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Abstract 

Deep-ultraviolet (DUV) sensing underlies safety-critical systems, especially flame and combustion 

detection, where detectors should both respond fast and reject false alarms from sources such as welding 

arcs. Conventional detectors offer no usable in-sensor dynamics, since trap-free devices offer a static 

response, while those laden with often-deep-level traps offer dynamics viewed as delaying a steady-

state response. Thus, discriminating temporal features is deferred to downstream processing, forcing a 

trade-off between response time and accuracy. Here, in β-Ga2O3, we exploit such traps – DUV 

illumination photoactivates occupied traps, the Poole–Frenkel emission of which results in a current-

controlled negative differential resistance (NDR). The NDR is out-of-equilibrium, existing only during 

photoactivation of traps away from a steady state. Coupled to a small external capacitance, this 

instability sustains voltage firing that is band-pass in effective dose rate. Reading the response at five 

different tuning currents distinguishes six DUV sources of identical wavelength, differing only in 

temporal modulation, including welding and flame that are indistinguishable by average intensity. This 

method offers 98.3% accuracy at 100 seconds versus 87.4% for an ideal intensity-only detector, thus 

discriminating dynamical information at the point of sensing versus by threshold-only. Therefore, defect 

dynamics treated as delaying the material’s actual response, can encode useful information. 

  

mailto:yisuin@tamu.edu
mailto:su1@alumni.stanford.edu
mailto:hwjang@snu.ac.kr


Introduction 

Solar-blind detection of deep ultraviolet (DUV) light identifies the DUV signatures of failure in varied 

macro-scale applications such as power grid corona monitoring1, flame detection in hydrogen 

infrastructure and industrial furnaces2, and micro-scale applications such as on-chip (or in-package) 

discharge sensing in power electronics, especially those involving high-bandgap materials3. In such 

solar-blind DUV sensing, the emission of interest is detected by naturally filtering out much stronger 

visible and infrared background4, but the detection process needs to carefully reject competing signals 

from other DUV sources, such as welding arcs5. β-Ga2O3 is among the most developed materials for 

DUV sensing6,7, but its photoresponse is often governed by deep-level traps associated with oxygen 

vacancies and related defects8, which capture and slowly re-emit photogenerated carriers. The resulting 

persistent photoconductivity extends the response over seconds to minutes8. This slow response is 

widely regarded as a major obstacle to practical devices, and much work has therefore been directed at 

suppressing its trap-related origins through growth control, annealing or heterostructure design9–11. 

Suppressing trap-limited response improves the response speed of photodetection, and enables a clean 

and near-instantaneous tracking of the temporal changes in the source. However, such a faithful temporal 

tracking also means that the sensing medium lacks any discrimination of its own. As such, the source 

identity must be inferred by post-processing the resulting electrical waveform, thereby needing a two-

stage process. For example, in DUV monitoring, welding arcs, lightning and corona are common false-

alarm sources for ultraviolet flame detectors that do not carefully discriminate temporal patterns in the 

source (e.g., in threshold-type detectors)12,13. Such false signals need to be rejected not by their intensity 

but by their spectral or temporal cues, such as flickering14. Commercial flame-detection systems address 

this ambiguity using post-sensing spectral channels12 or alarm-verification procedures15. More recently, 

machine-learning approaches have extracted discriminating features from recorded photocurrent 

waveforms16. No matter the sophistication of such approaches, post-processing introduces a delay in the 

response time. Discriminating temporal features of the inputs through the intrinsic dynamics of the 

detecting medium itself would allow temporal discrimination to arise in the sensor response17–21 rather 

than in downstream signal processing. Discriminating temporal features have not, however, been shown 

to arise from the intrinsic transport dynamics of a single photodetector (since such dynamics have thus 

far been viewed as parasitic8–11). 

