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ABSTRACT:  24 

Infrared (IR) Spectroscopy has been developed for centuries and has been widely used to identify 25 

molecular structure from the massive information provided by IR fingerprint absorption, reflecting 26 

the vibration energy of the chemical bond. Due to the intrinsically weak light-matter interaction, 27 

IR spectroscopy serves low sensitivity and sizeable optical interaction length (~mm to ~cm) 28 

compared with other optical probes like Raman, florescent, and refractometry technology, which 29 

hinder the applications for ultra-sensitive biomolecular screening. Here, we reported a new type 30 

of IR spectroscopy by wavelength gradient hook nanoantenna integrated with microfluidic channel, 31 

enhancing the IR molecular absorption and bringing in refractometry function with ultrathin (~100 32 

nm) optical interaction length. With the proof-of-concept demonstration of molecular recognition 33 

of mixed alcoholic liquids by machine learning and molecular fingerprint retrieving by 34 

hyperspectral images in one-time data acquisition, our work paves the way to advance, small-35 

volume, real-time, ultra-sensitive, in-vitro biomolecular dynamic analysis in aqueous environment.  36 

 37 

 38 
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 40 
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 44 

 45 
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Introduction 46 

Molecular identification of gas1, liquid2, and biomolecules3 is a fundamental requirement for 47 

various applications such as environmental monitoring, healthcare, clinical diagnosis, and 48 

biological screening. The ideal methods to identify molecules are in-situ detection of the chemical 49 

structures for molecules in a label-free and non-destructive manner with fast response time and 50 

high sensitivity. Optical approaches are suitable methods for molecule screening in life science 51 

thanks to remote, real-time, and sensitive detection with the aid of the development of microscopy 52 

technology. Mid-infrared (MIR) fingerprint absorption, reflecting the genetic information of 53 

molecule structures in chemical bonds and functional groups, provides natural optical probes for 54 

molecule identification. Harnessing fingerprint absorption, IR spectroscopy offers a solution for 55 

non-invasive, non-destructive, label-free, and real-time recognition and monitoring of molecules, 56 

especially in the mixture. However, traditional IR spectroscopy technology is limited by the large 57 

optical path (~mm to ~cm) due to weak light-matter interaction in MIR, hindering the sensing 58 

performance compared with other optical probes technologies such as Raman4, fluorescent5, and 59 

refractometry6.  60 

To solve this problem, A. Hartstein et al. observed the enhancement of the IR absorption from 61 

molecular monolayer with thin metal overlayers in 1980, bringing the concept of surface-enhanced 62 

infrared absorption spectroscopy (SEIRAS).7 Furthermore, with nanofabrication technology 63 

development, artificially structured nanoantenna is proposed to enhance the IR fingerprint 64 

absorption by tailored plasmonic resonance.8,9 This amplification effect caused by the strong 65 

plasmon-phonon coupling between plasmonic nanoantennas (PNAs) resonance and molecular 66 

vibration was well-explained by temporal coupled-mode theory (TCMT).10,11 Depending on 67 

different coupling criteria, the different resonance line shape can be observed as electromagnetic 68 
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induced transparent (EIT)-like, electromagnetic induced absorption (EIA)-like or Fano-like 69 

resonance in the resonance spectrum.12,13 Thanks to the excellent field confinement at resonance 70 

wavelength, PNA also serves as an ultra-sensitive refractometry sensor to capture the refractive 71 

index of analytes by wavelength shifts (e.g., color change in visible light), which carries the 72 

information of physical properties of molecules.14,15  73 

Unfortunately, in the IR fingerprint region, the PNA signal of absorption changes and 74 

wavelength shifts always comes together, hindering the usage of complementary information 75 

about the physical and chemical properties of analytes for molecule identification. Machine 76 

learning (ML) is a powerful tool for separating the data from different domains to achieve 77 

enhanced pattern recognition. With the aid of machine learning, decoupling the IR fingerprint 78 

absorption and refractive index change induced by molecules has been reported for monitoring of 79 

protein dynamics16 and recognition of physiological bio-marker17. However, the molecular 80 

recognition capabilities are still limited to two specific molecules due to the narrow bandwidth and 81 

low sensitivity. To achieve global molecular identification, massive information is required for 82 

machine-learning-based recognition from PNA sensors. Consequently, high sensitivity and 83 

broadband detection range become two critical figure-of-merits (FOMs) that reflect the 84 

performance of PNA sensors.  85 

Since the plasmon-phonon coupling is induced by a localized electric field near the PNA 86 

surface, the straightforward approach is to concentrate the molecule to the active area, which is the 87 

hot spot of the electromagnetic field. The surface enrichment strategies, including functionalized 88 

chemical bonding18,19, chemical reaction20, physical adsorption21,22, optical trapping23 as well as 89 

passive trapping by undercut structure24 bring in the additional working requirements (e.g., 90 

chemical stimuli, temperature, pressure, pump power, etc.) for specific molecules,  impeding the 91 
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system for global molecular recognition. Thus, the performance of the sensing system needs to 92 

improve by engineering the PNA structure. The intuitive way is to increase the intensity of the 93 

electric field by squeezing the gap between adjacent PNA into nanometer scale.25–27 However, the 94 

narrow gap ruins the sensing performance by a decrement in the active area and increases 95 

fabrication cost. Therefore, other approaches like hybrid 2D materials28–30 and 96 

homo/heterogeneous bonding31,32 are developed to bypass the fabrication using lithography of 97 

desired nanogap and to achieve a large area electromagnetic hot spots for sensing. Additionally, 98 

the loss engineering method is proposed to tune the coupling condition between PNA and 99 

molecular vibration by adjusting the loss of antenna from specific structures to achieve optimized 100 

enhancement.32,33  101 

In addition to sensitivity, the detection range is another critical FOM of PNA sensors, reflecting 102 

the number of fingerprint absorption peaks that can be captured. Thanks to the sharp resonance 103 

peaks of PNA, the enhancement becomes the maximum only when molecule fingerprint absorption 104 

peaks match with the PNA resonance, which is a very narrow bandwidth. Therefore, to detect more 105 

absorption peaks in the MIR region, multi-resonant PNA sensors are proposed to collect broadband 106 

spectrum data to recognize lipids and proteins from separate absorption wavelengths.34 107 

Nevertheless, the individual resonances of PNA by a different order of resonance modes also fails 108 

to cover the whole spectrum of IR fingerprint wavelength region from 5.5 μm to 10 μm because 109 

of the gaps between two resonance peaks.35,36 Therefore, to collect continuous spectral fingerprint 110 

absorption, pixelated all-dielectric nanoantenna array and tunable antenna by incident angle were 111 

proposed for ultra-broadband spectroscopic analysis for molecular barcode imaging and 112 

fingerprint absorption retrieving.37,38 However, the data from the different pixels are collected 113 

separately, which cannot achieve dynamic monitoring. Hyperspectral IR imaging could be an 114 
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advanced solution to solve the problems, and PNA has been used to enhance the vibrational 115 

molecular IR imaging captured by the focal plane array (FPA).39 Furthermore, spectrum 116 

reconstruction by IR imaging technology is reported to retrieve wavelength shift of nanoantenna 117 

for molecular identification as refractometry microscopy with one-time data acquisition, but the 118 

performance is still limited due to the use of a monochromatic light source.40  119 

We proposed a novel molecular identification platform by wavelength gradient hook 120 

nanoantenna surface-enhanced infrared absorption spectroscopy (WGHNA-SEIRAS) to enhance 121 

the sensitivity and detection bandwidth of PNA based spectroscopy by engineering the loss of 122 

PNA sensor from hook nanoantenna (HNA) structure based on temporal coupled-mode theory 123 

