


[bookmark: _Hlk192873133]Original Research Article

[bookmark: _Hlk207954660]Characterization of Fall Army Worm Damage Response in maize using Proximal Remote Sensing


ABSTRACT
In maize crops, the fall armyworm (FAW) (Spodoptera frugiperda) is a major invasive pest that causes significant economic losses. Traditional visual detection of pest infestations is labor-intensive, but spectral data related to plant damage can aid in automated detection. The main purpose of study aims to identify FAW infestation levels in maize using hyperspectral proximal remote sensing and machine learning. Nylon net cages were placed over maize plants in a field, and artificial FAW infestations were created. A handheld Apogee multispectral spectroradiometer (350–1150 nm) measured reflectance changes at varying FAW densities with a 1 nm spectral resolution.  Reflectance result revealed that the visible zone (400–700 nm) was found to be directly related to FAW damage, increasing with the extent of damage. In contrast, reflectance in the near-infrared zone (700–1050 nm) exhibited an inverse trend due to different gradients of FAW damage in the maize canopy. The present findings revealed that significant wavebands 391–401, 411–440, 524–527, 568–577, 586–587, 597, 602–694, and 703–1050 nm were identified as highly sensitive to FAW damage. Sensitivity analysis via reflectance sensitivity yielded minima at 413 and 689 nm and maxima at 390, 404, and 694 nm, which were attributed as the most responsive wavelengths for FAW damage characterization. These findings concluded that hyperspectral sensing can effectively detect FAW damage in maize fields. Proximal remote sensing offers a promising tool for FAW monitoring, providing a more efficient alternative to manual inspection.
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1. INTRODUCTION	
Maize, globally known as the "queen of cereals" due to its high genetic yield potential, is the third most important food grain for the Indian population, following wheat and rice (Murdia et al., 2016). The area, production, and productivity of maize in India during 2020 were 9.2 million hectares, 27.8 million metric tons (MMT), and 2965 kg/ha, respectively (Anonymous, 2020). Furthermore, Tali (2018) highlighted the significance of the maize crop, stating that it contributes approximately 9% to the national food basket. More than half of the total maize production is contributed by four states: Andhra Pradesh, Karnataka, Rajasthan, and Madhya Pradesh (Murdia et al., 2016).  
In 2018, the Indian agrarian community faced a severe invasion by a polyphagous pest identified by the National Bureau of Agricultural Insect Resources as the fall armyworm (FAW) [Spodoptera frugiperda (J.E. Smith); Lepidoptera: Noctuidae] (www.nbair.res.in). It was first reported in the maize fields of Shivamogga district, Karnataka (Sharanabasappa et al., 2018). The pest rapidly spread, causing significant damage to Indian agriculture by attacking crops such as maize, sugarcane, rice, and wheat. FAW caused severe destruction to maize, particularly during its early vegetative and reproductive stages, leading to extensive defoliation and cob infestation.  
The invasion of FAW resulted in heavy defoliation, causing yield losses ranging from 21% to 53% in maize (Day et al., 2017). Notably, FAW infests maize at both the vegetative stage (windowing in leaves by young larvae and complete defoliation by older larvae) and the reproductive stage (boring and feeding in the cob), making it one of the most severe pests affecting maize (Acharya et al., 2020). Given its potential to cause catastrophic losses for maize growers and agro-industries, it is essential to develop an integrated pest management (IPM) strategy that is holistic, cost-effective, and environmentally friendly. The foundation of IPM lies in pest monitoring and decision-making based on economic thresholds (Karuppuchamy and Venugopal, 2016). Therefore, the first and foremost priority should be large-scale monitoring and mapping of FAW damage.  
This situation underscores the need for adopting remote or proximal sensing technologies in agriculture. These technologies offer significant advantages, particularly in reducing time and effort through automated crop monitoring (Dara, 2019; Carrière et al., 2006; Backoulou et al., 2011). Remote sensing technologies have been widely adopted in agriculture, especially for pest monitoring, yield forecasting, and early warning systems. These innovations assist farmers in timely and efficient pest management while reducing the need for extensive ground sampling (Hoseny et al., 2023). Remote sensing has been successfully used to detect and identify plant stress caused by arthropod herbivory across various crops, including maize (Nansen et al., 2010), soybean (Huang et al., 2013), rice (Liu & Sun, 2016; Prasannakumar et al., 2014), wheat (Mirik et al., 2014), peach trees (Severtson et al., 2016; Luedeling et al., 2009), potatoes (Hunt and Rondon, 2017), and for specific pests such as aphids (Chen et al., 2018), leafhoppers (Prabhakar et al., 2011), and Solenopsis mealybugs (Prabhakar et al., 2013) using hyperspectroscopy. Recent studies have further extended the use of these technologies for detecting leafworms in controlled greenhouse environments (Tageldin et al., 2020). The diversity of approaches and remote sensing methods highlights the potential of these technologies in supporting various agricultural applications.  	Comment by Maher: hyper spectroscopy
