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Abstract
Early detection of soil-borne fungal diseases is essential for sustaining chickpea (Cicer arietinum L.)
productivity. This study evaluated hyperspectral canopy reflectance (350–2500 nm) for early detection
of dry root rot (DRR; Macrophomina phaseolina), Fusarium wilt (Fusarium oxysporum f. sp. ciceri), and
their combined stress under controlled conditions using resistant and susceptible genotypes. Spectral
data were collected at regular intervals from 1 to 76 days after sowing (DAS) and used to derive
vegetation indices including NDVI, NDWI, PRI, and DSWI. Visual symptoms appeared at 46 DAS (DRR), 42
DAS (wilt), and 43 DAS (combined stress), whereas spectral indices indicated stress-related changes
earlier, typically between 36 and 40 DAS. NDVI reflected early reductions in canopy vigor, PRI captured
changes in photosynthetic activity, and NDWI and DSWI indicated alterations in plant water status, with
DSWI showing comparatively consistent early sensitivity. Resistant genotypes maintained relatively
stable NIR reflectance and water-sensitive spectral responses, while susceptible genotypes exhibited
reduced NIR reflectance and increased SWIR absorption. Significant differences (p < 0.001) were
observed for NDVI, PRI, and DSWI between genotype groups. These findings suggest that hyperspectral
indices can provide early indications of disease-associated stress in chickpea, with potential
applications in phenotyping and crop monitoring.

Introduction
Chickpea (Cicer arietinum L.) is an important pulse crop widely cultivated in semi-arid regions and serves
as a major source of dietary protein. It contributes significantly to nutritional security and agricultural
sustainability due to its high protein content (20–22%) and ability to fix atmospheric nitrogen, thereby
improving soil fertility (Jukanti et al. 2012; Gaur et al. 2010). Despite its importance, productivity remains
below potential levels, largely due to biotic and abiotic stresses (Kumar and Malik 2022; FAOSTAT 2023;
IIPR 2024). This substantial yield gap highlights the need for improved stress management strategies.
Among biotic stresses, soil-borne diseases such as dry root rot (DRR) and Fusarium wilt are particularly
destructive and pose serious challenges to sustainable chickpea production.

Dry root rot, caused by Macrophomina phaseolina, is a major disease in chickpea-growing regions,
especially under high temperature and moisture stress conditions (Soni et al. 2022). The pathogen is a
necrotrophic fungus with a wide host range (> 500 species) and survives in soil for long periods through
microsclerotia (Gupta et al. 2012; Islam et al. 2012). Infected plants exhibit dark, dry, and rotting roots
with visible microsclerotia, straw-colored stems, leaf drooping, and eventual plant death (Sharma et al.
2016). Yield losses due to DRR range from 5% under mild infection to 50% under moderate epidemics
and may reach up to 80–100% under severe conditions in susceptible genotypes (Ghosh et al. 2013;
Pande et al. 2012). Similarly, Fusarium wilt, caused by Fusarium oxysporum f. sp. ciceri, is another major
soil-borne disease of chickpea. The disease is characterized by drooping of leaves, vascular
discoloration, and eventual wilting, while roots generally remain intact without microsclerotia (Sharma et
al. 2016). The presence of multiple pathogenic races further complicates breeding and management
strategies (Jiménez-Fernández et al. 2011). Yield losses due to wilt typically range from 10–15%, but
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may reach up to 60% under severe infection (Dubey et al. 2010). Together, DRR and Fusarium wilt
significantly reduce chickpea yield and seed quality, making them major constraints to stable production.

Field spectroscopy enables monitoring of crop health by capturing variations in canopy spectral
reflectance associated with physiological changes. Stress conditions such as disease, drought, or
nutrient deficiency alter pigment composition and plant structure, leading to measurable changes in
reflectance in visible and infrared regions (Yang et al. 2010; Jacquemoud and Ustin 2001). Unlike
conventional biochemical methods, spectral techniques provide rapid and non-destructive assessment
of plant status (Gitelson et al. 2006). Several studies have successfully used spectral data at specific
wavelengths, spectral ratios, and red-edge regions to assess pigment levels and plant stress responses
(Gitelson et al. 2002; Haboudane et al. 2008; Jones and Vaughan 2010).