(TCMT) and pixelating wavelength-gradient HNA building blocks. Based on WGHNA-SEIRAS, 124 

we proposed new methods to recognize three alcoholic molecules (methanol, ethanol, and 125 

isopropyl alcohol) in a mixture as a proof-of-concept demonstration by decoupling the 126 

complementary physical (refractive index) and chemical (fingerprint absorption of the chemical 127 

bond) information from IR spectrum via principal component analysis (PCA). Furthermore, with 128 

the aid of hyperspectral imaging of pixelated HNA array, we reconstructed the enhanced 129 

fingerprint absorption spectrum by one-time data acquisition from the aqueous analyte of acetone, 130 

isopropyl alcohol (IPA), and their mixture. We also integrated the WGHNA-SEIRAS platform 131 

with a microfluidic channel, solving the water absorption issue by traditional IR spectroscopy for 132 

aqueous measurement, which can be easily compatible with the biomolecular and cellular systems. 133 

Our work paves the way to achieve fast global molecular recognition by rich spectrum information 134 

from HNA-SEIRAS in non-contact, non-destructive, label-free, and miniaturized methods. 135 
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Working Principles of WGHNA-SEIRAS 136 

The concept of WGHNA-SEIRAS platform is shown in Fig.1. The MIR light shines from an IR 137 

microscope and excites the plasmonic resonance of HNA on calcium difluoride (CaF2) substrate 138 

with desired polarization state and perpendicular incidence. The transmitted or reflected light is 139 

routed to IR FPA to capture the far-field spectral response from HNA. With the plasmon-phonon 140 

coupling illustrated in Fig.1 a, the resonant HNA interacts with the molecular vibration at matched 141 

wavelength/frequency, thus enhancing the fingerprint absorption. Based on TCMT, we can get 142 

equations for coupling system33(Method 1) and derive the transmission and reflection spectral 143 

desperation as 144 

𝑇𝑇(𝜔𝜔),𝑅𝑅(𝜔𝜔)  = �𝑆𝑆t,r𝑆𝑆in�2 =  � 𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + 𝛾𝛾𝑎𝑎,𝑟𝑟 +
𝜇𝜇2𝑗𝑗(𝜔𝜔 −𝜔𝜔𝑚𝑚) + 𝛾𝛾𝑚𝑚𝑗𝑗(𝜔𝜔 −𝜔𝜔0) + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟) +
𝜇𝜇2𝑗𝑗(𝜔𝜔 − 𝜔𝜔𝑚𝑚) + 𝛾𝛾𝑚𝑚�

2
                            (1) 145 

where ω0 and ωm represent the angular frequency of resonance for HNA and molecular 146 

vibration, respectively. γa and γr denote the radiative and absorptive losses of HNA, while γm is the 147 

absorptive loss of molecules. μ is the coupling strength between HNA and molecular vibration. 148 

From Eq.1, the enhanced vibration signal can be observed as electromagnetic induced transparent 149 

(EIT)-like line shape, a noticeable dip in HNA resonance when two resonance modes are well-150 

matched (ω0 = ωm). The substantial enhancement of the sensing signal is observed in the change 151 

of transmission or reflection intensity compared with intrinsic molecule absorption.  152 

To achieve a broadband response of the HNA platform, we propose two types of wavelength-153 

gradient design by gradually changing the optical length of HNA. One is the HNA array by a 154 

gradient change in each pixel with periodic nanoantenna structures in the same scale, and the other 155 

is the HNA supercell by the gradient structure into unit cells for periodic structure, as shown in 156 

Fig.1 d. The respective spectrum for HNA array and supercell is demonstrated in Fig. 1 c and e 157 
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with the concept showing of interaction with molecules absorption peaks. The WGHNA shows 158 

the wavelength-scalable response to capture multiple fingerprint absorption peaks. With imaging 159 

processing and ML for the raw data, the fingerprint barcoding and molecule identification are 160 

achieved for array and supercell, respectively. In Fig. 1 f, the barcoding of molecular absorption 161 

peak is demonstrated for broadband fingerprint retrieval. The blue and green colors indicate the 162 

existence of the chemical bond, and the brightness of each pixel indicates the absorptance 163 

corresponding to the concentration of one type of chemical bond. Each pixel of the HNA array 164 

only covers a limited bandwidth near the resonance wavelengths, which gives the highest 165 

sensitivity for plasmon phonon coupling.  Besides, the PCA is used to process the broadband signal 166 

from the HNA supercell to classify different types of molecules. The function of PCA is to amplify 167 

the difference of molecular spectra with massive raw data collected. As demonstrated in Fig. 1 g, 168 

three clusters can be observed to recognize three different molecules. 169 

Design and Sensing Characterization of HNA  170 

The design concept and experimental results of HNAs are shown in Fig.2. From equation 5, 171 

we observe that the T and R are related to the resonance properties of HNA, which are radiative 172 

and absorptive losses (γa and γr). The γa is related to the ohmic loss of plasmonic material (e.g., Au 173 

in this work) and is almost robust among different antenna structures. Therefore, the philosophy 174 

to use hook shape in PNA design is to engineer γr to tune the radiation from electron oscillation by 175 

inducing inverse current from short arm (L3) of HNA. The method to control radiation capability 176 

from the ratio of inverse current is merely adjusting the geometric difference (∆L) between long 177 

arm (L1) and short arm (L3) of HNA as illustrated in Fig.2 a. The HNA performs a dipole 178 

resonance at resonance frequency by enhancing localized electric field intensity, thus inducing the 179 

current from one end to the other end (Fig.2 b,c). The connection of two arms of HNA (L2) only 180 

affects the resonance wavelength and is defined as a fixed value (400 nm) to fit the fabrication 181 
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resolution as shown in the SEM photo in Fig.2 d. With the decrease of ∆L, both T (Fig.2 e) and R 182 

(Fig.2 f) intensities drop, which means the antenna becomes less radiative (darker). However, the 183 

absorption signal reaches a peak value when ∆L equals 0.6 μm, which means the critical coupled 184 

point (γa = γr) of the HNA resonator. The experiment results of resonance intensity prove the 185 

FDTD simulation observation in Fig. 2 h-j. 186 

To characterize the sensing performance of each hook antenna devices, 10 nm Poly(methyl 187 

methacrylate) (PMMA) thin film is coated on top of HNA sensors. A strong resonance of the 188 

"C=O" stretching is observed at ~5.8 μm in Fig. 3. According to TCMT results in Eq. 1, the 189 

sensitivity of plasmonic sensors is defined as the intensity change of resonance spectrum of 190 

transmission (ΔT) or reflection (ΔR) and is expressed as  191 

∆𝑇𝑇(𝜔𝜔 = 𝜔𝜔0)  = 𝑇𝑇(𝜔𝜔 = 𝜔𝜔0) − 𝑇𝑇|𝜇𝜇=0(𝜔𝜔 = 𝜔𝜔0) =  
2𝜇𝜇2𝛾𝛾𝑎𝑎𝛾𝛾𝑚𝑚 𝑓𝑓

(1 + 𝑓𝑓)3                                   (2) 192 

∆𝑅𝑅(𝜔𝜔 = 𝜔𝜔0)  = 𝑅𝑅(𝜔𝜔 = 𝜔𝜔0) − 𝑅𝑅|𝜇𝜇=0(𝜔𝜔 = 𝜔𝜔0) =  − 2𝜇𝜇2𝛾𝛾𝑎𝑎𝛾𝛾𝑚𝑚 𝑓𝑓2
(1 + 𝑓𝑓)3                              (3) 193 

where μ and f denote coupling efficiency between HNA and molecular vibration as well as the 194 

ratio (γr / γa) between radiative (γa) and absorptive (γr) damping rate of the HNA, respectively. As 195 

∆L decreases, μ remains almost unchanged because of the similar intensity of near field 196 

