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1. Several applications where THz achieved significant contributions such as security imaging of 

unseen hazard items, medical imaging for non-intrusive dental and skin-care treatment, quality 

control of food, contactless imaging for conservation of sculptures and manuscripts, material 

characterization and telecommunications [13-15]. Despite its extensive utility and notable 

contributions to the aforementioned diverse applications, researchers believed its potential in modern 

agriculture technology has yet to be fully explored [13]. 

 

Fig. 1. Observing the morphological characteristics of leaves using THz sensing at cellular level on 

different days. 

 

These undermine facts and prevailing challenges have captivated researchers from different 

disciplines and markedly stipulate an automated real-time, proactive and pragmatic technique 

approach for different plants species identification [16-18]. Unlike fruits and flowers, leaves are 

accessible all year around. As a result, effective plant species identification is critical for ensuring 

sustainable cultivation and large-scale crops production by closely monitoring the species populations 

and assessing the impact of climate change on species distribution. Moreover, it is seemed to be 

highly beneficial to accelerate the recognition process of distinct feature of leaves, making it 

consumable by non-specialists, especially when considering the incessant damage of plant 

biodiversity [16-18]. 
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The MCK was attached to a Keysight Technologies N5224A microwave network analyzer (NA). Prior 

to measurements, short-open-load-thru (SOLT) calibration technique, which is two-port, was used to 

lessen any undesired noise in system setup. Considering the structural integration and morphological 

characteristics of leaves, Polytetrafluoro-ethylene (PTFE) caps were mounted internally to the 

waveguide that could provide appropriate compression and stability to the specimens as shown in 

Fig. 2. 

 

Fig. 2. Snapshot of setup showing a Swissto12 System operates in a frequency range from 0.75 to 

1.1 THz. 

 

2.2. Preparation of samples 

This work includes the measurements of seven various kinds of plants namely as basil, 

coriander, parsley, baby-leaf, coffee, pea-shoot, and babyspinach. All these various plants leaves 

were fully grown and nurtured in Rouken Glen Farm, East Renfrewshire, Glasgow. As per the status 

of these plants leaves, aforementioned leaves were properly cultivated and nurtured, and showed 

no signs of damage after proper examination of farmers. They were properly placed under the 

environment temperature of 18 ±0.1 °C, in order to maintain their healthy status for measurements. 

Moreover, in this study, the weight and thickness were continually observed for four consecutive 

days after every 2 hours using precision electronic scale and vernier calliper. Over the span of four 

days, spectral variations appeared that demonstrated the reduction of weight and thickness in them. 

These eaves were closely examined at three different locations and at every location, four distinct 
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Fig. 3. Transmission response of seven living plants leaves for all different days. 
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Fig. 4: Recognition of sensitive region to consider only desired and meaningful features for the feature 

extraction. 

 

2.4. Feature extraction technique 

For the feature extraction procedure, three domain features including time-frequency, time and 

frequency domain features were considered [21]. While taking the measurements of leaves using 

Swissto12 (MCK), it was noticed that observations collected in the region of 0.75 to 0.83 THz 

exhibited superfluous behaviour. The outcome of this unwanted and erratic behaviour could have 

produced spurious classification results for different classifiers, resulting in forge detection and 

identification of correct species of plant leaves. Moreover, this could lead inaccurate information to 

growers and cultivators to determine which species demands how much of nutrients and WC in 

leaves to maintain their healthy status and sustain crops productivity. As a result, it was significant 

to determine the sensitive response region (SRR) so that maximum meaningful observations could 

be obtained for the classification model as shown in Fig. 5. Since the MCK operated in the frequency 

domain, therefore observations obtained from MCK were converted into time and time-frequency 

domain to obtain features extraction technique that could be useful for classifiers performance. In 

the next section, both domain features are discussed in detail. 
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Fig. 5. The methodological approach of proposed algorithm implementation process. 

 

2.5. Frequency Domain Features 

Since the observations were collected in frequency domain using MCK therefore, these 

observations could be used to extract the relevant features from the SRR region as shown in Fig. 

4. SRR assisted in the accurate identification of plant species as well as water-stressed leaves 

because various leaves exhibited distinct characteristics, which were examined for feature 

extraction process. Thus, for all four days, five window bins with a width of 20 were considered for 

feature extraction, beginning from the frequency range of 0.80 to 1.07 THz. To reach this objective, 

both Power and Cross spectral densities were studied and is given as 1 and 2 [15,22]: 
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Furthermore, in this section, the performance of all proposed classifiers was also evaluated by using 

three commonly metrices such as, precision, recall (also known as true positive), and F1-score [31] 

as shown in Table II. Here, precision metrices were employed to evaluate the precision of the 

classifications relative to all other classifications. In addition, recall or sensitivity values showed the 

possibility of occurring accurate classification of categorised classes from the remaining classes. 

