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Abstract 24 

Potato (Solanum tuberosum L.) is a staple crop crucial to global food security, yet its 25 

production is severely threatened by late blight (LB), caused by Phytophthora infestans, one of the 26 

most destructive plant diseases worldwide. Breeding programs for LB resistance have traditionally 27 

relied on labor-intensive and subjective visual assessments, which limit scalability and 28 

consistency, particularly in early-generation trials. Unmanned aerial vehicle (UAV)-based remote 29 

sensing combined with machine learning (ML) offers a promising alternative for objective, high-30 

throughput disease phenotyping. This study evaluated the potential of UAV-derived multispectral 31 

imagery and ML techniques to estimate LB severity across large and genetically diverse potato 32 

breeding populations, comprising 2,745 clones in one trial and 492 accessions in another, 33 

conducted in Oxapampa, Pasco, Peru. We compared vegetation index–based approaches with a 34 

machine learning framework that integrates K-means clustering and Kernel Ridge Regression 35 

(KRR) and assessed their ability to capture genotypic variation and support selection decisions. 36 

NDVI consistently showed a strong correlation with visually assessed LB severity, particularly at 37 

advanced stages of disease development, enabling objective discrimination between healthy and 38 

diseased canopy tissues. However, the KRR-based approach outperformed linear NDVI-based 39 

models by capturing nonlinear relationships between spectral responses and disease progression. 40 

Estimates of LB severity derived from NDVI and KRR models, expressed as best linear unbiased 41 

estimates (BLUEs), showed strong and biologically consistent relationships with the area under 42 

the disease progress curve (AUDPC), particularly during later UAV acquisitions. Selection 43 

coincidence between UAV-derived estimates and AUDPC-based rankings was substantially 44 

higher at intermediate to advanced stages of disease progression, suggesting that UAV assessments 45 

at these stages may capture sufficient phenotypic variation to distinguish genotypes. These 46 
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findings indicate that UAV-based multispectral phenotyping, especially when integrated with ML, 47 

provides a practical and scalable approach for assessing LB severity in potato breeding programs 48 

while reducing the need for time-consuming field evaluations. 49 

 50 

Introduction 51 

Potato (Solanum tuberosum L.) is a staple crop of critical importance to global food security 52 

and is the most widely grown non-cereal crop worldwide [1,2]. Potatoes contribute significantly 53 

to caloric intake, nutrition, and rural income [3]. However, the constant threat of numerous 54 

diseases, particularly late blight (LB), poses a severe challenge to potato production [4,5]. The 55 

pathogen Phytophthora infestans (Mont.) de Bary is an oomycete that causes LB, a highly virulent 56 

disease that can devastate potato crops. Early-season infections can lead to significant yield losses 57 

of up to 80%. This results in substantial economic hardship for farmers who rely on this crucial 58 

crop, with annual losses estimated to be between 3 and 10 billion dollars [4,6,7]. The 59 

environmental, health, and financial implications of LB management further underscore the need 60 

for effective, sustainable solutions. LB spreads rapidly under optimum environmental conditions, 61 

especially at temperatures ranging between 10 and 23 °C and a relative humidity of more than 80% 62 

for 10 h daily [8–10]. It causes damage to foliage and tubers, which can lead to the loss of the 63 

entire crop within one week [11].  64 

Potato breeding programs play an important role in LB integrated management by 65 

developing varieties with disease resistance, hence reducing reliance on chemical controls, 66 

lowering production costs, and contributing to sustainable agriculture [12–14]. The breeding 67 

process typically relies on visual disease assessments under controlled infection conditions, in 68 

which trained experts evaluate disease progression across several genotypes [15,16]. These 69 
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assessments involved estimating the percentage of infected leaf area per plant, assuming that LB 70 

was the only foliar disease present in the experiment. However, this method is inherently labor-71 

intensive, time-consuming, and subject to observer bias, which limits its scalability and precision 72 

[17]. Furthermore, breeding programs targeting LB resistance face numerous challenges, including 73 

the need to test thousands of genotypes in early generation trials [18]. This large-scale phenotyping 74 

requires considerable human resources and incurs high costs due to the intensive, repeated manual 75 

assessments conducted throughout the growing season. Additionally, environmental variability 76 

and subjective assessment practices can introduce inconsistencies, complicating the accurate 77 

identification of resistant genotypes in different environments. These challenges underscore the 78 

need for alternative phenotyping approaches to increase consistency, scalability, and cost 79 

efficiency [19]. 80 

Advances in remote sensing offer potential solutions to these limitations in phenotyping. 81 

Remote sensing tools, including sensors mounted on unmanned aerial vehicles (UAVs), with 82 

improved spatial and temporal resolutions, now enable high-throughput, non-destructive data 83 

collection across extensive breeding plots [20,21]. These tools provide rapid and objective data on 84 

disease progression, enabling breeders to efficiently and at scale assess crop health. For example, 85 

RGB and multispectral images can be used to compute vegetation indices that are highly correlated 86 

with plant health indicators, providing an alternative approach to disease assessment [22]. The 87 

combination of multispectral imagery with machine learning (ML) and deep learning (DL) models 88 

enables the detection of complex disease-related patterns in large datasets, facilitating efficient 89 

disease detection and classification [17,23,24]. Thus, multispectral images acquired from UAVs, 90 

when integrated with ML algorithms, have become powerful tools for the classification, 91 

segmentation, and detection of plant diseases [17,23]. In potato disease phenotyping, particularly 92 
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for LB, UAV-based multispectral imaging and ML models have demonstrated promising results 93 