(Supplementary), but f decreases due to the reduced γr caused by the short electrical length of the 197 

antenna and the similar γa caused by the same antenna length (L=L1+L2+L3), as shown in Fig. 3 198 

c. The experimental results of PMMA sensing are shown in Fig. 3 a,b, and the extracted difference 199 

signals are plotted in Fig. 3 d,e. From Fig.3 f, we observe that the highest sensitivity of 200 

transmission mode (ΔT) comes when ∆L equals 0.6 μm, while 1.2 μm (inset SEM for real HNA 201 

device) for reflection mode (ΔR), which agrees with the theoretical prediction from Eq. 6,7 (f=0.5 202 

for T and f=2 for R). In Fig. 3 g,h, a transition of line shape from Fano-like to EIT-like is observed 203 

when the resonance wavelength of HNA matching with molecular absorption wavelengths. 204 
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Besides, the highest sensitivity is achieved when the resonance wavelengths of HNA and 205 

molecules are well-matched (Fig.3 i). After optimization, the arm length ratio is fixed at L3:L1=1:3 206 

to achieve the highest sensitivity at reflection mode. Therefore, to simultaneously achieve the best 207 

sensitivity and broad bandwidth, the wavelength-gradient structures are designed by gradually 208 

increasing the total length with the fixed folding degree of HNA. 209 

Characterization of HNA Supercell and Fluidic Dynamics 210 

The spectrum of the 16-element HNA supercell is shown in Fig.4 a measured by a Fourier-211 

transform infrared (FTIR) spectroscopic microscope (Methods 4). The wavelength gradient 212 

response is observed from ~5 μm to ~7.8 μm with 16 HNA structures by changing the total length 213 

(L). To compare the sensing performance of WGHNA, two types of molecules (silk protein and 214 

PMMA) are separately coated on HNA supercell. Fig.4 b shows the sensing results of silk and 215 

PMMA on HNA supercell with the broadband response from ~5.5 μm to 8.5 μm. Multiple 216 

fingerprint absorption peaks are captured by the broadband device. The redshift of the HNA 217 

supercell spectrum is caused by the effect induced by the refractive index of analytes indicating 218 

the refractometry function of WGHNA. We further compared the sensing performance with 219 

selected HNA elements (P1, P8, and P16) from WGHNA, showing that WGHNA has a better 220 

enhancement effect of multiple absorption peaks from broad wavelength ranges, while HNA only 221 

reaches the best enhancement at narrow wavelength ranges near resonance wavelengths. Both 222 

WGHNA and HNA show the significant enhancement (3 orders of magnitude) of absorption 223 

spectrum with the direct measurement of thin-film without nanoantenna. 224 

In addition to the proof-of-concept characteristic of thin-film, we also integrated WGHNA into a 225 

microfluidic system (Fig. 4 d I), which is easily compatible with biomolecular systems for 226 

molecular detection in the aqueous environment. The response of HNA supercell for water with 227 

the enhancement of OH bond absorption at 6.0 μm is shown in Fig.4 d II. We also performed the 228 
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dynamic monitoring of acetone in water to mimic the real-time dynamic monitoring of metabolic 229 

in biology samples. As shown in Fig. 4 e, the real-time spectrum indicates the analyte change at 230 

the WGHNA surface as time goes by. Multiple fingerprint absorption peaks are captured to have 231 

rich information of chemical bond changes. (Fig. 4 f) By integrating the absorbance spectrum, the 232 

dynamic behavior of water and acetone can be monitored by the change of chemical bonds. The 233 

reduction of O-H bond absorptance at 2.95 μm and 6.0 μm represents the decrease of water 234 

concentration, while the increasing of C=O, C-H, C-C-C bond absorptance at 5.7 μm, 7.0 and 7.3 235 

μm, 8.3 μm indicate the introduction of acetone molecules into the microfluidic system.  236 

Machine Learning for Molecular Identification 237 

To demonstrate the molecular identification properties of WGHNA, we select three types of 238 

chemically similar alcoholic liquid - methanol, ethanol, and IPA. Both of the molecules have the 239 

same functional group of hydroxy and methyl bond, resulting in similar absorption spectra in 6 μm 240 

to 9 μm wavelengths. Therefore, it is not easy to distinguish them in a mixture with a narrow 241 

bandwidth of HNA. We designed a series of experiments to compare the recognition capability of 242 

HNA and WGHNA using 1% methanol, ethanol, and IPA in water and mixture sets of each two 243 

in the same volume. With the injection of liquid from microfluidics, the response of HNA and 244 

WGHNA is plotted in Fig. 5 a. The apparent dips of the reflection spectrum at 6.0 μm are induced 245 

by water in both HNA and HNA supercell. The fingerprint absorption of alcoholic molecules is 246 

captured from 6.5 μm to 9 μm and is extracted from the HNA supercell spectrum in Fig. 5 b. Due 247 

to the low concentration of analytes, the change of reflection at absorption is small and cannot be 248 

detected without HNA. To process the small signal, we applied a second derivative to extract the 249 

characteristic of each spectrum from the HNA supercell (Fig. 5 c), which is widely used in 250 

traditional IR spectroscopy analysis. However, it is still difficult to distinguish clearly with the 251 

classic data processing methods from the enhanced spectrum of HNA by solely analyzing the 252 
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fingerprint absorption. Therefore, we propose a ML method using PCA to process the HNA data 253 

for extraction of multi-dimensional information from HNA, which is absorption peaks induced by 254 

vibration of the chemical bond, the wavelength shift of HNA resonance induced by the refractive 255 

index of molecules, and the intensity change of water absorption induced by loading effect of 256 

wavelength detuning.  257 

The results of PCA processed spectra are shown in Fig. 5 d by dimension reduction to three 258 

principal components (PC) axes. For HNA spectra, the first PC represents the modulation of water 259 

absorption peak by loading effect of wavelength shift, and the second PC represents the 260 

wavelength shift of HNA resonance induced by refractive index if analytes. While for HNA 261 

supercell, the first and second PC is flipped in terms of data feature from the spectrum. The third 262 

PC represents the fingerprint absorption of three molecules in both the HNA and HNA supercell. 263 

The order of PC represents the degree of difference between each spectrum. In 3D PC space, each 264 

point represents the spectrum data from HNA or HNA supercell, and each cluster represents one 265 

type of molecule combination. In conclusion, with the help of PCA, the IR spectrum of HNA with 266 

different molecules can be reduced to three principal components, which indicating the three key 267 

features of loading effect, wavelength shifts, and enhanced fingerprint absorption. With the full 268 

utilization of multiple dimension information, the recognition becomes more efficient by 269 

monitoring the complementary physical (refractive index) and chemical properties (absorption 270 

fingerprints) of molecules, bring in a new degree of freedom into IR spectroscopy analysis by 271 

refractometry and plasmonic properties. Compared with previous literature that demonstrates the 272 

identification of two molecules mixture by monitoring two absorption peaks17, our work 273 

demonstrated simultaneously monitoring of 15 absorption peaks and used to identify three 274 

molecules mixture. Furthermore, with the aid of dimension reduction by PCA, the multi-275 
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dimensional information from HNA is easily decoupled and analyzed, paving the way to achieve 276 

global molecular identification and real-time monitoring by training with deep neuron networks 277 

(DNN). 278 

Hyperspectral Imaging of HNA Array for Fingerprint Reconstruction 279 

Hyperspectral imaging is applied to the HNA array to retrieve the enhanced fingerprint absorption 280 

with one-time data acquisition. As shown in Fig. 6 a-d, the 4*4 HNA array (P1-P16) with 281 

wavelength gradient is used to capture the hyperspectral image from 4 μm (2500 cm-1) to 9 μm 282 