Conventionally, plant diseases are identified through visual symptom assessment, often after the
infection has progressed significantly. This approach is time-consuming, labor-intensive, and frequently
ineffective for timely disease management, as control measures such as fungicide application are most
effective during early infection stages. Biological and molecular diagnostic methods, although accurate,
are expensive, time-consuming, and limited in scalability for large-area monitoring (Ristaino et al. 2021;
Villamor et al. 2019). In chickpea, disease diagnosis largely relies on symptom observation and
laboratory assays, which are often too late for effective intervention and unsuitable for high-throughput
screening (Sankaran et al. 2010). These limitations highlight the need for rapid, reliable, and non-
destructive methods for early disease detection.

In this context, hyperspectral imaging (HSI) has emerged as a promising tool for early plant disease
detection (Singh et al. 2020). Hyperspectral imaging exploits plant interactions with different regions of
the electromagnetic spectrum to capture detailed information on biochemical composition and
structural characteristics (Mahlein et al. 2012). Unlike conventional RGB imaging, HSI includes near-
infrared information, enabling detection of subtle physiological changes before visible symptoms appear
(Rumpf et al. 2010). By combining imaging and spectroscopy, hyperspectral systems acquire reflectance
data across hundreds of narrow, contiguous spectral bands spanning the visible (VIS), near-infrared
(NIR), and short-wave infrared (SWIR) regions. Each pixel thus contains a complete spectral signature,
allowing detection of subtle biochemical and physiological changes in plants (Lu and Rasmussen 2012).
In chickpea, infections such as dry root rot and Fusarium wilt induce physiological alterations including
stomatal closure, reduced transpiration, decreased photosynthetic activity, chlorophyll degradation,
tissue water loss, and canopy thinning. These changes significantly modify spectral reflectance,
particularly in the VIS and NIR regions, enabling disease detection well before the appearance of visible
symptoms (Mahlein 2016).

Hyperspectral imaging has demonstrated strong potential in agriculture for detecting plant diseases
such as rust and powdery mildew in wheat (Bauriegel and Herppich 2014), viral infections in tomato (Xie
et al. 2017), and various abiotic stresses including nutrient deficiency and drought (Behmann et al.
2015). However, its application in pulse crops, particularly chickpea, remains limited. Developing
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disease-specific spectral markers for dry root rot (DRR) and Fusarium wilt would support high-
throughput phenotyping for resistance breeding, enable timely disease surveillance in farmer fields, and
contribute to precision disease management for reducing yield losses.

The present study evaluates the potential of hyperspectral reflectance for early detection of DRR and
Fusarium wilt in chickpea. By analyzing temporal changes in canopy spectral reflectance between
resistant and susceptible genotypes, the study aims to (i) characterize physiological responses of
resistant and susceptible genotypes under pathogen stress and (ii) identify early spectral indicators
associated with disease onset prior to visible symptom expression. This work provides a foundation for
developing rapid, non-destructive tools for disease monitoring in chickpea, with applications in
resistance breeding and precision crop management.

Materials and Methods

Experimental setup
The experiment was conducted to evaluate spectral reflectance responses of resistant and susceptible
chickpea genotypes to dry root rot (DRR) and Fusarium wilt under controlled pot culture conditions.
Genotypes with known differences in resistance were grown in pots and maintained following
recommended agronomic practices.

Artificial inoculation was performed using two soil-borne pathogens: Macrophomina phaseolina (causing
DRR) and Fusarium oxysporum f. sp. ciceri (causing wilt), following standardized protocols described by
Nene and Reddy (1987) and Singh et al. (2014). The experimental treatments consisted of three groups:
(i) DRR treatment, including resistant and susceptible genotypes inoculated with M. phaseolina; (ii) wilt
treatment, including resistant and susceptible genotypes inoculated with F. oxysporum f. sp. ciceri; and
(iii) combined infection treatment, where susceptible genotypes were inoculated with both pathogens.

