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Introduction 

Rose (Rosa spp.) is one of the most important ornamental plants 

globally, valued for its beauty, fragrance, cultural symbolism and 

economic significance in the cut flower, landscaping and 

perfumery industry. It accounts for over 35 % of the global cut 

flower market, with major production centers in the 

Netherlands, Kenya, Colombia and Ecuador (1). The genus Rosa 

is highly diverse, comprising more than 150 species and 

thousands of cultivars adapted to varied agro-climatic 

conditions (2). Breeding programs have traditionally emphasized 

ornamental traits such as flower size, color, fragrance and vase 

life (3). However, the increasing frequency and severity of 

drought under climate change now pose serious challenges to 

sustainable rose production (4, 5). 

 Drought is one of the most detrimental abiotic stresses, 

particularly under changing climatic conditions and increased 

water constraints. In roses, drought stress negatively affects 

several key aspects of plant development, including leaf 

expansion, shoot elongation, flower initiation and bud 

development. These physiological changes result in reduced 

plant vigor and a marked decline in visual appeal. Furthermore, 

drought often causes reductions in flower size, number and color 

intensity, which adversely impact both the aesthetic value and 

postharvest performance of roses (6-8). Conventional drought 

screening methods, such as assessing relative water content 

(RWC), chlorophyll levels, or biomass, are often destructive and 

labor-intensive, making them unsuitable for large-scale 

screening programs. Therefore, developing rose varieties with 

improved drought tolerance has become a high-priority 

objective in modern breeding programs.  
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Abstract  

Drought stress poses a significant threat to rose (Rosa spp.) cultivation, impacting plant vigor, floral quality and marketability. Traditional drought 
screening methods are often destructive and labor-intensive, limiting their application in large-scale breeding programs. This study presents a non

-destructive and high-throughput phenotyping approach for assessing drought responses in rose using RGB-derived vegetation indices (VIs) 

obtained from multi-angle imaging. Twenty-eight diverse rose genotypes were evaluated under well-watered (WW) and induced drought (ID) 
conditions using a LemnaTec Scanalyzer 3D platform. A total of 56 indices from side-view (SV) and top-view (TV) images were computed to 

quantify canopy color, greenness and pigment-related traits. Analysis of variance revealed significant genotypic differences and strong genotype × 

treatment (G × T) interactions across most indices, demonstrating their sensitivity to drought-induced physiological changes. Multivariate 

analyses, including Principal Component Analysis (PCA) and Pearson correlation matrix evaluation, were performed to explore trait relationships 
and identify key traits associated with drought stress. These analyses effectively differentiated greenness-related and stress-responsive traits. In 

addition, the MGIDI analysis integrated all indices and identified ‘Queen Elizabeth’, ‘Jwala’, Rosa chinensis, ‘Sylvia’ and ‘Rose Sherbet’ as the top-

performing drought-tolerant genotypes. Integration of leaf wilting scores validated the reliability of these indices as accurate indicators of drought 

response, with tolerant genotypes exhibiting lower LWS and higher greenness indices. Overall, the study demonstrates that RGB-based high-
throughput phenotyping provides a rapid, efficient and scalable method for drought tolerance assessment in roses, offering a valuable tool for 

accelerating selection in ornamental breeding programs. 
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 Advances in high-throughput phenotyping (HTP) 

platforms have enabled rapid, non-destructive monitoring of 

plant responses to environmental stresses (9–11). These systems 

monitor plant health using various imaging modalities including 

thermal, hyperspectral, fluorescence, LiDAR and RGB. Among 

these, RGB (red-green-blue) imaging is recognized for its low 

cost, ease of use and ability to capture a wide range of 

morphological and physiological traits. RGB images reflect 

visible wavelengths from plant canopies, enabling the extraction 

of color-related features. They have been widely applied to 

estimate morphological traits (12), physiological status (13), and 

both biotic (14) and abiotic stresses (15–18). Multi-angle imaging, 

including side-view (SV) and top-view (TV) perspectives, provides 

a more comprehensive representation of plant architecture and 

enhances the accuracy of detecting stress-induced growth 

changes. Beyond basic morphometric traits, RGB images allow 

the computation of vegetation indices (VIs), which are 

mathematical combinations of red, green and blue pixel values 

that enhance the detection of physiological stress by amplifying 

subtle changes in leaf coloration. Although RGB-based 

phenotyping has been widely applied in major crops such as 

maize, wheat, rice and soybean, its use in ornamental breeding, 

particularly roses, remains limited. 

