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31 Abstract

32 Segmentation of hyperspectral image data is a well-established 
33 technique in remote sensing. While it is commonly applied to individual 
34 field crops, its use for individual trees is less prevalent. Conifers are 
35 crucial in forestry, and assessing physiological status, or genetic 
36 diversity is required for effective early-age treatment in nurseries and 
37 hyperspectral imaging (HSI) combined with high-throughput 
38 phenotyping (HTP) offers faster and non-destructive evaluation. NDVI-
39 based thresholding is sufficient for detection of leaves with large 
40 projection areas, but needles of conifers present challenges due to 
41 spatial resolution constraints and increased proportion of border pixels. 
42 This study monitored the offspring of three locally adapted Scots pine 
43 (Pinus sylvestris L.) populations, representing distinct upland and 
44 lowland ecotypes. This study presents a hyperspectral image processing 
45 pipeline for segmenting and isolating individual Scots pine seedlings. 
46 Using a K-means algorithm, 23 hyperspectral centroids were 
47 successfully derived and subsequently classified into ten biologically 
48 distinct groups. Random forest classification model effectively 
49 differentiated Scots pine seedlings based on origin during water stress 
50 and recovery periods. This study highlights the potential of 
51 hyperspectral imaging and machine learning in evaluating the 
52 physiological state of conifer seedlings, demonstrating promising 
53 applications in forest tree physiology research and tree breeding.

54 Keywords: Conifers, Phenotyping, Needle segmentation, Controlled 

55 environment, Water stress

56 Abbreviations: 
57 DAT: Days After Transplantation
58 SRWC: Soil Relative Water Content
59 HSI: Hyperspectral Imaging
60 VI: Vegetation Index
61 PCA: Principal Component Analysis
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62 LDA: Linear Discriminant Analysis
63 RF: Random Forest

64 1. Introduction
65 In forestry, Scots pine (Pinus sylvestris L.), a widely distributed pioneer 

66 species [1] known for its drought tolerance [2], serves as a key model for 

67 studying adaptation and resilience [3] to changing climatic conditions [4]. 

68 However, evaluating physiological traits in conifer seedlings presents unique 

69 challenges due to their complex morphology, particularly the segmentation of 

70 needle projection areas in imaging datasets. 

71 This issue becomes even more critical when employing advanced 

72 technologies like hyperspectral imaging (HSI), which relies on precise 

73 extraction of spectral and spatial information to analyze small plant projection 

74 areas. HSI integrates spectral information across multiple wavelengths with 

75 imaging technology, forming a hyper-cube that captures both spectral and 

76 spatial characteristics of the object. However, the link between optical 

77 properties and physiological status is complex, and interpreting these signals 

78 often requires careful consideration of underlying biological processes [5]. 

79 HSI has achieved significant success in broader forestry applications, 

80 including identifying pathogens [6–10], monitoring pollution-induced stress 

81 [11–14], tracking phenological development [15] and distinguishing 

82 provenances [16, 17]. Additionally, it has been utilized at the individual 

83 seedling level for tasks such as disease detection [18, 19], chlorophyll and 

84 water content estimation [20], phenotyping stress-tolerant traits [5, 21, 22], 

85 and assessing the spatial distribution of needle chemical composition [23]. 

86 HSI has succesfully identified genetic differences in reflectance across 
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87 evergreen and deciduous species  [16, 17]  [24] as well as within Scots pine 

88 [25, 26]. 

89 Vegetation indices are frequently used for HSI segmentation, an 

90 approach that is particularly effective for plant organs and canopies with 

91 substantial projection areas [27, 28]. These multispectral indices can capture 

92 phenology dynamics, genetic differentiation and climate adaptation patterns 

93 at the canopy scale in conifer trees [29, 30]. However, in conifer seedlings, 

94 with regard to needle projection area, HSI requires a sophisticated and 

95 precise segmentation approach, as presented for pine [19, 22, 23] and Chinese 

96 fir seedlings by [20]. However, the challenging segmentation of small plant 

97 projection areas obstructs its utility for distinguishing specific features such 

98 as ecotypic variation in conifer seedlings.

99  High-throughput phenotyping (HTP) enables rapid, non-destructive 

100 measurement of plant physiological traits using automated optical sensors. 

