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Abstract: Spectral image analysis has the potential to replace traditional approaches for assessing plant 
responses to different types of stress including herbicide, through non-destructive and high-throughput 
screening (HTS). Therefore, this study was conducted to develop a rapid bioassay method using a multi-well 
plate and spectral image analysis for diagnosis of herbicide activity and mode of action. Crabgrass (Digitaria 
ciliaris) as a model weed was cultivated in multi-well plates and subsequently treated with 6 herbicides with 
different modes of action when they reached the 1-leaf stage, using only a quarter of the recommended dose. 
To detect plant response to herbicides, plant spectral images were acquired after herbicide treatment using 
RGB, infrared (IR) thermal, and chlorophyll fluorescence (CF) sensors and analyzed for diagnosing herbicide 
efficacy and mode of action. Principal Component Analysis (PCA) using all spectral data successfully 
distinguished herbicides and clustered depending on their modes of action. The performed experiments have 
shown that the multi-well plate assay combined with spectral image analysis can be successfully applied for 
herbicide bioassay. In addition, the use of spectral image sensors, especially in CF image, would facilitate HTS 
by enabling rapid observation of herbicide response, as early as 3 hours after herbicide treatment. 

Keywords: herbicide bioassay; mode of action; high-throughput screening; spectral image analysis; 
multi-well plate assay 

 

1. Introduction 

There is a growing demand for rapid diagnostic methods to evaluate plant responses to 
chemicals or environmental conditions in plant biology and agrochemical research. The most 
common method to diagnose plant responses to chemicals is whole-plant assay in a pot condition [1]. 
This requires a large space to grow plants in the glasshouse and much effort including labor, time, 
and cost. To solve these problems, several rapid methods have been developed such as petri dish 
assay [2], growth pouch assay [3], trimmed stem node assay [4], and leaf disc assay [5–8]. A new 
approach has also been made to detect plant spectral responses after chemical treatment. The 
chlorophyll fluorescence (CF) imaging was developed to diagnose plant response to stress including 
herbicides in field conditions using CF to save time, cost, and labor [8–10]. Measuring plant leaf 
temperature using an infrared (IR) thermal sensor has also been studied to diagnose plant response 
to stress including herbicides [11–13]. 

However, the capacity of current methods to detect plant responses is constrained by their lack 
of flexibility, repeatability, and effectiveness [9]. The primary obstacles to methods of diagnosis are 
time and space constraints. To effectively demonstrate and evaluate the response of plants, it is 
necessary to have a sufficiently wide space for plant cultivation. Moreover, a significant amount of 
labor and time is necessary to cultivate enough plants to validate the response. Furthermore, 
conducting evaluations in the field with a portable device results in delays and inevitable errors in 
the plant diagnostic procedure. Therefore, it is crucial to create novel bioassay approaches that can 
provide a compact and simple approach to assess and diagnose plant responses. 

In herbicide discovery and development, herbicide bioassay is essential for not only detecting 
and quantifying herbicide efficacy but also diagnosing herbicide mode of action. A multi-well plate 
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is a widely used tool in cell culture for carrying out large-scale biological investigations [14]. Several 
studies have exhibited the application of multi-well plates for cultivating plants and assessing their 
responses to herbicides. Little plants or plant parts, such as leaves, were placed into multi-well plates, 
and spectral image analysis was applied to diagnose and evaluate the responses of plants under stress 
conditions including herbicide [15–17]. These studies demonstrated a good synergy between the two 
methods, however, combining the use of spectral image analysis had not been previously 
investigated. 

Therefore, this study was conducted to develop a multi-well plate assay method for herbicide 
screening. To detect plant response to herbicides, plant spectral images were acquired after herbicide 
treatment using RGB, IR thermal, and CF sensors and analyzed for diagnosing herbicide efficacy and 
mode of action. 

2. Materials and Methods 

2.1. Plant materials and growing plant in multi-well plate 

As a model plant to diagnose plant responses to herbicide in multi-well plate, a monocot weed 
crabgrass, Digitaria ciliaris, was selected. Crabgrass seeds were collected in 2021, air-dried, and stored 
in a cold chamber maintained at 4oC until use. A number of tests were conducted to optimize the 
growing condition of the weed in multi-well plate consisting of 24 wells (4 x 6) with 15.5 mm of 
diameter (SPL Life Sciences, Korea). Finally, seeds of crabgrass were sown on multi-well plate at a 
density of 15 seeds well-1 and incubated in a growth chamber (Hanbaek Science, Korea) maintained 
at 30oC/20℃ (day/night) with a 16 hours photoperiod until the 1- leaf stage. 