[17,25]. Despite these advancements, applying such tools to early-generation trials with several 94 

thousand genotypes remains challenging due to data-processing requirements and the need for 95 

consistent, reliable phenotyping. 96 

This study aimed to evaluate the potential of UAV-based imagery, along with vegetation 97 

index-based approaches and ML techniques, to assess LB severity across a large panel of early-98 

generation potato breeding trials. Specifically, the study’s objectives are as follows: i) to quantify 99 

the extent to which aerial phenotyping captures genetic variation in LB resistance, by comparing 100 

image-derived indicators with conventional field assessments across diverse genotypes; ii) to 101 

analyze the potential reduction of temporal assessments when UAV-based imagery is used to 102 

monitor genotypes' LB severity. We hypothesized that ML modeling can effectively capture 103 

nonlinear relationships in multispectral reflectance data obtained from aerial imaging and disease 104 

severity. This capability may enhance the screening process for LB resistance across a large panel 105 

of genotypes. As a result, ML could reduce the time required for numerous field assessments 106 

typically conducted through conventional phenotyping, especially during critical developmental 107 

stages.  108 

 109 

Materials and methods 110 

Study area 111 

Two potato trials were conducted in Oxapampa, Pasco, Peru (10.6039º S, 75.4153º W, 112 

1,827 m a.s.l.), with the first trial (Trial A) from September 24, 2019, to January 7, 2020, and the 113 

second trial (Trial B) from October 21, 2019, to February 11, 2020 (Fig 1). Oxapampa is a site 114 

with high LB disease pressure [26], characterized by a temperate, rainy, and very humid climate 115 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 9, 2026. ; https://doi.org/10.64898/2026.04.06.716456doi: bioRxiv preprint 

https://doi.org/10.64898/2026.04.06.716456
http://creativecommons.org/licenses/by/4.0/


6 
 

year-round, with minimum and maximum temperatures ranging from 11 to 17 °C and 25 to 29 °C, 116 

respectively, and annual precipitation between 1200 and 3000 mm [27]. In both trials, the 117 

minimum and maximum temperatures ranged from 8.6 to 16.2 °C and 18.9 to 27.0 °C, respectively, 118 

whereas the relative humidity ranged from 69.0 to 94.7% (S1 Fig). During the crop growing 119 

season, the total precipitation was 559.6 mm for Trial A and 894.7 mm for Trial B (S1 Fig). The 120 

soil had a loam texture (46, 37, and 17% of sand, silt, and clay, respectively) with phosphorus, 121 

potassium, and organic matter contents of 53.1 ppm, 235 ppm, and 4.55%, respectively, as 122 

determined by the Soil, Plant, Water, and Fertilizer Analysis Laboratory of the National Agrarian 123 

University-La Molina, Lima, Peru. 124 

 125 

 126 
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Fig 1. The study area. Location of the study area showing two potato trials in Oxapampa, Pasco, 127 

Peru: one including 2,745 clones with two replications over 0.9 ha (Trial A), and another involving 128 

492 accessions with three replications covering 0.3 ha (Trial B). 129 

 130 

Plant material and experimental design 131 

In Trial A, 2,745 potato clones were evaluated as part of the preliminary yield trials of 132 

cycle 2 of the CIP LB-resistant and heat-tolerant (LBHT) breeding pipeline using a 43×65 133 

resolvable row-column experimental design with two replications. In Trial B, a heterogeneous set 134 

of 492 potato accessions, comprising both diploid and tetraploid accessions from the CIP genebank 135 

core collection, was planted in a 12×41 row-column experimental design with three replications. 136 

In both trials, the plots consisted of single rows with five plants each, with a spacing of 0.3 m 137 

between plants and 0.9 m between plots. A common set of three varieties with known responses 138 

to LB—Amarilis (moderately resistant), Yungay (highly susceptible), and Kory (resistant)—was 139 

included in both trials as controls [15]. In Trial A, Amarilis and Yungay were replicated 34 times, 140 

whereas Kory was replicated 32 times. In Trial B, all three varieties were replicated 13 times each. 141 

Moreover, Yungay and Amarilis were planted around the field as “spreader rows” to allow for 142 

inoculum establishment and dissemination [28]. A description of the potato clones from Trials A 143 

and B is available in the CIP Dataverse repository [29,30]. 144 

Both trials were conducted according to standard agronomic practices [15] until all plants 145 

had emerged and grown sufficiently large for disease assessment, which was performed 40 days 146 

after planting (DAP). Consequently, to prevent early LB infection and before allowing natural LB 147 

infestation, fungicide Dithane M-45 WP NT (Mancozeb, BASF®, Peru) was applied preventively 148 

twice, at 80% and at full emergence. In both trials, fertilizers were applied at sowing at a rate of 149 
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200-180-160 kg ha-1 of N-P2O5-K2O, supplied as ammonium nitrate (238.3 kg), diammonium 150 

phosphate (373.5 kg), and potassium sulfate (305.4 kg). Additionally, 238.3 kg of ammonium 151 

nitrate was applied at 30 DAP (first hilling) to complete the remaining 50% of the required 152 

nitrogen. Potatoes were grown under rainfed conditions (S1 Fig), with total precipitation exceeding 153 

the 500 mm crop water requirement for 120-day potato crops [31]. 154 

 155 

Field late blight severity assessment, image acquisition, and 156 

preprocessing 157 

LB severity was assessed as the percentage of LB-infected foliar area per plant, visually 158 

estimated by trained experts assuming LB was the only foliar disease present in the plant, and 159 

recorded on a 0–100% scale in 5% increments [15]. LB severity assessments were conducted 160 

weekly at the plot level, comprising seven assessments in Trial A (starting at 41 DAP) and five 161 

assessments in Trial B (starting at 38 DAP). From these sequential assessments, disease 162 

development over time was quantified by calculating the Area Under the Disease Progress Curve 163 