Remote sensing in agriculture is based on the principle that insect damage alters a crop's morphological and physiological properties, such as chlorophyll content, cellular structure, nutrient and water uptake, and gas exchange. These changes affect the crop's light absorption and reflection, leading to distinct spectral reflectance characteristics. Remote sensors can effectively detect and quantify these spectral variations, offering valuable insights into the extent of crop stress (Franklin, 2001; Mirik et al., 2006). By analyzing spectral reflectance, it becomes possible to monitor pest activity continuously, conduct rapid surveys, and implement less labor-intensive and cost-effective methodologies for detecting pest damage (Prasannakumar et al., 2014). Spectral reflectance data can also be used to estimate infestation levels of various insect pests (Reisig & Godfrey, 2010; Huang et al., 2012; Mirik et al., 2012).  	Comment by Maher: analysing
Ground-based sensors, such as spectroradiometers providing multispectral/hyperspectral readings, are essential for understanding the spectral response of FAW-stressed maize canopies and identifying suitable spectral signatures. These spectral signatures serve as fundamental ground truth data for satellite and aerial imaging (Mirik et al., 2006). Hyperspectral proximal sensing (PS) is a valuable tool that enables the identification of arthropod-infested areas without direct contact with the plants (Barros et al., 2021).  
Remote sensing devices analyze the wavelengths of light reflected from leaves, offering insights into plant health and responses to environmental factors (Warren et al., 2005; Reisig & Godfrey, 2006). Plant stress triggers physiological changes that vary depending on the stressor, which in turn alters leaf reflectance patterns compared to healthy plants (Prabhakar et al., 2012; Jensen, 2000; Carter & Knapp, 2001). These changes in spectral response result from internal physiological modifications, including alterations in leaf pigment content and tissue structure (Knipling, 1970; Pinter et al., 2003). These physiological responses correspond to variations in reflectance within the visible (VIS) and near-infrared (NIR) regions of the electromagnetic spectrum. By analyzing spectral changes at specific diagnostic wavelengths, it is possible to assess the plant's physiological and biochemical state (Jensen, 2000; Carter & Knapp, 2001).  	Comment by Maher: analyse	Comment by Maher: analysing
This relationship between physiological changes and spectral responses provides a basis for diagnosing crop stress through non-destructive and repeatable measurements using advanced sensor technologies (Prabhakar et al., 2012). Additionally, analyzing spectral reflectance in the VIS and NIR regions can effectively distinguish different growth characteristics of crop plants at various developmental stages.  	Comment by Maher: analysing
The main purpose of this research to apply a new method for detecting FAW infestation without causing crop losses. This study also aims to characterize the reflectance spectra of maize plants with known FAW infestations to differentiate between healthy and infested maize. Additionally, the research seeks to identify narrow wavelengths that are sensitive to FAW damage. This study represents a new approach for diagnosing and detecting FAW infestation in maize canopies under field conditions. 
2. MATERIAL AND METHODS 
2.1 Field experiment 
Research was conducted in an experimental maize field during the rainy season of 2022 at the Department of Entomology, College of Agriculture, Jawaharlal Nehru Krishi Vishwa Vidyalaya (JNKVV), Jabalpur in Madhya Pradesh (latitude and longitude of 220 49" and 280 8" North and 780 21" and 800 58" East, respectively). The maize variety 'JM 216' was sown on May 27, 2022, in 20 plots with a spacing of 60 cm × 20 cm, each plot measuring 2.5 m × 1.2 m. The experiment was laid out in a randomized block design with four treatments (low, moderate, high, and control) in five replications. The plants were maintained with all recommended practices. Each plot was covered with 40-mesh nylon netting to prevent the invasion of other insects and to maintain the specific required population level of the FAW. A variable number of FAW neonate larvae were released in different plots to create differential FAW infestation levels (Table 1).
2.2 Insect rearing 