2.2. Herbicide treatment 

When crabgrass reached the 1-leaf stage, herbicide was sprayed using a CO2-pressurized, belt-
driven sprayer (R&D sprayers, USA) fitted with a flat fan nozzle 8001 (Spraying Systems Co., USA) 
to deliver a spray volume of 300 L ha-1. Six herbicides with different modes of action were selected; 
paraquat (PSI inhibitor), tiafenacil (PPO inhibitor), penoxulam (ALS inhibitor), isoxaflutole (HPPD 
inhibitor), glufosinate (GS inhibitor), and glyphosate (EPSPS inhibitor) (Table 1). Based on our 
preliminary test and growth stage of crabgrass grown in multi-well plate, a quarter dose (x 1/4) of 
their recommended doses was used. 

As each multi-well plate has 24 wells arranged in 6 rows with 4 wells row-1, only two rows were 
sprayed with each herbicide by covering the other rows with plastic plates large enough to cover the 
rows. Following herbicide application, multi-well plates were placed in the growth chamber 
maintained at 30oC/20℃ (day/night) with a 16 hours photoperiod. All treatments were arranged in a 
completely randomized design with 8 replications in the growth chamber. Following the herbicide 
treatment, the weed plants were relocated to the growth chamber. 

Table 1. List of herbicides used for herbicide bioassay using well plates and spectral image analysis. 

Herbicide 
Mode of 

action 

Dose (g a.i. ha-1) 
Product name Formulation Manufacturer 

Recommended Tested 

Paraquat 
PSI 

inhibitor 
500 125 Gramoxone SL 

Farmhannong 

Ltd., 

Korea 

Tiafenacil 
PPO 

inhibitor 
160 40 Terrad’or ME 

Farmhannong 

Ltd., Korea 

Penoxsulam 
ALS 

inhibitor 
120 30 Salchodaechup SC 

Samgong Ltd., 

Korea 
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Isoxaflutole 
HPPD 

inhibitor 
200 50 Merlin WG BASF, Germany 

Glufosinate 
GS 

inhibitor 
1440 360 Basta SL 

Bayer Crop 

Science, Korea, 

Korea 

Glyphosate 
EPSPS 

inhibitor 
3690 922.5 Keunsami SL 

Farmhannong 

Ltd., Korea 

2.3. Spectral image acquisition and analysis 

RGB, chlorophyll fluorescence (CF), and IR thermal images were acquired after herbicide 
treatment and analyzed using MATLAB R2023b (The MathWorks Inc., USA). 

2.3.1. RGB image 

RGB images of crabgrass plants growing in multi-well plates were acquired using a CMOS 
camera (EOS-600D, Canon, Japan) at 3, 6, 24, 48, 72, and 120 hours after herbicide treatment (HAT). 
Acquired RGB images were then analyzed after white balancing and transforming the RGB image 
into the Lab color space to segment crabgrass from the image. Otsu thresholding was then applied in 
a* channel in Lab color space to eliminate the background (Figure 1). To measure the visual responses 
and level of greenness in plants, the modified Normalized Difference Index (mNDI) and Excess Green 
Index (ExG) were calculated by normalizing the red (R), green (G), and blue (B) values of crabgrass 
using the following formulae, 

r = ୖோାீା஻, g = ୋோାீା஻ , b = ୆ோାீା஻ , NDI= ௚ି௥௚ା௥,  (1)

mNDI= ே஽ூ೓ே஽ூబ  ×  100 (2)

ExG = 2g − r − b  (3)

where NDIh and NDI0 indicate NDI values of weed plants treated with herbicide and untreated 
control, respectively. 

