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Abstract 

The intention of this review is to reflect on the development of ultrafast 2D-IR spectroscopy to date and 

to attempt to envisage how the technique might develop in the period between now and 2050. As 

ultrafast 2D-IR spectroscopy measurements were first-reported in 1998, the timing of this article 

represents a ‘halfway’ stage, allowing us to look back on 26 years of development to provide a 

perspective on what the next 26 years might bring. We begin by briefly introducing the method and 

summarising the development of 2D-IR experiments thus far, but then focus on the most recent 

advances in technology, sample handling and data analysis methods to inform a discussion on the 

direction of travel for the field in terms of measurement capabilities. Finally, we examine the most recent 

applications of 2D-IR, with a particular focus on emerging research areas to show how the field 

continues to explore new challenges and provide novel insights. 

 

Introduction to the 2D-IR method and historical context 

Infrared (IR) absorption spectroscopy is a commonly-employed technique that has been used to provide 

molecular insight across a broad range of chemical and biomolecular applications. By measuring the 

specific frequencies or wavelengths at which molecules absorb IR radiation, detailed information can 

be obtained regarding the vibrational energy levels, bonding, symmetry and structure of a molecule, 

while lineshapes report on dynamic phenomena such as lifetimes and the impact of intermolecular 

interactions. However, in the case of samples with complex spectra or where significant line-broadening 

occurs, this information can be hard to extract from a one-dimensional spectrum, while information on 

dynamic timescales is lost when using normal absorption spectroscopy approaches. 

The relationship between ultrafast two-dimensional infrared (2D-IR) spectroscopy and IR absorption is 

broadly analogous to that between one and two-dimensional NMR experiments. 2D-IR measurements 

introduce a second frequency dimension to the IR spectrum such that the bands found in an IR 

absorption (frequently referred to as FT-IR) spectrum appear on the diagonal of the 2D-plot, while off-

diagonal peaks appear that provide new information relating to vibrational mode coupling, structure and 

energy transfer processes.1-3 The 2D-representation of the molecular IR response also brings benefits 

in terms of reduced spectral congestion.  

The ability to access this additional information arises because the 2D-IR signal is generated by 

sequence of IR laser pulses which first excite (pump) the vibrational modes of the sample and then 

follow (probe) the impact of the excitation on other modes (Fig. 1(a)). Formally, this is a 3rd order non-

linear spectroscopy technique, which leads to a 2D plot that is a correlation map of excitation (pump)  



 

Figure 1: Schematic introduction to 2D-IR spectroscopy. a) Diagram of experimental arrangement 

showing two pump (solid red) and one probe pulse (hatched) used to generate the 2D-IR signal and 

the waiting time Tw. B) Energy level diagram of a simple set of two coupled vibrational modes discussed 

in the text. c) 2D-IR spectra arising from a system as in b) at two values of Tw. Numbers identify peaks 

discussed in the text. 

 

frequency with detection (probe) frequency (Fig. 1(c)). The laser pulses used are of ultrashort duration 

(~200 fs duration or less) while control of the time delays between them allows measurement of the 

evolution of the molecule’s response with time, giving access to dynamic information. The most 

commonly-used of these delay times is the waiting time at which a 2D-IR measurement is recorded (Tw, 

Fig. 1(a)), which can be varied to measure effects arising from vibrational relaxation and solvent-solute 

dynamics. An additional benefit of the non-linear spectroscopic nature of the measurement is a slight 

narrowing of the measured linewidths of the bands on the spectrum diagonal,1 providing improved 

frequency resolution compared to FT-IR. 

From a practical perspective, a 2D-IR spectrum can be understood effectively as a frequency-resolved 

pump-probe experiment.1 The method and general form of the spectra have been reviewed in detail 

many times and so this will not be repeated here1, 4-9, but it is necessary to provide a brief overview to 

inform later discussion. To do this, we consider an example spectrum of a model molecule featuring 

two coupled vibrational modes, a and b (Fig. 1(b)). A schematic diagram of the relevant vibrational 

energy levels are shown in Fig. 1(b), which includes both the v = 1 (labelled as a or b in the figure) and 

the v = 2 (2a, 2b) vibrational energy levels, which can be accessed as a result of the pump-probe nature 

of the experiment. Also shown is the combination band (ab) which features one quantum of excitation 

in both modes. 

Considering the 2D-IR spectrum of this system obtained at a short value of Tw (250 fs, Fig. 1(c), left), it 

can be seen that the two fundamental vibrational transitions (v=0-1) for modes a and b appear on the 



diagonal of the 2D-IR plot, labelled 1 and 2. At room temperature, these are the only transitions that 

would appear in an FT-IR spectrum of this molecule as only the ground vibrational state is appreciably 

populated. In a 2D-IR experiment the pump pulse is used to excite the modes before a time-delayed 

probe detects the state of the system as a function of Tw. In Fig. 1(b) it can be seen that this leads to 

the appearance of peaks due to the v=1-2 transitions of a and b (peaks 3 and 4), which are shifted to 

lower probe frequency relative to the diagonal peaks by the anharmonicity of the mode in question. As 

modes a and b are vibrationally coupled (excitation of one leads to a change in the frequency of the 

other) two further peaks appear in the off-diagonal region at the frequency of the coupled mode (labelled 

1’ and 2’), creating a square set of peaks (see dashed box) that can be used to identify any pair of 

coupled modes. Two final peaks (5 and 6) arising from transitions from the v=1 levels of a and b to the 

‘ab’ combination band are also visible. The separations of the off-diagonal pairs of peaks (1’ & 6; 2’ & 

5) report on the off-diagonal anharmonicity of the combination band relative to the energy of the two 

fundamental transitions, which provides a measure of the coupling strength of the two modes.  

As Tw is allowed to increase (Fig. 1(c), right panel), the peaks in the 2D-IR spectrum reduce in intensity. 

This is caused by the relaxation of molecules from higher vibrational energy levels to the ground 

vibrational state. However, some new off-diagonal peaks also appear (see numbered peaks in the right 

hand spectrum of Fig. 1(c)) which were not present at shorter values of Tw. These are labelled according 

to the transitions that they correspond to in Fig. 1(b) and it can be seen that they occur because of 

energy transfer between the v=1 levels of modes a and b. The rise times for these peaks can be used 

to measure energy transfer pathways between modes.  

