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Coherent terahertz laser feedback
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Abstract: The response of terahertz to the presence of water content makes it an ideal analytical
tool for hydration monitoring in agricultural applications. This study reports on the feasibility
of terahertz sensing for monitoring the hydration level of freshly harvested leaves of Celtis
sinensis by employing a imaging platform based on quantum cascade lasers and laser feedback
interferometry. The imaging platform produces wide angle high resolution terahertz amplitude
and phase images of the leaves at high frame rates allowing monitoring of dynamic water transport
and other changes across the whole leaf. The complementary information in the resulting images
was fed to a machine learning model aiming to predict relative water content from a single frame.
The model was used to predict the change in hydration level over time. Results of the study
suggest that the technique could have substantial potential in agricultural applications.
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journal citation, and DOI.

1. Introduction

Light, air, moisture, nutrients, and proper temperature constitute the basic requirements for
healthy plants and play an important part in the photosynthetic process. An excessive or
insufficient supply of any of these elements can subject the plants to stress, diseases, and low
yield. Agriculture is largely responsible for sustaining the growing human population; therefore,
the available land and water resources need to be efficiently managed to attain the required rates
of productivity. The majority of the cultivated land (80%) is rain-fed; the remaining 20% is
irrigated, but it is responsible for producing 40% of the food for the world [1]. With constant soil
degradation, climate change effects, and water stress, primarily due to agriculture, understanding
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the dynamics between plants and water thus becomes crucial to optimize crop yields by regulating
the available resources as they become increasingly scarce.

The water content of plants has previously been measured using a variety of techniques,
including visible [2] and near-infrared spectroscopy [2,3], mid-infrared spectroscopy [3], mi-
crowave resonators [4], nuclear magnetic resonance (NMR) based sensing [5,6] and thermal
imaging [7] (see Jones [8] for a comprehensive review of capabilities and limitations of dif-
ferent techniques). Candidates for water content monitoring have also included Terahertz
(THz) spectroscopy/imaging as a complementary technique, which uses the THz region of the
electromagnetic spectrum (0.2-10 THz) to evaluate the water dynamics of plants, mainly as
transmission through the leaves [9—15]. THz radiation has several properties that make it well
suited for hydration level monitoring in agricultural and biomedical fields [16]. Because of its
low energy, THz is non-ionizing, non-destructive, and is regarded as safe for biological materials.
Furthermore, increased absorption of THz is observed in the presence of polar molecules such as
water [17], which facilitates its application for hydration studies. In addition to the attenuation of
THz radiation by atmospheric water vapour [18], absorption loss also occurs for materials with
high liquid water content [19], which may pose practical limitations to the use of the technique.
The majority of commercially available THz imaging systems are based on photoconductive
antenna based time-domain and continuous wave spectrometers, while systems based on quantum
cascade lasers (QCLs) are now being commercialised. All three technologies have their distinct
utilities and limitations and have subsequently been used in hydration monitoring [20-24].

Biological materials often display non-homogeneity in their structure, formation and compo-
sition. The same is true for leaves, which differ in their physical and chemical characteristics
depending on the species and exposure to the different abiotic factors required for their growth.
However, such differences are also observed for leaves within the same plant [25] depending on
the stage of maturity, canopy level and light exposure, which act as stress-stimuli and affect the
thickness, texture, composition of the leaves. This, along with the heterogeneous structure of the
leaf plays an important role in the distribution, utilization and retention of water, thus affecting
the THz transmission loss [22,26] through it. Such variations may act as limiting factors for
hydration studies using theoretical models because of the increment in the number of parameters
involved for the approximations [23,27]. In order to address and utilise such variations for
hydration analysis, this study focuses on generalising these differences with the aid of machine
learning. Smart techniques have been integrated into the agricultural sector with the help of
machine learning, particularly in managing yield, diseases, and resources such as soil, water, and
livestock [28-30]. Due to intrinsic properties of THz, it has also been utilized in conjunction with
machine learning for quantification, identification and quality control of agricultural produce
[31-36] among others. In the current study, machine learning assists in the data processing to
quantify the relative water content using a partial least squares regression (PLSR) model that
takes into account dimensionality reduction and the collinearity of the information in variables
with the mapped water content from various leaves.