Mass rearing of FAW larvae under laboratory conditions was carried out as described by Sisay et al (2019). The FAW larvae were collected from maize fields at the JNKVV farm, Jabalpur, and were fed and reared on maize leaves (cv. JM-216). Due to the insect’s cannibalistic nature, larvae were kept individually in small plastic bottles with minute holes in the lid for air circulation. The prepupal stage was transferred into plastic jars, one-third of which was filled with sterilized soil, serving as a pupation site. The pupae were collected, sexed following the method described by Sharanabasappa et al (2018), and placed in moistened Petri plates inside oviposition cages. These cages were supplied with a 5% sugar solution as a food source for emerging adults, while maize plants served as oviposition substrates. The first-instar larvae were collected and reared at 26–27°C, 50% relative humidity (RH), and a 12:12-hour light-dark photoperiod inside a BOD chamber for the next generation.

2.3 Insect release

In each plot, different FAW damage levels were generated by releasing a known population of FAW larvae (neonates) at the V1 stage (1–3 days after emergence, DAE). After release, the insect population was continuously monitored for natural mortality. To maintain the required population, larvae of the same age were reintroduced in numbers equivalent to the observed mortality (Table 1).
The crop stage for larval release was determined based on previous studies, which indicate that FAW infestation in maize typically begins at the V1 stage and continues up to the reproductive stage (60–100 DAE), with foliage damage decreasing as the crop matures (Murúa et al., 2006).
However, the most significant and prominent damage symptoms occur between the V3 (1–3 DAE) and V6 (18–21 DAE) stages (Assefa and Ayalew, 2019). Early identification of FAW damage during these stages is crucial for protecting the crop from severe infestation at later growth stages, thereby preventing economic losses.
[bookmark: _Hlk192876830]Table 1. Treatment details for spectral characterization of FAW damage in maize crop
	Treatment Number
	Infestation level
	No. of larvae released (larvae /plant)