The additional information content from a 2D-IR spectrum relative to FT-IR, even for a molecule with a 

relatively simple set of vibrational modes, is clear from Fig. 1. Overall, 2D-IR is able to identify coupled 

modes, which can be used to aid assignments or unravel spectra of mixtures. Different polarisation 

relationships between the pulses that generate the 2D-IR signal can be used to extract information 

regarding the angles between the transition dipole moments of the coupled modes, and so yield direct 

structural insight.2 The changes in peak heights with Tw provide energy relaxation information, which is 

linked to solvent-solute interactions or intramolecular vibrational energy redistribution pathways.10-12 

The growth of off-diagonal peaks can also be used to reveal chemical exchange between two species 

in equilibrium.4, 13, 14 Finally, though not shown in the example, for samples where the vibrational 

lineshapes are inhomogeneously broadened, for example molecules in H-bonding solvents, the 2D-IR 

lineshape and its evolution with Tw can be used to extract the underlying dynamics of the processes 

causing the broadening, such as the H-bond exchange timescale.15-18 The range of timescales of the 

dynamics that 2D-IR is able to access are determined at the upper limit by the vibrational lifetime of the 

mode being studied (typically on the order of 1-150 ps) and at the lower limit by the time resolution of 

the instrument (typically 100-200 fs). This means that, although the range is relatively narrow, it 

encompasses a number of important molecular processes, from rotational motion to isomerisation, and 

H-bond exchange that are all difficult to measure with other methods. This gives 2D-IR a place in the 

general suite of tools that can be used to study molecular systems. In addition, the ability to measure a 

molecule-specific 2D fingerprint linked to structure makes 2D-IR potentially a powerful technique for 

analysis of complex samples.3, 8, 19, 20  



The ability to provide detailed insight into the fundamental relationships between vibrational modes and 

their interaction with the molecular environment has led to a range of different applications for 2D-IR 

over the course of the 26 years since its first use.21 These include probing solvation dynamics12, 13, 22-30 

and uncovering the ultrafast processes involved in catalytic mechanisms31-35 as well as biochemical or 

biophysical applications, from assessing the role of environment in hydrogenase active sites,29, 33, 36, 37 

to examining the structural fluctuations of proteins and DNA.38-51 Indeed, it is in relation to biomolecular 

samples that 2D-IR has perhaps made the biggest impact thus far. The intricately-coupled, delocalised 

modes, such as the amide I mode, that arise from the folding of peptide chains into protein secondary 

structures and from the intramolecular couplings of DNA bases in double-stranded DNA lead to 2D-IR 

spectral signatures that are very sensitive to 3D-structure, dynamics and interactions such as ligand 

binding. Recently, this has extended towards the possibility of applying 2D-IR to analytical problems,3, 

52, 53 made possible by the ability to study proteins in H2O-rich fluids using 2D-IR.19,54,19, 55 This has 

enabled 2D-IR studies proteins in physiologically-relevant solvents, where drug binding and protein 

structural changes have been explored.56-58 

In the rest of this review, we focus on recent technological and data processing developments in order 

to show how they have contributed to a growing breadth of applications of 2D-IR spectroscopy. We 

then consider how this provides a platform for future directions and the feasibility of a transition for 2D-

IR from specialist technique to accessible laboratory tool.  

 

Recent Advancements  

Instrumentation  

Since 1998, the progression of 2D-IR applications has been closely linked to the development of the 

associated laser technology. At the outset, two methods existed for measuring 2D-IR spectra; a 

frequency domain approach where the pump frequency was scanned by placing a tuneable spectral 

filter in the pump beam, and a time domain method where the time delay between the two pump pulses 

(τ in Fig.1(a)) is scanned and a Fourier transform used to recover the pump-frequency axis of the 

spectrum in a manner akin to FT-IR spectrometers.1, 6, 59 The frequency domain method provided a 

lower time resolution measurement than the time domain method and is now used relatively rarely. 

Similarly, more than one method of implementation exists for the time domain approach. The initial 

experimental design placed the three beams of input laser pulses at three corners of a square, the so-

called boxCARS geometry. This led to the signal pulse being emitted by the sample towards the fourth 

corner of the square and so allowed a background-free measurement. This is perhaps the most 

sensitive 2D-IR collection method, but requires separate alignment of a local oscillator laser beam to 

achieve heterodyne detection. Careful phasing of the Fourier transformed data is also necessary to 

avoid distortions of the lineshapes that are caused by imperfections in the measurement of the time 

delay between the laser pulses.1, 6 The second time domain method arranges the three input pulses 

into a pump-probe beam geometry, with two ‘pump’ pulses and one probe (Fig. 1(a)). This approach 

considerably simplifies data collection and analysis by using the residual probe beam as an intrinsic 

local oscillator. When the pulses are generated by a pulse shaper,60 this experimental arrangement also 

removes ambiguity over the relative pulse timings allowing straightforward generation of 2D-spectra 



without artefacts. At the current time, the choice of time domain implementation method is largely 

governed by considerations such as the need for overall sensitivity and control of the pulse sequence 

versus simplicity, robustness and speed of data collection, which are in turn dictated by the application.  

Significant improvements continue to be made in 2D-IR instrumentation, which we broadly categorise 

into three main areas: laser sources, detectors, and sample handling strategies, each of which has led 

to advances in the technique.21 We review each of these areas separately below, focusing on the 

specific benefits, for example in terms of speed of acquisition, sensitivity or reproducibility of the 

instrument.  

 

Laser Sources 

Perhaps the most telling single step advance in 2D-IR capability of the last decade is the advent of high 

pulse repetition rate Yb-based laser systems. Historically, the majority of 2D-IR spectrometers have 

exploited regeneratively amplified Ti:sapphire  laser systems, capable of producing pulse repetition 

rates from 1 to 10 kHz.61, 62 These laser systems became commercially available in the 1990s63 and 

provided the ability to successfully pump optical parametric amplifiers for IR pulse generation.6  

In the past 5-10 years, high repetition rate Yb-laser technology has emerged as a natural successor to 

Ti:sapphire.62, 64 By producing higher average powers and much greater pulse repetition rates (up to 

100 kHz), Yb-based systems yield advantages ranging from faster data acquisition rates and greater 

experimental throughput to superior shot-to-shot stability and improved signal to noise ratio.62 In 

addition, Yb-lasers confer advantages in efficiency, reduced footprint and cost effectiveness, 

consuming approximately an order of magnitude less electrical power than Ti:sapphire systems.62, 65 As 

these lasers derive from commercial or industrial laser platforms they tend to be more robust and low-

maintenance than a Ti:sapphire laser, focusing experimental effort and development on to the 

spectroscopy measurement rather than laser alignment, which enables more ambitious applications to 

be undertaken. 