The experiment was laid out in a completely randomized design (CRD) with two replications per
genotype. Each replication consisted of one pot containing three plants to ensure sufficient canopy
development for hyperspectral measurements. A total of nine genotypes were included (Electronic
Supplementary Table 1). Of these RVSSG 64 and JSC 37 were earlier reported to be resistant, whereas
BG 3062, L 550, JG 62, and Vijay were reported to be susceptible (Soni et al. 2026). For wilt, resistant
genotypes used were Phule Vishwaraj and WR 315, while susceptible genotypes used were NBeG 1428
and JG 62. The genotype JG 62, known for its high susceptibility to DRR as well as wilt was included
across all treatments to evaluate combined disease effects.

The experiment was conducted at the Hyperspectral Imaging Laboratory, Mahatma Phule Krishi
Vidyapeeth (MPKV), Rahuri, India (Electronic Supplementary Fig. 1). The region has a semi-arid tropical
climate, with temperatures ranging from 28–32°C during the day and 16–20°C at night during the
experimental period. All pots were maintained under uniform conditions with consistent irrigation and
pest management practices to minimize environmental variability and ensure that observed stress
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responses were primarily due to pathogen inoculation. The results are interpreted in terms of
comparative stress responses among genotypes.

Spectral data acquisition and vegetation indices
Spectral reflectance of the chickpea canopy was recorded at alternate-day intervals from 1 day after
sowing (DAS) to 76 DAS using a field spectroradiometer (HR-1024i, SVC, USA). The instrument measures
reflectance across the 350–2500 nm range with 1 nm spectral resolution, covering the ultraviolet (UV,
350–400 nm), visible (VIS, 400–700 nm), near-infrared (NIR, 700–1300 nm), and short-wave infrared
(SWIR, 1300–2500 nm) regions. Prior to each measurement, the instrument was calibrated using a
standard white reference panel, and data acquisition followed established protocols. Observations were
conducted between 10:00 and 14:00 h under stable illumination conditions to minimize diurnal
variability. The sensor was positioned at nadir (90°) at an approximate height of 1 m above the canopy.
Spectral data processing and resampling were performed using the proprietary SVC software provided
with the instrument.

From the spectral data, four vegetation indices were computed to assess plant physiological status and
stress responses: Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index
(NDWI), Photochemical Reflectance Index (PRI), and Disease Sensitive Water Index (DSWI). NDVI was
used to estimate canopy vigor and chlorophyll content (Rouse et al. 1973), whereas NDWI provided
information on plant water status and moisture dynamics (Gao 1996). PRI was used to monitor
variations in photosynthetic efficiency through changes in the xanthophyll cycle (Gamon et al. 1992).
DSWI, calculated using absorption features in the NIR–SWIR transition region, has been reported to be
sensitive to disease-induced water imbalance and biotic stress (Mahlein et al. 2012; Stuckens et al.
2011). The formulations and spectral characteristics of these indices are summarized in Table 1.

Table 1
Summary of vegetation indices studied in the present investigation

Index Formula Wavelengths
Used (nm)

Interpretation Reference

NDVI 860 (NIR), 680
(Red)

Sensitive to chlorophyll
content and vegetation health

Rouse et al. 1973

NDWI 860 (NIR), 1240
(SWIR)

Indicates plant water stress
and canopy water content

Gao, 1996

PRI 531, 570 (VIS) Reflects photosynthetic
activity and xanthophyll cycle

Gamon et al. 1992

DSWI 970 (NIR), 1200
(SWIR)

Highly responsive to disease-
induced water imbalance

Mahlein et al. 2012 &
Stuckens et al. 2011

NDVI = R860−R660R860+R660

NDWI = R860−R1240R860+R1240

PRI = R531−R570R531+R570

DSWI = R970−R1200R970+R1200
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For spectral signature analysis, resistant genotypes were considered as relatively less affected reference
groups, whereas susceptible genotypes represented higher disease response conditions. The genotype
JG 62, known for its high susceptibility to both DRR and wilt, was additionally included to evaluate
combined infection effects. Representative spectral signatures were generated by averaging reflectance
values within resistant and susceptible groups. Comparative analysis was performed across the full
spectral range (350–2500 nm), encompassing the VIS, NIR, and SWIR regions.

