. By shifting suppression complexity from optics to
electronics, the architecture e compact, monolithically-integrated LiDAR frontends without
mechanical scanning or s1ve external filtering. Since the techniques rely on generic timing

counters, pr0V1 alable, power-efficient foundation for next-generation LiDAR-on-chip

and control logic, Q ompatlble with emerging 3D-stacked SPAD arrays and digital photon
systems.

In su@ry, integration of adaptive circuit techniques and temporal coding defines a new
ope?’regime for SPAD-based d-ToF LiDAR, simultaneously optimizing noise resilience,
range, and imaging speed to meet the stringent demands of autonomous driving in complex urban

environments.
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5. Conclusions

In this paper, we presented a SPAD-based d-ToF LiDAR architecture that integrates three novel
techniques for robust, high-speed, and noise- and interference-resilient operation under varying
illumination conditions. The main conclusions are:

* Time-coded TCSPC mitigates inter-LiDAR interference while maintaining full frawte

and photon efficiency in dense automotive environments. .

 Adaptive coincidence detection compensates for supp1y-voltage-dependentl)&ariations,

ensuring stable operation across a wide bias range.

* Pixel-wise range gating suppresses out-of-range noise and pile-up, i [@ histogram SNR
while reducing memory and processing overhead. R

* The combined methods form a unified, CMOS—compati%ramework for noise and
interference suppression in SPAD-based d-ToF sensors. \;

* Measurements demonstrate 20-fps imaging up m under 79-klux background
illumination, and accurate single-point detection up &@ m with over 90% success rate under
103-klux background illumination, confirmin re@e daytime performance.

» The architecture is scalable to large arrays and suitable for compact, high-speed
LiDARs for autonomous and assisted dri%ing applications.

Overall, the proposed techni ‘%ide a power-efficient, scalable foundation for next-

generation automotive LiDAeE bridging the gap between research prototypes and automotive-
ready implementations. @
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Figure 1: Time-Coded TCSPC. PLD: Pulsed Laser Diode @%kground Light.

Figure 2: Depth Imaging using Time-Coded TCSPC.

Figure 3: Time-coded TCSPC Simulation. BGL: }ound Light.
Figure 4: Adaptive Coincidence Detection.

Figure 5: Pixel-Wise Range Gating.

Figure 6: Pixel-Wise Range atitwui . RG: Range Gating.
Figure 7: Range Gating Sim@

Figure 8: LiDAR M@nem Setup Block Diagram. PLD: Pulsed Laser Diode, BGL:
Background Light, andpass Filter.

Figure 9: Indo t@s ement Setup “SETUP1”. PLD: Pulsed Laser Diode, BPF: Bandpass Filter.
Figure 1@\ oor Measurement Setups “SETUP2” and “SETUP3”.

Fig 7 Time-Coded TCSPC in SETUPI.

Figure 12: SETUP1 Depth Imaging.

Figure 13: Adaptive Coincidence Detection in SETUP1. ACD: Adaptive Coincidence Detection.
Figure 14: Time-Coded TCSPC in SETUP2.

Figure 15: Pixel-Wise Range Gating in SETUP2. RG: Range Gating.
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Table 1 (b
RG WIN R(anrfe RG TH LO RG_TH_H&&
000 0-6 00000000 00.000%
001 | 6-12 | 00000100 | 000QI(
010 12-18| 00001000 00
011 18 =24 | 00001100 10000
100 24 —-30 | 000400 00010100
101 30-36| 0004 00011000
110 36 — 480 000 | 00100000
111 48 — 6 100000 | 00111100
N
Table 2
Zhuo et al. l)ﬁw >K' Feng et al. .
Parameter 23] ot al’ ] im et al. [24] 25] This Work
Technology 180 nm @;crete 110 nm Discrete 180 nm
Pixel Res. 128x128~» 60x8 100x76 32x32 68x40
[llumination Hyl& Scanning Flash Flash Flash
Detection Q Linear SPAD SPAD SPAD
Noise "P@— sed Coded TCSPC with gg;gi;;’f; ) k(i(l))(tieggigcspge ¢
Suppress1i).n Uxel Binning | TCSPC Zoom Hist. Hist. 3. Pixel-Wisc Gating
Interferelw Coded Autoencoded
SupMn No TCSPC No Hist. Coded TCSPC
Depff Res. 15 N/A 90 N/A 234
(mm)
Max. Range 15 45 50 (Telemetry) 14 100 (Telemetry)
(m) ' 10 (Imaging) 34 (Imaging)
Frame Rate 1 ) 10 30 20
(fps)
103 (Telemetry)
BGL (klux) | 0.5 (Indoor) Indoor 40 Indoor 79 (Imaging)
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