 Therefore, the objective of this study was to evaluate 

drought-responsive variation in 28 rose genotypes using RGB-

derived vegetation indices obtained from multi-angle imaging 

and to identify drought-tolerant genotypes by integrating RGB-

based phenotyping with multivariate analyses and validating 

their performance using leaf wilting scores.  

 

Materials and Methods  

Experimental site and plant material 

The experiment was conducted at the Nanaji Deshmukh Plant 

Phenomics Centre, ICAR (Indian Agricultural Research Institute), 

New Delhi, India (28.641999° N, 77.161° E) during 2023–2024. 

Twenty-eight rose genotypes (Table 1) were selected for drought 

stress evaluation based on genetic diversity, contrasting 

morphological characteristics and availability in the 

departmental germplasm collection, ensuring representation of 

both modern hybrid teas and wild species with potential 

adaptive variability under water-limited conditions. Plants were 

propagated using semi-hardwood stem cuttings and established 

in nursery beds. After rooting, healthy and uniform plants were 

transplanted into white phenomics pots (0.19 m diameter × 0.40 

m height) filled with 12 kg of homogenized sandy loam soil with a 

pH of 6.78 and an electrical conductivity (EC) of 0.82 dS m-1. 

 

 

Growth conditions and drought treatments 

During the establishment phase, plants were grown under natural 

field conditions, with average daytime temperatures of 28–30 °C 

and relative humidity of 60–70 %. During this phase, all plants were 

irrigated uniformly to maintain optimum soil moisture conditions, 

ensuring proper plant establishment before the imposition of 

drought stress. A foliar spray of balanced NPK (19:19:19) at 5 g L-1 

along with a micronutrient mixture at 0.5 g L-1 was applied every 15 

days to ensure adequate nutrient supply throughout the growth 

and developmental phases. For stress imposition, plants were 

transferred to a controlled greenhouse and subjected to two 

irrigation regimes: (i) well-watered (WW) where soil moisture was 

maintained at 80 ± 5 % of field capacity (FC) through regular 

irrigation and (ii) induced drought (ID), where irrigation was 

withheld, allowing soil moisture to gradually decline to 10 ± 5 % of 

FC over a period of 30 days. Soil moisture content was periodically 

monitored using the gravimetric method to maintain the target 

moisture levels across treatments. Standard pest and disease 

management practices were followed throughout the experiment. 

Image acquisition and processing 

Phenotypic data were collected using a LemnaTec Scanalyzer 3D 
platform (LemnaTec GmbH, Aachen, Germany). RGB images were 

captured using a Prosilica GT6600 RGB camera equipped with an ON

-Semi KAI-29050 sensor. Each plant was imaged from multi-angles, 

including a top view (TV) and three side views (SV) at 0°, 120° and 

240°, to ensure comprehensive characterization of plant 

architecture. The imaging chamber was standardized with uniform 

lighting and a white background to improve segmentation accuracy. 

Imaging was carried out at the end of the drought stress period, with 

all plants imaged on the same day and within the same time 

window (10:00–12:00 h) to minimize diurnal variation. Image 

processing was performed using LemnaGrid software. Background 

segmentation was carried out using threshold-based methods to 

isolate plant pixels and quantitative traits and color features were 

extracted from the plant area. The processed data were exported in 

CSV format for further statistical analysis. 

RGB-derived vegetation indices 

From the processed RGB images, 28 vegetation indices (Table 2) 

were calculated for both TV and SV, resulting in a total of 56 RGB-

derived vegetation indices. These included basic color channels (R, 

G, B), ratio indices (RGRI, RBRI, GBRI), normalized indices (r, g, b), 

intensity (INT), channel difference indices (RMGI, RMBI, GMBI), 

channel difference ratio indices (RGVI, RBVI, GBVI), normalized 

difference indices (NRGI, NRBI, NGBI), excess indices (ExR, ExG), 

advanced indices (MGRVI, RGBVI, VARI), gray value and principal 

component–based indices (PCA1, PCA2, IPCA). These indices were 

selected based on previous studies for their effectiveness in 

capturing variation in pigmentation, chlorophyll concentration 

and canopy health under stress. 