Data analysis
Spectral observations were collected at alternate-day intervals throughout the crop growth period, and
the raw data were processed using the SVC software package (SVC Inc., 2019). For each genotype,
spectral reflectance values were averaged across replications to reduce measurement variability.
Subsequently, group-level means were computed by averaging resistant and susceptible genotypes
separately. These mean reflectance values were used to calculate vegetation indices, including NDVI,
NDWI, PRI, and DSWI.

Since spectral measurements were acquired on alternate days, the resulting index values were
interpolated using a linear interpolation approach to generate continuous daily datasets spanning 1–76
DAS. This interpolation facilitated the analysis of temporal trends and enabled consistent comparison of
index trajectories across genotypes and treatments.

Statistical analyses were performed to evaluate differences between resistant and susceptible groups.
Independent sample t-tests were used to assess differences in index values, while Pearson correlation
analysis was conducted to examine relationships among vegetation indices. Temporal dynamics of
vegetation indices were visualized using line plots generated in Python and Microsoft Excel.

For disease phenotyping, early detection was defined as the earliest observable and consistent
divergence in vegetation index trajectories between resistant and susceptible groups occurring prior to
the appearance of visible symptoms. This criterion enabled estimation of the lead time by which
hyperspectral sensing could detect disease onset relative to conventional visual assessment.

Results
Continuous spectral observations were used to derive vegetation indices, which were interpolated to
generate daily values from 1 to 76 DAS. These indices were analyzed separately for resistant and
susceptible genotypes under DRR, wilt, and combined DRR–wilt conditions to evaluate their potential for
early disease detection. Visual symptoms of DRR were observed at 46 DAS, wilt at 42 DAS, and
combined infection (JG 62) at 43 DAS.

Diagnosis of dry root rot
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Vegetation indices clearly differentiated resistant and susceptible genotypes under DRR conditions and
showed detectable changes prior to the appearance of visible symptoms (Fig. 1A–D). NDVI increased
steadily during the early vegetative phase (10–30 DAS) in both groups (Fig. 1A). Resistant genotypes
exhibited a temporary dip around 20 DAS followed by recovery after 30 DAS, whereas susceptible
genotypes showed a continuous increase without recovery. After 40 DAS, NDVI declined in susceptible
genotypes, approximately 6 days before the onset of visible symptoms (46 DAS), while resistant
genotypes maintained relatively stable values.

NDWI values remained comparable between groups up to 30 DAS (Fig. 1B). From 40 DAS onward,
resistant genotypes maintained higher and stable values, whereas susceptible genotypes showed a
decline.

PRI remained near baseline until approximately 40 DAS (Fig. 1C). Around symptom onset (46 DAS),
resistant genotypes exhibited a transient increase followed by partial recovery, while susceptible
genotypes showed a continuous decline after 40 DAS.

DSWI in susceptible genotypes increased during 30–40 DAS and showed a marked change around 40
DAS, preceding visible symptom expression by nearly one week (Fig. 1D). In contrast, resistant
genotypes exhibited relatively stable DSWI values throughout the observation period.

Statistical analyses supported these observations. Significant differences between resistant and
susceptible genotypes were observed for NDVI, PRI, and DSWI (p < 0.001), while NDWI showed lower
significance (p = 0.021) (Electronic Supplementary Table 2). Correlation analysis further indicated strong
relationships among indices (Electronic Supplementary Table 3). In resistant genotypes, NDVI showed
strong correlations with NDWI (r = 0.905, p < 0.01) and DSWI (r = 0.861, p < 0.01), and a moderate
correlation with PRI (r = 0.663, p < 0.05). NDWI and DSWI were highly correlated (r = 0.987, p < 0.01).