(AUDPC) using the trapezoidal integration method [15,32]. 164 

Two UAV flights were conducted to acquire multispectral aerial images corresponding to 165 

two LB severity assessments: 64 and 86 DAP for Trial A, and 38 and 58 DAP for Trial B, 166 

respectively. These flights generated four datasets by combining LB severity observations with 167 

corresponding multispectral imagery. A RedEdge M camera (MicaSense, Seattle, USA) was 168 

mounted on a DJI Inspire 2 quadcopter (Shenzhen, China) to capture 16-bit images in five spectral 169 

bands: blue (475 ± 20 nm), green (560 ± 20 nm), red (668 ± 10 nm), red edge (717 ± 10 nm), and 170 

near-infrared (NIR; 840 ± 40 nm). The UAV flight plan was designed to ensure 75% overlap 171 

between images in both the frontal and lateral directions. Images were acquired at altitudes of 50 172 
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m in Trial A and 40 m in Trial B, resulting in spatial resolutions of 3.4 × 3.4 cm2 and 2.9 × 2.9 173 

cm2, respectively. Flights occurred between 11:00 and 14:00 h local time, when potato plants 174 

exhibit maximum non-photochemical quenching [33]. Images of a calibrated reference panel were 175 

acquired before and after each flight to convert the radiance measurements into reflectance values. 176 

The multispectral dataset was processed in Pix4Dmapper (Prilly, Switzerland) for radiometric 177 

correction, geometric alignment, and mosaicking, producing a five-band reflectance orthomosaic 178 

for each flight in both trials. 179 

 180 

Late blight severity estimation  181 

As a first step, reflectance orthomosaics from both trials were segmented using the 182 

Dzetsaka plug-in for QGIS, which implements a K-Nearest Neighbors (KNN) classifier [34]. The 183 

classifier was trained to label pixels and generate soil masks for each assessment date and trial; 184 

these masks were subsequently applied to produce orthomosaics containing only vegetation pixels 185 

from the potato plants. Subsequently, polygonal grids were created, labeled, and assigned to each 186 

plot according to the experimental design, resulting in 5,790 grids in Trial A and 1,476 grids in 187 

Trial B per dataset. Two methodologically distinct approaches were implemented to estimate LB 188 

severity (Fig 2): i) a vegetation-index-based linear regression approach applied at both the plot and 189 

pixel levels; and ii) a machine-learning-based approach that combines K-means clustering and 190 

Kernel Ridge Regression (KRR) using multispectral reflectance data. 191 

 192 
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 193 

Fig 2. Workflow of NDVI- and KRR-based LB severity estimation. Methodology workflow of 194 

the two approaches used in this study: (A) Estimation of late blight (LB) severity using linear 195 

regression based on vegetation indices, and (B) a regression-based LB severity prediction system 196 

using Kernel Ridge Regression (KRR) combined with K-means clustering. In approach B, a 197 

dataset composed of five-dimensional multispectral pixel samples is first processed using K-means 198 

clustering with 𝐾 centroids. This procedure generates a histogram vector with 𝐾 elements, which 199 

is then used as input to the KRR model to estimate LB severity. 200 

 201 

First approach: vegetation-index-based regression 202 

This approach comprised two key steps (Fig 2A): i) identifying the vegetation index that 203 

best represents LB severity assessments, and ii) classifying potato plant cover as LB-infected or 204 

healthy using a threshold criterion. First, the plot-level mean values of four widely used vegetation 205 

indices— the Normalized Difference Vegetation Index (NDVI; [35]), Normalized Difference Red 206 
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Edge (NDRE; [38]), Red Edge reflected band (RE), and Green Normalized Difference Vegetation 207 

Index (GNDVI; [39])—were computed for each LB severity observation dataset. These mean 208 

values were correlated with their corresponding LB severity assessments, and the vegetation index 209 

with the highest Pearson correlation coefficient (R) was selected as the “best” index for 210 

representing LB severity. Second, polygonal grids were used to crop the selected vegetation index 211 

images for each dataset. The resulting grid-based images were processed using a custom object-212 

detection algorithm developed in MATLAB [40]. This algorithm identifies clusters of pixels in 213 

each grid (plot), encloses them within rectangular regions, labels them, and extracts all the 214 

associated pixel values [41]. Subsequently, for each plot, the full range of vegetation index values 215 

(0–1) was evaluated in increments of 0.05. Each increment was used as a threshold to classify the 216 

pixels as either LB-infected (pixel value ≤ threshold) or healthy (pixel value > threshold). For each 217 

threshold, the ratio of LB-infected pixels to the total number of pixels within each polygonal grid 218 

was determined. These ratios were compared with their corresponding LB severity assessments, 219 

and the threshold yielding the highest R was selected as the “optimal” threshold for distinguishing 220 