Here we examine β-Ga2O3 phototransistors in which the same deep levels that are considered to slow 

the photoresponse can, under illumination, render the device locally active 22–24 (i.e., capable of self-

dynamics owing to instabilities). Instead of suppressing the slow relaxation of trap occupancy, we 

engineered the material (and the device structure) to exhibit varying dynamical responses that are 

sensitive to the temporal structure of illumination. Under DUV illumination, Poole–Frenkel emission 

from occupied traps lowers the effective transport barrier25,26 and drives a current-controlled negative 



differential resistance (NDR)27 that is absent in the dark (Fig. 1a, c–f). Current-controlled instabilities in 

oxide devices are often driven by Joule heating28–30, with temperature as the state variable. Our 

measurements, based on temperature and sweep rate, together with a trapping–emission model, instead 

indicate non-equilibrium trap occupancy as the internal state governing the instability, meaning that the 

internal state is directly coupled to the DUV illumination being sensed. Coupling the device to a small 

external capacitance produces self-sustained voltage firing31,32, the DC level of which is monotonic and 

the AC amplitude of which is band-pass in the effective dose rate, with both responses tunable by the 

bias current (Fig. 1b, g, h), thereby offering multiple degrees of tunability in sensing. Reading these 

responses at multiple tuning currents distinguishes six DUV inputs sharing a single wavelength and 

differing only in temporal modulation (Fig. 1i). 

 

Figure 1 | Defect-enabled dynamical DUV sensing. a, Operating principle of a conventional detector, in which trap states 
limit the response, and of a dynamical detector, in which photoactivated traps confer local activity. b, Responses of the two 
detectors to pulsed deep-ultraviolet (DUV) inputs of fixed irradiance and pulse width, with duty cycle increasing from i to iv. 
Photocurrent under voltage bias is measured in the conventional detector, while a voltage under current drive is read out in the 
dynamical detector (in the response/firing curves, the corresponding effective dose rate increases from i to iv). The conventional 
response is slow and saturating. The dynamical response shows no firing in (i), weak firing in (ii), sustained firing in (iii) and 
suppression in (iv). c, Current-sourced drain–source voltage (VDS)–current (IDS) characteristic. Ⓐ and Ⓑ mark operating points 
on the positive-differential-resistance (PDR) and negative-differential-resistance (NDR) branches. d, Band diagram at IDS = 0. 
Ec, conduction-band edge. e, f, Band diagrams at Ⓐ (low IDS, high VDS) and at Ⓑ (high IDS, low VDS). Ⓑ shows greater Poole–
Frenkel emission and a lower barrier. Red dashed arrows indicate Poole–Frenkel emission. g, DC channel, increasing 
monotonically with the effective DUV dose rate. Increasing tuning current Iext shifts the response downwards. Inset, operating 
circuit, in which the device is driven at constant Iext in parallel with an external capacitance Cext = 10 pF and the output signal 
Vout is read from the operating circuit. h, AC channel, band-pass in the effective DUV dose rate. Increasing Iext shifts the pass-



band to higher dose rate. i, Conceptual scheme for discriminating DUV sources. Sources differing in temporal structure drive 
a bank of cells tuned by different Iext, one source at a time. Each source produces a distinct combination of extracted metrics 
across the bank; three metrics are shown here. A readout identifies the source. All panels are illustrations and contain no 
measured data. 

 

Results 

NDR and its mechanism 

We fabricated β-Ga2O3 phototransistors on sapphire, in which a Ni/Au top electrode overlies an Al2O3 

dielectric and Ti/Au source and drain electrodes contact the channel (Fig. 2a, also see Methods). Using 

cross-sectional transmission electron microscopy, we confirmed epitaxial registration with the substrate 

and a clean film–substrate interface (Fig. 2b). The room-temperature photoluminescence spectrum 

indicates two defect-related bands in the as-grown films (Fig. 2c), assigned to a dominant oxygen-

vacancy-related donor–acceptor recombination and a weaker emission from other defect states (at much 

deeper levels)33–35. 

Sweeping the current at a compliance of 40 V, we observed a region of current-controlled NDR under 

DUV illumination (Fig. 2d), whereas the dark response remained compliance-limited over the same 

current range. NDR in β-Ga2O3 has previously been reported under voltage sweep36, where it has been 

attributed to oxygen-vacancy migration and occurs in the dark; here, by contrast, the instability (NDR) 

appears only under illumination and is resolved under current sweep as a single-valued curve that is a 

function of the applied current.  