In susceptible genotypes, correlations were generally weaker and less consistent. NDVI showed a
moderate correlation with NDWI (r = 0.610, p < 0.05) and a strong correlation with DSWI (r = 0.904, p < 
0.01). PRI was strongly correlated with NDVI (r = 0.827, p < 0.01) but showed weaker associations with
NDWI and DSWI.

Diagnosis of Fusarium wilt

Hyperspectral vegetation indices (NDVI, NDWI, PRI, and DSWI) showed measurable changes in canopy
response prior to the appearance of visible wilt symptoms at 42 DAS (Fig. 2A–D). NDVI increased in both
resistant and susceptible genotypes during the early vegetative phase (up to 30 DAS) (Fig. 2A). From 36
DAS onward, NDVI declined in susceptible genotypes, whereas resistant genotypes maintained relatively
higher values until after 40 DAS.

NDWI remained stable in both groups up to 30 DAS (Fig. 2B). After 40 DAS, susceptible genotypes
exhibited a gradual decline with fluctuations, while resistant genotypes maintained comparatively stable
values.
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PRI remained near baseline until approximately 40 DAS (Fig. 2C). At symptom onset (42 DAS),
susceptible genotypes showed a sharp decline, whereas resistant genotypes exhibited a transient
increase followed by stabilization.

DSWI increased gradually in both groups until 30 DAS (Fig. 2D). From 40 DAS onward, susceptible
genotypes showed a decline, whereas resistant genotypes remained stable or slightly positive.

Statistical analyses supported these observations. Significant differences between resistant and
susceptible genotypes were observed for NDVI and PRI (p < 0.001), whereas NDWI (p = 0.117) and DSWI
(p = 0.078) were not statistically significant (Electronic Supplementary Table 4). Correlation analysis
further revealed relationships among vegetation indices (Electronic Supplementary Table 5).

In resistant genotypes, NDVI showed strong correlation with NDWI (r = 0.841, p < 0.01) and moderate
correlation with DSWI (r = 0.751, p < 0.05). PRI was positively correlated with NDVI (r = 0.774, p < 0.05)
and NDWI (r = 0.640). The strongest association was observed between NDWI and DSWI (r = 0.979, p < 
0.01).

In susceptible genotypes, NDVI showed moderate correlation with NDWI (r = 0.545) and PRI (r = 0.811, p 
< 0.05), but weaker association with DSWI (r = 0.415). PRI exhibited moderate correlations with NDWI (r 
= 0.596) and DSWI (r = 0.496), while the strongest correlation was observed between NDWI and DSWI (r 
= 0.950, p < 0.01).

Diagnosis of combined (DRR and wilt) stress
In the susceptible genotype JG 62, visual symptoms of combined DRR and wilt appeared at 43 DAS
(Fig. 3A–D). NDVI increased steadily until 30 DAS, followed by a sharp decline around 40 DAS, preceding
the appearance of visible symptoms (Fig. 3A). NDWI also showed a reduction at approximately 40 DAS
(Fig. 3B).

PRI exhibited a marked decline at 40 DAS (Fig. 3C). DSWI increased until approximately 35 DAS and then
declined sharply after 40 DAS (Fig. 3D).

As only a single susceptible genotype was evaluated under combined stress, group-wise t-tests were not
performed. Correlation analysis indicated relationships among vegetation indices (Electronic
Supplementary Table 6). NDVI showed a strong correlation with PRI (r = 0.884, p < 0.01) and a moderate
correlation with DSWI (r = 0.666, p < 0.05). PRI was strongly correlated with DSWI (r = 0.862, p < 0.01) and
moderately with NDWI (r = 0.602, p < 0.05). NDWI also showed a significant correlation with DSWI (r = 
0.722, p < 0.05), whereas the correlation between NDVI and NDWI was weaker (r = 0.577).