(1111 cm-1) by FPA under different analyte states (Bare, acetone, IPA and mixture).  The 283 

fingerprint absorption of acetone and IPA is reflected on the hyperspectral image of HNA array at 284 

absorption wavelengths.  In the mixture of Acetone and IPA, the combination of image change is 285 

observed at all absorption wavelengths. To get a better understanding of the spectral response of 286 

the HNA array, we extract the spectra of each HNA pixel in Fig. 6 e I-III and further calculate the 287 

difference of reflection signal induced by molecular absorption in Fig. 6 e IV-VI. By integrating 288 

the molecular spectra within a fixed bandwidth of each pixel (400 nm), we reconstructed the 289 

fingerprint absorption barcode of Acetone, IPA, and their mixture in Fig. 6 f. The darker the color 290 

of each pixel leads to the strong absorption induced by molecules. It agrees well with the 291 

fingerprint absorption of IPA and Acetone captured by traditional IR spectroscopy. The absorption 292 

peaks of IPA at 7.0 to 8.0 μm and 8.5 μm are captured by P9 to P13 and P16 (follow same 293 

orientation in Fig. 6 a) respectively, while the absorption peaks of acetone at 5.74 μm, 7.0 to 7.5 294 

μm and 8.0 μm are captured by P1 to P3, P9 to P11 and P14 respectively. In the mixture sample, 295 

both absorption peaks are captures from the reconstructed imaging. The retrieved fingerprint 296 

absorption barcode of the mixture shows a combination of the barcode image between IPA and 297 

Acetone. Such rich spectral information is captured in one-time data acquisition, and the IR 298 

fingerprint absorption is enhanced by the HNA array. Compared with the similar approach 299 
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achieved by all-dielectric nanoantenna with high quality factors37,38, our approach behaves smaller 300 

footprint and spatial tunability so that the whole enhanced spectra can be captured in one testing, 301 

which dramatically reduced the time for broadband fingerprint retrieving, paving the way to 302 

ultrasensitive and ultrafast molecules screening in ultra-broadband wavelength range with ultra-303 

small volume. Although the spatial resolution is limited by the pixel of FPA (32*32 pixels) in our 304 

demonstration (4*4 HNA pixels) to avoid mutual coupling, it is easy to improve by replacing the 305 

FPA with more pixel numbers, smaller pixel area, and better detectivity (D*).  306 

Discussion  307 

In this work, we propose a novel WGHNA-SEIRAS with high sensitivity and broad bandwidth 308 

for molecular identification with complementary information of physical (refractive index) and 309 

chemical (chemical bond fingerprint absorption) properties. With a demonstration of thin-film 310 

sensing of PMMA and silk protein, and microfluidic sensing of water, acetone, and acholic 311 

molecules, the WGHNA show the enormous potential of real-time broadband dynamic detection 312 

of the molecular behavior like chemical reaction and various molecular recognition. Additionally, 313 

with the aid of machine learning algorithm-PCA, the multi-dimensional rich information can be 314 

classified effectively, resulting in good pattern recognition using both spectroscopy and 315 

refractometry function from WGHNA-SEIRAS. Furthermore, leveraging FPA for hyperspectral 316 

imaging of WGHNA, the enhanced fingerprint absorption with rich information of multiple 317 

molecular vibrational peaks from broad bandwidth (from 4 μm or 2500 cm-1 to 9 μm or 1111 cm-
318 

1) can be captured in one-time data acquisition, booting up the screening speed and recognition 319 

capability for global molecule identification. Our work brings new insights into IR spectroscopy 320 

technologies for small-volume, real-time, ultra-sensitive, in-vitro biomolecular dynamic analysis 321 

in the aqueous environment. 322 



15 

 

 323 

 Fig.1 (a) Schematic drawing of HNA vibrational probe for molecular sensing by the interaction 324 

between plasmonic resonance and molecular vibration. The yellow color refers to the simulated 325 

electrical field near the surface of the hook antenna. The physical parameters (γa, γr, γm and μ) are 326 

used in TCMT modeling to express the resonance behavior of PNA and molecular vibration. (b) 327 

The spectrum of plasmonic-enhanced molecular vibration signal in reflection (R) and transmission 328 

(T) compared with intrinsic fingerprint absorption. (c) The concept drawing of spectral response 329 

of wavelength-gradient HNA array with molecular vibration fingerprints. The different curves 330 

indicate the spectrum of each pixel in the HNA array. Each HNA pixel has one periodic HNA 331 

structure and the length of HNA gradually changes among different pixels. By gradually 332 

increasing the optical length of HNA in one pixel, the optical resonant wavelength is also 333 

increasing linearly. The molecular vibration is captured by the HNA pixel which operates at the 334 

same wavelength. The enhanced absorption is marked as shadow by different color for different 335 

pixels. (d) Schematic drawing of two types of WGHNA designs – HNA array and HNA supercell. 336 

Both HNA array and supercell have the wavelength gradient nanoantenna structure. The 337 

difference is that the wavelength gradient is designed at different order of structures, which are 338 

pixel and cell levels. The HNA array has periodic HNA structure at each pixel and changes among 339 

different pixels, while the HNA supercell holds the gradient nanoantenna into one unit-cell called 340 
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supercell and repeat the supercell to form periodic structures. The inset SEM image is the top-341 

view of HNA, and the scale bar indicates 1μm. (e) The concept drawing of spectral response of 342 

wavelength-gradient HNA supercell with molecular vibration fingerprints. Example illustration of 343 

different molecular vibration fingerprints are marked in of blue, green, and red. The broadband 344 

response of supercell shows the capability to capture multiple absorption peaks. (f) The fingerprint 345 

barcoding image is processed from the HNA array pixel signal in (c). (g) Molecular recognition 346 

results from the broadband spectrum of HNA using principal component analysis (PCA) algorithm 347 

from machine learning. Each cluster indicates one type of molecule. 348 

 349 

Fig.2 The plasmonic properties of HNA. (a) The schematic drawing of the HNA array. The 350 

polarization of incident light is aligned with the long arm of HNA. ∆L is used to characterize the 351 

folding degree of the hook antenna. (b) Simulated nearfield distribution of electric field intensity 352 

of HNA when ∆L equals 1.2 μm. (c) Simulated nearfield distribution of electric field polarity of 353 

HNA when ∆L equals 1.2 μm. The dipole resonance is generated at the resonance wavelength. 354 

(d)The SEM image of one HNA with scale bar indicating 500 nm. (e-g) the IR response spectrum 355 

as the increment of ∆L for transmission (e), reflection (f), and absorption (g). (h-i) The 356 

experimental results (points) as the increment of ∆L compared with simulation results (curves). 357 
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 358 

Fig.3 Characterization of sensing performance for HNA. (a,b) Experimental sensing spectrum of 359 

HNA with variances of  ∆L for C=O stretch of PMMA. (c)Theoretical fitting of damping rate of a 360 

different folded degree from TCMT. (d-e) Extracted sensing signal of HNA with a difference with 361 

reference devices. (e)the sensitivity of the HNA sensor of transmission and reflection mode with 362 

the change of ∆L. (g) experimental sensing spectrum of HNA with variances of L for C=O stretch 363 

of PMMA. (h) Extracted sensing signal of HNA with a difference with reference devices. (i) the 364 

sensitivity of the HNA sensor of transmission and reflection mode with a change of L. 365 
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 366 

Fig.4 Broadband sensing characterization of HNA supercell by gradient increase HNA length into 367 

a unit cell and broadband monitoring of fluidic dynamics for acetone injection into the water from 368 

HNA supercell integrated with PDMS microfluidic chamber. (a) The experimental reflection 369 

spectrum of HNA by changing the length. A longer HNA leads to a longer resonant wavelength. 370 

By combing different lengths into a unit cell of the metasurface, and HNA supercell is formed with 371 

broadband resonance performance. (b)Sensing characterization of HNA supercell with the thin-372 

film analyte of PMMA and silk protein. The fingerprint absorption peaks ranging from 5.5 μm to 373 