The first reported use of a 100 kHz Yb:YAG amplifier for 2D-IR applications was documented by Luther 

et al. in 2016. 65 The system was designed using a diode pumped Yb fibre oscillator and cryo-cooled 

Yb:YAG amplifiers, with a single oscillator generating both the seed and pump beams.65 With this 

system, Luther et al.65 were able to achieve high efficiency and high repetition rates to generate a 2D-

IR spectrum of potassium cyanate, with a single spectrum collected in 7.6 ms.65  

The same year, Greetham et al.66 reported the use of a 100 kHz Yb:KGW laser for time-resolved 

spectroscopy, though not yet 2D-IR experiments. Comparing directly with a spectrometer using a 

Ti:sapphire laser showed that the latter demonstrated a noise intensity 5 to 10 times greater than the 

Yb-amplifier.66 Given that laser stability directly correlates to the signal-to-noise ratio of the resulting 

spectrum, the implication was that higher repetition rate Yb-based amplified systems not only offer 

greater data acquisition speed but improved signal-to-noise ratios.  

Slightly later in 2016, this same laser system was used for a series of 2D-IR spectroscopy experiments 

mapping the energy relaxation pathways of double-stranded DNA from base vibrational modes to those 

of phosphate backbone.67 The instrument itself was described in detail in 2018,68 where the authors 

demonstrated an improved signal-to-noise ratio with the Yb:KGW system offering a 3 to 10 fold 



improvement over a 1 – 10 Hz system, at data collection rates between 10 to 100 times faster.68 This 

improvement in signal-to-noise was matched by Farrell et al.61 who noted an 8 fold improvement in 

comparison to their Ti:sapphire laser.61  

It is important to acknowledge that although high repetition Yb-based systems offer improved data 

acquisition speed and sensitivity, this comes at the cost of reduced spectral bandwidth, generating 

pulses typically 2 to 3 times narrower than their Ti:sapphire counterparts, with concomitant reductions 

in temporal resolution due to the longer pulse lengths.68 To understand the impact of the reduced 

spectral bandwidth and to assess the performance of the Yb:KGW amplifier system, Donaldson et al.68 

focused on samples exhibiting strong carbonyl stretching frequencies.68 Of note was the system’s ability 

to monitor spectral diffusion on the 250-300 fs time scale, in addition to improved detection sensitivity 

for weak signals, with detection down to nM levels.68 Importantly, the study found that the reduced 

spectral bandwidth did not hinder the 2D-IR measurements, thus making the 100 kHz laser system 

suitable for integration into a 2D-IR spectrometer.68 It is important to note however that, while no 

detriment was found for samples where focus was placed upon the carbonyl stretches in the amide I 

and II regions of interest, this may not be the same for alternative sample types with other vibrational 

frequencies. As such, careful consideration still needs to be given to spectral bandwidth when 

determining whether the spectrometer characteristics meet the needs of the experiment.   

As the benefits of high repetition lasers become evident, their use for 2D-IR experiments is steadily 

growing.52, 56, 57, 61, 65, 68-73 Other implementations have included their use in transient 2D-IR experiments 

where photoactivated systems can be followed with 2D-IR experiments on timescales from 

microseconds to milliseconds.69 Future developments in laser technology are expected to address the 

challenge of spectral bandwidth in high repetition rate Yb-based laser systems. When coupled with 

advancements in laser manufacturing processes, including cost reduction and perhaps miniaturisation 

and new gain materials, it is expected that improvements in laser sources will drive continued advances 

in 2D-IR spectroscopy applications in the years to come. 

 

Detectors 

The advances in laser sources have prompted a need for complementary improvements in other 

aspects of spectrometer systems. Studies have highlighted that while 100 kHz Yb-based laser systems 

offer significant benefits, the major component of system noise often stems from the detector rather 

than the laser.66 Donaldson et al. emphasised the importance of implementing shot-by-shot detection 

to fully leverage the increased signal-to-noise offered by the 100 kHz laser, once again underscoring 

the reliance on detector performance as a primary factor in overall performance. 62 Pulse detection has 

historically been achieved through various methods, including up-conversion of mid IR pulses to visible 

wavelengths11, 74, 75, full time domain measurement methods using single pixel mercury cadmium 

telluride (MCT) detectors76-78, or more commonly dispersing the signal using a spectrometer and 

detecting using multi-pixel MCT arrays (Fig. 1(a)).4, 61, 68, 77, 79, 80 The latter are typically composed of 

between 32 and 128 pixels, facilitating a range of spectral resolutions, depending on the laser bandwidth 

and the specifications of the grating spectrometer used to disperse the signal onto the array.61, 62, 66, 68 

An alternative to traditional linear MCT detection systems was introduced by Ghosh et al.79 who utilised 



a MCT focal plane array (FPA) detector system. The FPA design, similar to charge-coupled device 

(CCD) camera systems, has demonstrated success in other spectroscopic techniques such as FT-IR 

microscopy.79, 81 Commercially available FPA-MCT detectors offer a 128x128 pixel configuration and 

fast readout times, making them well-suited for applications in ultrafast spectroscopy and also 

microscopy applications.82, 83 

Utilising NaN3, Ghosh et al.79 compared 2D-IR spectra from a 32-pixel linear MCT detector with those 

from an MCT FPA under identical collection conditions.79 The direct comparisons of 2D-IR contour plots 

and slices through the spectrum revealed the FPA detector to be a viable alternative, exhibiting 

improved line shape and better sampling due to its increased number of detector pixels compared to 

the linear 32-pixel MCT array.79 When assessing signal reproducibility across 400 scans, both detector 

systems demonstrated comparable relative standard deviations (RSD) of the absolute peak intensity, 

albeit the FPA exhibited a slight advantage with a ~ 4% decrease in RSD, measured at 29.5% for the 

linear MCT and 25.7% for the FPA.79 A comparison of the pixel noise between the two systems yielded 

similar results. To further evaluate the performance of FPA detector systems, the authors assessed 

their suitability for investigating real-time dynamics, analysing a W(CO)6 complex without employing 

averaging, thus utilising a single shot for each coherence time (τ in Fig. 1(a)) point.79 The authors found 

that more significant improvements in detection sensitivity could be achieved by combining the FPA 

alongside a reference subtraction strategy. This lead to the extraction of clearer 2D-IR peaks above the 

background noise, achieving a signal to noise ratio 4 times greater than observed with the FPA alone, 

with detection in a matter of milliseconds.79 Overall, Ghosh et al.’s FPA-based detector system 

demonstrated promise as a viable alternative to traditional linear based MCT systems, where FPA can 

offer improved performance, wider spectral bandwidths and easier simultaneous collection of a 

reference beam. 79 Despite this, the utilisation of MCT FPA arrays for 2D-IR purposes remains limited. 