To determine how illumination modifies the transport barrier, we measured the drain current (IDS) over 

the temperature range 296–345 K at a fixed drain–source voltage (VDS), and obtained the effective 

activation energies via Arrhenius fits at each VDS (Fig. 2e). The activation energy decreases from about 

1.10 eV in the dark to about 0.36 eV under DUV at high bias. By calculating the local slopes of the 

current-voltage curves, we confirmed that a Poole–Frenkel-type emission was activated along with 

barrier lowering26,37 (Supplementary Section 1). These observations indicate that DUV illumination 

increases trap energies, allowing them to trap carriers, thereby building up a transport barrier38 (that is, 

with increasing IDS, as traps fill, VDS rises up to a certain threshold). At sufficiently high VDS, field-driven 

emission overtakes trap filling, leading to a runaway effect involving a drop in VDS and emptying of 

traps reinforcing each other (that is, as IDS increases beyond a threshold, with the corresponding VDS 

exceeding a threshold, there is a drop in VDS). This rise-and-fall process results in NDR. A quantitative 

model of this process agrees with experimental data (Supplementary Section 1). 



 

Figure 2 | β-Ga2O3 phototransistor and its DUV-activated NDR. a, Device schematic. A β-Ga2O3 channel carries a Ni/Au 
top electrode over an Al2O3 dielectric, with Ti/Au source and drain electrodes on a sapphire substrate. b, Cross-sectional 
transmission electron micrograph of the film on the substrate. Scale bar, 2 nm. c, Room-temperature photoluminescence 
spectrum with its total fit. VO band is assigned to oxygen-vacancy-related donor–acceptor recombination; D2 indicates emission 
from other defect states. d, Current-controlled output characteristics under DUV-off and DUV-on at DUV irradiance PDUV = 
34 µW cm−2. Under DUV, an NDR emerges below the 40 V compliance (Vcomp), whereas the dark response remains compliance-
limited. e, Effective activation energy (Ea) versus VDS in the dark and under DUV at PDUV = 11 µW cm−2. f, Differential 
resistance (rd) as a function of IDS and PDUV, separating the positive-differential-resistance (PDR, rd > 0) and negative-
differential-resistance (NDR, rd < 0) regions. The map is interpolated for display from a 31 × 12 measured grid. Dashed 
horizontal line indicates the NDR suppression threshold at about 130 µW cm−2. Color scale is clipped at ±4 GΩ. 

We mapped the differential resistance rd against the applied current and DUV irradiance (Fig. 2f). The 

NDR region (rd < 0, blue) is bounded within a range on both axes: it opens above a current threshold 

that decreases with irradiation and closes entirely above an irradiance of about 130 µW cm−2. Consistent 

with the competition between trap filling and field emission inferred from the model, NDR intensity 

monotonically decreases with irradiance and eventually vanishes. Under these fast-sweep conditions the 

device is therefore locally active only within a finite current–irradiance window. 

The NDR as a non-equilibrium process 

We next sought to establish the kinetics of the NDR. Current-controlled NDR in oxide devices is 

commonly driven by Joule heating28–30, in which superlinear thermally activated transport provides 

positive feedback and the device temperature acts as the state variable. In such an electrothermal picture, 

increasing the ambient temperature shifts the electrical conditions required to access the instability 

(NDR). Here, however, the NDR window narrows progressively between 296 and 303 K (Fig. 3a), while 



both the peak-to-valley voltage difference and the minimum differential resistance approach zero (Fig. 

3b,c), leaving an entirely positive-differential response above about 302 K. This behavior is difficult to 

reconcile with a simple Joule-heating-driven instability and instead suggests that temperature modifies 

the non-equilibrium state required for NDR. 