Table 1. List of rose genotypes utilized in the present study  

Code Genotype Code Genotype Code Genotype Code Genotype 

G-1 Pusa Alpana G-8 Rosa multiflora G-15 Dr. B. P. Pal G-22 
Rosa chinensis  

Viridiflora 

G-2 
Taj Mahal x Oklahoma 

(RH-03-2017) 
G-9 Summer Snow G-16 Bewitched G-23 Queen Elizabeth 

G-3 
Pasadena x Midas Touch 

(RH-1-2019) 
G-10 Pink Parfait G-17 Rosa glutinosa G-24 Jwala 

G-4 Rosa bourboniana G-11 Rosa indica Major G-18 Happiness G-25 Rosa slancensis 
G-5 Rosa tomentosa G-12 Rosa brunonii G-19 Folklore G-26 Rosa chinensis 
G-6 Rosa moschata G-13 Delhi White Pearl G-20 Rani Sahiba G-27 Rose Sherbet 
G-7 Pusa Lakshmi G-14 White Queen Elizabeth G-21 Sylvia G-28 Pusa Virangana 
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Leaf wilting score assessment 

Leaf Wilting Score (LWS) was used to visually assess drought-

induced stress using a standardized 0–5 scale (19). A score of 0 

indicated a healthy plant with no visible wilting; 1 indicated a 

minor folding of terminal or young leaves with the overall plant 

appeared healthy. A score of 2 indicated considerable folding in 

most leaves, including older ones showing early wilting 

indications. At score 3, all leaves were wilted or drooped, with 

older foliage showing the most severe symptoms. Score 4 

described total wilting, chlorophyll degradation-induced leaf 

discolouration and early leaf drying. A score of 5 indicated 

extreme wilting and yellowing of all leaves, with more than half 

of the foliage dry and crisp, indicating that the plant was close to 

physiological death. Wilting scores were recorded at the end of 

the drought period for all genotypes and treatments and 

assessments were conducted at the same time of day (10:00–

12:00 h) to minimize subjectivity and diurnal fluctuations in 

wilting symptoms.  

Statistical analysis 

Statistical analysis was performed using R software (version 

4.5.1). The experiment was conducted using three biological 

replicates per genotype per treatment and mean values were 

used for subsequent analyses. Analysis of variance (ANOVA) was 

conducted to evaluate the effects of genotype, treatment and 

genotype × treatment interactions on RGB-derived vegetation 

indices, with significance set at p < 0.05. Pearson’s correlation 

coefficients were computed to examine interrelationships 

among indices. Principal Component Analysis (PCA) was 

performed on standardized RGB-derived vegetation indices to 

reduce dimensionality and  summarize major patterns of trait 

variation across moisture regimes. The Multi-Trait Genotype–

Ideotype Distance Index (MGIDI) was calculated to rank 

genotypes for drought resilience by integrating multiple trait 

performances into a single metric.  

Results  

Genotypic variation of RGB-derived vegetation indices 

Significant variation was observed among the 28 rose genotypes 

for all RGB-derived indices obtained from both side view (SV) and 

top view (TV) imaging under induced drought (ID) and well-

watered (WW) conditions (Supplementary Tables 1 and 2). In the 

SV images, a highly significant genotype × treatment (G × T) 

interaction (p<0.001) were observed for most basic RGB channels 

(R_SV, G_SV, B_SV) and their derived indices, including RGRI_SV, 

RBRI_SV, r_SV, g_SV, INT_SV, RMGI_SV, RMBI_SV, GMBI_SV, 

RGVI_SV, RBVI_SV, NRGI_SV, NRBI_SV, ExR_SV, ExG_SV, 

PCA1_SV, PCA2_SV, IPCA_SV, MGRVI_SV, RGBVI_SV, VARI_SV and 

Gray_SV, indicating strong genotype-specific responses across 

treatments. Moderate significance (p < 0.01) was recorded for 

NGBI_SV, while GBRI_SV, GBVI_SV and b_SV showed lower but 

still significant interactions (p ≤ 0.05), reflecting comparatively 

weaker sensitivity to treatment effects when captured from the 

side-view. 