9 μm are clearly captured by HNA supercell including C=O, C-H, C-O-C bond from PMMA and 374 

amide I, amide II and C-N bond from silk. (c)Comparison of sensing spectrum of PMMA and silk 375 

between HNA and HNA supercell. The HNA from P1, P8, and P16 is selected as a reference with 376 

the response to short, medium, and long-wavelength resonance, respectively. It shows HNA 377 

supercell has a good response over a broad range of wavelengths from 5.5 μm to 9 μm which HNA 378 
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only covers a narrow bandwidth near resonance wavelength for enhancement of fingerprint 379 

absorption. (d)I. Schematic drawing of an integrated microfluidic HNA supercell system for liquid 380 

sensing. The HNAS on the CaF2 carrier chip is flip bonded to the PDMS surface with the alignment 381 

of HNAS into the microfluidic channel. The microfluidic channel is formed by a 3D printed mold 382 

and is fixed on a microscope slide. The IR light is shining from the backside of the CaF2 chip, and 383 

reflected light is collected to monitor the far-field response of HNA supercell with different 384 

aqueous analytes. II. The response of HNAS under the water (H2O) environment. The enhancement 385 

of the O-H bond of H2O molecules at 6.0 μm is observed at an enhancement factor of. Additionally, 386 

the redshift of um from HNAS is observed to demonstrate the refractometry function of HNAS 387 

corresponding to the refractive index change of molecules. (e) The dynamic response of HNAS 388 

with respect to a different time as acetone injects into water. Each curve indicates the real-time 389 

spectrum of a mixed solvent of acetone and water, reflecting in-situ concentration information of 390 

acetone and water and dynamic change versus time. (f). Baseline-corrected absorbance spectrum 391 

at a different time at board wavelengths range from 2.5 to 3.5 μm for O-H bond of water at 2.95 392 

μm and 5.5 to 9 μm for various fingerprint peaks (O-H bond for H2O at 6.0 μm, C=O, C-H, C-C-393 

C bond for acetone at 5.7 μm, 7.0 and 7.3 μm, 8.3 μm, respectively). (g). The integrated absorbance 394 

of each fingerprint absorption as a function of time. As time goes by, the absorbance of O-H bond 395 

of H2O at 2.95 μm and 6.0 μm decrease, indicating the concentration decrease of water molecules 396 

while the absorbance of C=O, C-H, C-C-C bond for acetone at 5.7 μm, 7.0 and 7.3 μm, 8.3 μm 397 

increase, representing the concentration increase of acetone molecules. 398 

 399 
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400 

Fig. 5 Machine learning demonstration of HNA spectroscopy by recognition of alcoholic 401 

molecules of methanol (CH3OH), ethanol(C2H5OH), and IPA(C3H7OH) at a concentration of 1% 402 

in water (H2O). (a) The response of HNA spectroscopy under different types of alcoholic molecules. 403 

The HNA only response to a narrow bandwidth near resonance wavelength at ~6.5 μm, while HNA 404 

supercell response to a wide bandwidth from 6 μm to 9 μm. The dip at ~6.0 μm represents the O-405 

H bond of water, which is the common solvent in both cases. (b) The calculated the reflection 406 

change spectrum (i) and its second derivative (ii) of HNA supercell under different types of 407 

alcoholic molecules from 6.5 μm to 9 μm, showing the fingerprint absorption peaks of each 408 

molecule and in a mixture of two types of molecules. (c) The machine learning processed a 409 

spectrum of HNA spectroscopy after dimension reduction by principal component analysis. For 410 

HNA, the 1st principle component represents the modulation effect of water absorption peaks at 411 

6.0 μm. The 2nd principle component represents the wavelength shift of HNA due to the refractive 412 

index of the analyte. The 3rd principle component represents the fingerprint absorption of 413 

molecules. While for HNA supercell, the 1st and 2nd component is flipped as the HNA case 414 

indicating the different response for refractometry and spectroscopy function. (d) The weight of 415 

scores of each spectrum in three-dimensional space after PCA for HNA(i) and HNA supercell(ii). 416 

Each cluster indicates one type of molecules and their mixtures. 417 
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 418 

Fig.6 IR fingerprint retrieval and molecules identification by hyperspectral IR imaging for HNA 419 

array.  (a) Schematic illustration of wavelength gradient HNA array for hyperspectral imaging. 420 

Each pixel response to different IR wavelengths. (b) By pixelating the wavelength gradient HNA 421 

into a four by four arrangement, the hyperspectral imaging is captured by the FPA, representing 422 

the different spectrum response of each HNA pixels. P1 response shortest wavelengths (~4.67 μm) 423 

and P16 response the longest wavelengths (~7.46 μm). The wavelength difference is designed to 424 
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be ~200 nm to construct a linear gradient in the wavelength domain.  (c) Zoom-in picture for the 425 

HNA array at four selected wavelengths (i. 4.67 μm, ii. 5.66 μm, iii. 6.88 μm, iv. 7.46 μm). The 426 

expected pixel is illuminated at a resonant wavelength while other pixels are dark. The pixel is 427 

illuminated at HNA resonance, which are 4.67 μm for P1, 5.66 μm for P6, 6.88 μm for P12, and 428 

7.46 μm for P16. (d) The hyperspectral image of HNA array at 16 resonance wavelengths for 16 429 

pixels under different liquid analytes conditions (Acetone, IPA and Acetone: IPA=1:1). (e) The 430 

extracted normalized reflection and difference normalized reflection spectrum of P1 to P16 under 431 

molecules of acetone (I, IV), IPA (II, V), and Acetone: IPA=1:1 (III, VI). The analytes are in the 432 

liquid phase and signals are captured by the microfluidic integrated HNA array. At the absorption 433 

wavelength of IPA (λ7-13 and λ16) and acetone (λ3, λ7-11 and λ14,15), the HNA reflection drops at the 434 

desired pixel. (f) The reconstructed fingerprint barcode image by integrating spectrum at working 435 

wavelength of each pixel for acetone (I), IPA (II), and Acetone: IPA=1:1 (III). The darker of the 436 

pixels refers to the stronger absorption of molecules. The absorption peaks of IPA at 7.0 to 8.0 μm 437 

and 8.5 μm are captured by P9 to P13 and P16 respectively, while the absorption peaks of acetone 438 

at 5.74 μm, 7.0 to 7.5 μm and 8.0 μm are captured by P1 to P3, P9 to P11 and P14 respectively. 439 

In the mixture sample, both absorption peaks are captures from the reconstructed imaging.  440 

 441 
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 522 

Methods  523 

TCMT modeling: 524 

The temporal coupled-mode theory (TCMT) is used to model the coupling behavior between PNA 525 

and molecular vibration. We treat the plasmonic resonant (denoted as P) as a bright mode that is 526 

coupled to the incident light, while we treat the molecular vibration (denoted as M) as a dark mode, 527 

which coupling efficiency is much lower than PNA and can be ignored in their coupling system. 528 

Therefore, we write down the equations using TCMT as 529 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑗𝑗𝜔𝜔0𝑑𝑑 − (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)𝑑𝑑 + 𝑗𝑗𝜇𝜇𝑗𝑗 + �𝛾𝛾𝑟𝑟𝑆𝑆𝑖𝑖𝑖𝑖                                        (1) 530 𝑑𝑑𝑗𝑗𝑑𝑑𝑑𝑑 = 𝑗𝑗𝜔𝜔𝑚𝑚𝑗𝑗 − 𝛾𝛾𝑚𝑚𝑗𝑗 + 𝑗𝑗𝜇𝜇𝑑𝑑                                                                    (2) 531 

𝑆𝑆𝑡𝑡 = 𝑆𝑆𝑖𝑖𝑖𝑖 −�𝛾𝛾𝑟𝑟𝑑𝑑                                                                                         (3) 532 𝑆𝑆𝑟𝑟 = �𝛾𝛾𝑟𝑟𝑑𝑑                                                                                                    (4) 533 

where P, M and ω0, ωm represent the amplitude and angular frequency of resonance for HNA and 534 

molecular vibration, respectively. γa and γr denote the radiative and absorptive losses of HNA, 535 

while γm is the absorptive loss of molecules. μ is the coupling strength between HNA and molecular 536 

vibration. Sin, St, and Sr represent the amplitude of incident, transmitted, and reflected light, 537 
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respectively. Under the time-harmonic condition, the first derivative of time (d/dt) is replaced by 538 

jω, and the Eq.1 and Eq.2 can be simplified as 539 

[𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)]𝑑𝑑 = 𝑗𝑗𝜇𝜇𝑗𝑗 + �𝛾𝛾𝑟𝑟𝑆𝑆𝑖𝑖𝑖𝑖                                       (5) 540 

[𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + 𝛾𝛾𝑚𝑚]𝑗𝑗 = 𝑗𝑗𝜇𝜇𝑑𝑑.                                                                     (6) 541 

By substituting eq. 6 to eq.5, we can eliminate M and obtain 542 

[𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟) +
𝜇𝜇2𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + 𝛾𝛾𝑚𝑚]𝑑𝑑 = �𝛾𝛾𝑟𝑟𝑆𝑆𝑖𝑖𝑖𝑖                        (7) 543 

Therefore, T and R can be expressed as  544 

𝑇𝑇(𝜔𝜔),𝑅𝑅(𝜔𝜔)  = �𝑆𝑆t,r𝑆𝑆in�2 =  � 𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + 𝛾𝛾𝑎𝑎,𝑟𝑟 +
𝜇𝜇2𝑗𝑗(𝜔𝜔 − 𝜔𝜔𝑚𝑚) + 𝛾𝛾𝑚𝑚𝑗𝑗(𝜔𝜔 − 𝜔𝜔0) + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟) +
𝜇𝜇2𝑗𝑗(𝜔𝜔 −𝜔𝜔𝑚𝑚) + 𝛾𝛾𝑚𝑚�

2
                       (8) 545 

The EIT-like line shape and Fano-like line shape can be expressed from Eq.8 when ω0=ωm and 546 

ω0≠ωm, respectively. The plasmonic resonance can be easily obtained when there is no coupling 547 

effect from molecules (μ=0). 548 

𝑇𝑇(𝜔𝜔)  =  
(𝜔𝜔 − 𝜔𝜔0)2 + 𝛾𝛾𝑟𝑟2

(𝜔𝜔 − 𝜔𝜔0)2 + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)2                                                   (9) 549 

𝑅𝑅(𝜔𝜔)  =  
𝛾𝛾𝑎𝑎2

(𝜔𝜔 − 𝜔𝜔0)2 + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)2                                                (10) 550 

𝐴𝐴(𝜔𝜔)  = 1 − 𝑇𝑇 − 𝑅𝑅 =  
2𝛾𝛾𝑎𝑎𝛾𝛾𝑟𝑟

(𝜔𝜔 −𝜔𝜔0)2 + (𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)2                                (11) 551 

Eq. 9-11 is used to extract absorptive and radiative loss of HNA by fitting the resonance spectrum 552 

in the frequency domain from simulation (Extended Data Fig.1). By engineering the HNA 553 
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structure by changing ΔL with the constant L, the γr and γa can be tuned continuously, and ω0 554 

remains unchanged. To explore the sensing performance, we have made some assumptions to 555 

simplify Eq.8 in order to perform the analytical operation. First, we make ω0=ωm to match the 556 

frequency of HNA and molecular vibration since the WGHNA is only designed for the molecular 557 

absorption wavelength near the HNA resonance wavelength to have the best enhancement. Second, 558 

we treat μ as a much smaller parameter compared with γm, γr, and γa. Therefore, we apply the 559 

difference between Eq.9 and Eq.8 when ω = ω0 = ωm. 560 

∆𝑇𝑇(𝜔𝜔 = 𝜔𝜔0)  =
2𝜇𝜇2𝛾𝛾𝑚𝑚 𝛾𝛾𝑎𝑎𝛾𝛾𝑟𝑟

(𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)2(𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟 +
𝜇𝜇2𝛾𝛾𝑚𝑚)

+ (
𝜇𝜇2𝛾𝛾𝑚𝑚)2 𝛾𝛾𝑟𝑟2

(𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟)2 �𝛾𝛾𝑎𝑎 + 𝛾𝛾𝑟𝑟 +
𝜇𝜇2𝛾𝛾𝑚𝑚�2       (12) 561 

Since μ<<γm, 
𝜇𝜇2𝛾𝛾𝑚𝑚 is a small real number close to 0. Therefore, we cancel the high order term and 562 

simplify Eq.12 as 563 

∆𝑇𝑇(𝜔𝜔 = 𝜔𝜔0)  =
2𝜇𝜇2𝛾𝛾𝑎𝑎𝛾𝛾𝑚𝑚 𝑓𝑓

(1 + 𝑓𝑓)3                                                         (13) 564 

where f = γr/ γa, defining the ratio of radiative and absorptive loss. Similarly, for the reflection 565 

spectrum, we get 566 

∆𝑅𝑅(𝜔𝜔 = 𝜔𝜔0)  = − 2𝜇𝜇2𝛾𝛾𝑎𝑎𝛾𝛾𝑚𝑚 𝑓𝑓2
(1 + 𝑓𝑓)3                                                    (14) 567 

The negative sign in Eq.14 indicates the opposite change in transmission and reflection spectrum 568 

induced by molecules vibration. γa refers to the omics loss of material; thus, it is constant in our 569 

experiment of HNA made by Au. When changing ΔL of HNA, the electrical field does not change 570 

too much among different HNA devices, so that μ is also a constant. Additionally, γm is also 571 

unchanged since we fix the absorption peaks of the "C=O" bond from PMMA in sensitivity 572 
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characterization. By applying the first derivative of f for Eq.13 and Eq.14. We further calculate 573 

the maximum enhancement of the T and R spectrum and get the optimal condition that occurs 574 

when f equals 0.5 and 2, respectively.    575 

FDTD simulation: 576 

The finite-difference time-domain (FDTD) method (Lumerical FDTD1) is performed to simulate 577 

the far-field spectrum and the nearfield distribution of plasmonic hook nanoantenna. The light 578 

source is selected as a plane-wave to simulate the incidence of light from free space. The incidence 579 

angle and polarization state are adjusted to the desired orientation to excite the bipolar mode 580 

plasmonic resonance of HNA. The refractive index of CaF2 is set at 1.38 at wavelengths ranging 581 

from 2 μm to 10 μm. The periodic boundary at the x and y-axis (Fig. 2 a) is selected to simulate 582 

the effect of the periodic antenna array, and the PML boundary is chosen at the z-axis to transport 583 

light into free space. The electric field and magnetic field of HNA with different ΔL are plotted in 584 

Extended Data Fig.2. The electrical field distribution reflects the electric field's intensity and 585 

polarity at the resonance wavelength of nanorod and HNA devices when ΔL changes. The E2 586 

intensity remains the same at all devices representing the constant coupling efficiency μ. 587 

Additionally, Ex polarity indicates the bipolar resonance mode at resonance wavelength of all 588 

nanorod and HNA devices when ΔL changes. Furthermore, magnetic field distribution reflects the 589 

current orientation at resonance wavelength, indicating the nanoantenna's radiation capability. As 590 

ΔL increase, the overlap of inverse current at the short arm of HNA ruin the radiation due to the 591 

large radiative loss (γr). Therefore, the HNA become dark as the transmission and reflection drops. 592 

 593 

Fabrication of HNA:  594 
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For the fabrication of HNA, electron-beam lithography (EBL, Jeol 6500FS) and lift-off process is 595 

used to pattern the nanometer scale gold structure. Before EBL, the CaF2 chip was firstly rinsed 596 

by Acetone and IPA solutions for 1 min with sonication. After that, the chip is treated under oxygen 597 

plasma for the uniform formation of PMMA 495K A5 photoresist, which is spin-coated at 4000 598 

rpm for 1 min. Since the conductivity of the CaF2 chip is low, an additional E-spacer layer is spin-599 

coated at 2000 rpm for 1 min to avoid charge accumulation during EBL. After EBL, the 600 

development with 30 s using PMMA developer (MIBK:IPA=1:3) is used to remove PMMA resist 601 

under exposure following by the cleaning with IPA for 30 s. Then electron beam evaporation (AJA 602 