The change in hydration of leaves is approximated using narrow-band, pulsed QCL-based laser
feedback interferometry (LFI) imaging with leaf moisture content declining due to separation
from the main plant. Coherent nature of the detection in LFI allows the extraction of amplitude-
phase pairs for the material being sensed [37-39] (see Fig. 1). This allows the measurement
of both reflectivity with absorption coefficient concurrently and when combined with a raster
scanning mirror, individual complex pixels can be generated rapidly, allowing for high-resolution
megapixel images generated in minutes [40]. The high-speed frame rate helps with the process of
monitoring over time, including the change in plant hydration where small variations of voltage
in the self-mixing signal [38] from the leaf indicate the underlying hydration dynamics. The
high-resolution pixels from the LFI image frames were used to segment the leaves into lamina
and veins, each of which has different morphological and physiological properties, and response
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to drought stress. This segmentation, applied to both amplitude and phase images in the current
work, as opposed to examining the leaf as a single entity, allowed for detailed feature extractions
for approximating the hydration content in plants using the nested cross-validation and PLSR
models. This led to improved prediction accuracy in hydration monitoring, which is discussed in
depth in the following sections.

a. Rasterising
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Fig. 1. a: Leaves were scanned using a quantum cascade laser and a rasterising mirror. b:
The acquired self-mixing signal was amplified and FFT-transformed to produce terahertz
amplitude and phase images of the sample.

2. Materials and methods
2.1. Leaf samples

This study used leaves collected from mature Celtis sinensis (also known as Chinese hackberry)
plants located on the St Lucia Campus of the University of Queensland, Australia. The leaves
were collected from the third axial positions in relation to the tip of the branch. The initial, fresh
weight of the leaves were recorded within 10 minutes of harvest and LFI measurements were
initiated within 30 minutes. In total, five leaves were analysed for water content. The leaves had
a surface area of around 85 mm by 50 mm and a thickness in the order of 0.15 mm. Of these
leaves, the third leaf (leaf 3), though fully-expanded, was observed to be younger as compared
than the other leaves due to its lighter shade of green.

2.2. Pulsed LFl imaging platform

The LFI imaging platform based on QCL-THz used in this study (Fig. 1) has been described in
detail by Lim et al. [40] and is thus, only briefly recapitulated here. The QCL chip is encased
in a chamber that operates at 50 K using a Stirling cooler. The THz laser generated by this
chip passes through a 30 mm collimating lens (Tsurupica, BBlaser Inc.), a set of 75 mm static
reflecting mirrors, a 50 mm rasterising focusing mirror (Optics in Motion), through a 50 mm
focusing lens (Tsurupica, BBlaser Inc.) which allows raster imaging of the scan area, as seen in
Fig. 1(a). The resulting self-mixed interferometry signal is amplified, and Fourier-transformed to
produce corresponding amplitude and phase values for the image pixels. Full specifications of
the imaging platform can be found in Table 1.
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Table 1. System parameters for LFl imaging setup.

System parameters Fast THz -QCL-LFI

Frequency 2.8 THz with 600 MHz Freq. Sweep
Output power 2 mW peak

Image scan area 60 (H) x 40 (V) mm?

Image pixel area 1200 (H) x 400 (V) (0.48 M pixels)

Pixel size 50 (H) x 100 (V) um

Image acquisition time | 3 min 20 Seconds (Mechanically Limited)

LFI is one of the most basic, yet compact sensing techniques where the emitter also serves as a
highly sensitive detector [41-43]. In sensing applications, the combination of QCLs and LFI
is particularly advantageous, especially in the THz band, where there is a scarcity of external
detectors that offer both high-speed and high-sensitivity [38]. Indeed, LFI with THz QCLs —
which possess high output power, low phase-noise and stability under optical feedback — has
been successfully employed for sensing [40,44—47] and benefits from the intrinsic advantages
inherent to homodyning detectors, in particular suppression of unwanted background radiation.
The use of the QCL itself as the detector means that the detection speed is theoretically limited
only by the device itself [48,49].

2.3. Imaging procedure

During imaging, the ventral side of the leaf was fixed to a metal plate so that the adaxial
stomatal pores were not blocked to ensure gas exchange. The metal plate was attached to a 0.1
mg precision electronic balance (JF2104, Jinnuo, Zhejiang, China), allowing for simultaneous
weighing of the leaf. Leaves were imaged for approximately 10 hours in a transflectance mode
while also recording the leaf weight for each frame. All measurements were conducted in a
climate-controlled optics laboratory on a vibration-compensated optical bench. Both the relative
humidity and room temperature were recorded at the beginning of each imaging sequence (relative
humidity 50% + 6%, room temperature 23 °C + 2 °C).