2.3.2. CF image 

Chlorophyll fluorescence (CF) images of crabgrass plants on well plates were acquired using an 
SNU-KIST 2 imaging system (Seoul National University/KIST, Korea) at 3, 6, 24, 48, 72, and 120 HAT. 
For each CF image, pixel intensity of crabgrass was averaged to derive CF value after removing the 
background by Otsu thresholding. CF image parameters were then calculated using the following 
formulae, 

Fv/Fm = ி೘ ି ிబி೘  (4)

ΦPSII = ிೞ ି ிబிೞ  (5)

Fd/Fm = ி೘ ି ிೞி೘  (6)

where F0 is the ground CF at dark-adapted state, Fm is the CF value at 1 second when a plant emits 
maximum fluorescence and Fs is the CF value at 60 seconds when it comes to a steady state. The CF 
parameters were then normalized by dividing the values of crabgrass treated with herbicides by 
those of untreated control. 
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2.3.3. IR thermal image 

IR thermal images of crabgrass on multi-well plate were acquired using an A65sc infrared 
camera (FLIR, Sweden) mounted in the growth chamber (Gaooze, Korea) maintained at 33℃ at 3, 6, 
24, 48, 72, and 120 HAT. The image registration algorithm was employed to extract the leaf 
temperature of crabgrass by verifying the plant body using the corresponding RGB image segmented 
in 2.2.1. The temperature difference was subsequently calculated using leaf temperature data derived 
from IR thermal image analysis using the following formula, 

Temperature difference = 𝑇௛ – 𝑇଴ (7)

where Th and T0 indicate leaf temperatures of weed plants treated with herbicide and untreated 
control, respectively. 

 

Figure 1. The overall process of multi-well plate assay combined with spectral image analysis. A: 
Plant preparation and herbicide treatment, B: Spectral image acquisition, C: Process of image analysis, 
D: Segmentation of acquired images. 

2.4. Statistical analysis 

All plant spectral image data were initially subjected to the two-way analysis of variance 
(ANOVA) to examine statistical significance in the effects of two factors, herbicide and time, on 
spectral responses of crabgrass to herbicides tested. Normalized spectral parameters were then 
subjected to principal component analysis (PCA) to test if spectral responses can be separated and 
clustered depending on herbicide mode of action. Initially PCA was performed for each time point 
(3, 6, 24, 48, 72, and 120 HAT) separately and then for pooled data. All statistical analyses were 
conducted using R 3.2.3 (R Foundation for Statistical Computing).  

3. Results 

3.1. Optimization of growing crabgrass in the multi-well plate 

Considering the fast and even germination and compact plant growth, crabgrass was selected 
as a model plant for this study. Crabgrass seeds were sown on wells of 24- and 96-well plates and 
checked their seedling growth. The well size of the 96-well plate was too small to grow crabgrass, 
while that of the 24-well plate was large enough to grow crabgrass. Therefore, the 24-well plate was 
selected for further studies. To optimize seed germination and seedling growth, various media 
including water, agarose (0.4%, w/v), and Murashige and Skoog medium were tested and found that 
that the medium composed solely of agarose (Inclonebiotech Co., Korea) was appropriate [18]. To 
optimize growth condition in the 24-well plate, number of seeds well-1 and temperature from 
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germination to seedling growth were tested and found that 15 seeds well-1 appeared to be 
appropriate, and optimum growth condition in the 24-well plate was 30℃/20℃ (day/night) with a 16 
hours photoperiod until the 1-leaf stage. At the 1-leaf stage, crabgrass had sufficient canopy size to 
exhibit spectral responses to herbicides. Therefore, our results demonstrated that crabgrass can be 
grown in the 24-well plates for herbicide bioassay. Crabgrass seeds at 15 seeds well-1 need to be sown 
on wells containing 0.8 ml of 0.4% agar medium and incubated in the growth chamber maintained at 
30oC/20℃ (day/night) with a 16 hours photoperiod until the 1-leaf stage (5 days). After herbicide 
treatment, crabgrass needs to be placed in the growth chamber for image acquisition. 