 

Figure 3 | Thermal and sweep-rate control of trap-mediated NDR. a, rd as a function of IDS under DUV illumination (PDUV 
= 11 µW cm−2) at ambient temperatures from 296 to 303 K. b, c, Peak-to-valley voltage difference (ΔVDS) and minimum 
differential resistance (min rd) versus temperature. Shading marks the NDR region. d, Time-resolved IDS at VDS = 10 V during 
and after DUV illumination (PDUV = 11 µW cm−2) at ambient temperatures from 298 to 345 K. Shading marks the post-
illumination relaxation window. e, Normalized ΔVDS versus the fast-relaxation fraction A1/(A1 + A2). A1 and A2, amplitudes of 
the fast (τ1) and slow (τ2) relaxation components. Dashed vertical line indicates onset of the NDR response at a fast-relaxation 
fraction of about 0.60. f, VDS versus IDS under DUV (PDUV = 34 µW cm−2) at sweep step times tstep from 0 to 100 ms. g, 
Normalized ΔVDS versus tstep, showing the progressive suppression of NDR as more time is allowed for relaxation. 

To characterize the associated relaxation kinetics, we recorded IDS during and after DUV illumination 

between 298 and 345 K (Fig. 3d). We fit the post-illumination decay using two exponential components, 

a fast and a slow one, with each of their time constants increasing with temperature (Supplementary 

Section 2). We then plotted the peak-to-valley voltage difference against the fraction of the amplitude 

of the fast relaxation exponent A1/(A1 + A2), where A1 and A2 are the amplitudes of the fast and slow 

relaxation exponents, respectively (Fig. 3e). The NDR magnitude correlates with the redistribution 

between the two relaxation components, with the onset of NDR coinciding with a fast-relaxation fraction 

of about 0.60. Because both quantities vary with temperature, however, this correlation alone does not 

establish whether relaxation rather than temperature controls the instability. 

We therefore varied the measurement timescale at fixed temperature and illumination, thereby 

changing the time available for detrapping without altering the external conditions. Increasing the 

sweep’s step time from 0 to 100 ms progressively suppressed the peak-to-valley height (Fig. 3f,g), as 

more time was allowed for trap relaxation during the sweep. Because this suppression is obtained at 

fixed temperature, it independently supports incomplete trap relaxation as a requirement for NDR. The 



suppression at longer step times also argues against an instability dominated by progressive mobile-ion 

redistribution, which longer times would be expected to favour36. Together with the field-assisted barrier 

lowering and trapping-emission model inferred from Fig. 2, and the temperature-dependent relaxation 

of Fig. 3d,e, these results support the non-equilibrium occupancy of photoactivated traps as the internal 

state governing the instability.  

 

Figure 4 | Current-tuned band-pass firing and dual-channel encoding. a, Representative oscillatory response (Vout versus 
time) at Iext = 70 nA, PDUV = 5 µW cm−2 and duty = 50%. b, AC amplitude VAC versus Iext at duty cycles of 25, 50 and 100% 
(PDUV = 5 µW cm−2). The peak shifts to higher Iext at higher duty cycle. c, Firing-onset time (tonset, left axis) and output frequency 
(fout, right axis) versus PDUV at Iext = 120 nA and duty = 100%. At this duty cycle, PDUV equals the effective dose rate PAVG (= 
PDUV × duty). Vertical axes are logarithmic. d, e, VAC and DC level VDC versus PDUV under the conditions of c. f, VDC versus 
VAC under a duty-cycle sweep (PDUV = 15 µW cm−2) and a PDUV sweep (duty = 50%), with Iext from 30 to 120 nA. Arrow marks 
the direction of increasing PAVG.  

A true test of local activity (arising from current-controlled NDR) is the ability of a device to produce 

self-oscillations when destabilized by a parallel capacitor and driven by a current source (Fig. 1g, 

inset)31,32. Such local activity would confirm internal kinetics of the device. To verify the presence of 

local activity, we placed the device in parallel with an external capacitance Cext of 10 pF and recorded 

the resulting output voltage. Under pulsed DUV illumination, the output voltage rises and begins to 

oscillate (fire)39 after a delay, developing into sustained firing, the amplitude of which evolves over tens 

of seconds (Fig. 4a). Firing occurs only within a window of the tuning current Iext, and the window shifts 

to higher Iext as the duty cycle of the input is raised (Fig. 4b), so both the optical input and the electrical 

bias set whether the device fires. Unlike the fast current sweeps used to map the NDR boundary in Fig. 