101 This approach has already proven effective in our previous work for detecting 

102 drought-induced variation in Scots pine seedlings, demonstrating its 

103 relevance and potential for advanced early-age phenotyping in conifers [31]. 

104 Despite the promise of  HTP systems for efficient trait assessment [32–34]; 

105 their integration with HSI for individual seedlings evaluation remains 

106 underdeveloped. Accurate segmentation is particularly important for precise 

107 monitoring of water stress and recovery, where rich spectral data can reveal 

108 critical physiological and adaptive traits. However, there is still a lack of 

109 robust methodologies specifically designed for the segmentation of individual 

110 conifer seedlings. This methodological gap is particularly critical given the 
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111 small surface area of needles and the complex three-dimensional architecture 

112 of conifer seedlings.

113 In this study, a question related to the use of HSI in Scots pine seedlings, 

114 has been addressed:  Can hyperspectral imaging (HSI) accurately classify 

115 ecotypic variation in Scots pine seedlings during periods of water stress and 

116 recovery? To address the question, this study focuses on developing a robust 

117 HSI-based pipeline for Scots pine seedling analysis, which tackles the 

118 segmentation problem as a primary goal.  In the current study, we aimed to 

119 differentiate among the three populations rather than to test pairwise 

120 differences, as was done by Stejskal et al.  [25].

121 Furthermore, the accurate segmentation of small projection areas is 

122 expected to enhance the ability to detect drought stress and to differentiate 

123 among locally adapted populations. Thus, we developed a classification model 

124 to account for the biological significance of each spectral cluster to 

125 discriminate Scots pine seedlings based on their progeny origin and 

126 physiological response to drought stress.  By integrating HSI with machine 

127 learning and HTP, this study introduces a novel approach to addressing the 

128 critical segmentation problem, thereby facilitating the use of advanced 

129 imaging techniques in forest ecophysiology and tree improvement programs.

130 2. Materials and Methods

131 2.1 Experimental Design

132 Seed material comprised progeny from three seed orchards in the Czech 

133 Republic, representing lowland and upland Scots pine ecotypes. The lowland 

134 ecotypes originated from the Plasy orchard (49°90’87’’N, 13°44’27’’E) and the 
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135 Trebon orchard (49°01’66’’N, 14°82’47’’E), while the upland ecotype 

136 originated from the Decin orchard (50°81’91’’N, 14°11’72’’E). The sample 

137 sizes included 303 and 299 individuals from the Plasy and Trebon orchards, 

138 respectively, and 189 individuals from the Decin orchard. Two years old 

139 seedlings from these three seed orchards represented three locally adapted 

140 populations with distinct ecological and geographical origins [35]. During the 

141 first growing season, the seedlings were cultivated in a common environment 

142 of planters in a nursery, for details see [25]. In the following year during 

143 February (before the beginning of the 2nd growing season) seedlings were 

144 transplanted into 270 5-litre pots with three individuals representing one of 

145 the three populations per pot. Since fewer seedlings from the seed orchard in 

146 Decin were available, some pots were filled with only two seedlings, 

147 originating from the seed orchards in Trebon and Plasy. To prevent the 

148 overlapping of three individuals within the pot, skewers were used to divert 

149 overlapping seedlings. The pots were filled with a mixture of 4.1 kg of Profi-

150 substrat (Gramoflor GmbH & Co. KG, Campemoor 2, Germany) and river sand 

151 (1:1 ratio). Plants were acclimated in semi-controlled greenhouse conditions 

152 for one week. Cultivation took place over 164 days (from February 21 to 

153 August 3, 2022) in semi-controlled greenhouse conditions. After the first 44 

154 days of acclimation (from February 21 to April 7), 405 individuals underwent 

155 84 days of drought treatment (from April 8 to June 30) followed by 36 days of 

156 rewatering (from July 1 to August 3), the remaining 387 individuals served as 

157 a control in otherwise identical conditions.

158 The pots were repeatedly, each week loaded onto a transport disk of the 

159 PlantScreen™ Modular System (PSI, Drasov, Czech Republic), a high-
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160 throughput phenotyping platform in semi-controlled greenhouse conditions 

161 located at the PSI Research Centre in Drasov, Czech Republic. 