3.2. Changes in spectral response of crabgrass to herbicides 

Plant spectral images acquired by different sensors, RGB, CF, and IR thermal sensors, showed 
clear differences depending on herbicide mode of action and time after herbicide treatment (Figure 
2). Spectral changes by herbicide treatment became apparent as time after herbicide treatment 
progressed. The fastest spectral change was observed in paraquat (PSI) treatment in all spectral 
images, followed by tiafenacil (PPO) and glufosinate (GS), while the slowest one was observed in 
penoxsulam (ALS), followed by isoxaflutole (HPPD) and glyphosate (EPSPS). Spectral changes in 
RGB image include dehydration, chlorosis and necrosis, which depend on herbicide mode of action 
and time after herbicide treatment (Figure 2A). In the case of CF image, the most notable and fast 
change was observed in paraquat (PSI) treatment even at 3 HAT and distinctive difference between 
herbicide modes of action was observed from 48 HAT (Figure 2B). A relatively slow change but still 
clear difference between herbicide modes of action were also observed in IR thermal image (Figure 
2C). ANOVA of all spectral parameters estimated by spectral image analysis showed very high 
statistical significance in both herbicide and time, and their interaction (Table 2). Considering F value, 
herbicide affected RGB and CF images more significantly than time, while it affected IR thermal 
image less significantly than time. In particular, the difference in Fv/Fm and Fd/Fm between herbicide 
and time were greatest, suggesting that these CF parameters may be useful to diagnose herbicide 
modes of action. 

Table 2. Summary of two-way ANOVA of each spectral parameter of crabgrass after treatment of 
herbicides with different modes of action. 

Spectral parameter 
Source of 
variation 

F value P value 
P value 

summary 

RGB 

mNDI 

Herbicide 1063.089 <0.0001 **** 
Time  606.495 <0.0001 **** 

Herbicide x 
Time 

  95.708 <0.0001 **** 

ExG 

Herbicide 1816.526 <0.0001 **** 
Time 1185.414 <0.0001 **** 

Herbicide x 
Time 

 166.365 <0.0001 **** 

CF 
Fv/Fm 

Herbicide 8354.295 <0.0001 **** 
Time 1894.120 <0.0001 **** 

Herbicide x 
Time 

 341.633 <0.0001 **** 

ΦPSII 
Herbicide  859.989 <0.0001 **** 

Time  653.637 <0.0001 **** 
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Herbicide x 
Time 

  73.445 <0.0001 **** 

Fd/Fm 

Herbicide 5966.657 <0.0001 **** 
Time  661.369 <0.0001 **** 

Herbicide x 
Time 

 238.078 <0.0001 **** 

IR 
Temperature 

difference 

Herbicide   11.923 <0.0001 **** 
Time   37.174 <0.0001 **** 

Herbicide x 
Time 

  15.847 <0.0001 **** 

**** represents significance at P < 0.0001 

 

Figure 2. RGB (A), CF (B), and IR thermal (C) images of crabgrass at 3, 6, 24, 48, 72, and 120 hours 
after treatment of herbicides, (a) glyphosate (EPSPS), (b) paraquat (PSI), (c) tiafenacil (PPO), (d) 
isoxaflutole (HPPD), (e) penoxsulam (ALS), (f) glufosinate (GS), and (g) untreated control. 

3.3. Changes in RGB spectral responses to herbicides  

As visual symptoms became evident, mNDI and ExG values experienced a significant reduction 
(Figure 3). mNDI and ExG exhibited comparable trends to visual symptoms, with a gradual decrease 
over time. Paraquat (PSI) showed the fastest and greatest reduction in mNDI and ExG values, 
followed by tiafenacil and glufosinate. mNDI and ExG values of paraquat dropped to 53.9% and 
73.5% compared to the untreated control, respectively, at 6 HAT. This reduction aligned with the 
rapid herbicidal symptom of paraquat (PSI) demonstrated in the RGB images (Figure 2A). Crabgrass 
plants exhibited near-fatal conditions at 24 HAT with paraquat (PSI) and 48 HAT with tiafenacil 
(PPO). Glufosinate (GS) and glyphosate (EPSPS) started to show color change at 24 HAT and 72 HAT, 
respectively, coinciding with the decreases in mNDI and ExG values. Isoxaflutole (HPPD) and 
penoxsulam (ALS) showed minimal herbicidal activity based on visual observations, and no 
significant changes observed in mNDI and ExG after their treatment until 120 HAT. These differential 
changes in mNDI and ExG after herbicide treatment indicate that mNDI and ExG values can be used 
to diagnose herbicidal activity and mode of action by plant image analysis. 
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Figure 3. Changes in (A) mNDI and (B) ExG values over time after treatment of herbicides with 
different modes of action. 