Finally, F1-score was used to obtain the average between the Precision and Recall metrices [31]. In 

this study, the key objective of using these commonly agreed metrices was to detect any potential 

mis-classification, resulting in inaccurate details about the presence of WC and nutrients in leaves. 

Table 2. 

Classification accuracy of RF for the accurate recognition of leaves by applying Ten-fold cross 

validation. 

Classification performance by applying tenfold cross validation 

Sample 

Quality metrics 

Accuracy/% 

Precision Recall F1-score 

Coffee 0.97 0.96 0.97 

98.87 

Pea-shoot 0.97 0.96 0.96 

Spinach 0.97 0.96 0.96 

Coriander 0.97 0.96 0.95 

Basil-leaf 0.97 0.96 0.96 

Baby-leaf 0.97 0.96 0.96 

Parsley 0.97 0.96 0.97 

 

4. Results and Discussions 

4.1. Classifiers performance for accurate detection of leaves 

The performance of three proposed algorithms including RF, KNN and SVM was assessed in 

this section by employing commonly quality metrices for the automated identification of different 
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leaves possessing distinctive characteristics and features with an amalgamation of ML and THz. 

The purpose of employing commonly accepted quality metrices was also to detect any mis-

classification that could take place, resulting in erroneous information about characteristics and 

identification of leaves. From the Tables 2-4, it can be noticed RF substantially outperformed other 

classifiers in terms of accurate detection of all seven leaves by observing their internal 

morphological characteristics using THz for four days, revealing the fresh moistness and moldiness 

of leaf. 

Furthermore, these outcomes also revealed that for SVM, it was slightly challenging to identify 

various leaves due to the similar sensory characteristics and somewhat identical appearance such 

as coriander, parsley. However, as observed in the results, KNN displayed considerable 

performance relative to SVM, given the physiological and biological characteristics of leaves. 

Moreover, the results also depicted that all three classifiers considered only notable and desired 

features which inevitably reduced the computation time for the execution of classifiers. Hence, by 

selecting the desired and relevant features not only reduced the estimation time for execution but 

also enhanced the performance of all three classifiers. 

Table 3 

Classification accuracy of SVM for the accurate recognition of leaves by applying Ten-fold cross 

validation. 

Classification performance by applying tenfold cross validation 

Sample 

Quality metrics 

Accuracy/% 

Precision Recall F1-score 

Coffee 0.89 0.98 0.93 

89.67 

Pea-shoot 0.91 0.78 0.84 

Spinach 0.89 0.86 0.88 

Coriander 0.9 0.98 0.94 

Basil-leaf 0.86 0.92 0.89 
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Baby-leaf 0.89 0.8 0.84 

Parsley 0.93 0.96 0.95 

 

Table 4 

Classification accuracy of KNN for the accurate recognition of leaves by applying Ten-fold cross 

validation. 

Classification performance by applying tenfold cross validation 

Sample 

Quality metrics 

Accuracy/% 

Precision Recall F1-score 

Coffee 0.96 0.99 0.97 

94.64 

Pea-shoot 0.94 0.89 0.92 

Spinach 0.94 0.95 0.94 

Coriander 0.98 0.99 0.98 

Basil-leaf 0.93 0.95 0.94 

Baby-leaf 0.93 0.88 0.9 

Parsley 0.96 0.97 0.96 

 

Table 5 

Performance of all three classifiers for observing the WC variations in coffee leaf for four days 

Classification performance by applying tenfold cross validation coffee 

Classifier Days 

Quality metrics 

Accuracy/% 

Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

93.09 Day 2 0.89 0.89 0.89 

Day 3 0.86 0.86 0.86 
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Day 4 0.97 0.97 0.97 

KNN 

Day 1 1 1 1 

91.77 
Day 2 0.88 0.87 0.87 

Day 3 0.83 0.84 0.84 

Day 4 0.96 0.96 0.96 

SVM 

Day 1 1 1 1 

92.72 
Day 2 0.93 0.85 0.89 

Day 3 0.83 0.89 0.86 

Day 4 0.96 0.96 0.96 

 

Table 6 

Performance of all three classifiers for observing the WC variations in spinach leaf for four days. 