2f, the measurements in Fig. 4 operate the device–capacitor circuit at a fixed external tuning current 

over the full observation window.  

Since the input is temporally varying, it is reasonable to check whether temporally varying dynamics 



in the output merely reflect the dynamics of the input – in such a case, the detector would not be 

discriminating among different inputs. With separate experiments, we confirmed that the output 

frequency stayed constant even when the input frequency was varied within a certain frequency range, 

and the system produced firing of the output even when the input was constant irradiation (with no 

dynamics), detailed in Supplementary Section 3. Thus, the input-dependent dynamics characterized here 

are true measures of the sensing medium’s discriminating kinetic response to the inputs. 

These results indicate that the NDR is a kinetic, non-equilibrium response that persists only while the 

trap occupancy remains displaced from its steady-state value. 

Encoding DUV dynamics in multiple independent variables 

The richness of a dynamical response is often determined by the number of nominally independent 

variables that can be mapped onto the dynamics 31,40–42, which leads to encoding a high density of 

information, which in turn enables a better detector. Here we identified five such measurable variables. 

Varying the DUV irradiance PDUV at fixed duty cycle, the firing-onset time decreases and the output 

frequency increases monotonically with PDUV (Fig. 4c). In contrast, the AC amplitude passes through a 

maximum at 15 µW cm−2 before declining, whereas the DC level increases monotonically (Fig. 4d,e). 

The AC channel is therefore band-pass in the optical drive, whereas the DC channel is monotonic (as 

illustrated in Fig. 1g,h). Sweeping the duty cycle at fixed irradiance and sweeping the irradiance at fixed 

duty cycle, both collapse onto a common trajectory in the plane plotting DC level against AC amplitude 

(Fig. 4f). This result indicates that under periodic drive at fixed pulse width, the operating point is 

governed by the effective dose rate PAVG = PDUV × duty, rather than by irradiance or duty cycle 

independently (additional plots in Supplementary Figs. S6–S8). These observations identify two distinct 

encoding variables: VAC, which is band-pass, and VDC, which is monotonic (both with respect to PDUV). 

The firing-onset time, tonset, follows a power-law dependence on effective dose rate, which shifts 

systematically with Iext (Supplementary Fig. S9b). We also identified the output frequency, fout, and the 

firing rate, Γfire, as two other independent variables – fout identifies the most dominant spectral frequency, 

while Γfire measures the number of fired spikes within a time window. As such, a steady fast flicker, as 

in a flame, could have a high fout and a high Γfire, whereas intermittent bursts, as in a welding arc, could 

have an equally high fout but a lower Γfire (Supplementary Section 3). As a result, we have five variables 

to encode the input dynamics: VAC, VDC, tonset, fout, and Γfire.  

Source discrimination by current-tuned firing 

To test whether the five metrics carry source identity, we mimicked an array of five detectors, each 

biased at a different tuning current (Iext). As a result, we obtained a 25-element fingerprint for each 

measurement (Fig. 5a). We used six DUV inputs derived from a single 265 nm source (that is, the same 

amplitude and wavelength), differing only in how the illumination is distributed in time (Fig. 5b). The 



set comprises a continuous lamp, a weld waveform and an irregular flame with the same duty cycle but 

different temporal structures, a second block-structured weld waveform, a sparse corona and a single 

lightning flash. Because all six share the same wavelength, spectral information alone cannot distinguish 

them; because several also share the same duty cycle, time-averaged irradiance alone cannot fully 

separate the six inputs. Weld 1 and flame were designed to have the same nominal effective dose rate 

but distribute their pulses differently in time. When burst intervals become comparable to the trap-

relaxation timescale, the trap state can retain sensitivity to pulse ordering, so inputs with similar PAVG 

need not follow the same dynamical trajectory. The five tuning-current responses were measured 

sequentially on one device and then combined to mimic the output of an array of cells operating in 

parallel. 