162 For 164 days of monitored cultivation, a broad range of morpho-

163 physiological traits was regularly measured trough kinetic imaging of 

164 chlorophyll fluorescence, thermal imaging, top and a multiple angle side view 

165 RGB imaging and VNIR/SWIR hyperspectral imaging. For more experimental 

166 details and preliminary results on the genetic variability of the photosynthetic 

167 traits, see the previous study [31]. In this study, we focused solely on the 

168 analysis of hyperspectral image-based data from a VNIR camera. 

169 HSI from three-time points has been analyzed: 1) March 23 (29 days after 

170 transplantation - DAT 29), 15 days before water reduction, and Soil Relative 

171 Water Content (SRWC) equal to 50%; then 2) June 25 (DAT 123), after the 

172 permanent wilting point, and SRWC equal to 0% and finally 3) after the 

173 recovery phase on July 30 (DAT 158), with SRWC equal 50%. 

174 2.2 Hyperspectral Imaging

175 Hyperspectral images of Scots pine seedlings were acquired using the 

176 HC-900 Series visible (VIS) and near-infrared (NIR) hyperspectral scanner 

177 (PSI, Drasov, Czech Republic) [36]. Hyperspectral data were acquired in the 

178 350-900 nm spectral range with a spectral resolution of 0.8 nm full width at 

179 half maximum (FWHM) and a spatial resolution of approximately 1.03 

180 mm2/pixel. The scanner was mounted on a robotic arm inside a light-insulated 

181 imaging box equipped with a 600 W halogen tube light source for 

182 homogeneous illumination. The distance between the scanner and plant 

183 samples was adjusted for each pot to reach a constant spatial resolution at 

184 average plant height. At the beginning of the scanning day, dark current (DC) 
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185 and white reference (WR) images were acquired. Then plant samples were 

186 scanned a sequence lasting no longer than 11 hours with sample order 

187 randomized every scanning day. Blue mats (Friedola, Germany) were placed 

188 on the surface of the pots containing the planted seedlings and blue paint was 

189 applied on the planters and skewers to enhance automatic image 

190 segmentation of the plant pixels from the background.

191 The raw data were automatically stored in PlantScreenTM Database (PSI, 

192 Drasov, Czech Republic). 

193 2.3 Hyperspectral image preprocessing

194 The raw images produced by the hyperspectral scanner consist of binary 

195 data files accompanied by proprietary text header files. First, the proprietary 

196 header file was converted to an ENVI-style header file to enable interaction 

197 with the data using commonly used software and libraries. In the second step, 

198 reflectance was calculated from the raw data using the formula:

199 Rλ = rawλ -DCλ
WRλ -DCλ

                                                                                                                                  

200 1)

201 The noisy bands in the range of 350-450 nm were omitted from the 

202 following analysis.

203 2.4 Hyperspectral image processing

204 To obtain an average spectrum for each plant, the image of each pot was 

205 divided into three fixed sections based on the plant position, allowing each 

206 plant to be processed separately. Our hyperspectral image processing 

207 involved two steps: pre-segmentation and segmentation. The resulting 

208 average spectrum for each seedling was then utilized in the treatment and 
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209 ecotype classification methods: linear discriminant analysis (LDA) and random 

210 forest (RF). 

211 2.5 Pre-segmentation

212 Pre-segmentation was applied to mask out areas that were not plant 

213 material, with the goal of reducing background and non-relevant regions. This 

214 approach helped to increase the speed and efficiency of the subsequent 

215 segmentation process by focusing the analysis on the seedlings themselves. 

216 Pre-segmentation of the Scots pine needle HSI was performed using a 

217 modified vegetation index (VI), the Modified Chlorophyll Absorption in 

218 Reflectance Index 1 (MCARI1) [37] used in [38]: 

219 1.2×(2.5×(R740−R672) −1.3×(R740−R556))                                                                                      

220 2)

221 with a threshold level of 0.15, which is a specific cutoff value applied to the 

222 calculated MCARI1 values to distinguish between plant material and the 

223 background in the hyperspectral images. This VI and threshold segmentation 

224 was applied to the entire hyperspectral images, to initially separate the plant 

225 regions from the background, creating a first mask to separate most of the 

226 background.