A comparison of visual observations and hyperspectral indices showed that index-based changes
occurred prior to the appearance of visible symptoms (Table 2). For DRR, visual symptoms were
observed at 46 DAS, whereas changes in NDVI, NDWI, PRI, and DSWI were detected at approximately 40
DAS. In wilt, visual symptoms appeared at 42 DAS, while NDVI and DSWI showed changes at 36 DAS,
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and NDWI and PRI at 40–42 DAS. For combined DRR–wilt infection, symptoms were observed at 43 DAS,
whereas all indices showed changes around 40 DAS.

Table 2
Comparative summary of visual and hyperspectral observations in chickpea disease diagnosis days

after sowing
Disease/indices Dry root rot Wilt Dry root rot and Wilt combined

Onset of visual symptoms 46 42 43

NDVI 40 36 40

NDWI 40 40 43

PRI 40 36 40

DSWI 40 40 40

Electronic Supplementary Fig. 1. Experimental setup for hyperspectral data collection in chickpea. A.
Chickpea genotypes grown in pots for disease evaluation. B and C. Hyperspectral sensing system
using the SVC HR-1024i spectroradiometer with controlled illumination for canopy spectral
reflectance measurements under pot culture conditions

Spectral signatures under stress
Spectral signatures of resistant and susceptible chickpea genotypes showed clear differences under
disease conditions (Fig. 4A–C). Under DRR stress, resistant genotypes exhibited higher reflectance in the
NIR region (700–1300 nm), whereas susceptible genotypes showed comparatively lower reflectance and
increased absorption in the red-edge region (~ 680 nm) (Fig. 4A).

Under wilt conditions, resistant genotypes maintained higher reflectance across both NIR and SWIR
regions compared to susceptible genotypes (Fig. 4B). Susceptible genotypes showed reduced
reflectance in the NIR region and increased absorption in the water-sensitive bands (1400–1500 nm and
1900–2000 nm).

In the combined infection (DRR + wilt), the susceptible genotype JG 62 showed a pronounced reduction
in NIR reflectance and increased absorption in the SWIR region compared to individual disease
conditions (Fig. 4C).

Discussion

Dry root rot
The present study demonstrates that hyperspectral vegetation indices can detect dry root rot (DRR)
stress several days prior to the appearance of visible symptoms. Temporal changes in NDVI and PRI
indicated early alterations in canopy condition and photosynthetic activity. In resistant genotypes, the
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transient dip followed by recovery suggests a regulated physiological response under pathogen stress,
whereas susceptible genotypes showed a sustained decline after ~ 40 DAS, indicating progressive
stress development.

Water-related indices (NDWI and DSWI) further captured early changes associated with DRR infection.
The observed divergence in DSWI prior to symptom appearance aligns with the infection mechanism of
Macrophomina phaseolina, which causes root necrosis and disrupts water uptake and transport (Pande
et al. 2012; Sharma et al. 2010). The early response of DSWI highlights the sensitivity of SWIR-based
indices in detecting disease-induced water imbalance before visible wilting occurs. These findings are
consistent with previous studies reporting that hyperspectral indices sensitive to pigment and water
dynamics provide early detection of plant diseases (Mahlein 2016). Similarly, Stuckens et al. (2011)
demonstrated that SWIR-based indices are effective in distinguishing healthy and infected vegetation.
The observed recovery pattern in resistant genotypes supports earlier reports on genotype-specific
defence responses limiting DRR progression (Singh et al. 2014).

Overall, resistant genotypes maintained more stable and coordinated spectral responses, whereas
susceptible genotypes exhibited greater variability and decline in index values. Among the evaluated
indices, NDVI, PRI, and DSWI showed consistent sensitivity to DRR stress, indicating their suitability as
non-destructive indicators for early disease detection in chickpea. However, the results should be
interpreted in a relative context due to the controlled experimental conditions and limited replication.

Wilt diagnosis
Fusarium wilt, caused by Fusarium oxysporum f. sp. ciceri, typically occurs during the early reproductive
stage (35–45 DAS), when the pathogen invades xylem vessels, restricting water and nutrient transport
and leading to wilting, chlorosis, and necrosis (Haware and Nene 1980; Pande et al. 2010). The
hyperspectral responses observed in this study were consistent with this disease progression. Temporal
changes in NDVI indicated early reductions in canopy vigor and chlorophyll content, with detectable
deviations occurring approximately six days prior to visible symptom expression.