To the best of our knowledge, only two subsequent studies have been published utilising the 128x128 

pixel MCT FPA: one by Stingel et al.84 in 2021 for the analysis of semi-conductor samples, and Week 

et al.85 in 2022 for the monitoring of peptide self-assembly.84, 85  

A further advance in technology related to the advent of high pulse repetition rate lasers focused not on 

the detector but on the electronics and signal processing. By designing a system specifically for shot-

to-shot operation while minimising noise and optimising signal processing speed, the intention was to 

allow signal acquisition methods to keep up with the increases in laser repetition rate.61 

 

Sample handling: 

Another area where significant development has occurred in recent years is in improving sample 

handling and presentation techniques, expanding 2D-IR beyond the transparent solutions that have 

dominated its early development. While 2D-IR has been successful for the characterisation of systems 

with a limited number of components, the potential for broader applications lies in the analysis of more 

complex or solid-state samples or inhomogeneous biological samples such as cells.86, 87 2D-IR 

measurements are typically performed by sandwiching a liquid sample between two IR transmissive 

windows, such as Ca2F, to maintain controlled pathlengths during measurement.3 Traditionally, 

researchers aimed for optimum sample transparency to minimise the presence of particulates that 



cause unspecific scattering of incident pump light.70, 86 This generally manifests along the diagonal of a 

2D-IR spectrum, obscuring the information-rich spectra.70 While strategies such as phase cycling, 

polarisation control or multi-variate analysis can mitigate this in mostly transparent samples, these 

processes become less effective in cases of extreme scattering such as with opaque or solid samples.70, 

88-92 In such scenarios, where scattering effects dominate the spectra, alternative sampling protocols 

are required. This underscores the importance of advancing sample handling techniques to address 

the challenges posed by scattering in 2D-IR spectroscopy, paving the way for broader applications in 

the analysis of complex and solid-state samples. 

One such protocol involved the utilisation of a dispersal technique with refractive index matching oil. 

Index matching entails dispersing the solid sample within an oil that shares the same refractive index 

as the IR transmission windows. This minimises distortion and reflection at the sample interface, 

facilitating the removal of sample scatter.70, 93 While index matching can effectively reduce scatter for 

linear spectroscopy techniques, it may not suffice for multidimensional applications. Yan et al.93 

demonstrated that index matching with Nujol oil still left a significant contribution from scatter obscuring 

the spectra. Consequently, it became necessary to combine index matching with scatter subtraction 

strategies utilised for transparent samples. The authors opted to use a scatter subtraction strategy 

previously employed by Nishida et al.94 for analysing crystalline metal-organic-frameworks (MOFS). 94 

This strategy proved successful in scatter suppression, enabling clear identification of the 2D-IR peaks, 

as demonstrated within Figure 2.94 This scatter reduction strategy utilises a perpendicular pump-probe 

2D-IR <XXYY> set up, where pulses 1 and 2 (YY) have a perpendicular polarization relative to pulse 3 

and the echo (signal) pulse (XX). The combined pulse 3/signal pulse is then passed through an X 

resolving polarizer, filtering out a substantial amount of the scatter from pulses 1 and 2. Any remaining 

scatter was further reduced by an 8-shot phase cycling scheme.93, 94  

 



 

Figure 2: 2D-IR spectra demonstrating the scatter suppression when utilising the <XXYY> polarisation, 

8-shot phase cycling strategy for the measurement of Ui-O66 MOF by Nishida et al.94. Where (A and 

B) demonstrate the resultant spectra with scatter suppression and (C) without. In this data, 𝜔𝑚 and 𝜔𝜏 

correspond to the probe and pump frequency axes as shown in Fig. 1(c). Reproduced with permission 

from Nishida et al.94 Copyright (2016).  

 

Using this approach, Yan et al.93 successfully monitored the hydration dynamics of minerals gypsum 

and bassanite using 2D-IR spectroscopy.93 The resulting spectra were free of scatter, exhibiting clear 

line shapes that facilitated accurate interpretation of the dynamic water processes occurring within the 

granular powders. This method has been used elsewhere, effectively removing scattered light and 

resulting in spectra with clear line shapes suitable for elucidating dynamic processes.95, 96  

While index referencing combined with chopping, phase cycling and polarisation steps was shown to 

be an effective method for analysing samples with significant scatter, this approach may not always be 

suitable depending upon the sample, and it can increase preparation time which reduces sample 

throughput. An alternative method for solid-state samples has been investigated that does not require 

the use of index matching oil. In 2023, Donaldson et al. reported spectra of highly scattering pelleted 

zeolites.70 By combing a bright probe beam with a 4-shot phase-cycling technique, they exploited the 

relationship of probe light intensity with heterodyne and direct scatter. This revealed that an n factor 



increase in probe intensity results in a decrease in heterodyne and direct scatter by a factor of √n and 

n respectively, while the 2D-IR signal intensity remains independent of probe intensity.70 By increasing 

the probe incident light from ~ 10 to 20 nJ/pulse to 0.5 to 1 µJ/pulse, the authors observed a significant 

decrease in scatter. The incorporation of <XXYY> polarisation further reduced scatter, enabling the 

identification of more defined spectral features, as illustrated in Figure 3.70 

 

 

Figure 3: 2D-IR spectra obtained for zeolite Y and TiO2 by Donaldson et al. utilising probe light intensity, 

phase cycling and polarization scatter reduction strategies. Perpendicular polarization <XXYY> 

strategies are shown in the left-hand column and parallel <XXXX> in the right, with four-frame scatter 

suppressing phase cycling denoted by “ϕ4” and two-frame non-scatter suppressing phase cycling 

denoted by “ϕ2”. Reproduced with permission from reference70.  

 

While the use of increased probe intensity in combination with perpendicular polarisation offers an 

alternative scatter suppression strategy without the need for refractive index matching, some on-



diagonal scatter remains apparent in the resultant 2D-IR spectra, which cannot be fully removed by this 

protocol.70 Therefore, while it represents a step forward in collecting spectra of highly scattering solid 

samples, a comparison of the outlined scatter reduction strategies (Figure 2 and 3) suggests that the 

inclusion of refractive index matching remains the primary strategy alongside polarisation and phase 

cycling for obtaining high-quality spectra of solid samples. These techniques offer better opportunities 

to accurately study dynamics within solid-phase samples.  