227 MCARI1 was selected for pre-segmentation due to its high sensitivity to 

228 chlorophyll variation and strong discrimination capabilities for vegetation 

229 pixels [37]. The primary purpose of this pre-segmentation step is to exclude 

230 obvious non-plant pixels to reduce computational load. A threshold of 0.15 was 

231 selected empirically to be deliberately inclusive rather than restrictive. While 

232 MCARI1 can introduce excessive variance with different soil types and non-
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233 photosynthetic backgrounds [37], empirical testing confirmed its suitability 

234 for our setup with constant soil and illumination conditions.

235 2.6 Segmentation

236 Our primary goal was to develop a hyperspectral data processing pipeline 

237 to segment and separate individual coniferous seedlings from the background, 

238 allowing for the extraction of their respective spectral means. To achieve this, 

239 a segmentation method was applied that accurately differentiates plant 

240 material from the background. This process involved using the K-means 

241 algorithm, which facilitates clustering of pixels with spectral data into distinct 

242 groups corresponding to the plant and background regions. The analysis was 

243 conducted using R software [39], specifically leveraging the "kmeans" 

244 function from the "stats" package, with implemented Lloyd’s method [40] for 

245 clustering.

246 K-means clustering was performed on two non-pre-segmented pots 

247 containing six plant images (Fig. 1A), (control and treated pot processed 

248 separately for each plant image), taken during the stress period on June 25 

249 (DAT 123), when the variability between controlled and treated plants was the 

250 greatest. K-means found natural grouping in the data, generated clusters (Fig. 

251 1B), from which the 83 centroids were manually annotated as representatives 

252 of clusters of interest (e.g., Scots pine seedlings 23 and non-pine 60 clusters), 

253 (Fig. 1C).

254 These 83 centroids were then used as initial centers for K-means clustering 

255 on all subsequent pre-segmented hyperspectral images (Fig. 1D) and then 

256 iteratively updated them for each new image. and used to remove all the pixels 

257 belonging to the 60 clusters corresponding to the background. Only the pixels 
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258 belonging to the 23 plant clusters were left (Fig. 1E) with their plant centroids 

259 (Fig. 1F). This means that the K-means clustering process was initialized using 

260 the 83 pre-defined centroids, bypassing the usual random initialization step. 

261 The algorithm then proceeded directly from these fixed starting points and 

262 was ran for the default 10 iterations of the kmeans() function in R (since no 

263 iteration limit was manually specified). A single pre-trained model was used 

264 with the same 83 centroids across all treatments and scanning events to 

265 identify pixels with clean vegetation spectral characteristics.

266 The plant regions clustered based on the remaining 23 plant centroids were 

267 analyzed using PCA (Fig. 1G). Based on image inspection and the PCA results, 

268 the closest clusters were assigned into ten groups (Fig. 1H) and characterized 

269 according to their positions (Fig. 1I) and biological interpretation (Fig. 1J). 
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270

271 Fig. 1. Scheme of the hyperspectral images’ segmentation
272 (A) A representation of a hyperspectral data cube with 394 image bands from 450 to 
273 900 nm. (B) Hyperspectral image clustered for 83 clusters by K-means. (C) Centroids 
274 from the 83 clusters represent reflectance from 450 to 900 nm in 394 bands. (D) Mask 
275 based on VI with 0.15 threshold. (E) Hyperspectral image masked by VI + 0.15 
276 threshold clustered and applied 83 clusters (centroids from (C)) by K-means. (F) 23 
277 centroids represented plant clusters without the background clusters. (G) PCA of the 
278 23 centroids. (H) 23 centroids consolidate into 10 groups. (I) Region of the interested 
279 (seedling) split into ten groups. (J) Generalized reflectance patterns of the ten 
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280 centroids, representing: 1- edges with a black background; 2-edges with the blue 
281 background; 3- needles in lower layers with a black background; 4,5,6- needles in 
282 upper layers; 7- the youngest part of the seedling; 8- specular reflection; 9- bud scales 
283 and needle sheaths; 10- Needle sheaths and specular reflection.

284 2.7 Classification Analysis

285 For further analyses, all plant spectra were averaged giving a single value 

286 per seedling. Two classification algorithms, linear discriminant analysis (LDA) 

287 and random forest (RF), were employed to differentiate Scots pine seedlings 

288 based on their origin during various water stress periods (Table 1). The 

289 classification algorithms were always applied to the whole dataset. Statistical 

290 analyses were performed in R statistical software [39].