3.4. Changes in CF spectral responses to herbicides  

Three CF parameters, Fv/Fm, ΦPSII, and Fd/Fm, demonstrated differential changes over time after 
herbicide treatment depending on herbicide mode of action (Figure 4). Except penoxsulam, which 
did not show any herbicidal activity against crabgrass, all the other herbicides such as paraquat (PSI), 
glufosinate (GS), tiafenacil (PPO), glyphosate (EPSPS), and isoxaflutole (HPPD) resulted in 
significantly reduced CF parameters compared to the untreated control. Herbicide treatment 
primarily resulted in a decrease in all the CF parameters, with variations depending on herbicide 
mode of action. Except for penoxsulam (ALS), CF spectral responses to herbicides were more 
immediate and pronounced compared to the other spectral responses such as RGB and IR thermals. 
Among herbicides, paraquat showed the fastest and greatest reduction in all the CF parameters even 
at 3 HAT, resulting in significant reduction of Fv/Fm, ΦPSII, and Fd/Fm, up to 45.9%, 56.7%, and 31.8% 
of the untreated control, respectively, and reached at 0% 6 HAT. Tiafenacil (PPO) showed the second 
fastest and greatest significant reduction in all the CF parameters from 24 HAT, reaching to almost 
zero at 72 HAT. Glufosinate (GS) and glyphosate (EPSPS) displayed a sudden decrease in ΦPSII at 24 
HAT, but their decreases in Fv/Fm and Fd/Fm were not that great when compared to ΦPSII. Isoxaflutole 
(HPPD) did not exhibit a significant change in all the CF parameters until 48 HAT, but a sudden 
decrease in ΦPSII was observed at 120 HAT, when no changes in RGB and IR thermal spectral 
responses were observed (Figures 3 and 5). 
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Figure 4. Changes in chlorophyll fluorescence parameters including (A) Fv/Fm, (B) ΦPSII, and (C) Fd/Fm 
over time after treatment of herbicides with different modes of action. 

3.5. Changes in IR thermal spectral responses to herbicides  

The temperature difference estimated based on plant leaf temperature determined by IR 
thermal image analysis also showed distinctive differences among herbicides tested in this study 
(Figure 5). All tested herbicides exhibited distinct temperature variations compared to the untreated 
control. Initial increase in temperature difference was observed for paraquat, tiafenacil, glufosinate, 
and glyphosate, and then decrease at a certain point with plants being dehydrated. As observed in 
the other spectral responses, paraquat (PSI) showed the greatest change in temperature difference, 
showing increase until 6 HAT and then sudden decrease from 24 HAT. Glufosinate (GS) showed 
continuous increase in temperature difference until 24 HAT, while tiafenacil (PPO) and glyphosate 
(EPSPS) showed increase until 48 HAT, and then decrease afterwards. Isoxaflutole (HPPD) displayed 
significant increase as late as 120 HAT, while penoxsulam (ALS) did not show any noticeable change 
even at 120 HAT. 
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Figure 5. Changes in temperature difference over time after treatment of herbicides with different 
modes of action. 

3.6. Principal Component Analysis 

The 2-dimensional PCA of all spectral image parameters observed at different timings after 
herbicide treatment showed gradual clustering of herbicides with time depending on herbicide mode 
of action (Figure 6, Table S1). Paraquat (PSI) exhibited noticeable separation from the other herbicides 
as early as 3 HAT. At 24 HAT, tiafencial (PPO)_ became independently clustered from the other 
herbicides. At 48 HAT, glufosinate (GS) and glyphosate (EPSPS) were independently clustered. 
Isoxaflutole (HPPD) was the last one separated from the other herbicides as late as 120 HAT. 
However, penoxsulam (ALS) failed to be independently clustered even at 120 HAT. The PCA using 
the pooled data from 3 HAT until 120 HAT demonstrated clear clustering of herbicides based on 
herbicide mode of action except for penoxsulam (ALS), which was not separated from untreated 
control due to very low efficacy against crabgrass (Figure 7, Table S2). The 3-dimensional PCA for 
spectral image parameters observed each time point and pooled data also showed similar clustering 
depending on herbicide mode of action (Figures S1 & S2). For quick acting herbicides such as 
paraquat (PSI), tiafenacil (PPO) and glufosinate (GS), they required only 2 days after herbicide for 
clustering by herbicide mode of action, while for slow acting herbicides such as glyphosate (EPSPS) 
and isoxaflutole (HPPD), they required a bit longer period after herbicide treatment. 