LB-infected from healthy plant cover in each dataset. Finally, the ratio of LB-infected pixels at the 221 

optimal threshold was regressed against plot-level LB severity observations to derive linear 222 

regression models for each trial. Although all four datasets were analyzed, only the results at 86 223 

DAP for Trial A and 58 DAP for Trial B are presented in Fig 3C and Fig 3E, respectively, because 224 

only a limited number of LB–infected plants were identified during the first assessments in each 225 

trial. The same criterion was applied to the second approach as well. 226 

 227 
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 228 

Fig 2. Optimization and validation of NDVI and KRR-based models for LB severity. (A) 229 

Pearson correlation coefficient (R) between observed and predicted Late Blight (LB) severity 230 

across a range of NDVI thresholds for Trials A and B. (B) Selection of the optimal number of 231 

clusters (𝐾) in the K-means algorithm based on R2 values from linear regressions between 232 

observed and predicted LB severity using Gaussian kernel ridge regression (KRR) models during 233 

the training and validation stages for Trials A and B. (C) Linear regression between observed and 234 

predicted LB severity using the optimal NDVI threshold for Trial A (2,745 potato clones). (D) 235 
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Linear regression between observed and predicted LB severity using a Gaussian KRR model 236 

applied to the testing subset and the optimal K value for Trial A. (E) Same as panel C, but for Trial 237 

B (492 potato accessions). (F) Same as panel D but for Trial B. All analyses were conducted using 238 

data acquired at 86 Days After Planting (DAP) for Trial A and 58 DAP for Trial B. 239 

 240 

Second approach: machine-learning-based regression using multispectral 241 

reflectance data 242 

The proposed system was implemented in Python as a modular and customizable ML 243 

framework, comprising two interconnected subsystems, as described by [42] (Fig 2B). The first 244 

subsystem receives as input the set 𝑢, which contains L samples 𝑠𝑙 ∈ ℝ5, for all 𝑙 ∈ {1, 2, … , 𝐿}, 245 

where each 𝑠𝑙 represents a five-dimensional multispectral pixel extracted from the polygonal grid 246 

of a plot (𝑢) in which LB severity observations (𝑦) were performed. The input set 𝑢 is then 247 

processed through the prediction stage of a K-means clustering algorithm [43], using 𝐾 centroids. 248 

Subsequently, a histogram of the input samples 𝑠𝑙 is constructed based on the centroids 𝑐𝑘 ∈ ℝ5, 249 

for all 𝑘 ∈ {1, 2, … , 𝐾}. This procedure yields a histogram vector 𝑥 ∈ ℝ𝐾, whose elements sum to 250 

1. The K-means model was fitted as described below. Finally, the vector 𝑥 is used as input to the 251 

second subsystem, a Gaussian kernel ridge regression model [44,45], which outputs a prediction 𝑦 252 

∈ ℝ, representing the estimated LB severity of the multispectral five-dimensional pixel set 𝑢.  253 

 254 

K-means clustering and histogram-based analysis. 255 

To apply the K-means algorithm, this must first be fitted to identify the 𝐾 centroids 𝑐𝑘 ∈256 

ℝ5, for all 𝑘 ∈ {1,2, … , 𝐾}. For this purpose, the M sets 𝑢𝑚, for all 𝑚 ∈ {1,2, … , 𝑀} in the 257 

dataset—where M denotes the number of plots—are combined into a single set of elements in ℝ5. 258 
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The K-means algorithm is then applied to this unified set to determine all centroids 𝑐𝑘. These 259 

centroids are subsequently used in a manner like a bag-of-words system. Each set of pixels 260 

corresponding to plot 𝑚 (𝑢𝑚) is encoded using this “alphabet” of 𝐾 centroids, such that each 261 

element of 𝑢𝑚 is assigned to the nearest centroid to create a frequency histogram. The histogram 262 

is normalized so that its elements sum to 1, resulting in a vector 𝑥𝑚 ∈ ℝ𝐾, which represents the 263 

coded version of the set 𝑢𝑚. This procedure is particularly important because each set 𝑢𝑚 may 264 

contain a different number of samples (𝐿𝑚 ∈ ℤ); however, the output of this subsystem always 265 

returns a fixed-size vector 𝑥𝑚 of length 𝐾, independent of the number of pixels in 𝑢𝑚. For each 266 

dataset (64 and 86 DAP for Trial A, and 38 and 58 DAP for Trial B), an analysis was performed 267 

to determine the optimal value of 𝐾 by evaluating values ranging from 32 to 128 in increments of 268 

8. The optimal 𝐾 value was selected as the value that maximizes the R² score during the validation 269 

stage of training a Gaussian kernel ridge regression model, as described below.  270 

 271 

Gaussian kernel ridge regression model.  272 

A kernel ridge regression (KRR) model was implemented using a Gaussian kernel (Radial 273 

Basis Function) [44,45]. The objective was to find the weight vector (𝑤) that minimizes the cost 274 

function 𝐿𝛼,𝛾(𝑤), given the hyperparameters 𝛼 and 𝛾: 275 

 276 

𝐿𝛼,𝛾(𝑤) =∥ 𝑦 − Φ̂𝛾(𝑋)𝑇𝑤 ∥2+ 𝛼  ∥ 𝑤 ∥2 (1) 277 

where Φ̂𝛾(𝑋) is the vectorial function that generates the kernel matrix 𝐾̂ = Φ̂𝛾(𝑋)𝑇Φ̂𝛾(𝑋), 278 

constructed using a radial basis function with parameter 𝛾. The vector 𝑦 contains all target values 279 