291 For LDA "lda" function in "MASS" package was used [41]. The dataset was 

292 automatically split into 80% training data (658 samples) and 20% test data 

293 (139 samples). The features were standardized using the "preProcess" 

294 function in the "caret" package. An LDA model was fitted to predict the locally 

295 adapted ecotype and treatment. Predictions on the test set were obtained 

296 using the "predict" function. The accuracy of the model was calculated by 

297 comparing the predicted classes to the actual class labels in the test set. 

298 For the RF the "RandomForest" package was used [42]. Due to the smaller 

299 number of the seedlings from Decin orchard, the weights for the Decin, Plasy, 

300 Trebon were adjusted in the ratio of the number of the seedlings using the 

301 “classwt” argument. The spectral data comprised 394 wavelength bands 

302 ranging from 450 nm to 900 nm. In the RF model, the number of variables 

303 randomly sampled as candidates at each split was set to the square root of the 

304 total number of variables (√394 ≈ 20). The sample size for training each tree 

305 was determined using the default bootstrap sampling method, where 

306 approximately 63.2% of the samples were used for training and the remaining 
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307 samples were utilized for out-of-bag (OOB) error estimation. A total of 1000 

308 trees were “grown in the forest” to ensure robust classification performance. 

309 This approach leverages OOB samples to provide an unbiased estimate of the 

310 model's performance without the need for a separate validation dataset.

311 Model performance was evaluated using confusion matrices generated 

312 with the “confusionMatrix” function from “carret” package in R. Cohen’s 

313 Kappa was computed from each matrix as a chance-corrected measure of 

314 agreement, and F1 scores were calculated as the harmonic mean of precision 

315 and recall for each class, with macro-F1 obtained as their unweighted 

316 average. For the LDA model, these statistics were based on predictions from 

317 a 80:20 train–test split, whereas for the Random Forest model they were 

318 derived from out-of-bag (OOB) predictions; therefore, the two confusion 

319 matrices differ in their absolute values.

320 3. Results 

321 3.1 Generalized reflectance patterns within the seedling

322 The 23 clusters of reflectance centroids were assigned into 10 groups 

323 (Fig. 1F, H) with reflectance patterns determined by seedling position, 

324 biological significance, or sensing artefacts (Fig. 1I). Seedling edges, without 

325 the background of other needles on black and blue backgrounds, formed 

326 groups 1 and 2. These groups showed a very flat reflectance curve in the VIS 

327 spectrum, with maximal values reaching only 10%, and 20-40% reflectance in 

328 the NIR region.

329 Needles in lower layers on a black background (group 3) appeared 

330 darker green, typical of the previous year's growth, with 10% reflectance in 
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331 VIS and 35% in NIR. The reduced reflectance in the blue (450 nm) and red 

332 (680 nm) regions is consistent with stronger chlorophyll absorption at these 

333 characteristic wavelengths [43, 44] Younger needles from the current year in 

334 upper layers (groups 4, 5, and 6) were lighter green, exhibiting a typical plant 

335 reflectance curve with absorption maxima in blue and red regions, a peak in 

336 the green region (up to 20%), and up to 40-50% reflectance in NIR. The 

337 youngest part of the seedling (group 7) had a similar VIS pattern but showed 

338 even higher NIR reflectance (up to 60%). In the apical youngest part of the 

339 seedling, the needles of lower insertion contribute significantly to high NIR 

340 reflectance. Additionally, these youngest needles are closer to the sensor and 

341 the light source, resulting in a stronger signal. In group 7 - the youngest part 

342 of the seedling, the lower layers of the needle significantly increased NIR 

343 reflectance. Their proximity to the sensor and light source further amplifies 

344 the signal.

345 Groups 8 and 9 are attributed largely to the specular reflection with the 

346 highest VIS reflectance for group 9. In groups 8 and 9, a green peak over 20% 

347 and up to 60% was observed in NIR. Group 9 corresponds to the reflection 

348 from bud scales and partially the needle sheaths with structures lacking 

349 chlorophyll (high reflectance in red). Group 10 representing mostly the needle 

350 sheaths and pale needle bases (possibly with specular reflection) exhibited a 

351 unique pattern with weak absorption maximum in blue and red regions. 