 
Figure 6. PCA results of six spectral parameters of crabgrass observed at 3, 6, 24, 48, 72, and 120 hours 
after herbicide treatment with different modes of action. Each symbol represents the replication. 
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Figure 7. PCA results of six spectral parameters of crabgrass by aggregating all of the data including 
3 h, 6 h, 24 h, 48 h, 72 h, and 120 h after treatment of herbicides with different modes of action. Each 
symbol represents the replication. 

4. Discussion 

4.1. Spectral image responses to herbicides 

Plant imaging has been becoming a core technique for plant phenotyping and diagnosis in plant 
and agricultural sciences [19]. One of the benefits of plant image analysis is that it allows non-
destructive and high-throughput screening of plant responses [19–22]. In this study, we developed 
multi-well plate assay by combining with plant spectral image analysis for rapid diagnosis of 
herbicide activity and mode of action. Three different sensors, RGB, CF and IR thermal sensors, were 
used to acquire spectral responses at different time points after herbicide treatment and showed 
differential spectral responses depending on herbicide mode of action and time when spectral images 
were acquired, suggesting a potential diagnosis of herbicide mode of action based on spectral image 
data. Among spectral image parameters, those related to CF image seemed to be most responsive to 
herbicide, particularly ΦPSII (Figure 4). Other image parameters derived from RGB and IR thermal 
images were also informative although they appeared to be relatively slow and less responsive than 
CF image (Figures 3 & 5).  

RGB image is most commonly used for analyzing vegetation indices associated with plant 
growth and canopy development and has a broad range of applications because it is easily accessible 
and provides informative and high-resolution results, even with commercially available cameras 
installed in smartphone [23]. In this study, RGB color change in response to herbicide was analyzed 
by RGB image analysis, particularly the level of greenness in the leaves as leaf discoloration such as 
yellowing and bleaching are the most common symptoms after herbicide treatment [24]. The mNDI 
and ExG values showed significant evidence of changes in leaf color and suppression of plant 
development resulting from herbicide action (Figure 2A & Figure 3). Moreover, the observed changes 
varied depending on the herbicide mode of action. The herbicides related to reactive oxygen species 
(ROS), including paraquat (PSI), tiafenacil (PPO) and glufosinate (GS) exhibited rapid changes in 
these RGB-based parameters. Glyphosate (EPSPS) showed a rather mild and slow response, while 
isoxaflutole (HPPD) and penoxsulam (ALS) showed very little changes. These parameters allowed 
for the explanation of plants’ responses to herbicide depending on mod of action, suggesting that 
mNDI and ExG are highly useful to quantify plant damage caused by herbicides and to diagnose 
herbicide mode of action. 
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Given that photosynthesis requires plant pigments, antioxidant systems, and proteins linked to 
several enzymes and carbohydrates, any stress experienced by plants is likely to impact 
photosynthesis [25–28]. Herbicides act on distinct targets depending on the mode of action and 
consequently impact photosynthesis in various ways. In our study, paraquat exhibited the most rapid 
and significant reduction in CF parameters within 3 HAT, despite the absence of any apparent visual 
impact, while no discernible difference in CF image was observed in penoxsulam (ALS) treatment 
(Figure 2B & Figure 4). Other herbicides such as tiafenacil (PPO), glufosinate (GS), glyphosate 
(EPSPS), and isoxaflutole (HPPD) exhibited distinct herbicide effects on CF images and parameters 
based on their respective modes of action. Among these herbicides, tiafenacil (PPO) was the fastest, 
followed by glufosinate (GS), glyphosate (EPSPS), and isoxaflutole (HPPD). Interestingly, 
isoxaflutole (HPPD) showed a sudden decrease in the CF parameters at 120 HAT. Using CF image 
analysis, herbicide effects could be detected at much earlier timings compared to other image 
analysis, and the extent of decrease were quite larger. In overall, CF image analysis was more 
discernible in terms of differentiating herbicides depending on their modes of action, suggesting its 
suitability for high-throughput screening (HTS) of herbicide molecules. 