Another recent development in sample handling is the integration of microfluidics, aimed at increasing 

sample throughput for solution phase samples in an effort to match sample delivery with enhanced laser 

performance. Microfluidic systems offer several advantages over traditional static cell sampling 

strategies, including improved control over sample flow, reduced sample volume requirements, and 

enhanced mixing capabilities. These advances have the potential to significantly enhance the efficiency 

and capabilities of 2D-IR spectroscopy experiments. Tracy et al.97 demonstrated such an approach in 

2016 by integrating microfluidic systems with 2D-IR spectroscopy for the interrogation of solvation 

dynamics, specifically focusing on the pseudohalide cyanate anion.97 The authors combined a 

microfluidic cell with a 100 kHz high-repetition rate laser to maximize efficiency, although noted that the 

cell could easily be incorporated with any laser system.97 Although scatter was observed in 50% of the 

measured spectra, likely due to measurement position lying close to the edges of the microfluidic 

channels, they did find that when measurement position was optimised within the channel spectra 

collected were comparable to those obtained from static CaF2 measurements.97 Of note however, was 

the remarkable ability of the combination of the microfluidic cell with the high-repetition laser facilitating 

the collection of 1600 fully averaged spectra in 125 minutes, achieving a higher throughput 2D-IR 

system, averaging 12 spectra per minute.97 Despite the initial promise demonstrated by Tracy et al.97, 

there have been relatively few documented combinations of microfluidic cells with 2D-IR since, although 

the technology has been more widely employed in FT-IR applications. A recent study by Giubertoni et 

al.98 in 2023 showcased the combination of microfluidic devices with 2D-IR spectroscopy for 

multidimensional IR diffusion-ordered spectroscopy (DOSY).98 Utilising a 1 kHz Ti:sapphire laser 

system, the authors successfully distinguished protein amyloids and monomers within a mixed 

sample.98 This approach offers an alternative benefit to the increased throughput demonstrated by 

Tracy et al.97, demonstrating the versatility of microfluidic integration with 2D-IR spectroscopy. The 

integration of microfluidic technology with 2D-IR spectroscopy holds promise for further improvements 

in sample efficiency and data acquisition. As the combination of these techniques continues to evolve, 

it is expected to contribute to enhanced analytical capabilities and expanded applications in various 

fields. 

 

Data analysis  

The preceding examples have shown the remarkable progression of the 2D-IR method over the last 26 

years. It is clear that as 2D-IR continues to develop over the next 26 years, the speed at which high-

quality, large data sets can be acquired is going to become either a significant problem or opportunity 

for the field. The problem arises from the fact that while traditional spectrum by spectrum analysis will 

still be valid for simple datasets, perhaps through measuring the spectrum of a single or small number 



of samples over a range of waiting times, exploiting fast data acquisition will require more sophisticated 

approaches. This leads to the opportunity of interfacing 2D-IR with data analysis methods such as 

Machine Learning (ML) that have already become prominent in other, more data-rich, fields. ML models 

are increasingly being applied in spectroscopy,99 either for diagnostic purposes, e.g. to examine 

structural-spectral relationships by predicting spectra from structure and vice versa using large data 

libraries 100-102 or in a more applied setting such as discriminating cancerous from non-cancerous cases 

in big sets of data obtained from patient samples.103-106  

To capitalize on this opportunity, ML and other intelligent processing and analytical tools must be 

developed alongside 2D-IR to both handle the ‘big data’ and unravel the complex spectra. There are 

already signs of this, particularly focused around research to transfer 2D-IR to clinical or pharmaceutical 

applications for biomedical diagnostics and drug design applications3, 20, 54, 56, 57, 71, 107. The challenge 

can be considered in two parts; (1) the automation of spectral pre-processing steps that account for 

measurement-to-measurement and instrument-to-instrument variability, and (2) the development of 

machine learning tools that can efficiently handle, and accurately analyse, the large and complex 

datasets. Significant steps towards proof of concept for the value of pre-processing tools have been 

made by Rutherford et al.52 who, inspired by workflows established for other spectroscopic disciplines, 

constructed a workflow for 2D-IR spectra, based on samples of proteins in H2O-rich fluids.52 Importantly, 

the final step introduced a label-free internal normalization standard for the protein amide I signal – a 

water thermal response that appears at later delay times (~ 5 ps). It was found that both signals are 

impacted similarly by sample- and instrument-related variations, meaning that there exists a linear 

correlation between their absorbances, irrespective of sample concentration. This enabled exact 

concentrations to be extracted from the 2D-IR spectra, necessary for quantitative analytical 

applications, improved data interpretability, and accounted for the path length variability that is 

introduced when measuring protein samples in H2O.55 The other steps in the workflow included the 

standard zero padding, apodization and Fourier Transformation of raw 2D-IR data,1 alongside baseline 

correction, Savitzky-Golay smoothing, and principal component analysis (PCA)-based noise reduction. 

Upon application of this workflow to previously collected datasets,55, 107 the authors found significant 

improvements in signal to noise ratio, and in the case of quantifying glycine concentrations in spiked 

equine serum, the detection limit reduced from 3 to 0.8 gL-1. It was explained that this would serve as 

an upper sensitivity limit since coupling in more complex protein secondary structures would increase 

the signal intensity of the amide I band. This highlights how such pre-processing steps would be 

imperative for analysis of samples either with low signal intensities, or real physiological samples where 

natural protein concentrations can be very low.108, 109 In combination with surface enhanced IR 

spectroscopies employing photonic near-field enhancement that improve light-matter interactions,110 

this could further reduce the detection limit for IR spectroscopies. 