	T1
	No damage (Control -no larvae)
	0

	T2
	Low
	1 

	T3
	Moderate
	2 

	T4
	High
	3 



2.4 Data collection
FAW foliar damage and spectral reflectance data were collected from five different spots within each plot. The spectral data were then averaged to obtain a representative spectral reading for the plot. Observations on foliar damage and spectral readings were conducted at the V6 stage of the maize crop, as this stage corresponds to peak infestation and the development of distinguishable symptoms.
Foliar damage caused by varying infestation levels was recorded using a 0 to 9 scale, as outlined by Davis and Williams (1992).
Spectral readings were collected from each spot using the Apogee handheld multispectral spectroradiometer (Model PS 100), which measured radiance at wavelengths ranging from 350 to 1150 nm, with a spectral resolution of 1 nm. For spectral data recording, the fiber optic cable was positioned 0.1 m above the canopy on a clear, sunny day at 12 noon, as recommended in the device's instruction manual (www.apogeeinstruments.com). Before each reflectance measurement, the instrument was calibrated against solar radiation using black and white reference standards to account for changing atmospheric conditions. A barium plate was used as the white standard due to its ability to reflect 100% of incident light. Spectral data detected by the sensor were saved using Spectrawiz software and later imported into an Excel file for further analysis.	Comment by Maher: Spectra wiz
The radiance recorded after 1050 nm had too much spectral noise, hence being eliminated from the study to obtain clear curves. 
2.5 Data analysis
Reflectance spectra (in percentage), relative to the white reflectance standard (barium plate), were calculated by dividing the canopy radiance by the radiance obtained from the barium plate and multiplying by 100 (Barros et al., 2021). The spectral reflectance data were subjected to the Savitzky-Golay smoothing process available in the signal package of R software (version 4.2.0) with a moving window of 11 nm to reduce minor noise, as suggested by Liu et al (2020).
The smoothed spectral reflectance data of maize under varying FAW infestation levels, across different wavebands (Blue, Green, Red, and NIR zones), were analyzed using one-way ANOVA and the Tukey test in R software to identify significant wavelengths or wavebands that differentiate FAW damage gradients in maize. Further, to determine the most sensitive bands among the identified significant bands, sensitivity analysis was performed by computing and plotting two parameters—reflectance difference and sensitivity reflectance—as described by Cibula and Carter (1992) and Riedell and Blackmer (1999). The formulas for these parameters are as follows:


Where,   = Reflectance obtained from healthy canopy
 = Reflectance obtained from infested canopies (low, moderately and highly infested)
3. RESULTS AND DISCUSSION 
3.1 Spectral reflectance  
Spectral reflectance of the maize crop, influenced by different gradients of FAW infestation under field conditions, varied across the wavelength range of 350–1150 nm. The spectral reflectance of healthy plants was lower than that of infected plants in the visible zone (400–700 nm). In this range, reflectance of infested plants was directly related to FAW damage, increasing with the severity of infestation. Conversely, in the NIR zone (700–1050 nm), reflectance decreased as FAW damage intensified. Thus, maize crop reflectance exhibited a positive relationship with FAW damage in the visible zone and a negative relationship in the NIR zone.
3.2 Spectral curve