Leaf temperature is strongly correlated with overall physiological condition of the plant, 
particularly the conductance of stomata and the rate of photosynthesis. A symptom of plant stress is 
the closure of stomata in leaves, which is accompanied by a reduction in the absorption of carbon 
dioxide during photosynthesis. This ultimately results in a decrease in transpiration [29], and the 
temperature of stressed leaves rises due to reduced transpiration. Leaf temperature is a reliable 
indicator for detecting numerous types of stress in plants, such as drought, salt stress and herbicide 
that affect photosynthesis [30–32]. In our study, the IR thermal images revealed that the leaf 
temperature reached its highest point when the effects of herbicides and visible damage became 
evident (Figure 2C & Figure 5). Early initial increase in the leaf temperature and its subsequent 
decrease at a certain point after herbicide treatment varied with herbicide mode of action, implying 
that change in plant leaf temperature measured by IR thermal image analysis may also be used to 
explain herbicide mode of action. 

4.2. Diagnosis of herbicide mode of action based on spectral response data 

PCA using all spectral data (RGB, CF, and IR thermal image parameters) successfully 
differentiated herbicides and clustered depending on their modes of action (Figures 6 & 7). The 
results demonstrated a sequential separation of the tested herbicides following the order of spectral 
responsiveness; paraquat (PSI) was the fastest, followed by tiafenacil (PPO), glufosinate (GS), 
glyphosate (EPSPS), and isoxaflutole (HPPD). Penoxsulam (ALS), which did not have any herbicidal 
activity against crabgrass in this study, was located very close to the untreated control until the end 
of the measurement. The results obtained by 3 dimensional PCA also showed consistent with those 
by 2 dimensional PCA, showing more distinct disparities among herbicide modes of action (Table S2, 
Figure S1, and Figure S2). Our results thus demonstrate that multi-well plate assay combined with 
plant spectral image analysis can be used to diagnose and investigate herbicide mode of action. 

4.3. High throughput screening of herbicide using multi-well plates assay combined with plant spectral image 
analysis 

The use of multi-well plates in herbicide screening has been reported in several previous studies 
[15–17]. Those studies mainly adopted CF image analysis for early and rapid detection of herbicide 
effects. In our study, various plant spectral images were used to investigate visible RGB and invisible 
IR thermal and CF spectral responses to herbicide. To the best of our knowledge, this study was the 
first attempt acquiring and analyzing 3 different types of spectral images for diagnosing herbicide 
mode of action using multi-well plate. The multi-well plate assay combined with spectral image 
analysis showed a favorable synergy in the whole process of the experiment including plant 
preparation, image acquisition and analysis. In comparison with the conventional whole-plant 
herbicide assay, our method can test many herbicidal chemicals in a limited space and time. Multiple 
studies using the multi-well plate assay can be simultaneously conducted in a controlled growth 
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chamber or laboratory equipped with image acquisition system, enabling automatic herbicide 
bioassay, high-throughput screening (HTS) in herbicide discovery and development. 

Nevertheless, there is still much room to be improved for HTS using our method. In plant 
preparation, automatic preparation of growth medium and growing plants will save time and effort 
dramatically. Automatic image acquiring system that collects continual spectral responses will save 
our efforts and provide more detailed spectral understanding to diagnose herbicide mode of action. 
Furthermore, improving the spraying system will boost the speed and effectiveness of the multi-well 
plate assay for herbicide screening. If herbicide spray can be precisely made to each well 
independently, the multi-well plate assay combined with plant spectral image analysis can handle 
much more herbicidal molecules in herbicide discovery stage.  

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, Table S1. The proportion of variance that the first and second principal 
component (PC) explained (% of total variance). Table S2. The proportion of variance that the first, second, and 
third principal component (PC) explained (% of total variance). Figure S1. PCA results of six spectral parameters 
of crabgrass at 3 h, 6 h, 24 h, 48 h, 72 h, and 120 h after treatment of herbicides with different modes of action. 
These images represent PCA results using the PC1, PC2, and PC3 axes, and each symbol represents the 
replication. Figure S2. PCA results of six spectral parameters of crabgrass by aggregating all of the data including 
3 h, 6 h, 24 h, 48 h, 72 h, and 120 h after treatment of herbicides with different modes of action. These images 
represent PCA results using the PC1, PC2, and PC3 axes, and each symbol represents the replication. 
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