Even with such pre-processing tools, the next step of deriving spectral insight from large quantities of 

information is a difficult task. ML-based tools in which a machine, or computer, recognises and learns 

associations or patterns within a dataset could potentially assist with this.99, 111 The potential for ML 

methods has been demonstrated to the fields ranging from speech and image recognition,112-115 defect 



and crack detection in materials116 to screening of drug candidate molecules117 and the enhancement 

of quantum mechanical calculations.118 

ML models are constructed through training and subsequent testing using different sets of data, and 

can be generally categorized by their style of learning, i.e. supervised or unsupervised, and the task 

they are designed to perform, i.e. regression or classification (or both). In supervised learning, the data 

is labelled (e.g. a cancerous or non-cancerous sample) whilst in unsupervised learning, the data is not 

labelled. Often supervised learning can aid classification and, as such, increase the accuracy of a 

model, but can introduce subjectivity and bias.72, 99 Unsupervised learning, however, is objective and 

can be useful when variables of the dataset are unknown, e.g. spectral features that arise from certain 

characteristics of the sample. It has also been argued that unsupervised learning functions much more 

like the human brain than supervised learning since we ‘discover the structure of the world by observing 

it, not by being told the name of every object’.111 It does, however, have the disadvantage of being more 

sensitive to outliers.99 Ultimately, these different types of learning can be applied separately or in 

combination to perform a desired task. Classification ML models organise the data into two (binary) or 

more (multiclass) classes, with or without labels, based on certain patterns it recognises. Without labels, 

it is necessary for the user to have pre-existing knowledge about the dataset to aid interpretation of the 

resulting classification. Regression ML models predict continuous values, much like using a line of best 

fit to predict values based on the examples used to produce the line.119-122 

When applied to spectroscopy, ML has the capability of transforming not just our understanding of a 

given system, such as in structural-spectral relationships, and handling large datasets for classification, 

but also in making the spectroscopies more accessible to non-expert users. Recently, ML models have 

been increasingly used in combination with linear vibrational spectroscopies (IR and Raman) for clinical 

diagnostics. Different studies have used dried human serum,104-106, 123-125 plasma,106, 124, 126 saliva and 

sputum,127-129 tears,130 and bladder wash131 to identify cancerous103, 104, 106, 124-126, 128, 129, 131-133 and 

diabetic127 samples by employing multivariate analysis (MVA) techniques, such as principal component 

analysis (PCA),106, 123, 124, 126, 129-131, 133, 134 and principal component regression (PCR),125 hierarchical 

cluster analysis (HCA),129 linear discriminant analysis (LDA),124 k-nearest neighbours (kNN),103, 106, 135 

and other supervised machine learning techniques including support vector machines,103, 105, 106, 135 and 

neural networks (NNs).103, 104, 135 Often the fingerprint region of the IR spectrum (900-1800 cm-1) is the 

focus of the analyses as it contains peaks related to proteins, lipids, nucleic acids and carbohydrates – 

all key biomarkers for different diseases and cancers.105, 136-139 In some cases, specificities and 

sensitivities (a model’s ability to predict true negatives and true positives, respectively) greater than 

95% were achieved,103, 105, 124, 126 with multiple instances of very high accuracies (~ 100%).103, 106, 124, 126, 

127 One study constructed a NN to discriminate between healthy and cancerous colon cells that gave 

98.7% accuracy, 100% sensitivity and 97.1% specificity.103 As these MVA techniques and their 

applications to diagnostics using linear vibrational spectroscopies have already been well reviewed, 

they will not be discussed in any more detail here and the reader is instead directed to the following.72, 

99 

2D-IR spectra contain more complex and well resolved information than linear IR spectroscopies that 

allow the investigation of previously inaccessible information, but make the analysis and interpretation 



much more challenging. Implementing ML tools could bridge this gap – models will be trained on spectra 

that inherently contain more details of the system being analysed, leading to greater accuracies and 

more intelligent ML tools, that are, in turn, capable of unravelling the complex information.  

Some MVA techniques have recently been applied to interpret 2D-IR spectra – monitoring either 

protein-drug binding56, 57 or protein structural changes.58, 140 The first drug binding study employed PCA 

to monitor the presence of paracetamol in spiked human serum at physiologically relevant 

concentrations.57 PCA was able to reveal that increasing paracetamol concentrations were consistent 

with a reduction in the α-helix albumin signal, providing insights into the binding process. The authors 

were also able to measure paracetamol concentrations as low as 1 μg mL-1. The second study used 

partial least squares discriminant analysis (PLS-DA) to monitor binding of paracetamol, cefazolin, 

warfarin and ibuprofen to proteins in human serum, achieving 92% correct separation of normal serum 

to that with drug binding and 75% correct separation on a per drug basis.56 It was also argued for both 

studies that the amide I band essentially enhances the drug signal that would otherwise be too weak to 

detect. These results establish the prospect of 2D-IR in combination with ML being translated into 

biomedical fields, which could later expand on the linear IR investigations described above. 2D-IR also 

overcomes the issue of the overlapping H-O-H bending mode of H2O with the amide I band.55 Whilst 

the linear IR diagnostic studies outlined above utilize sample drying to bypass this issue, potentially 

introducing additional error into the experiments, 2D-IR would allow more physiologically relevant 

studies to be conducted. 

Some other studies employing PCA investigated temperature-induced structural changes of 

calmodulin140 and the antimicrobial peptide gramicidin A.58 In both cases, PCA aided understanding of 

the structural origin of specific spectral features, giving quantitative insight into secondary structural 

changes140 and the melting of protein aggregates.58  

An insight into the types of outcomes that harnessing ML methods to larger datasets can generate can 

be seen from examples featuring either forward (predicting spectra from structure) or reverse (predicting 

structure from spectra) mapping. Forward mapping has been explored for K-edge X-ray absorption 

(XAS),141 far-UV,142 circular dichroism (CD),143 and amide I and II linear IR absorption,100, 144 

spectroscopies using data generated by molecular dynamics (MD) or density functional theory (DFT) 

calculations, or extracted from the transition metal Quantum Machine dataset.145 All studies constructed 

NNs with considerable accuracy, and some expanded their research to incorporate dynamical changes 

in structure, predicting the spectra of proteins with changes in temperature,100 pH,144 and across a 

folding path,100, 142-144 again with great success. Despite this, some reported slight deviations between 

the ML predicted FWHM and position of bands in comparison to experimental data, which was assigned 

to the limitations of the computational methods (from which the data used to train the model was 

derived) in correctly capturing structural fluctuations under real conditions.100, 144 This emphasises the 

need to include real experimental data when training ML models, rather than relying purely on 

computationally derived data.146 

Reverse mapping for vibrational spectroscopies has been investigated using NNs trained on 21000 

different computationally derived structures to recognise OH and CO bonds in molecules from IR and 

Raman spectra.101 The authors reported a remarkable 99.36% accuracy for recognising OH bonds and 



a 98.50% accuracy for recognising CO bonds. Ren et al.102 used convoluted NNs trained on simulated 

linear IR absorption, CD and two-dimensional UV (2D-UV) spectra to predict the secondary structure 

of peptide fragments.102 Models fed with 2D-UV data were found to be much more accurate (near 100%) 

than those fed with linear IR absorption (86-91%) or CD (87-93%) data, assigned to the presence of 

off-diagonal features that are only accessible to 2D spectra (Figure 4).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: (A) Linear absorption (green) and circular dichroism (purple) spectra of α-helical, β-sheet and 

other (unstructured) randomly selected peptide fragments, (B) the corresponding 2DUV spectra, and 

(C) the convoluted neural network architecture for secondary structure prediction from 2DUV spectra. 