International Inc.) is proceeded to deposit 80 nm thick gold on top of CaF2 substrate and PMMA 603 

photoresist. To lift-off the nanoantenna pattern, the chip is placed in acetone for one day and rinsed 604 

by IPA. After that, the HNA chip is tested by SEM (Hitachi) and AFM (Bruker FastScan) to 605 

confirm the geometry (Extended Data Fig.3). 606 

 607 

FTIR measurement:  608 

A Fourier-transformed IR (FTIR) microscope (Agilent Cary 660) with an FTIR spectrometer 609 

(Agilent Cary 620) and HgCdTe (mercury cadmium telluride, MCT) detector is used to 610 

characterize hook nanoantenna. The background signal is collected from the CaF2 chip using 16-611 

32 scans at 8 cm-1 resolution to compensate for the MIR gas absorption (mainly water vapor and 612 

CO2) from the ambient. Then the sample scan is performed using 16-32 scans at 8 cm-1 resolution 613 

to capture the spectral response of nanoantenna. The scanning area is adjusted to 200*200 μm2 to 614 

fit the nanoantenna area. For liquid sensing, a microfluidic chamber made by PDMS is bonded to 615 

a CaF2 chip to allow the contact of the liquid analyte with HNA, and the spectrum is captured 616 

simultaneously.  617 
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The hyperspectral images are captured by an IR focal plane array (FPA) MCT detector with 32*32 618 

pixels. To get the IR spectrum of each pixels of the HNA array, the alignment of HNA position is 619 

performed at each data acquisitions. Due to the mutual coupling of HNA array, we cannot fit one 620 

HNA pixel to one FPA pixel to get a perfect image. Therefore, we need to fit one HNA pixel to 621 

multiple FPA pixels as shown in Extended Data Fig.4. We fix the pixel number of HNA array 622 

and change the pixel area. For pixel area of 40*40 μm2, we achieve the data acquisitions in one 623 

time (Extended Data Fig.4 b). For pixel area of 80*80 μm2, we achieve the data acquisitions in 624 

four times (Extended Data Fig.4 c). Compared with these two figures, a clearer square-shape 625 

imaging of HNA array is shown in the picture by 4 pixels per acquisition. This result shows that 626 

the spatial resolution of HNA array is mainly limited by pixels of FPA, which can be improved by 627 

replacing the FPA with more pixel numbers, smaller pixel area, and better detectivity (D*). 628 

 629 

Visualization using PCA  630 

Principal component analysis is used in exploratory data analysis and for making predictive models. 631 

It is commonly used for dimensionality reduction by projecting each data point onto only the first 632 

few principal components to obtain lower-dimensional data while preserving as much of the data's 633 

variation as possible. To facilitate visualization of the feature space, PCA was performed in 634 

MATLAB_R2020a. In this case, a covariance matrix was computed using a factorization of 635 

singular value decomposition (SVD) for the normalized set of features from which the 636 

eigenvectors and eigenvalues were extracted. Each principal component was constructed as a 637 

linear combination of the initial features. The first three principal components were then used to 638 

display 3D scatter plots of the features. 639 
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In our experiment, we select methanol, ethanol and IPA as a proof-of-concept demonstration and 640 

dilute the liquid analytes into water with a constant volume concentration of 1%. The IR fingerprint 641 

absorption peaks of these analytes are shown in Extended Data Fig. 5 d. By mixing the two of 642 

three analytes, we have six different analyte states, which are 1% methanol, 1% ethanol, 1% IPA, 643 

1% methanol + 1% ethanol, and 1% methanol + 1% IPA. To compare the device performance, we 644 

have four device configurations, which are HNA, HNA supercell, nanorod antenna (NA), NA 645 

supercell. For each analyte states and device configurations, we measure 50 spectrums used for 646 

ML. The identification results are shown in Fig. 5 e,f for HNA and HNA supercell and Extended 647 

Fig.5 e,f for NA and NA supercell. 648 

 649 

Extended Data Fig.1 Theoretical fitting of transmission spectrum of HNA at different ΔL using 650 

TCMT.  651 
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 652 

Extended Data Fig.2 FDTD simulation results of electric (a,b) and magnetic (c,d) field 653 

distribution of nanoantenna by different folding degree. 654 

 655 

Extended Data Fig.3 SEM and AFM characterization of HNA. 656 
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 657 

Extended Data Fig.4 (a) Schematic illustration of 4*4 HNA array and 32*32 FPA. (b) The 658 

hyperspectral imaging of bare HNA array at 5.78 μm for HNA pixel area of 40*40 μm2 with one 659 

data acquisition. (c) The hyperspectral imaging of bare HNA array at 5.78 μm for HNA pixel area 660 

of 80*80 μm2 with four data acquisitions. (d) Hyperspectral imaging of HNA array at resonance 661 

wavelength of each pixels with four data acquisitions. 662 

 663 
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Extended Data Fig.5 (a) The reflection spectra of 16 HNA pixels measured by FTIR. (b)The linear 664 

fitting of resonance wavelength of HNA pixels versus total length of HNA. A good linear 665 

relationship (R2=0.99924) is observed and fitted effective index is 1.203. (c) The quality factor of 666 

HNA pixels in the range of 5-8. (d) The fingerprint absorption peak of methanol, ethanol and IPA 667 

at wavelength range from 6-9 μm. (e,f) The weight of scores of each spectrum in three-dimensional 668 

space after PCA for NA(e) and NA supercell(f). Each cluster indicates one type of molecules and 669 

their mixtures. 670 

 671 

Reporting Summary. Further information on research design is available in the Nature Research 672 

Reporting Summary linked to this article. 673 

Data availability. The data supporting the findings of this study are available from the 674 

corresponding author on request. 675 
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Figures

Figure 1

(a) Schematic drawing of HNA vibrational probe for molecular sensing by the interaction between
plasmonic resonance and molecular vibration. The yellow color refers to the simulated electrical �eld
near the surface of the hook antenna. The physical parameters (γa, γr, γm and μ) are used in TCMT
modeling to express the resonance behavior of PNA and molecular vibration. (b) The spectrum of
plasmonic-enhanced molecular vibration signal in re�ection (R) and transmission (T) compared with
intrinsic �ngerprint absorption. (c) The concept drawing of spectral response of wavelength-gradient HNA
array with molecular vibration �ngerprints. The different curves indicate the spectrum of each pixel in the
HNA array. Each HNA pixel has one periodic HNA structure and the length of HNA gradually changes



among different pixels. By gradually increasing the optical length of HNA in one pixel, the optical
resonant wavelength is also increasing linearly. The molecular vibration is captured by the HNA pixel
which operates at the same wavelength. The enhanced absorption is marked as shadow by different
color for different pixels. (d) Schematic drawing of two types of WGHNA designs – HNA array and HNA
supercell. Both HNA array and supercell have the wavelength gradient nanoantenna structure. The
difference is that the wavelength gradient is designed at different order of structures, which are pixel and
cell levels. The HNA array has periodic HNA structure at each pixel and changes among different pixels,
while the HNA supercell holds the gradient nanoantenna into one unit-cell called supercell and repeat the
supercell to form periodic structures. The inset SEM image is the top-view of HNA, and the scale bar
indicates 1μm. (e) The concept drawing of spectral response of wavelength-gradient HNA supercell with
molecular vibration �ngerprints. Example illustration of different molecular vibration �ngerprints are
marked in of blue, green, and red. The broadband response of supercell shows the capability to capture
multiple absorption peaks. (f) The �ngerprint barcoding image is processed from the HNA array pixel
signal in (c). (g) Molecular recognition results from the broadband spectrum of HNA using principal
component analysis (PCA) algorithm from machine learning. Each cluster indicates one type of molecule.