𝑦𝑚, for all 𝑚 ∈ {1,2, … , 𝑀}, while the matrix 𝑋 includes all input samples 𝑥𝑚
𝑇 , with each sample 280 

represented as a row. Each dataset was split into two subsets: 80% for training and validation and 281 
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20% for testing. For the training and validation subsets, a 5-fold cross-validation procedure was 282 

applied, with four folds used for training and the fifth for validation, yielding five different 283 

combinations. After this process, the R2 score was calculated for each validation fold, and the mean 284 

validation R2 was computed for each model. This value was used to optimize α (regularization 285 

term), γ (kernel width), and K (K-means) through a grid search that maximized the mean validation 286 

R2.  287 

 288 

Linear mixed model and rank-based selected coincidence analysis 289 

To perform fair trial-level comparisons among genotypes, a linear mixed model was used 290 

to extract the best linear unbiased estimator (BLUE), which represents the adjusted genotype 291 

means accounting for trial design and environmental effects. The BLUEs were determined for the 292 

raw plot-level AUDPC and LB severity estimated using normalized difference vegetation index-293 

based linear regression (LBLR) and kernel ridge regression-based machine-learning models 294 

(LBKRR). Thus, separate linear fixed models were fitted for Trials A and B, using the “statgenSTA” 295 

R package [46].  296 

𝑌𝑖𝑗𝑘𝑙 = µ +  𝐺𝑖 + 𝑅𝑗 + 𝐹𝑘  +  𝐶𝑙 + 𝜀𝑖𝑗𝑘𝑙        (2) 297 

where 𝑌𝑖𝑗𝑘𝑙 is the performance of the ith genotype in the jth replication located in the kth row and lth 298 

column. µ is the overall mean, 𝐺𝑖 is the fixed effect of the ith genotype, while 𝑅𝑗 (jth replication 299 

effect), 𝐹𝑘 (kth row effect), and 𝐶𝑙 (l
th column effect) were treated as random effects to account for 300 

spatial variability. 𝜀𝑖𝑗𝑘𝑙 is the error term associated with each 𝑌𝑖𝑗𝑘𝑙. 301 

Later, Spearman’s rank correlation was used to assess the relationship between BLUEs of 302 

AUDPC and BLUEs of estimated LB severity (LBLR and LBKRR). Kernel density distributions of 303 

standardized BLUE values (z-scores) were computed using the “stats” package in R to visualize 304 
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and compare distribution patterns between AUDPC and model-estimated LB severity. 305 

Furthermore, the percentage of selected coincidence (SC) between AUDPC- and LB-based 306 

rankings within the top 10%, 20%, and 30% of clones ranked by AUDPC was calculated 307 

comparing the selections from both rankings. This analysis was conducted for both UAV 308 

assessment dates to determine whether a single time-point estimate of LB severity could provide 309 

comparable genotype rankings to those obtained with the integrative AUDPC indicator for early 310 

breeding selection.  311 

 312 

Model performance evaluation  313 

Model performance was evaluated by comparing observed and estimated LB severity 314 

values using R2 and the Root Mean Square Error (RMSE). All statistical analyses were performed 315 

using the R programming language [47]. 316 

 317 

Results 318 

Estimation of late blight severity using vegetation indices 319 

NDVI was the most representative vegetation index for assessing plot-level LB severity, 320 

exhibiting the strongest correlation with LB severity across almost all datasets (-0.55 to -0.86, p < 321 

0.001), except at 38 DAP in Trial B (Table 1). GNDVI and RE ranked second in Trials A and B, 322 

respectively, across both assessment dates (Table 1). Overall, plot-level NDVI showed stronger 323 

correlations with LB severity in the second assessment (-0.41 to -0.86) than in the first assessment 324 

(-0.18 to -0.55) (Table 1). Sweeping NDVI thresholds produced bell-shaped response curves 325 

relating NDVI threshold values to the correlations between threshold-based LB severity estimates 326 

and observed ones, with correlation values ranging from 0.21 to 0.76 in Trial A and from 0.35 to 327 
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0.90 in Trial B (Fig 3A). The strongest correlations were found at NDVI thresholds of 0.60 for 328 

Trial A and 0.55 for Trial B, both during the second assessment (Fig 3A). Linear regression 329 

between genotype-level observed LB severity and severity estimated using optimal NDVI 330 

thresholds showed contrasting performances across trials and assessment dates (Fig 3C, E). In 331 

Trial A, model performance was weak at 64 DAP (R2 = 0.19, p < 0.001; RMSE = 15.5%) but 332 

improved at 86 DAP (R2 = 0.65, p < 0.001; RMSE = 39.2%). In Trial B, the model performance 333 

showed a similar pattern, being weak at 38 DAP (R2 = 0.23, p < 0.001; RMSE = 47.8) and 334 

substantially stronger at 58 DAP (R2 = 0.89, p < 0.001; RMSE = 11.9%). 335 

 336 

Table 1. Pearson correlation (R) values between mean vegetation indexes—Normalized 337 

Difference Vegetation Index (NDVI), Green Normalized Difference Vegetation Index (GNDVI), 338 