Reproduced with permission from Ren et al.102 Copyright (2022). 

 

This additional layer of structurally relevant information accessible only to two dimensional spectra 

clearly creates more intelligent tools. Therefore, considering the potential benefits of using ML in 

combination with 2D-IR, it is possible that these types of ML models could be trained with 2D-IR spectra. 

Alongside the femtosecond time resolution of the technique, this would place 2D-IR in a unique position 

amongst other commonly used structural analysis techniques. This niche has been investigated by Baiz 

et al.49 who successfully demonstrated the use of singular value decomposition (SVD) to predict the 

fractions of secondary structural components of 16 different proteins in D2O from experimentally 

collected 2D-IR spectra.49 The set of proteins were especially selected to cover a broad range of α-helix 

and β-sheet compositions. Root mean squared errors comparing the SVD predicted values to those 

calculated from x-ray structures of 12.5% for α-helix, 9.2% for β-sheet and 9.1% for unstructured motifs 

were reported, values comparable to those derived from CD, the current standard for protein structural 

analysis. There now exists a significant opportunity to extend this proof of concept study towards larger 



data libraries and physiologically relevant conditions.55 Related to this, we note that AlphaFold has 

found great success in predicting static three-dimensional structures from crystallographic data.147, 148 

It is possible that the time resolved dynamical information contained within 2D-IR spectra, alongside 

the additional structural details captured by off-diagonal features, could allow ML models to learn and 

predict global and local protein dynamics, which is necessary to understanding their biological function. 

 

Novel Applications 

In this section, we summarise key advances in 2D-IR applications that have been enabled by changes 

in light source, detector or sample handling technology above, allowing an overview of the direction of 

travel of the field.  

Since its inception, 2D-IR spectroscopy research has been dominated by applications to solution phase 

samples and biomolecules in general, with a particular focus on the amide I band of proteins.21 More 

recently this has progressed to encapsulate work aiming to deliver analysis of biological fluids. Despite 

the ability of 2D-IR to circumvent the spectral congestion that arises when biomolecules are studied 

with linear IR techniques, 2D-IR faced challenges due to interference from H2O.19, 55 Initially, this 

obstruction was addressed by substituting D2O for H2O, effectively removing the interference at the 

1650 cm-1 band of interest. For many years this method was adopted with great success and facilitated 

deeper understanding of dynamic and structural properties.149-153 While this method provided a viable 

solution, there are concerns regarding the measurement of dynamics in an unnatural solvent, alongside 

the fact that practicality and increased costs limit widespread engagement with 2D-IR measurements. 

As previously discussed, the water suppression method developed by Hume et al.55 began to enable 

the successful monitoring of proteins in aqueous and physiologically relevant environments.19, 55 Since 

then, this method has been applied successfully for various fundamental and diagnostic studies.52, 55-57, 

71, 107 Several recent reviews have discussed in depth the application of 2D-IR spectroscopy for 

biomolecular analysis, with a particularly large focus on protein analysis.3, 19, 154 While biomolecular and 

protein analysis remains a significant application area for 2D-IR spectroscopy, with a substantial amount 

of overall applications, we focus here on growing interest in developing application areas that will 

expand the scope of applications of 2D-IR, in an effort to demonstrate its potential future breadth.  

In a notable study conducted by Ryan et al. in 2023, 2D-IR was employed for electrode surface analysis, 

focusing on the examination of hydrogen-bonding dynamics upon a nitrile-functionalised electrode 

surface.155 This research is particularly significant considering the increasing adoption of 

electrochemical catalysis for compound synthesis, where understanding solvation dynamics at the 

electrode-solution interface could provide crucial advances.155, 156 When an external voltage is applied 

to an electrode surface, the establishment of the electrical double layer and subsequent solution 

reorientation occurs, where electrostatic interactions repel or attract any charged species within the 

solution, influencing the surrounding chemistry.155 Ryan et al. employed their custom-designed 2D-IR 

electrochemical cell156 (Figure 5) to perform surface enhanced 2D-IR and investigate solvation 

dynamics at the surface of a self-assembled monolayer of nitrile-capped 4-mercaptobenzonitrile (4-

MBN) functionalised gold electrode.155 Ca2F windows coated with thin layers of ITO and Al2O3 were 

used, followed by a plasmonic gold layer that enhances the spectroscopic signal.156  



The authors observed significant changes in the 2D-IR spectral line shape over different timescales, 

indicating alterations in hydrogen bonding environments (Figure 5).155 Notably, positive potentials were 

found to slow down the hydrogen bond breaking/forming between the nitrile and water molecules.155 

However, it is important to note that this study was conducted in deionized water, not under electrolyte 

conditions encountered in electrochemical cell reactions, suggesting further research is needed to fully 

understand solution-interface dynamics at electrode surfaces. Overall, the authors were able to 

demonstrate an interesting use of 2D-IR to enhance the understanding of the interface between the 

electrode surface and solution through the investigation of solvation dynamics under applied 

potentials.155 This highlights how the potential for further collaboration between the two techniques of 

electrochemistry and 2D-IR spectroscopy could lead to fruitful advancements in both areas.  

Beyond its application in interfacial studies at electrode surfaces, 2D-IR spectroscopy demonstrates 

additional synergy with electrochemistry. Recent examples include work using 2D-IR methods in 

combination with spectroelectrochemical cells to examine redox-related processes. This combination 

of techniques allows for the analysis of molecular dynamics in electrode materials, electrolytes, and 

reaction intermediates generated during electrochemical processes.155-159 Dereka et al.  recently utilised 

the technique to gain insights into the mechanisms behind a variety of battery electrolytes, 

distinguishing  between chemical exchange and energy transfer, and to elucidate their scales.159 The 

authors found that the chemical exchange occurs beyond the ultrafast timescale, typically within 

hundreds of picosecond, regardless of the exchange ion investigated.159 Further discussion on the 

utilisation of spectroscopic techniques including 2D-IR can also be found in the recent review by Wang 

and Chen.160 This research highlights the potential of 2D-IR spectroscopy to be involved in the 

advancement of energy storage and conversion technologies, such as batteries, fuel cells, and solar 

cells. By analysing the molecular dynamics of electrode materials, electrolytes, and reaction 

intermediates, researchers could further optimise performance to improve energy efficiency, and 

develop sustainable energy solutions for renewable energy applications. 

