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Fig. 2: THz scanner line; chip with 4 THz detectors
per chip

and an analog-to-digital converter with 16-bit res-
olution and a sampling rate of up to 15,000 lines
per second. The conveyor belt with a width of
27 cm is arranged between the signal source
and the detectors with operating speeds of up
to 1.5 m/s. The readout speed, determined by
the electronics and system structure, can reach
2 GHz, with all detector pixels operating in paral-
lel. This configuration enables efficient and high-
speed data acquisition, making the setup ideal
for real-time, high-resolution imaging. The fig-
ure shows a photo of 5 stacked Lego plates and
the THz image generated by the THz scanner.
The image presented in Figure 3 was captured in
real-time on the conveyor belt. Each step of the
stacked Lego plates can be identified due to in-
creasing attenuation with plastic thickness. The
small individual bumps, typical for Lego, can also
be identified.

Fig. 3: Image of stacked Lego bricks and THz image,
generation speed ¡ 1 s

Conclusions
The THz detectors and arrays presented here
pave the way for the development of THz imag-
ing systems that were previously unattainable,
due to enhaced sensitivity and signal process-
ing speed. To showcase these capabilities, we
have constructed and demonstrated a real-time

THz scanner. Videos of some scanning objects
will be presented during the show.
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Summary: Developing a standard sensory system using advanced integration technologies presents both advan-
tages and obstacles due to issues like noise, manufacturing deviations, and signal swings. Adopting a self-adaptive
approach and shifting from traditional amplitude-based processing to a biologically inspired, adaptive spike-domain
framework provides a practical solution. This work introduces a neuromorphic model of an adaptive spiking sensory
front-end featuring self-X properties and capacitive storage. A learning loop enables continuous synaptic updates
to prevent signal degradation, using spike-timing-dependent plasticity (STDP) for adaptation.
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Background, Motivation and Objective
Sensory systems are rapidly evolving, with ad-
vances in transduction and integration enabling
miniaturization and diverse applications, sim-
plifying use but complicating electronic design
[1]. Modern mixed-signal systems enhance ef-
ficiency and speed with lower voltages and ca-
pacitance but challenge traditional analog de-
signs with increased noise, reduced signal ampli-
tude, variability, mismatch, and lower gain. Re-
liable analog front-ends (AFEs) are critical for
system performance, requiring robustness, ac-
curacy, and self-X features like self-healing, self-
calibration, and self-optimization. Fig. 1 shows a
typical sensor interface with signal conditioning,
amplification, filtering, and ADC. PGAs boost
weak signals for ADC range, anti-aliasing filters
reduce noise and align signals, and the ADC dig-
itizes them for processing.

Sensor(1)

Sensor(n)

Signal Conditioning 
(In-Amp, PGA, Op-

amp)

Anti-Aliasing
Filter

ADC
Processing

Unit
Analog
MUX

Fig. 1: The conventional AFE system chain.

Traditional AFEs relied on amplitude-coded
signals, but modern CMOS technology’s re-
duced transistor sizes and supply voltages shift
the focus to time-coded signals, offering bet-
ter adaptability and robustness. To address
these limitations, we developed a neuromorphic
spiking sensory system with adaptive capabili-
ties, combining spike timing and an approach in-
spired by acoustic localization (Fig. 2) [2]. The
system uses an adaptive synapse model with
a CMOS-emulated memristor to mimic biologi-
cal synapses [3] and was fabricated with XFAB
CMOS 0.35 µm technology, featuring a self-
adaptive spiking sensory front-end [4]. Pre-

vious systems used counters to control adap-
tive synapse weights [2]. This study replaces
counters with capacitive storage, requiring pe-
riodic refreshing. A learning loop based on
STDP, inspired by auto-zeroing techniques, re-
duces adaptation variables and transistors count
compared to the previous implementation by us-
ing the counters, while enabling dynamic refresh-
ing to prevent value degradation.
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Fig. 2: A block diagram of neuromorphic spiking
sensory systems, incorporating ASSC and SA-SDC.

Proposed Methodology and Results
The proposed neuromorphic spiking sensory
system uses an adaptive sensor signal-to-spike
converter (ASSC) and a self-adaptive spike-to-
digital converter (SA-SDC), as shown in Fig. 2.
The ASSC converts sensor signals into two
spikes with a time difference (TD) represent-
ing the sensor output, while the SA-SDC gen-
erates digital codes from the TD. The ASSC
aligns the SA-SDC input range with the sen-
sor output through time-domain amplification
and level shifting, avoiding data loss or costly
range expansion. The SA-SDC comprises the
Self-Adaptive Spike-to-Rank Coding (SA-SRC)
and the Winner-Take-All (WTA) mechanism, as
shown in Fig. 3. The SA-SRC encodes timing dif-
ferences via spike order coding, based on spike
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Fig. 3: The proposed neuromorphic AFE based on
STDP adaptation

sequences in a neuron group. The WTA converts
these patterns into digital signals. At its core, the
SA-SRC uses an Adaptive Coincidence Detec-
tor (ACD) with two adaptive synapses (AS) and
a neuron (N). The delay chain duration depends
on the neuron’s firing time, influenced by input
current intensity and adjusted synaptic weights
to match timing variations.

Fig. 4: Schematic of the proposed synapse.

Biological synapse models aim to replicate
natural functions [6], but often require many
adaptation parameters and transistors. For our
ACD as a neural network time delay based on
the STDP rule, we focused on key features.
STDP, vital for learning and brain function, ad-
justs synaptic weights based on the timing dif-
ference between pre-and postsynaptic spikes
[5]. The direction of weight change depends
on whether this timing difference is positive or
negative, continuing until the target weight is
reached. We modified and optimized existing
synapse models [6] to enable ACD to operate
as a time delay element within a neural net-
work using the STDP learning rule, as illus-
trated in Fig. 4. The STDP circuit has two sec-
tions: potentiation (top) and depression (bottom).
Resistor-capacitor pairs set the time constant.
The capacitor C3 influences the gate voltage of

PMOS M3 by charging capacitor C22 during ac-
tive learning. Once learning ends, C3 discon-
nects, leaving C22 directly linked to the PMOS
gate. The synaptic weight controls neuron fir-
ing delay, adjustable between 3.7 ns and 11.6 ns
by influencing the neuron’s membrane capacitor
charge.

Fig. 5: The synaptic weight adjustments

The autonomous circuit regulates synaptic
weights by leveraging pre- and postsynaptic
spikes alongside the nominal delay. This adjust-
ment occurs simultaneously across all ACDs by
managing switches T1, T2, T3, T4, and T5. As
a result, the adaptation time remains indepen-
dent of the number of synapses since all are up-
dated concurrently. In each ACD, the circuit ad-
justs the first synapse’s weight by connecting it
while disconnecting the second. Similarly, the
weight of the second synapse is adapted in par-
allel. Fig. 5 illustrates the synaptic weight adjust-
ments based on pre- and postsynaptic spikes. In
the current phase of the design, pre- and post-
synaptic spiking events emulate the generation
and adaptation of pre-and postsynaptic spikes in
the planned complete circuit. The next phase fo-
cuses on developing an autonomous circuit to
control these events, marking the first step to-
ward a physical demonstrator or chip.
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