 

Figure 5 | Source discrimination by current-tuned firing. a, Signal-processing pipeline, illustrated with a measured trace 
from the weld 1 input. A temporal DUV input drives the phototransistor at five tuning currents Iext (30, 50, 70, 90 and 120 nA). 
Five metrics – tonset, fout, VAC, VDC and Γfire – are extracted and passed to a readout that identifies the source. b, DUV input 
waveforms representing the six sources, numbered 1–6 and differing in temporal structure at fixed peak irradiance. c, 
Fingerprints of the five metrics across the five tuning currents for each source, shown as z-scores. Iext increases from 30 nA at 
the bottom to 120 nA at the top. d, Principal-component projection of the standardized fingerprints. e, Principal-component 
projection of the ridge score vectors obtained from the fingerprints in c. f, Confusion matrices at an observation time tobs = 100 
s for the nearest-centroid readout using five tuning currents, the ideal linear baseline reporting time-averaged irradiance, and 
the trained ridge readout, using the source numbering of b. Each source was measured over 20 trials. g, Six-class accuracy 
versus observation time for nearest-centroid readouts using N = 1–5 tuning currents and for the ideal linear baseline. h, Six-
class accuracy versus time to decision for the current-tuned readout and for the ideal linear baseline followed by post-processing, 
together with representative response-time ranges of commercial flame detectors and alarm-verification windows. The device 
region spans N = 1–5 tuning currents; the post-processed region spans N = 1–5 ideal linear baselines and nearest-centroid to 
multilayer-perceptron readouts, projected beyond 100 s by scaling the readout noise with observation time. The vertical 



placement of the commercial-detector and verification regions is schematic. Shading indicates characteristic flame and welding 
timescales. 

The fingerprints show source-dependent patterns across the six inputs (Fig. 5c). In the first two 

principal components, most sources form separated clusters, although flame and weld 2 partly overlap 

(Fig. 5d). A nearest-centroid readout applied to the standardized fingerprints identifies the source with 

98.3% accuracy at an observation time tobs of 100 s, compared with 87.4% for an ideal linear baseline 

(the output of which is proportional to the time-averaged irradiance of the same drive waveform) (Fig. 

5f). The residual error is confined to flame and weld 2, the pair that overlaps in Fig. 5d. Adding a trained 

linear classifier that takes the 25-element fingerprint can clearly separate flame and weld 2 in the score 

space (Fig. 5e), and reaches 100% classification accuracy (Fig. 5f). We use the nearest-centroid readout 

as the primary comparison because its low-capacity, prototype-based decision rule provides a simple 

test of the separability already present in the device-derived feature space. 

The ideal linear baseline includes Gaussian readout noise but no response-time or saturation limit 

(Supplementary Section 4). Even under these idealized conditions, time-averaged intensity does not 

fully separate weld 1 from flame because they were designed to deliver the same time-averaged 

irradiance while differing only in temporal arrangement. By contrast, VDC at a single tuning current 

provides greater separation between the two classes. Classification accuracy of the device-derived 

fingerprints increases with observation time and with the number of tuning currents, and remains above 

the linear baseline over the measured observation window (Fig. 5g). The baseline accuracy reaches a 

minimum near tobs = 30 s, where the cumulative duty cycle of weld 2 crosses those of weld 1 and flame, 

causing the three inputs to transiently overlap in time-averaged intensity. To test whether the remaining 

baseline error arose from readout noise or classifier choice, we repeated the linear-baseline analysis in 

the noise-free limit using nearest-centroid, ridge, multilayer-perceptron and quadratic support-vector 

readouts. All four reach at or below 95.0% accuracy and misclassify weld 1 trials as flame. This common 

error pattern indicates that the residual limit arises from the information retained in time-averaged 

intensity rather than from readout noise or classifier choice. 