 

 

 



 

Figure 5: Surface enhanced 2D IR spectra of 4-MBN upon the 2D-IR electrochemical cell designed by 

Yang et al.156. (A) Shows the construction of the 2D-IR cell, where the CaF2 windows are coated wih a 

thin layer of ITO, followed by a buffer layer of Al2O3 and gold, where C.E., R.E. and W.E. stand for 

counter, reference and working electrode respectively. (B) Shows the resulting 2D-IR spectrum 

obtained for the analysis of the 4-MBN within water. The black line highlights the centre like of the 

ground state bleach. (C) Demonstrates the variation in line shape across different Tw and applied 

potentials. The black dotted line marks the 2220 cm-1 pump slice. (D) Shows the pump slices extracted 

from the 2D-IR spectra at -200 mV across the different Tw. The arrow highlights where the cross peaks 

appear. (E) Plots the cross-peak intensity response with Tw at 2227 cm-1 and finally (F) Shows the 

centre line slope of the 2D-IR spectra within plot (C). Reproduced with permission from ref 155 Copyright 

(2023). 

 

2D-IR spectroscopy is also emerging as a powerful tool for the characterisation of structure, composition 

and behavioural properties for a variety of materials, including polymers, composites, minerals and 

semi-conductors.84, 93, 94, 161, 162 By providing the opportunity to unravel the intricate molecular 

architecture and dynamics of a variety of materials, material properties can be tailored with greater 

control, therefore accelerating the development of advanced materials likely to contribute to a variety 



of applications from energy storage to biomedical devices. Additionally, the ability to probe molecular 

adsorption and interfacial dynamics, as demonstrated by Ryan et al.155 and Yang et al.156, has significant 

implications for catalysis, nanotechnology, and surface modification strategies. This interdisciplinary 

approach provides key insights not currently available with traditional characterisation technologies and 

opens up new avenues for innovation across multiple fields.70, 163-166  

The application of 2D-IR spectroscopy now spans across numerous fields, driven by advancements in 

instrumentation and data analysis. From its traditional role in biomolecular studies to emerging areas 

of surface science, materials research, and analytical applications, 2D-IR spectroscopy offers improved 

precision and sensitivity in probing molecular structures, dynamics, and interactions. With opportunities 

to contribute to solving problems in disease diagnosis, energy storage and conversion, surface 

phenomena, and materials science, 2D-IR spectroscopy is in a unique position to help to address key 

challenges and drive innovation in diverse scientific and technological domains. 

 

The Future of 2D-IR Spectroscopy: Looking Ahead to 2050  

 

As we look toward the future of 2D-IR spectroscopy, the field appears poised for continued growth. The 

recent advancements in instrumentation, data analysis techniques and expanded applications provide 

a basis for believing that the method will continue to broaden its horizons, somewhat similarly to the 

ubiquity of applications now enjoyed by FT-IR methods.  

While technology continues to improve, user-friendliness and ease of data analysis has not yet been 

achieved to the level where non-expert use of the technology is reasonable. As such, progress, perhaps 

leading to miniaturisation and cost reductions of laser sources, coupled with improvements in detector 

sensitivity and robust ‘push button’ spectroscopy equipment will be needed to change this. Despite the 

remarkable progress made in recent years, 2D-IR spectroscopy still faces several obstacles that must 

be addressed to realise its full potential. Chief among these is the need to overcome current limitations 

in sensitivity and signal-to-noise ratio. While advancements in laser technology have improved 

detection sensitivity and data acquisition speed, achieving sufficient sensitivity to detect trace analytes 

and low-concentration samples remains a challenge. Similarly, enhancing spectral resolution to resolve 

closely spaced vibrational modes and improving signal-to-noise ratios for weak signals are ongoing 

areas of research and development. The increasing complexity of 2D-IR spectra also demands 

advanced data analysis techniques to extract more meaningful information. Machine learning 

algorithms, in particular, hold great promise for enhancing spectral analysis, pattern recognition, and 

interpretation of spectroscopic data. By leveraging big data analytics and artificial intelligence, 

researchers may uncover hidden correlations, identify spectral signatures, and accelerate the discovery 

of molecular interactions and dynamics, thereby unlocking new insights into complex systems. It is 

plausible that these advances may yet underpin a transition to 2D-IR becoming more accessible. 

The broadening scope of applications for 2D-IR spectroscopy is perhaps the most exciting aspect of its 

future. From its stronghold in solutions and biomolecular analysis to wider areas such as surface 

science, materials research, and analytical applications, these cases all reflect its increasing relevance 

and versatility across diverse scientific disciplines. In the study of surface phenomena, for example, 2D-



IR has allowed the probing of molecular vibrations at the interface between materials and their 

surroundings. In materials science, 2D-IR is emerging as a powerful tool for characterizing the structure, 

composition, and properties of materials, ranging from polymers to minerals, nanomaterials, and 

semiconductors. By fingerprinting molecular signatures and spectral patterns, 2D-IR stands to offer 

analytical insights into the identification and quantification of unknown compounds. In biomolecular 

analysis, 2D-IR has the opportunity to advance the probing of disease mechanisms, drug-target 

interactions, and therapeutic pathways. These expanded applications of 2D-IR demonstrate the 

potential of the technique to address complex scientific and technological challenges across various 

fields.  

By 2050, we anticipate 2D-IR spectroscopy to have become more widespread tool in scientific research, 

industrial applications, and clinical diagnostics. Parallels might be drawn with NMR spectroscopy which 

took over 75 years to progress from first implementation to commercial instrument. With advancements 

in instrumentation enabling high-throughput, real-time measurements, and bench-top devices, 2D-IR 

spectroscopy could yet contribute strongly to fields such as pharmaceuticals, healthcare, and material 

science. As our understanding of complex systems continues to deepen, fuelled by advances in data 

analysis and machine learning, 2D-IR spectroscopy will play a role in advancing understanding as an 

addition to our armoury of analytical tools. 

In conclusion, after 26 years of development, 2D-IR spectroscopy still offers promise. Continued 

innovation and collaboration within the scientific community will hopefully demonstrate the types of 

applications and potential markets which allow 2D-IR spectroscopy to take the next steps toward 

mainstream technology. 
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