Red Edge reflected (RE), and Normalized Difference Red Edge (NDRE)—and Late Blight severity 339 

observations from Trials A (1,476 plots) and B (5,490 plots). Asterisks (*) indicate statistically 340 

significant correlations at p < 0.001. DAP = Days after planting. 341 

Vegetation  

Index 

Trial A  Trial B  

64 DAP 86 DAP 38 DAP 58 DAP 

NDVI -0.55 * -0.86 * -0.33 * -0.60 * 

GNDVI -0.51 * -0.64 * -0.22 * -0.41 * 

RE -0.40 * -0.57 * -0.37 * -0.46 * 

NDRE -0.50 * -0.54 * -0.18 * -0.45 * 

 342 

Estimation of LB severity from multispectral reflectance data using 343 

clustering and KRR 344 
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The optimal number of clusters (𝐾) varied across trials and assessment dates (Table 2, Fig 345 

3B). In Trial A, the highest performance was achieved with 𝐾 = 96 at 64 DAP and 𝐾 = 88 at 86 346 

DAP, whereas in Trial B, the highest performance was obtained with 𝐾 = 104 at 38 DAP and 𝐾 = 347 

96 at 58 DAP (Table 2, Fig 3B). Overall, KRR models showed stronger predictive performance at 348 

the second assessment date, characterized by smaller values of the hyperparameters α and without 349 

pattern in the hyperparameter γ (Table 2). In Trial A, the model performed better at 86 DAP (R² = 350 

0.80, p < 0.001; RMSE = 6.6%) than at 64 DAP (R² = 0.46, p < 0.001; RMSE = 4.8%). In Trial B, 351 

the model performance was lower at 38 DAP (R² = 0.46, p < 0.001; RMSE = 5.6%) and higher at 352 

58 DAP (R² = 0.88, p < 0.001; RMSE = 7.9%) (Table 2, Fig 3D, F). 353 

 354 

Table 2. Tuned hyperparameters—number of centroids (K), regularization term (α), and kernel 355 

width (γ)—of the combined K-means clustering and Kernel Ridge Regression model, and 356 

regression metrics—coefficient of determination (R2) and root mean square error (RMSE)—357 

comparing model-estimated and observed late blight severity in two large potato breeding trials. 358 

Asterisks (*) indicate statistically significant correlations at p < 0.001. DAP = Days after planting. 359 

Parameters 

and metrics 

Trial A Trial B 

64 DAP 86 DAP 38 DAP 58 DAP 

K 96 88 104 96 

α 0.0608 0.0025 0.1155 0.0608 

γ 2.6567 0.6199 5.3210 8.9340 

R2 0.46 (*) 0.80 (*) 0.46 (*) 0.88 (*) 

RMSE 4.8 % 6.6 % 5.6 % 7.9 % 

 360 

Relationship between AUDPC and estimated LB severity 361 

A wide range of disease susceptibility levels was observed across genotypes in both trials, 362 

with BLUEs of AUDPC ranging from 24.1 to 2007.0%-days in Trial A and from 32.2 to 2322.8%-363 
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days in Trial B (Fig 4). The kernel density distributions of BLUEs of LBLR and LBKRR generally 364 

followed the AUDPC distribution across trials, although model-based estimates showed narrower 365 

spreads and slight shifts relative to AUDPC, particularly in the second assessment of Trial B (Fig 366 

S3). During the first UAV assessment, BLUEs of model-based LB severity estimates were 367 

relatively low for most genotypes, particularly in Trial A, resulting in a weaker association with 368 

AUDPC (Spearman’s coefficient ranging from 0.311 to 0.707) (Fig S2). In the second UAV 369 

assessment, BLUEs of LB severity showed a more homogeneous distribution across low, 370 

intermediate, and high values, resulting in stronger correlations with AUDPC (Spearman’s 371 

coefficient ranging from 0.774 to 0.895) (Fig 4). The percentage of SC between AUDPC- and LB-372 

based rankings was lower during the first UAV assessment, ranging from 17.1% to 48.1% in Trial 373 

A and from 46.8% to 70.5% in Trial B, depending on the selection intensity and LB estimation 374 

method (Fig S2). In contrast, substantially higher SC values were observed in the second UAV 375 

assessment, ranging from 47.6% to 77.4% in Trial A and from 80.9% to 91.5% in Trial B (Fig 4). 376 

Overall, LB estimates obtained with KRR showed better performance in selecting top-ranked 377 

genotypes across assessment dates and selection intensities (Figs S2 and 4). 378 

 379 
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 380 

Fig 4. BLUEs of AUDPC vs. UAV-based LB severity estimates. Best linear unbiased estimators 381 

(BLUEs) of the area under the disease progress curve (AUDPC) versus BLUEs of estimated late 382 

blight (LB) severity in large potato breeding trials. LB severity was estimated by two approaches: 383 

normalized difference vegetation index-based linear regression (LBLR; panels (A) and (B)) and 384 

kernel ridge regression-based machine-learning models (LBKRR; panels (C) and (D)). Panels (A) 385 

and (C) show results for 2,745 clones (Trial A) evaluated at 86 days after planting (DAP), whereas 386 

panels (B) and (D) show 492 accessions (Trial B) evaluated at 58 DAP. Red symbols (with 387 

A=Amarilis, K=Kori, and Y=Yungay common to both trials) and green symbols represent check 388 

and parent varieties, respectively. SC10, SC20, and SC30 denote the percentage of selected 389 

coincidence between AUDPC- and LB-based rankings within the top 10%, 20%, and 30% of 390 

clones ranked by AUDPC. 391 

 392 

Among the checks cultivars, Amarilis and Yungay consistently exhibited high BLUEs of 393 