Classification performance by applying tenfold cross validation spinach 

Classifier  Quality metrics 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

93.90 
Day 2 0.91 1 0.95 

Day 3 0.91 0.88 0.9 

Day 4 0.93 0.88 0.91 

KNN 

Day 1 1 1 1 

77.96 
Day 2 0.83 0.9 0.86 

Day 3 0.63 0.59 0.61 

Day 4 0.64 0.63 0.64 

SVM 
Day 1 1 0.99 1 

73.75 
Day 2 0.78 0.84 0.81 
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Day 3 0.71 0.75 0.73 

Day 4 0.55 0.87 0.67 

 

Table 7 

Performance of all three classifiers for observing the WC variations in peashoot for four days. 

Classification performance by applying tenfold cross validation peashoot 

Classifier  Quality metrics 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

90.97 
Day 2 0.99 0.95 0.97 

Day 3 0.85 0.83 0.84 

Day 4 0.81 0.87 0.84 

KNN 

Day 1 0.98 1 0.99 

77.20 
Day 2 0.95 0.93 0.94 

Day 3 0.59 0.57 0.58 

Day 4 0.78 0.6 0.58 

SVM 

Day 1 1 0.98 0.99 

71.91 
Day 2 0.96 0.93 0.94 

Day 3 0.63 0.62 0.63 

Day 4 0.62 0.66 0.63 

 

4.2. Classifiers performance for observing characteristics on different days 

The purpose of this research was to minutely observe the behaviour and physiological traits of 

all seven living plants leaves over the course of four days. In this regard, an algorithm was proposed 

for three different classifiers and their performance was also assessed by quality metrices. From 
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the Table 5, it can be seen that for coffee, RF outperformed other classifiers to achieve performance 

of different days classification, revealing the precise estimation of WC in coffee leaf. Both KNN and 

SVM displayed relatively less accuracy in precise estimation of WC in coffee as depicted in table 

5. Moreover, the assessment of all proposed classifiers model showed a noticeable performance 

by depicting accuracy of 90% for all classifiers from day 1 to day 4, clearly revealing the freshness 

and staleness of a leaf. For both spinach and peashoot leaves as shown in Tables 6 and 7, RF 

exhibited distinctive performance compare to KNN and SVM for the presence of WC in leaf. It was 

also perceived that in both KNN and SVM, variability of detecting the WC on both day 2 and 3 found 

in the range of 0.55 to 0.86 THz, resulting in low precision, while RF displayed considerable 

accuracy, clearly indicating a high and low amount of WC in leaves on days 1 and 4. 

As shown in the Table 10, the performance of all classifiers can be assessed for observing 

diminutive changes in cellular level in coriander leaf, which is due to the WC evaporation as 

compared to other leaves.This also revealed that parameters selected for all three classifiers 

evidently exhibited a meaningful accuracy ranging from 94.34% to 99.97%, identifying the presence 

of WC in leaf for different days. Upon a close analysis of both baby and basil leaf as presented in 

Tables 9 and 11, it can be seen that performance of all three classifiers for the detection of WC was 

not satisfactory. In comparison to KNN and SVM, RF showed distinguished classification accuracy 

for the precise estimation of WC in both baby and basil leaves. 

Considering the internal morphological configuration of both baby and basil leaves, it was 

observed that the performance of classifiers on both days 2 and 3 was reduced than to day 1 and 

day 4. On closer observation, this might be attributed to the biological variations that occurred in 

tissue of leaves due to the presence of water in the range of 30% to 50%. In this case, the factors 

that have influenced the classification accuracy in terms of precisely detecting the presence of WC 

due to the internal physiological and biological characteristics which have progressively changed 

over the course of days, resulting in precipitous evaporation of WC from leaves. 

Lastly, by observing the water status in parsley leaf for four consecutive days, it was 

established from the table 8 that RF once again demonstrated 100%performance producing 100% 
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as compared to SVM and KNN, yielding 79.66% and 97.89%, respectively. The significant 

performance of RF also suggested that both sensory characteristics and biological traits that 

occurred in parsley leaf at cellular level were discernibly recognized due to the evaporation of WC 

for four days, showing 100% classification accuracy. In addition, KNN also illustrated a strong 

capability to determine the leaf water status in drought stress for all four days. On the contrary, SVM 

exhibited a lower accuracy due to the variations occurred on day 3 and 4, respectively. 