Figure 2

The plasmonic properties of HNA. (a) The schematic drawing of the HNA array. The polarization of
incident light is aligned with the long arm of HNA. ΔL is used to characterize the folding degree of the
hook antenna. (b) Simulated near�eld distribution of electric �eld intensity of HNA when ΔL equals 1.2
μm. (c) Simulated near�eld distribution of electric �eld polarity of HNA when ΔL equals 1.2 μm. The
dipole resonance is generated at the resonance wavelength. (d)The SEM image of one HNA with scale
bar indicating 500 nm. (e-g) the IR response spectrum as the increment of ΔL for transmission (e),
re�ection (f), and absorption (g). (h-i) The experimental results (points) as the increment of ΔL compared
with simulation results (curves).



Figure 3

Characterization of sensing performance for HNA. (a,b) Experimental sensing spectrum of HNA with
variances of ΔL for C=O stretch of PMMA. (c)Theoretical �tting of damping rate of a different folded
degree from TCMT. (d-e) Extracted sensing signal of HNA with a difference with reference devices. (e)the
sensitivity of the HNA sensor of transmission and re�ection mode with the change of ΔL. (g)
experimental sensing spectrum of HNA with variances of L for C=O stretch of PMMA. (h) Extracted
sensing signal of HNA with a difference with reference devices. (i) the sensitivity of the HNA sensor of
transmission and re�ection mode with a change of L.



Figure 4

Broadband sensing characterization of HNA supercell by gradient increase HNA length into a unit cell and
broadband monitoring of �uidic dynamics for acetone injection into the water from HNA supercell
integrated with PDMS micro�uidic chamber. (a) The experimental re�ection spectrum of HNA by
changing the length. A longer HNA leads to a longer resonant wavelength. By combing different lengths
into a unit cell of the metasurface, and HNA supercell is formed with broadband resonance performance.
(b)Sensing characterization of HNA supercell with the thin-�lm analyte of PMMA and silk protein. The
�ngerprint absorption peaks ranging from 5.5 μm to 9 μm are clearly captured by HNA supercell including



C=O, C-H, C-O-C bond from PMMA and amide I, amide II and C-N bond from silk. (c)Comparison of
sensing spectrum of PMMA and silk between HNA and HNA supercell. The HNA from P1, P8, and P16 is
selected as a reference with the response to short, medium, and long-wavelength resonance, respectively.
It shows HNA supercell has a good response over a broad range of wavelengths from 5.5 μm to 9 μm
which HNA only covers a narrow bandwidth near resonance wavelength for enhancement of �ngerprint
absorption. (d)I. Schematic drawing of an integrated micro�uidic HNA supercell system for liquid
sensing. The HNAS on the CaF2 carrier chip is �ip bonded to the PDMS surface with the alignment of
HNAS into the micro�uidic channel. The micro�uidic channel is formed by a 3D printed mold and is �xed
on a microscope slide. The IR light is shining from the backside of the CaF2 chip, and re�ected light is
collected to monitor the far-�eld response of HNA supercell with different aqueous analytes. II. The
response of HNAS under the water (H2O) environment. The enhancement of the O-H bond of H2O
molecules at 6.0 μm is observed at an enhancement factor of. Additionally, the redshift of um from HNAS
is observed to demonstrate the refractometry function of HNAS corresponding to the refractive index
change of molecules. (e) The dynamic response of HNAS with respect to a different time as acetone
injects into water. Each curve indicates the real-time spectrum of a mixed solvent of acetone and water,
re�ecting in-situ concentration information of acetone and water and dynamic change versus time. (f).
Baseline-corrected absorbance spectrum at a different time at board wavelengths range from 2.5 to 3.5
μm for O-H bond of water at 2.95 μm and 5.5 to 9 μm for various �ngerprint peaks (O-H bond for H2O at
6.0 μm, C=O, C-H, C-C-C bond for acetone at 5.7 μm, 7.0 and 7.3 μm, 8.3 μm, respectively). (g). The
integrated absorbance of each �ngerprint absorption as a function of time. As time goes by, the
absorbance of O-H bond of H2O at 2.95 μm and 6.0 μm decrease, indicating the concentration decrease
of water molecules while the absorbance of C=O, C-H, C-C-C bond for acetone at 5.7 μm, 7.0 and 7.3 μm,
8.3 μm increase, representing the concentration increase of acetone molecules.



Figure 5

Machine learning demonstration of HNA spectroscopy by recognition of alcoholic molecules of methanol
(CH3OH), ethanol(C2H5OH), and IPA(C3H7OH) at a concentration of 1% in water (H2O). (a) The response
of HNA spectroscopy under different types of alcoholic molecules. The HNA only response to a narrow
bandwidth near resonance wavelength at ~6.5 μm, while HNA supercell response to a wide bandwidth
from 6 μm to 9 μm. The dip at ~6.0 μm represents the O-H bond of water, which is the common solvent in
both cases. (b) The calculated the re�ection change spectrum (i) and its second derivative (ii) of HNA
supercell under different types of alcoholic molecules from 6.5 μm to 9 μm, showing the �ngerprint
absorption peaks of each molecule and in a mixture of two types of molecules. (c) The machine learning
processed a spectrum of HNA spectroscopy after dimension reduction by principal component analysis.
For HNA, the 1st principle component represents the modulation effect of water absorption peaks at 6.0
μm. The 2nd principle component represents the wavelength shift of HNA due to the refractive index of
the analyte. The 3rd principle component represents the �ngerprint absorption of molecules. While for
HNA supercell, the 1st and 2nd component is �ipped as the HNA case indicating the different response



for refractometry and spectroscopy function. (d) The weight of scores of each spectrum in three-
dimensional space after PCA for HNA(i) and HNA supercell(ii). Each cluster indicates one type of
molecules and their mixtures.

Figure 6

IR �ngerprint retrieval and molecules identi�cation by hyperspectral IR imaging for HNA array. (a)
Schematic illustration of wavelength gradient HNA array for hyperspectral imaging. Each pixel response



to different IR wavelengths. (b) By pixelating the wavelength gradient HNA into a four by four
arrangement, the hyperspectral imaging is captured by the FPA, representing the different spectrum
response of each HNA pixels. P1 response shortest wavelengths (~4.67 μm) and P16 response the
longest wavelengths (~7.46 μm). The wavelength difference is designed to be ~200 nm to construct a
linear gradient in the wavelength domain. (c) Zoom-in picture for the HNA array at four selected
wavelengths (i. 4.67 μm, ii. 5.66 μm, iii. 6.88 μm, iv. 7.46 μm). The expected pixel is illuminated at a
resonant wavelength while other pixels are dark. The pixel is illuminated at HNA resonance, which are
4.67 μm for P1, 5.66 μm for P6, 6.88 μm for P12, and 7.46 μm for P16. (d) The hyperspectral image of
HNA array at 16 resonance wavelengths for 16 pixels under different liquid analytes conditions (Acetone,
IPA and Acetone: IPA=1:1). (e) The extracted normalized re�ection and difference normalized re�ection
spectrum of P1 to P16 under molecules of acetone (I, IV), IPA (II, V), and Acetone: IPA=1:1 (III, VI). The
analytes are in the liquid phase and signals are captured by the micro�uidic integrated HNA array. At the
absorption wavelength of IPA (λ7-13 and λ16) and acetone (λ3, λ7-11 and λ14,15), the HNA re�ection
drops at the desired pixel. (f) The reconstructed �ngerprint barcode image by integrating spectrum at
working wavelength of each pixel for acetone (I), IPA (II), and Acetone: IPA=1:1 (III). The darker of the
pixels refers to the stronger absorption of molecules. The absorption peaks of IPA at 7.0 to 8.0 μm and
8.5 μm are captured by P9 to P13 and P16 respectively, while the absorption peaks of acetone at 5.74 μm,
7.0 to 7.5 μm and 8.0 μm are captured by P1 to P3, P9 to P11 and P14 respectively. In the mixture sample,
both absorption peaks are captures from the reconstructed imaging.
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