A spectral curve is a graph that represents the light absorbance and reflectance of a given surface across different wavelengths of the electromagnetic spectrum, making its shape a characteristic property of the sample surface. The spectral curve obtained from the maize canopy infested with varying gradients of FAW larvae displayed different levels of damage symptoms. It is evident from the spectral curve that in the visible zone (400–700 nm), reflectance increased with increasing FAW damage. In contrast, the opposite trend was observed in the NIR zone (700–1050 nm), where reflectance decreased as FAW damage intensified (Fig. 1).
Huete (2004) stated that the shape of the curve in the visible zone represents chlorophyll absorption, while the curve in the near-infrared (NIR) zone is formed due to reflectance from cell structures. The present findings confirm those of Ahmad et al (2018) and Liu et al (2020), who also observed increased reflectance in the visible zone (due to low chlorophyll content, low absorption, and more reflectance) and decreased reflectance in the NIR zone (due to changes in internal cell structure) for the bagworm-damaged oil palm canopy and leaf-folder-damaged rice canopy, respectively. Moreover, the present findings also align with those of Rahman et al (2010) and Barros et al (2021), who observed increased reflectance in the visible zone of whitefly-infested soybean canopies and thrips-infested sugarcane canopies, respectively. However, Stone et al (2001) compiled and indicated variations in the patterns of reflectance curves due to insect damage. 
The spectral reflectance curve for a healthy maize plant, starting from 350 nm, initially showed a gradual decrease in reflectance values until reaching 413 nm. After this point, reflectance values gradually increased, peaking at 559 nm (8.01%). This was followed by a decline, reaching a minimum of 3.09% at 689 nm. Subsequently, reflectance values sharply increased within the short waveband of 690–730 nm, reaching a peak of 48.15%. Beyond this, the curve stabilized, with reflectance values ranging between 48% and 52.5% up to 826 nm. A gradual decline followed, with reflectance reaching a minimum of 42.4% at 900 nm. Afterward, there was a slight rise, peaking at 971 nm (47.5%), followed by fluctuations that ultimately stabilized between 43% and 45% up to 1050 nm (Fig. 1).
Moreover, the present study focuses on multispectral data, which is considered a narrow range, and includes the examination of variations in the visible (Blue, Green, and Red zones) and NIR zones of the electromagnetic (EM) spectrum, generated by different gradients of FAW damage in the maize canopy (Table 2).
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Fig.1 Spectral reflectance curve of healthy and S. frugiperda infested kharif maize cropat different levels of larval infestation under field caged conditions.	Comment by Maher: crop at
3.3 Mean reflectance
The mean reflectance in the blue zone (400–500 nm) of the visible region was found to range from 1.98 ± 0.37% for healthy plants to 4.66 ± 1.01% for highly infested plants, showing an increasing trend with higher infestation levels. Similarly, the reflectance values in the green and red zones of the visible region followed the same trend as the blue zone, with values ranging from 5.66 ± 1.24% to 8.91 ± 1.31% in the green zone, and from 7.25 ± 6.80% to 12.41 ± 4.23% in the red zone for healthy to highly infested maize crops, respectively. Conversely, an opposite trend was observed in the NIR zone, where reflectance values decreased with increasing infestation levels. The reflectance for healthy plants was recorded at 46.35 ± 3.76%, while for highly infested plants, it was 30.79 ± 2.64% (Table 2).
[bookmark: _Hlk192876864]Table 2. Mean reflectance in visible and near infra-red zone of spectra observed for different levels of FAW infestation in maize.
	Different levels of S. frugiperda infestation in maize crop
	Larval density / plant
	Mean reflectance observed in different spectral regions (%)