PRI also showed sensitivity to wilt stress, with susceptible genotypes exhibiting a decline around
symptom onset, while resistant genotypes showed a transient increase followed by stabilization. These
responses suggest differences in physiological regulation between resistant and susceptible genotypes
under pathogen stress. Similar observations have been reported by Mahlein (2016), who highlighted the
effectiveness of pigment- and photosynthesis-related indices, such as NDVI and PRI, in detecting
vascular diseases.

In contrast, water-related indices (NDWI and DSWI) showed comparatively weaker and less consistent
responses, likely reflecting the indirect effect of vascular blockage on canopy water status during early
stages of infection. Overall, NDVI and PRI emerged as more sensitive indicators of wilt stress, with
resistant genotypes maintaining more stable spectral responses, whereas susceptible genotypes
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exhibited greater variability under infection conditions. As with DRR, these findings should be interpreted
as relative trends under controlled experimental conditions.

Diagnosis of combined stress of DRR and wilt
The DRR–wilt complex represents a highly destructive condition in chickpea, where two distinct
pathogenic mechanisms operate simultaneously. Macrophomina phaseolina induces root necrosis and
restricts water uptake, while Fusarium oxysporum f. sp. ciceri obstructs xylem vessels and disrupts
vascular transport (Nene and Reddy 1987; Pande et al. 2012). The combined effect accelerates canopy
senescence, enhances chlorophyll degradation, and induces severe water stress. These physiological
disruptions are reflected in the simultaneous changes observed across all vegetation indices (NDVI,
NDWI, PRI, and DSWI) around 40 DAS, preceding visible symptom expression.

The sensitivity of hyperspectral indices to combined stress conditions highlights their potential for
monitoring multi-pathogen interactions. Both pigment-related indices (NDVI and PRI) and water-sensitive
indices (NDWI and DSWI) responded to the dual infection, indicating that multiple physiological
pathways are affected concurrently. This observation is consistent with Mahlein (2016), who
emphasized that integrating pigment- and water-sensitive indices improves detection of complex plant
stresses. Similarly, Stuckens et al. (2011) demonstrated that SWIR-based indices can capture subtle
water-related changes that are not detectable using pigment-based indices alone.

A comparative assessment showed that visual symptoms appeared at 46 DAS (DRR), 42 DAS (wilt), and
43 DAS (combined stress), whereas hyperspectral indices indicated deviations earlier, typically between
36 and 40 DAS. Among the indices, NDVI and DSWI showed relatively earlier and more consistent
responses under both individual and combined stress conditions, reflecting chlorophyll degradation and
water imbalance, respectively. In contrast, NDWI and PRI exhibited comparatively delayed or variable
responses, possibly due to the indirect nature of vascular disruption on canopy water status and
photosynthetic adjustments during early infection stages.

These findings are consistent with previous studies reporting that spectral indices associated with
canopy vigor and water status are sensitive indicators of biotic stress (Mahlein et al. 2012; Rouse et al.
1973). The ability of hyperspectral indices to detect combined stress prior to visible symptom
development underscores their potential for studying multi-pathogen interactions in chickpea. However,
these observations are based on controlled experimental conditions and should be interpreted as
indicative of relative stress responses rather than direct measures of disease severity.

Spectral signature
The spectral differences observed between resistant and susceptible genotypes indicate that
hyperspectral reflectance can capture stress-induced physiological changes in chickpea. Under DRR
conditions, susceptible plants showed reduced reflectance in the NIR region and increased absorption in
the red-edge region, consistent with chlorophyll degradation and structural damage associated with root
necrosis caused by Macrophomina phaseolina (Sharma et al. 2010).
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In wilt-affected plants, depression in NIR reflectance along with increased absorption in SWIR regions
was observed in susceptible genotypes. These patterns are indicative of disrupted water transport and
loss of tissue turgor resulting from vascular blockage caused by Fusarium oxysporum infection (Pande
et al. 2012).