AUDPC across both trials, with values ranging from 1,071.7 to 1,296.1 % -days in Trial A and 394 

from 1,456.1 to 1,578.2 % -days in Trial B. Consistent with these high disease progress values, 395 
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both cultivars also showed elevated BLUEs of LB severity, as estimated from NDVI (70.5 to 73.2 396 

% in Trial A and 81.7 to 92.8 % in Trial B) and KRR-based models (85.7-87.4 % in Trial A and 397 

83.1-90.3 % in Trial B), in agreement with their known susceptibility profiles. In contrast, the 398 

resistant cultivar Kory consistently displayed low BLUEs of AUDPC in both trials, with values of 399 

473.7 %-days in Trial A and 336.0 %-days in Trial B. Correspondingly, BLUEs of LB severity 400 

were markedly lower, ranging from 2.8% (NDVI-based) and 53.0% (KRR-based) in Trial A to 401 

1.0% (NDVI-based) and 22.0% (KRR-based) in Trial B (Fig 4), reinforcing its comparatively 402 

resistant response. 403 

 404 

Discussion 405 

UAV-based remote sensing combined with K-means-KRR improves 406 

late blight severity estimation over NDVI-based models 407 

Late blight progresses through two distinct phases: an initial biotrophic phase involving 408 

physiological changes, mainly chlorophyll reduction [48–50], without visible symptoms [51], and 409 

a subsequent necrotrophic phase characterized by structural tissue damage, including cell wall 410 

degradation [52,53] and membrane disruption [54–57]. These biochemical and structural 411 

modifications directly alter the canopy's spectral reflectance properties, making remote sensing a 412 

viable approach for detecting and quantifying disease severity. Spectral reflectance in the near-413 

infrared (NIR) region is primarily governed by the internal leaf structure and dry matter content, 414 

including proteins, lignin, and cellulose [58,59], whereas chlorophyll degradation predominantly 415 

affects reflectance in the blue and red absorption bands [38,60]. Consequently, vegetation indices 416 

that combine NIR with blue or red spectral bands, such as NDVI, enhance the remote detection of 417 
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LB symptoms across both biotrophic (early) and necrotrophic (advanced) stages. Consistent with 418 

this principle, NDVI showed strong associations with LB severity in this study. The identification 419 

of threshold values (0.6 and 0.55) enabled objective classification of healthy and diseased canopy 420 

tissues across assessment periods. Similar threshold-based approaches have proven effective for 421 

disease severity detection in several crops [61–64], supporting the robustness of vegetation index-422 

derived metrics for plant disease monitoring. 423 

Beyond vegetation indices, integrating K-means clustering with Kernel Ridge Regression 424 

provided a scalable framework for estimating LB severity across large breeding trials. Clustering 425 

allowed heterogeneous pixel distributions to be summarized into fixed-length representations, 426 

facilitating high-throughput phenotyping across variable canopy structures [65]. The KRR-based 427 

model for estimating LB severity (LB-KRR) further captured nonlinear relationships within 428 

multispectral reflectance data, leading to consistently improved predictive performance relative to 429 

NDVI-based linear models [66,67]. Fine-tuning key hyperparameters enhanced the model’s 430 

sensitivity to both early physiological changes and severe late-stage damage. As a result, the LB-431 

KRR approach achieved superior predictive performance during early assessments in both trials, 432 

whereas at later stages, improvements were primarily reflected in reduced RMSE, indicating 433 

enhanced plot-level prediction precision. 434 

 435 

Robust ML performance under breeding-scale conditions 436 

A key contribution of this study lies in the scale at which ML–based LB severity estimation 437 

was evaluated. While previous studies using UAV imagery and advanced ML or deep learning 438 

models have reported high predictive performance, they have generally been limited to small 439 

experimental populations (typically fewer than 15 genotypes) [17,25,68,69] constraining their 440 
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transferability to breeding-scale applications. In contrast, the present study evaluated ML–based 441 

disease severity estimation across large, genetically diverse populations comprising 2,745 clones 442 

in Trial A and 492 accessions in Trial B. This scale introduces substantial variability—such as 443 

heterogeneous canopy architectures, differential disease progression, and variable spectral 444 

responses across genotypes—that is rarely addressed in literature. Despite these challenges, the K-445 

means–KRR framework maintained robust predictive performance, highlighting its scalability and 446 

suitability for early-generation breeding pipelines characterized by large populations and high 447 

phenotypic diversity. 448 

 449 

UAV-based methods can complement and, in specific contexts, 450 

partially replace repeated visual assessments 451 

Conducting UAV-based phenotyping across multi-environment breeding trials introduces 452 

logistical constraints that can affect both data availability and model performance. Coordinating 453 

flights across locations requires suitable weather conditions, trained personnel, and available 454 

equipment, which often limit the number and timing of image acquisitions during the growing 455 

season. Similar challenges have been reported in large-scale UAV phenotyping studies [70–72]. 456 