3. Image processing and water content prediction

Each measured frame produced corresponding amplitude and phase images, which required some
preprocessing before water content could be determined. As the amplitude images are affected by
the ambient temperature, each frame had to first be normalized to a common reference in order
to enable comparison between different time points and individual leaves. Thus, the median
amplitude of the metal backplate in each frame was used as a reference standard for normalising
the amplitude values. Exemplar-produced images can be seen in Fig. 2 and Fig. 3(a).

The phase images produced by the imaging platform were phase wrapped (Fig. 3(b)) and had to
first be resolved using the robust two-dimensional unweighted unwrapping [50]. The unwrapped
phase images were then gradient corrected by subtracting a heavily smoothed version of the
original frame in order to account for varying optical path length over the scanned area. Finally,
frames containing obvious imaging artifacts were manually removed at this stage (approximately
1% — 5% of the total frames). A 3D render generated by combining a stack of all the frames of
the third leaf (leaf 3) is shown in Fig. 2(a) (generated using ImageJ [51], Materialize by Bounding
Box Software, and Blender [52]). This approach allows observing microscopic features, such as
stomata and leaf vascular system, by assigning an alpha channel (transparency) to the rest of the
leaf (light green) and dark tone to the highly hydrated domains. The water transport process of
the leaf is visualized at individual slice level in Fig. 2(b—d). A time lapse movie highlighting
hydration levels in a leaf over 360 minutes is presented in Visualization 1.
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Fig. 2. (a) Top-view of a 3D leaf render composed of all the measured frames of leaf 3.
(b—d) Topographical representation of water transport over the leaf at (b) t=0 mins, (c) t=180
mins, (d) t=360 mins. Visualization 1 shows the progression of this leaf over the entire 360

mins.
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Fig. 3. Image preprocessing pipeline for amplitude and phase images. a.i: Raw amplitude
image of a leaf taped on a metal plate. a.ii: Amplitude image normalized to the amplitude
of the metal plate. b.i: Raw phase image of the leaf. b.ii: Phase unwrapped and gradient-
filtered phase image. ¢: Segmentation mask for selecting pixels belonging to veins (blue),
lamina (green) and metal (red). The black box indicates the region of interest (ROIs) used
for further analysis steps. d.i-iv: Amplitude and phase maps for segmented lamina and vein
ROIs. Visualization 2 shows the segmentation process for the leaf over 8 hours.
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Pixels in each frame were segmented into one of three classes (background, lamina, and
vein). Segmentation was performed using Otsu’s variance-based multi-thresholding [53] by
using the amplitude image as an input (Fig. 3(c)). The resulting segmentation mask was used
for both amplitude and phase images in the later processing steps. Finally, a 200 x 200 pixels
region-of-interest (ROI) was selected near the central vein of each leaf (Fig. 3(d)). The purpose
of the ROI-based analysis was to ensure that the varying size between the leaves and the presence
of non-leaf objects (metal plate, parts of the sample holder, adhesive tape, etc.) would not
confound the analysis. Visualization 2 shows the segmentation process for leaf 2 over 8 hours
with amplitude and phase maps for the segmented lamina and vein ROIs.

The relative moisture content (RMC) predictor was constructed by training a partial least
squared regression (PLSR) model using the data from the first 8 hours of each measurement.
The dependent variable (i.e., RMC) of the model was determined as the relative mass loss of the
leaf, where the value 1.0 corresponded to the weight of a freshly harvested leaf and the value of
0.05 to the weight of the dried leaf. In order to denoise the dependent variable, the measured
weight-over-time was smoothed with a Savitzky-Golay filter. Independent variables of the model
were extracted from the segmented lamina and vein regions of the amplitude and phase images
within the specified ROIs (Fig. 4(a)). Extracted features with more than 85% correlation with the
RMC were aggregated into a feature vector. To account for the differences in ambient conditions,
temperature and relative humidity of the laboratory were also included as two extra features.
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Fig. 4. a: The feature vector used for predicting RMC was constructed by combining
the descriptive statistic and segmentation masks of amplitude and phase images within the
region of interest. In addition, relative humidity and temperature were added to the feature
vector as ambient variables. b: Performance of RMC prediction was evaluated using nested
cross-validation. In nested CV, each individual leaf was sequentially used as a test set while
the remaining leaves were used to train the regression model.

The prediction accuracy of the model was tested with nested cross-validation (CV) (Fig. 4(b)).
Within each iteration, the number of components in the PLSR model was optimized using training
samples from four leaves, leaving the fifth leaf for testing. This process was then repeated for
each individual leaf. Model performance is reported for both the inner and outer loops of the CV
in terms of Pearson’s correlation (R), coefficient of determination (R*), and root mean squared
error (RMSE).