In the current environment, availability of fertile land is limited due to extreme climate 

transformations, therefore, it is strongly envisioned that the proposed classification methodology for 

plants specimen identification and continuous real-time observation of water-stressed leaves can 

be significant in the implementation of digital agricultural system to improve crops productivity by 

proactive monitoring of health status of leaves. Moreover, the availability of suggested study can 

be seen beneficial, meaningful, and as promising candidate in providing proactive early alerts of 

plants drought stresses at an early stage while ensuring adequate use of water usage in the field 

of plant biology. This will also encourage cultivators, horticulturists, to take effective and satisfactory 

measures to maintain the healthy status of plants by timely monitoring their demand of water 

distribution and nutrients. 

Table 8 

Performance of all three classifiers for observing the WC variations in parsley leaf for four days. 

Classification performance by applying tenfold cross validation parsley 

Classifier  Quality metrices 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

100 
Day 2 1 1 1 

Day 3 1 1 1 

Day 4 1 1 1 

KNN Day 1 1 0.91 0.96 97.89 
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Day 2 0.93 0.94 1 

Day 3 1 1 1 

Day 4 1 1 1 

SVM 

Day 1 1 1 1 

79.66 
Day 2 0.91 0.93 0.92 

Day 3 0.63 0.67 0.65 

Day 4 0.64 0.79 0.72 

 

Table 9 

Performance of all three classifiers for observing the WC variations in baby leaf for four days. 

Classification performance by applying tenfold cross validation baby 

Classifier  Quality metrics 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

79.70 
Day 2 0.99 1 0.99 

Day 3 0.59 0.65 0.62 

Day 4 0.6 0.54 0.57 

KNN 

Day 1 1 1 1 

80.18 
Day 2 1 1 1 

Day 3 0.61 0.59 0.6 

Day 4 0.6 0.62 0.61 

SVM 

Day 1 1 0.56 0.72 

76.18 
Day 2 0.99 0.91 0.95 

Day 3 0.71 0.82 0.76 

Day 4 0.66 0.65 0.76 
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Table 10 

Performance of all three classifiers for observing the WC variations in coriander leaf for four days. 

Classification performance by applying tenfold cross validation coriander 

Classifier  Quality metrics 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random forest 

Day 1 1 1 1 

99.89 
Day 2 1 1 1 

Day 3 1 1 1 

Day 4 1 1 1 

KNN 

Day 1 1 1 1 

99.97 
Day 2 1 1 1 

Day 3 1 1 1 

Day 4 1 1 1 

SVM 

Day 1 1 1 1 

94.34 
Day 2 1 0.78 0.88 

Day 3 0.9 1 0.95 

Day 4 0.89 1 0.94 

 

Table 11 

Performance of all three classifiers for observing the WC variations in basil leaf for four days. 

Classification performance by applying tenfold cross validation basil leaf 

Classifier  Quality metrices 

Accuracy/% 

Algorithm Days Precision Recall F1-score 

Random Forest Day 1 0.85 0.71 0.77 89.03 
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Day 2 0.75 0.88 0.81 

Day 3 1 0.98 0.99 

Day 4 0.98 1 0.99 

KNN 

Day 1 0.64 0.59 0.61 

78.94 
Day 2 0.62 0.67 0.64 

Day 3 1 0.9 0.95 

Day 4 0.91 1 0.95 

SVM 

Day 1 0.6 0.58 0.59 

70.60 
Day 2 0.6 0.62 0.61 

Day 3 0.77 0.89 0.83 

Day 4 0.87 0.73 0.79 

 

5. Conclusions 

This paper highlights the emergence of terahertz (THz) technology enabled by machine 

learning (ML) non-invasive approach for the precise and real-time identification of various plants 

specimen in an automated fashion. For this purpose, transmission response of seven distinct plant 

leaves were measured for four consecutive days. To perform the classification, useful and 

meaningful features were selected by performing feature selection technique in order to enhance 

the classification accuracy for the prediction of accurate species of plant leaves. The results 

drastically showed improvement after identifying the important features, yielded significant 

information about the water-stressed leaves by determining cross-validation methodology. In 

addition, the computation time was also improved that ultimately enhanced the execution time of 

all three classifiers. It was noticed that for real-time prediction and identification of different leaves, 

RF exhibited higher accuracy of 98.87% followed by KNN and SVM with an accuracy of 94.64% 

and 89.67%, respectively, by observing their morphological characteristics at cellular level. In 