Under combined DRR and wilt stress, the susceptible genotype JG 62 exhibited more pronounced
reductions in NIR reflectance and stronger absorption in SWIR regions compared to individual disease
conditions. This suggests a compounded physiological impact, likely due to simultaneous disruption of
root function and vascular transport. Such combined effects may accelerate canopy senescence and
contribute to rapid decline in plant health.

Across all stress conditions, resistant genotypes consistently maintained relatively higher NIR
reflectance and more stable responses in water-sensitive spectral regions, whereas susceptible
genotypes showed clear deviations. These observations are consistent with earlier studies
demonstrating that NIR reflectance is associated with canopy structure and vigor, while SWIR regions
are sensitive to plant water status (Mahlein et al. 2012; Stuckens et al. 2011; Rouse et al. 1973).

Overall, the NIR and SWIR regions emerged as important spectral domains for distinguishing stress
responses in chickpea. While these results highlight the potential of hyperspectral reflectance for early
and non-destructive detection of disease-associated stress, further validation under field conditions is
required to establish their robustness for large-scale applications.

Conclusions
The present study highlights the potential of hyperspectral sensing as a non-destructive approach for
early detection of dry root rot (DRR), Fusarium wilt, and their combined stress in chickpea. Across
resistant and susceptible genotypes, vegetation indices (NDVI, NDWI, PRI, and DSWI) exhibited clear
temporal divergence, with stress-related changes detected approximately 4–6 days prior to the
appearance of visible symptoms. This demonstrates the ability of hyperspectral indices to extend the
diagnostic window beyond conventional visual assessment.

Among the indices, NDVI and DSWI showed relatively earlier and more consistent responses, reflecting
changes in chlorophyll status and disease-induced water imbalance, respectively. PRI and NDWI
provided complementary information related to photosynthetic efficiency and plant water status. These
combined responses indicate that hyperspectral indices can capture multiple physiological processes
associated with disease development.

Spectral signature analysis further supported these findings. Resistant genotypes maintained higher
reflectance in the near-infrared (NIR) region and more stable responses in water-sensitive short-wave
infrared (SWIR) bands, whereas susceptible genotypes showed reduced NIR reflectance and increased
SWIR absorption. These patterns are consistent with physiological effects of pathogen infection,
including chlorophyll degradation, impaired water uptake, and vascular dysfunction. Under combined
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DRR and wilt stress, more pronounced spectral changes were observed, indicating compounded effects
on canopy structure and water status.

Overall, the integration of vegetation indices and spectral reflectance patterns provides a useful
framework for distinguishing relative stress responses among chickpea genotypes under controlled
conditions. While the results indicate the potential of hyperspectral sensing for early disease detection
and phenotyping, further validation under field conditions is required before large-scale application. It is
important to note that the present study was conducted under controlled conditions with limited
replication, and no direct pathogen quantification was performed. Therefore, the results represent
physiological stress responses associated with disease progression rather than absolute measures of
infection severity.

Future research should focus on multi-location field validation, integration with UAV-based hyperspectral
platforms, and the development of robust data-driven models for automated stress detection. Such
advancements will support the development of scalable digital tools for disease monitoring and
management in chickpea and other pulse crops.
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Figures

Figure 1

Temporal dynamics of vegetation indices in resistant and susceptible chickpea genotypes subjected to
dry root rot (DRR) NDVI NDWI PRI DSWI
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Figure 2

Temporal dynamics of vegetation indices in resistant and susceptible chickpea genotypes subjected to
wilt NDVI NDWI PRI DSWI

Figure 3

Temporal dynamics of vegetation indices in combined DRR and wilt susceptible chickpea genotype JG
62 NDVI NDWI PRI DSWI
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Figure 4

Spectral signatures of disease resistant and susceptible chickpea genotypes DRR Wilt combination of
DRR and Wilt
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