Nevertheless, in breeding programs screening hundreds or thousands of genotypes, the primary 457 

objective is often to achieve high selection accuracy through reliable ranking of genotypes to 458 

prioritize promising clones for subsequent evaluation stages [73], rather than to obtain a precise 459 

quantification of LB severity. In this context, defining the optimal number and timing of UAV 460 

acquisitions becomes critical. Disease progression, canopy development, and environmental 461 

conditions strongly influence the spectral expression of plant stress and, in turn, the detectability 462 

of disease using optical sensors [62,74]. Evaluating the contribution of individual UAV 463 
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acquisitions across environments and disease stages is therefore essential to identify the most 464 

informative phenotyping windows. In this study, UAV flights conducted during intermediate to 465 

advanced stages of LB disease progression (e.g., the second flight) provided the most relevant 466 

information for genotype ranking and selection decisions. The high coincidence observed for the 467 

top 10% of genotypes (SC10 = 65.4% in Trial A and 87.2% in Trial B with KRR) indicates that a 468 

limited number of acquisitions—and potentially even a single well-timed flight—can approximate 469 

AUDPC-based selections while reducing the need for repeated field assessments. 470 

Early-generation trials typically involve large populations, limited replication, and high phenotypic 471 

variability, making precise manual assessments challenging [73]. Given these conditions, the 472 

predictive performance observed in this study—although variable across environments and 473 

assessment dates—appears sufficient to support early-stage selection by enabling the identification 474 

of highly susceptible genotypes and prioritizing promising clones for further evaluation. 475 

Consistent with previous high-throughput phenotyping studies, even moderate prediction 476 

accuracies can contribute to genetic gain by enabling the screening of much larger breeding 477 

populations [75]. Furthermore, because visual assessments are often subject to observer bias and 478 

inconsistency across environments, UAV-derived estimates—even when moderately correlated—479 

can improve the objectivity and efficiency of selection. When integrated with efficient data-480 

processing pipelines, these UAV-derived phenotypes can provide timely and objective information 481 

that complements genomic-assisted breeding strategies and enhances selection efficiency in large-482 

scale breeding programs [76]. 483 

 484 

Conclusion 485 
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UAV-based multispectral imaging provides a viable approach for estimating late blight 486 

severity under breeding field conditions, capturing biologically meaningful variation across large 487 

and genetically diverse populations, including 2,745 clones and 492 accessions. While NDVI 488 

offers a simple and effective baseline for disease detection, the integration of K-means clustering 489 

and kernel-based regression improves the representation of spectral–disease relationships by 490 

capturing nonlinear patterns, resulting in more accurate severity estimation and genotype ranking. 491 

When expressed as BLUEs, UAV-derived estimates showed strong and biologically consistent 492 

relationships with AUDPC and achieved higher selection coincidence, particularly at intermediate 493 

to advanced stages of disease development. These findings indicate that image-based phenotyping 494 

can reliably support genotype ranking for selection, especially when acquisitions are conducted at 495 

appropriate disease stages. Overall, UAV-based phenotyping represents a scalable and practical 496 

complement to conventional late blight assessments in early-generation breeding trials, where 497 

large population sizes limit precise manual evaluation. Future work should focus on optimizing 498 

acquisition strategies and evaluating their impact on selection decisions across diverse 499 

environments. 500 

 501 
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Supporting information 718 

 719 

S1 Fig. Weather conditions during potato trials and UAV acquisitions. Weather conditions in 720 

the study area of Oxapampa, Peru (September 2021–February 2022). Minimum (blue lines) and 721 

maximum (red lines) temperatures are on the left y-axis, while precipitation (PP, cyan bars) and 722 

relative humidity (RH, black dotted lines) are on the right. Vertical green and orange dashed lines 723 
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mark planting and harvest for the first (A) and second (B) trials. Red arrows indicate the two 724 

unmanned aerial vehicle flight dates for multispectral imagery acquisition. 725 

 726 

S2 Fig. AUDPC vs. NDVI- and KRR-based LB severity: implications for selection. Best linear 727 

unbiased estimators (BLUEs) of the area under the disease progress curve (AUDPC) versus 728 

BLUEs of estimated late blight (LB) severity in large potato breeding trials. LB severity was 729 

estimated by two approaches: normalized difference vegetation index-based linear regression 730 

(LBLR; panels (A) and (B)) and kernel ridge regression-based machine-learning models (LBKRR; 731 

panels (C) and (D)). Panels (A) and (C) show results for 2,745 clones (Trial A) evaluated at 64 732 

days after planting (DAP), whereas panels (B) and (D) show 492 accessions (Trial B) evaluated at 733 

38 DAP. Red symbols (with A=Amarilis, K=Kori, and Y=Yungay common to both trials) and 734 

green symbols represent check and parent varieties, respectively. SC10, SC20, and SC30 denote 735 

the percentage of selected coincidence between AUDPC- and LB-based rankings within the top 736 

10%, 20%, and 30% of clones ranked by AUDPC. 737 

 738 

S3 Fig. Density distributions of AUDPC and LB severity estimates. Kernel density 739 

distributions of standardized values (z-scores) of best linear unbiased estimators (BLUEs) of the 740 

area under the disease progress curve of late blight (AUDPC; light blue) and the BLUEs of late 741 

blight severity estimated using normalized difference vegetation index-based linear regression 742 

(LBLR; green) and kernel ridge regression-based machine-learning models (LBKRR; pink). Panels 743 

(A) and (C) show results for 2,745 clones (Trial A) evaluated at 64 and 86 Days After Planting 744 

(DAP), and panels (B) and (D) for 492 accessions (Trial B) evaluated at 38 and 58 DAP. 745 

 746 
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