 Similarly, in the TV images, most RGB-derived indices 

exhibited highly significant (p < 0.001) G × T interaction effects, 

confirming substantial genotypic variability in basic RGB color 

and derived indices under contrasting moisture regimes. Only 

RBRI_TV, RBVI_TV, NRBI_TV and PCA 1_TV showed moderate 

significance (p < 0.01), while all other indices including R_TV, 

G_TV, B_TV, RGRI_TV, GBRI_TV, r_TV, g_TV, b_TV, INT_TV, 

RMGI_TV, RMBI_TV, GMBI_TV, RGVI_TV, GBVI_TV, NRGI_TV, 

NGBI_TV, ExR_TV, ExG_TV, PCA2_TV, IPCA_TV, MGRVI_TV, 

RGBVI_TV, VARI_TV and Gray_TV were highly significant. 

Multivariate analyses 

Principal component analysis (PCA) 

PCA was performed to reduce dimensionality and explore trait 
patterns under WW and ID conditions. The first two components, 

PC1 and PC2, explained 48.4 % and 45.4 % of the total variation, 

Table 2. RGB-derived vegetation indices for both side view (SV) and top view (TV)  

Abbreviation Index Formula Reference 
R Red Channel R   
G Green Channel G   
B Blue Channel B   
RGRI Red Green Ratio Index R/G (20) 
RBRI Red Blue Ratio Index R/B (21) 
GBRI Green Blue Ratio Index B/G (22) 
r / NRI Normalized Red Index R/(R+G+B) 

(23) g / NGI Normalized Green Index G/(R+G+B) 
b / NBI Normalized Blue Index B/(R+G+B) 
INT Color Intensity (R + G + B)/3 (24) 
RMGI Red Minus Green Index R−G 

(25) 

RMBI Red Minus Blue Index R−B 
GMBI Green Minus Blue Index G−B 
RGVI Red Green Vegetation Index (R-G) / (R+G) 
RBVI Red Blue Vegetation Index (R-B) / (R+B) 
GBVI Green Blue Vegetation Index (G-B) / (G+B) 
NRGI Normalized Red-Green Index (R-G)/(R+G+B) 
NRBI Normalized Red-Blue Index (R-B)/(R+G+B) 
NGBI Normalized Green-Blue Index (G-B)/(R+G+B) 
ExR Excess Red Vegetation Index 1.4r - g (26, 27) 
ExG Excess Green Vegetation Index 2g − r − b (28) 

PCA 1 Principal Component Analysis 1 -0.977b + 0.916((G-B)/(G + B)) + 0.995((R-B)/(R + B)) + 0.771((R-G)/(R + 
G)) (29) 

PCA 2 Principal Component Analysis 2 0.999|R-B| + 0.92|G-B| + 0.886|R-G| 
IPCA Principal Component Analysis Index 0.994*|R − B|+ 0.961*|G − B|+ 0.914*|G − R| (30) 

MGRVI Modified Green Red Vegetation Index (G² − R²) / (G² + R²) 
(31) 

RGBVI Red Green Blue Vegetation Index (G² − (B × R)) / (G² + (B × R)) 
VARI Visible Atmospherically Resistant Index (G − R) / [(G + R) − B] (32) 
Gray Gray value 0.2898R + 0.5870G + 0.1140B (33) 
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respectively. The PCA biplot (Fig. 1) revealed a clear grouping of 

indices based on spectral behavior and physiological relevance. 

Indices such as ExG, g, RGBVI, Gray, GBVI, VARI, MGRVI, NGBI, RGVI, 

NRGI and RMGI loaded strongly on PC1 and were associated with 

plant greenness and vigor, especially under drought condition. In 

contrast, indices including RGRI, RMBI, R, ExR, r, NRBI, RBRI, RBVI, 

b, GBRI, INT and B aligned along PC2, representing traits linked to 

stress-induced reflectance changes and pigment degradation. 

Indices such as PCA-derived indices (PCA1, PCA2, IPCA) and GMBI 

showed intermediate loadings, indicating their ability to capture 

transition patterns between healthy and stressed conditions. 

Overall, PCA effectively differentiated drought-responsive features, 

facilitating the identification of key indices for stress phenotyping. 

Pearson correlation analysis 

Pearson’s correlation matrix (Fig. 2) revealed strong positive 

correlations (r > 0.80) among greenness-related indices such as 

RMGI, RGVI, NRGI, MGRVI, VARI, RGBVI, g and ExG, indicating their 

shared physiological basis associated with chlorophyll content and 

overall plant health. In contrast, indices such as r, b, GBRI, RGRI and 

ExR exhibited strong negative correlations (r < –0.70), reflecting their 

sensitivity to red and blue reflectance during stress condition. 