Placing these results against existing approaches requires care, because accuracy and decision time are 

reported for different tasks. Commercial DUV flame detectors respond within seconds but issue an alarm 

rather than a source identity, so no six-class accuracy is defined for them (Fig. 5h). Most reported 

ultraviolet source-classification systems distinguish physically distinct emitters and construct 

discriminating features through downstream processing, making their reported accuracies not directly 

comparable with the single-wavelength temporal-discrimination task studied here (Supplementary Table 

3). We therefore show in Fig. 5h the region occupied by the device readout together with that of the ideal 

linear baseline followed by post-processing. The commercial groups are shown schematically at the six-

class chance level only to indicate that source identity is not among their outputs, not as a measured 

classification accuracy. The shaded band provides context for the characteristic timescales over which 



flame and welding signals evolve. With multiple tuning currents, the device readout reaches accuracies 

beyond the 95.0% limit of the linear route. The resulting decision time is of order tens of seconds, 

reflecting the slow trap-relaxation dynamics that generate the firing rather than the response time of a 

threshold detector. This timescale overlaps the characteristic flame and welding timescales shown for 

context in Fig. 5h. The comparison therefore separates two effects: the trap dynamics set the decision 

time, and they also generate discriminating information that time-averaged intensity does not retain. 

Conclusion 

We explored the broad question on whether defect-rich wide-bandgap semiconductors can be a design 

principle, rather than being the subject of costly engineering efforts to remove such defects or avoid 

their effects. Especially deep-level defects are conventionally treated as parasitics, since they slow the 

photoresponse in wide-bandgap materials. Here, operating the device away from equilibrium makes the 

kinetics of photoactivated traps a functional degree of freedom. Specifically, the non-equilibrium 

occupancy of photoactivated traps, in competition with field-induced Poole–Frenkel emission (emptying 

of traps), becomes a state variable that enables DUV-activated current-controlled NDR in β-Ga2O3. As 

such, instead of the traditional thermally activated NDR, we have isolated an optically-driven NDR. We 

show that the NDR is a fingerprint of underlying local activity, which is the medium’s unique kinetic 

behavior that produces self-sustained oscillations when placed in parallel with a capacitor. Further, we 

identify five measurable variables, each of which offers distinct identifications of the input’s dynamics. 

Thus, even when the input sources were identical in wavelength and amplitude, differing only in their 

temporal distribution, we were able to discriminate between industrially relevant DUV signatures, such 

as those representing welding, flames, arcs, etc. Therefore, defect dynamics that ordinarily limit 

photodetection can become a source of function when they are deliberately incorporated into the device 

dynamics. 

 

Methods 

Film growth and device fabrication 

β-Ga2O3 films were grown on c-plane sapphire by pulsed laser deposition using a KrF excimer laser at 

248 nm. The fluence was 2.5 J cm−2, the repetition rate 2 Hz, the substrate temperature 650 °C, the 

oxygen pressure 1 mTorr and the target–substrate distance 50 mm, giving a film thickness of about 300 

nm. Devices were patterned by maskless lithography and inductively coupled plasma etching, with a 

channel of 80 µm × 20 µm. Ti/Au (50/100 nm) source and drain electrodes were deposited by electron-

beam evaporation, followed by 110 nm of Al2O3 by thermal atomic layer deposition at 250 °C using 

trimethylaluminium, and Ni/Au (10/10 nm) top electrodes by electron-beam evaporation. The 24 × 24 

array was fabricated by the same process on a single chip; all electrical measurements reported here 

were made by contacting individual phototransistors through their source and drain electrodes. The 



firing characteristics were additionally measured on four cells from the same array (Supplementary 

Section 5). 

Structural and optical characterization 

X-ray diffraction was performed on a PANalytical X'Pert Pro diffractometer using Cu Kα radiation (λ 

= 1.54056 Å). θ–2θ scans were collected over 10°–110° at room temperature, and ϕ scans of the β-Ga2O3 

(4̄01) and Al2O3 (116) reflections were used to assess in-plane epitaxial registry. Cross-sectional 

specimens were imaged on a JEOL JEM-2100F. Room-temperature photoluminescence was measured 

on a PicoQuant FluoTime 300 spectrometer at an excitation wavelength of 266 nm and deconvoluted in 

wavelength space into three Gaussian components centred at 405, 511 and 749 nm. The assignments of 

the two dominant components are consistent with reported spectral positions; the corresponding optical 

transition energies are distinct from the effective activation energies of Fig. 2e. 