	
	
	Waveband (nm)

	
	
	Blue
(400 - 500)
	Green
(500 – 660)
	Red
(660-700)
	Near infra-red (700 – 1050)

	Healthy
	0
	1.98 ± 0.37
	5.66 ± 1.24
	7.25 ± 6.80
	46.35 ± 3.76

	Less infested
	1
	3.07 ± 0.82
	6.59 ± 1.35
	8.60 ± 6.12
	41.54 ± 3.96

	Moderately infested
	2
	3.95 ± 1.00
	7.59 ± 1.33
	11.34 ± 4.81
	35.14 ± 3.14

	Highly infested
	3
	4.66 ± 1.01
	[bookmark: _Hlk187672283]8.91 ± 1.31
	12.41 ± 4.23
	30.79 ± 2.64


3.4 Identification and significance testing of suitable spectral zones 
To identify suitable spectral zones/wavelengths for detecting stress in the canopy, it is essential to pinpoint the zones of the spectral curve that show significant variation. Therefore, a one-way ANOVA was performed on the spectral data obtained from maize crops infested with different gradients of FAW. Only the zones exhibiting significant variation among the treatments were considered suitable for characterizing FAW damage in the maize crop. The p-values for the corresponding wavelengths were calculated and plotted to mark the significant zones (p < 0.05) of the spectral curve. The highlighted portions of the probability plot (Fig. 2) show the identified significant zones of variation observed in the spectral curves resulting from different FAW damage gradients in the maize crop.  The significant zones (p < 0.05) included the wavebands from 390–441 nm, 506–510 nm, 512–516 nm, 519–529 nm, 534–535 nm, 537–540 nm, 545–546 nm, 551–556 nm, 566–694 nm, and 697–1050 nm. The wavebands from 391–401 nm, 411–440 nm, 524–527 nm, 568–577 nm, 586–587 nm, 597 nm, 602–694 nm, and 703–1050 nm were found to be highly significant (p < 0.01) for characterizing FAW damage in the maize crop (Fig. 2).
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Fig. 2 One way ANOVA showing level of significance of reflectance values obtained for different levels of FAW infestation in kharif maize crop.
Similar findings have been reported by Stone et al (2001), who also identified the red-edge zone as the most sensitive band for determining the percentage of herbivory in eucalyptus. Kumar et al (2013) identified spectral bands, namely the visible zone (550-560 nm) and NIR zones (700-1250 nm), as most effective in detecting aphid infestation in mustard crops. Moreover, the findings of Zhang et al (2016) and Ramos et al (2022) align with the present results, as they also observed significant and stronger sensitivity in the red and NIR bands (650-1350 nm) for FAW damage in maize and cotton crops, respectively. Furthermore, Barros et al (2021) stated that in the spectral region corresponding to blue light, absorption occurs near the wavelength of 460 nm and is related to the presence of xanthophyll, carotenes, and chlorophyll pigments a and b. In the red-light region, chlorophyll absorbs energy near 645 nm, which provides an explanatory basis for the identified sensitive bands recorded in the present investigation.
3.5 Sensitivity analysis
After identifying the significant zones of the spectral graph for distinguishing FAW larval damage, the next step was to find the most responsive and sensitive bands/wavelengths with the highest capability to characterize the stress. Sensitivity analysis was then performed by calculating and plotting two parameters: reflectance difference, which showed the deviation in reflectance values relative to those obtained from a healthy maize plant, and sensitivity, which defined the change in reflectance values based on damage levels compared to the reflectance from a healthy plant. 
3.5.1 Reflectance difference vs. wavelength
The minima reflectance differences were located at wavelengths of 426, 690, 767, 858, and 962 nm, while the maxim reflectance differences were noted at wavelengths of 694, 823, 919, and 971 nm. These identified wavelengths can be attributed to being strongly affected by FAW damage in maize (Fig. 3).
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Fig. 3 Sensitivity analysis: Reflectance difference vs. Wavelength
3.5.2 Sensitivity vs. wavelength
The maxima for the reflectance sensitivity were found to be located at 390, 404, and 694 nm, while the minima were noted at 413 and 689 nm. The wavelengths depicting the reflectance sensitivity maxima and minima were found to be most responsive to FAW damage in maize (Fig. 4
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Fig. 4 Sensitivity analysis: Sensitivity vs. Wavelength
Similar trends have also been observed by Rahman et al (2010), who found that the maxima and minima of reflectance difference were located at 407 and 700 nm, respectively, while those of reflectance sensitivity were located at 400, 635, 680, and 697 nm. These wavelengths were identified as the most strongly affected regions by thrips damage in sugarcane. Similar findings were documented by Liu et al (2020), who also identified spectral bands near 410, 470, 490, 570, 625, and 720 nm as sensitive regions for detecting leaf folder damage in rice. However, Prabhakar et al (2012) stated that the sensitivity of spectra to biotic stress is crop- and pest-specific, depending on the nature of damage induced by the pest. This explains the variation in the most responsive wavelengths identified by previous researchers, as well as those recorded in the present study.
4. CONCLUSION 
[bookmark: _Hlk196931969]Spectral analysis revealed that as FAW infestation in maize increased, reflectance rose in the visible zone (400–700 nm) but declined in the near-infrared zone (700–1050 nm). Notably, the wavebands 391–401, 411–440, 524–527, 568–577, 586–587, 597, 602–694, and 703–1050 nm were especially important for detecting FAW impact. Additionally, prominent minima at 426, 690, 767, 858, and 962 nm and maxima at 694, 823, 919, and 971 nm, based on the difference in reflectance, marked wavelengths most affected by infestation. Sensitivity analysis further pinpointed minima at 413 and 689 nm, alongside maxima at 390, 404, and 694 nm, as the most sensitive to FAW-induced changes, making these wavelengths particularly valuable for characterizing pest damage in maize
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