 

Fig. 2. Pearson correlation matrix of RGB-derived vegetation indices under well-watered (WW) and induced drought (ID) conditions. (Positive 
correlations are shown in red and negative correlations in blue. The color intensity and circle size represent the strength of the correlation 

coefficient (r), ranging from –1 to +1). 

Fig. 1. Principal Component Analysis (PCA) biplot illustrating the contribution of RGB-derived vegetation indices under well-watered (WW) and 
induced drought (ID) conditions.  
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PCA-based indices (PCA1, PCA2, IPCA) showed moderate 

correlations with several RGB-derived vegetation indices, 

underscoring their capacity to summarize multivariate spectral 

responses. Traits such as INT had lower correlations with other 

indices, indicating a limited contribution to genotype discrimination. 

Overall, the correlation analysis was effective in identifying groupings 

of co-responsive features for drought phenotyping. 

Multi-trait genotype-ideotype distance index (MGIDI) analysis 

The MGIDI analysis (Fig. 3) ranked the 28 genotypes based on their 

integrated RGB-derived vegetation indices under drought 

conditions. In this study, the ideotype configuration was defined 

using integrated RGB-derived vegetation indices, such that higher 

MGIDI values corresponded to genotypes exhibiting superior 

drought tolerance. Accordingly, genotypes such as G-23 (Queen 

Elizabeth), G-24 (Jwala), G-26 (Rosa chinensis), G-21 (Sylvia) and G-

27 (Rose Sherbet) exhibited enhanced adaptive responses to 

drought stress. In contrast, genotypes including G-17 (Rosa 

glutinosa), G-8 (Rosa multiflora), G-12 (Rosa brunonii), G-22 (Rosa 

chinensis ‘viridiflora’) and G-25 (Rosa slancensis) recorded lower 

MGIDI values, indicating greater sensitivity to drought stress. 

Integration of leaf wilting score with RGB traits 

Leaf wilting scores (LWS) varied significantly among genotypes 
under drought conditions, ranging from 0 to 5 (Fig. 4). No wilting 

symptoms were observed under WW conditions, confirming that 

LWS responded exclusively to induced drought stress. Genotypes 

such as G-21, G-23, G-26, G-2, G-24 and G-27 exhibited consistently 

low wilting scores (LWS ≤ 1), indicating superior maintenance of 

turgor and visual canopy integrity under water deficit condition. 

These observations complement RGB-derived vegetation indices 

and enhance the differentiation of genotypic responses to drought 

stress.  

 

 

 

Fig. 4. Leaf Wilting Score (LWS) of 28 rose genotypes under well-watered (WW) and induced drought (ID) conditions. 

Fig. 3. Multi-Trait Genotype-Ideotype Distance Index (MGIDI) plot based on RGB-derived vegetation indices under well-watered (WW) and 
induced drought (ID) conditions in 28 rose genotypes. 
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Discussion  

RGB-derived vegetation indices capture drought-responsive 

variation 

The significant variation among the 28 rose genotypes across all the 

RGB-derived vegetation indices demonstrates the strong potential 

of RGB imaging to capture genotype-specific drought responses. 

The highly significant genotype × treatment (G × T) interactions 

observed in both side-view (SV) and top-view (TV) imaging indicate 

that genotypes differ markedly in brightness and canopy color under 

drought stress. These variations correspond to physiological 

processes such as reduced chlorophyll content, altered pigment 

composition and early senescence, reflecting inherent physiological 

and genetic differences in drought tolerance that were effectively 

quantified using RGB-based phenotyping. Similar drought-

responsive behavior of RGB-derived vegetation indices has been 

reported in wheat (34), grapes (15), forage grasses (35) and pea and 

wheat (36), confirming their broad applicability across plant species. 

Multi-angle imaging enhances trait detection 

The distinct behavior of indices between SV and TV imaging 

emphasizes the importance of multi-angle phenotyping. In SV 

imaging, the highly significant interactions for basic RGB channels 

and their derived indices suggest strong sensitivity to drought-

induced physiological changes such as chlorophyll decline, leaf 

folding and wilting. In contrast, green-blue indices such as NGBI_SV, 

GBRI_SV, GBVI_SV and b_SV showed moderate or lower 

significance, likely reflecting their weaker responsiveness to lateral 

canopy changes or reduced sensitivity to pigment shifts from this 

angle. TV imaging exhibited even stronger sensitivity to drought-

related canopy changes, with nearly all indices showing highly 

significant G × T interactions. The top-view perspective captures the 

upper canopy, where early drought symptoms, such as reduced 

greenness, canopy thinning and pigment degradation are most 

evident. Only a few indices (RBRI_TV, RBVI_TV, NRBI_TV, PCA1_TV) 

showed moderate significance, indicating potential limitations of red

–blue indices or PCA based indices, which may be less influenced by 

treatment effects, possibly due to inherent limitations in their 

sensitivity to subtle pigment changes in roses.  