Electrical measurements 

All electrical measurements were performed in ambient atmosphere using a Keysight B1500A 

semiconductor parameter analyser, with the device driven by a high-power source-measure unit at a 

voltage compliance of 40 V and the drain connected to the ground unit. Current-driven drain–source 

voltage (VDS)–current (IDS) sweeps were performed up to 3 nA with no intentional delay between 

successive steps unless stated. The oscillation measurements were instead performed at a fixed tuning 

current held over the full observation window. For the sweep-rate measurements, the programmed step 

time was varied from 0 to 100 ms. Temperature-dependent transport and post-illumination relaxation 

measurements were performed between 296 and 345 K. The specific irradiance, bias and temperature 

conditions for each dataset are given in the corresponding figure captions. 

For the irradiance-dependent measurements of Fig. 2f and Supplementary Fig. S4, PDUV was varied 

from 29 to 180 µW cm−2. The differential resistance rd of Fig. 2f was obtained by numerical 

differentiation on a 31 × 12 measured grid of IDS and PDUV and interpolated for display. The 

differentiation noise floor was 0.54 GΩ, propagated from the repeat-to-repeat spread of VDS; a negative 

excursion was classified as NDR only where rd fell below three times this floor. 

DUV illumination 

Illumination was provided by a 265 nm light-emitting diode (M265L5) gated by a medium-power 

source-measure unit of the same analyser at a drive voltage of 5 V. The optical irradiance at the device 

plane was calibrated using an S120VC sensor and a PM100D2 console. For the parameter-grid 

measurements, the pulse width was held fixed at 200 ms, so duty cycles of 12.5, 25, 40, 50, 66.7 and 

80% correspond to input repetition rates fin of 0.625, 1.25, 2.0, 2.5, 3.33 and 4.0 Hz, respectively. A duty 

cycle of 100% denotes continuous illumination, for which fin is not defined. 



Oscillation measurements and metric extraction 

An external capacitance of 10 pF was connected in parallel with the device, and the voltage at the 

common node was recorded at approximately 62 Hz. The tuning current Iext was supplied to the parallel 

device–capacitor network and is distinct from the instantaneous device current IDS. For the oscillation 

measurements, the reported output voltage was defined as Vout = Vcomp − VDS, with Vcomp = 40 V, and 

tuning currents Iext of 30, 50, 70, 90 and 120 nA were applied. The five tuning currents were applied 

sequentially to a single device; the parallel-bank configuration in Fig. 1i represents the corresponding 

operating concept. Five metrics — the firing-onset time tonset, output frequency fout, AC amplitude VAC, 

DC level VDC and firing rate Γfire — were extracted from each response. Their definitions, signal-

processing procedures and response-map construction are given in Supplementary Section 3. Conditions 

in which the output frequency locked to the input pulse rate were excluded from the output-frequency 

analysis in the parameter grid; no such exclusion was applied in the source-discrimination measurements, 

where an input-locked response is itself a signature of the source. 

Source discrimination 

Six temporal drive waveforms representing a continuous lamp, two welding conditions, flame, corona 

and lightning were generated from the same 265 nm source, such that the task contained no spectral 

information and class differences arose only from temporal modulation. Each input was measured over 

20 trials. For each trial, the five metrics extracted at each of the five tuning currents were concatenated 

to form a 25-element fingerprint. Source classification was evaluated by leave-one-trial-out cross-

validation using a nearest-centroid readout, with ridge regression used as a trained comparison. The 

linear baseline was constructed from the time-averaged irradiance of the same drive waveform with 

Gaussian readout noise but no response-time or saturation limit. Full waveform parameters, metric 

handling, classification procedures and baseline construction are given in Supplementary Section 4. 

 

Data Availability 

The datasets generated and/or analysed during the current study are available from the corresponding 

author upon reasonable request. 

 

Code Availability 

The custom Python code used for the model fitting, metric extraction and classification analyses is 

available from the corresponding author upon reasonable request and will be deposited in a public 

repository upon publication. 
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