The scikit-learn module [54] of Python3 was used to train and evaluate the PLSR
models.
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4. Results

For three of the five leaves, the change in normalised amplitude of the lamina over time points
90, 240, and 360 minutes after plucking is shown in Fig. 5. Visualization 3 shows the change
in amplitude and phase for leaf 3. As a response to water deficit, shrinking of the leaf surface,
uneven dynamics of moisture distribution, and the difference between the drying periods of
lamina and veins, and between secondary and primary veins can be observed in this visualisation.
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Fig. 5. Change in reflectance through lamina after 90, 240 and 360 minutes (min) after
being harvested for three leaves. Visualization 3 shows the change in amplitude and phase
for leaf 3.

Accuracy metrics of the PLSR model for predicting RMC are collected in Table 2 with the
best results highlighted. The test set accuracy for predicting RMC was R*>=0.58—0.88 and
RMSE=0.05-0.16. The predicted and measured RMC values also exhibited a strong linear
correlation (R = 0.92-0.96). Residuals of the predictions were relatively uniform over the 8-hour
measurement period.

Table 2. Parameterised regression errors with best results highlighted.

Inner Loop Outer Loop
RMSE., | RZ, Ruain | RMSEuain | B2, | RMSEweq | Rie R,
Leaf1 | 0.12 078 | 0.89 | 0.12 079 | -0.05 094 | 0.66
Leaf2 | 0.12 077 | 0.88 | 0.12 0.78 | 0.08 -0.96 | 0.67
Leaf3 | —0.09 —-0.85 | -0.92 | —0.09 -0.85 | 0.16 092 | 0.67
Leaf4 | —0.09 -0.85 | -0.93 | —-0.09 -0.86 | 0.16 -0.96 | 0.58
Leaf5 | 0.12 072 | 085 | 0.12 0.73 | 0.09 0.95 -0.88

Graphical representations of the results are shown in Fig. 6 where the plot in the top row shows
how the predicted RMC spreads in comparison to the true RMC limited by RMSE. The middle
row shows the true or actual RMC calculated using the normalised weight, contrasted with the
predicted RMC using the PLSR model. The predicted points lie close to the regressed diagonal
line with disparities visible in a few predictions, including for the young leaf, leaf 3 and leaf 4.
For the same leaves, as time progresses, the scatter plot of the predicted values is projected over
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the line of true RMC in the bottom row of the figure. Since the leaf mentioned in the label is not
used during the nested CV training, the predictions are not influenced by its features, making the
predictions independent and unbiased in nature.
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Fig. 6. Regression results for the PLSR model. The top row shows the prediction results for
leaf 1 with the predicted values in comparison to the calculated RMSE for the prediction.
The middle row displays the distribution of the true vs predicted values, while the bottom
row shows the corresponding scatter plot of the predicted RMC values over time with respect
to the true RMC values. Insets in the bottom row of leaf 1 show how the THz amplitude
image alters with corresponding time points as the leaf dries out.

5. Discussion

In vascular plants, the leaf serves as the primary locus for both photosynthesis and transpiration.
Its formation, development, and biological and physiological traits are influenced by a number
of abiotic factors, including temperature, light, moisture, and others. These factors affect the
growth pattern of the leaves and are responsible for variations in the cross-section, structure, and
properties of leaves within the same species, plant or branch [25]. This variation can be observed
in Fig. 5 where leaf 1 and leaf 2 are not identical even when they show fully matured leaves
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from the same plant. leaf 3, on the other hand, is a young, fully expanded leaf from the third
apical position. However, since it is younger than the other leaves, there is a difference in the
cross-section area. The lamina is thinner than the other leaves, evident from the higher amplitude
through the lamina even at 90 minutes. Also, the girth of the veins is observed to be smaller
than those of leaf 1 and leaf 2. The left-hand side corners of leaf 3 frames were identified as
metal-backing and were excluded using the automated processing algorithm.