 Overall, the strong and consistent G × T interactions 
observed across imaging perspectives demonstrate that RGB 

phenotyping effectively captured drought-responsive traits in rose. 

The top-view appears more informative for detecting drought-

induced changes in leaf and canopy color, while the side-view 

provides complementary information from lateral canopy 

variations. This view-specific importance supports observations that 

multi-perspective imaging enhances phenotypic accuracy (37-39). 

RGB imaging complements traditional scoring 

The significant genotypic variation observed in Leaf Wilting Score 

(LWS) reflects physiological differences in drought tolerance among 

the rose genotypes. Genotypes with lower LWS exhibited higher 

greenness indices and lower red/blue reflectance-based indices, 

indicating healthier canopy condition under drought stress. These 

genotypes likely maintained higher leaf turgor, stronger root activity, 

or more efficient stomatal regulation, enabling them to delay visible 

wilting.  The absence of wilting under well-watered conditions 

reaffirms LWS as a drought-specific indicator. Although LWS is a 

valuable measure, it is subjective, labor-intensive and less suitable 

for large-scale screening. In contrast, RGB imaging provides a 

sensitive, quantitative and high-throughput assessment of drought-

induced changes in canopy color. The positive association between 

LWS and RGB-derived vegetation indices indicates that visual wilting 

assessments can be effectively supplemented or even replaced by 

high-resolution, non-destructive imaging methods (19). Genotypes 

such as G-21, G-23, G-26, G-2, G-24 and G-27, which maintained lower 

LWS (≤1), also ranked superior for RGB-derived vegetation indices, 

further validate the integration of traditional scoring with RGB 

phenotyping. Collectively, these findings highlight the potential of 

RGB-based phenotyping as a reliable proxy for LWS, reducing 

subjectivity and improving the efficiency and accuracy of drought 

tolerance screening in roses. 

Multivariate analysis strengthens trait selection 

PCA effectively separated vegetation indices based on physiological 

relevance. Greenness-related indices (e.g., ExG, g, RGBVI, Gray, GBVI, 

etc.) loaded strongly on PC1, affirming their association with 

chlorophyll content and canopy vigor. These indices are widely 

validated as indicators of biomass, photosynthetic capacity and 

plant health under stress conditions (40–44). In contrast, stress-

reflectance indices (e.g., RGRI, RMBI, R, ExR, r, etc.) aligned along PC2 

and showed enhanced reflectance due to pigment degradation 

during stress. The inclusion of PCA-derived composite indices (PCA1, 

PCA2, IPCA) further enabled dimensionality reduction while 

retaining key spectral information. This aligns with recent studies in 

forage grasses (35) that emphasize the utility of PCA in identifying 

core image-based traits responsive to environmental stress. The 

Pearson correlation matrix further strengthened these observations 

by revealing strong positive correlations (r > 0.80) among greenness 

indices and strong negative correlations (r < –0.70) among stress-

reflectance indices. The MGIDI analysis efficiently integrated multi-

trait RGB data into a single ranking index and produced a ranking 

framework for genotypes with higher adaptive features (45, 46). This 

confirms the utility of image-based MGIDI scoring as a comprehensive 

selection tool, aligning with breeding priorities and enabling high-

throughput identification of drought-tolerant genotypes.  

 

Conclusion  

The findings highlighted RGB-based high-throughput phenotyping 

as a rapid, non-destructive and cost-effective method for screening 

drought tolerance in rose genotypes. Significant variation was 

observed across all 56 RGB-derived vegetation indices, with 

several key indices accurately reflecting changes in plant vigor and 

pigment degradation under stress. Multivariate analyses identified 

drought-tolerant genotypes, including ‘Queen Elizabeth’, ‘Jwala’, 

Rosa chinensis, ‘Sylvia’ and ‘Rose Sherbet’. Overall, RGB imaging 

offers a robust and scalable tool for accelerating drought screening 

in rose breeding programs.    
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