Because of transpiration, the moisture inside the leaves decreases over time, reducing THz
absorption through the leaf. This results in a change of phase and increase of amplitude through
the leaf as the THz passes through it, reflecting from the metal-backing and through the leaf
again. Along with this, the thickness of the veins decreases as can be observed in Fig. 5. The
protruding veins on the dorsal side of the leaf prevent the leaf to be observed on the same focal
plane. The extent of protrusion or the thickness of the veins also impacts the imaging of the
lamina as it forms an angle at its connection to the midrib and the smaller veins. As the leaf
dries, the veins become thin and the angle also reduces, allowing the lamina to lay flatter on the
metal backing. The leaves also start curling from the outer edges to limit the water loss. For the
current work, however, since the leaves are lightly fixed to the backing, either with a magnetic
frame or tape, the leaves are stretched and do not completely curl up, but while monitoring the
complete frame, the edges are observed to shrink, reducing the area covered by the leaf over
time. The thinning of the veins can also be observed using the phase images Visualization 2 and
Visualization 3 where the phase difference between the lamina and the veins decreases over time
as the veins flatten out and the moisture content in them reduces.

On a closer inspection of the leaves, leaf 2 and leaf 3 in Fig. 5 and Visualization 3 show the
presence of stomata in the form of small round spots, more prominent in leaf 3. Stomata are
found in abundance in young leaves, but as they mature, the stomatal density decreases with
the increase in leaf size, while the stomatal conductance increases [55,56]. This, along with
the thickness and degree of flatness in a young leaf, allows visibility of stomata in the young
leaves with better focus as compared to matured leaves. This provides the scope of utilizing the
high-resolution LFI imaging setup for monitoring the growth stage of plants.

Nested CV for the RMC produces prediction errors (i.e., RMSE) in the range of 5% — 16%
indicating the error level to be anticipated for untested sets. The R?, on the other hand, supports
the contribution of the selected features for the prediction model. Predicted water content values
for leaves 1, 2, and 5, closely matched the measured values over all time points. With leaves 3
and 4, however, the rate of dehydration was biased although the general trend was still correct.

This study utilized previously established double transmission measurement mode [24] which
was implemented by placing a highly reflective metal back-plate behind the imaged leaf. The
double transmission mode increases the SNR of the acquired LFI signal, thus boosting the
contrast of the resulting THz image. It should be noted, however, that since the use of a metal
back-plate might not be feasible in real-world applications, the technique still works without it
albeit with slightly impaired contrast.

The use of harvested leaves rather than leaves attached to a plant is one of the major limitations
of the current study. In contrast to the study of in-vivo leaves, the drop in water content of
harvested leaves is rapid and constantly decreasing. As such, the experiment would need to
be replicated with live plants in the future. Secondly, it was observed that changes in both
relative humidity and temperature across different measurements can seriously hamper prediction
accuracy if not accounted for. This is most likely due to humidity and temperature influencing
both leaf dehydration and the quality of the THz signal. Humidity and temperature were, therefore,
included as an additional feature pair for each measured frame in this study. The environmental
variables, however, were only measured at the start of each measurement and were not monitored
throughout the experiment. It is possible that constant monitoring of the ambient conditions
could improve the model’s robustness even further. Finally, reference methods other than relative
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mass could be used to model water transport more realistically. For this study, mass was chosen
for practical reasons due to its integrability with the imaging platform and the optical bench.
This study focused on monitoring the bulk hydration level of leaves. This limitation was
imposed by the reference analysis method, which could only measure weight loss across the entire
leaf. The resulting THz images, on the other hand, showed shifting contrast within the leaves,
which could be attributed to the internal reorganisation of available water over time instead of a
steady and evenly distributed decrease in moisture. Therefore, in addition to predicting the total
amount of water, QCL-THz imaging could be able to map the actual water transport dynamics.

6. Conclusion

Hydration level monitoring is a very significant issue for the agriculture sector as irrigation
resources are starting to dwindle. Estimating the exact prediction accuracy required for hydration
level monitoring is nontrivial, but it’s plausible that the QCL-THz imaging technique used in
this study could be well suited for the task. The QCL-THz technique also has appealing features
compatible with agriculture, since it is a non-destructive imaging technique capable of producing
high-resolution images with relatively high frame rates.

A combination of image processing, feature extraction, and machine learning was used to
establish the relationship between the THz images and RMC in the leaves. The model was
trained using selected features extracted from both amplitude and phase images to predict the
RMC, which was possible due to the features extracted from the frames acquired with sufficiently
high-resolution. Fast acquisition of THz images of the leaves under water stress also shows a
redistribution pattern of available water which could be developed further to understand the
biochemical features of the leaf. High resolution also allowed the observation of stomata in
young leaves, which could be utilized for maturity monitoring during harvesting. A similar
model could also potentially be implemented with convolutional neural networks, although the
approach would require significantly more independent samples than the current study.
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