352 Instead, reflectance in the red region was as high as the green peak (almost 

353 20%). In NIR, the bud's reflectance was lower than groups 8, 9, and 7, but 

354 higher than groups 1-6.

355 3.2 Performance of classification methods
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356 The population origin was classified regardless of the irrigation treatment, 

357 which was classified regardless of the population origin. The LDA model 

358 achieved a prediction accuracy of 80% for the population origin before the 

359 treatment, 78% during the stress period, and 81% during the recovery phase, 

360 corresponding to error rates of 20%, 22% and 19%, respectively. Across the 

361 three measurement periods, the confusion matrices showed consistent 

362 classification patterns among orchards, with misclassification rates closely 

363 matching the overall error estimates. The LDA models also yielded moderate 

364 to substantial agreement, with Kappa values of 0.699, 0.669, and 0.706, and 

365 macro-average F1 scores of 0.791, 0.775, and 0.791 for the pre-treatment, 

366 stress, and recovery phases, respectively. For the recognition of the irrigation 

367 treatment, the model achieved a prediction accuracy of 88% for the stress 

368 period and 77% for the recovery phase, with the error rate (12% and 23% for 

369 the stress and recovery periods, respectively), (Fig. 2A, B, C).The confusion 

370 matrices for treatment estimation revealed weak agreement before treatment 

371 (Kappa = 0.076, F1 macro = 0.537), but classification performance markedly 

372 improved during the stress period (Kappa = 0.757, F1 macro = 0.879) and 

373 remained moderate during the recovery phase (Kappa = 0.538, F1 macro = 

374 0.769). These results reflect the increasing separability between drought-

375 stressed and control plants once the stress was imposed (Table 2).

376 In Random Forest (RF) models, error rates were higher than in the LDA: 

377 for population origin classification, with 31% before the treatment, 38% 

378 during the stress period, and 38% during the recovery phase. In contrast to 

379 LDA, the RF model exhibited reversed pattern of higher accuracy for the 

380 population origin before the treatment (69%) and lower predicted accuracy 
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381 for the population origin (62% for the stress period, and 62% for the recovery 

382 period). The confusion matrix (Table 2) of the RF model shows consistent 

383 trends with similar accuracy levels for population origin classification across 

384 different water stress periods (before treatment, stress period, and the 

385 recovery phase). The RF model performed the best in correctly classifying the 

386 Trebon population, followed by the Plasy population. However, the Decin 

387 population was frequently misclassified, with a significant number of samples 

388 being incorrectly identified as Plasy. This misclassification led to higher 

389 classification errors for Decin (particularly during the recovery phase this 

390 error was up to 65%). The RF model exhibited lower accuracy for population 

391 origin classification, with Kappa values indicating only moderate agreement 

392 (0.409-0.520) indicating agreement clearly better than random chance but 

393 with considerable misclassification, and F1 macro scores ranging from 0.588 

394 to 0.658 across all periods, confirmed moderate overall performance, with the 

395 model performing best before treatment initiation (Table 2).

396 For treatment classification, the RF predicted accuracy was 53% before the 

397 treatment, 81% for the stress period, and 78% for the recovery period) and 

398 model estimated error rates of 47%, 19% and 22% before the treatment, for 

399 the stress and recovery periods, respectively. The confusion matrix for the RF 

400 classification of controlled and treated plants indicates that before the 

401 reduction of irrigation, the model struggled to distinguish between the two 

402 groups, resulting in similar classification errors (C.E.) for both controlled and 

403 treated plants. However, during the period of high stress and the subsequent 

404 recovery phase, the model's ability to correctly classify the plants improved 

405 significantly. The C.E. was lowest during the stress period, reflecting the 
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406 model's enhanced accuracy under water stress conditions. For treatment 

407 classification, the RF model showed negligible agreement before treatment 

408 (Kappa = 0.08), substantially improving to strong agreement during the stress 

409 period (Kappa = 0.67) and moderate agreement during recovery (Kappa = 

410 0.57), reflecting the model's enhanced ability to distinguish stressed plants 

411 when physiological differences were most pronounced (Table 2).

412

413 Fig. 2. Performance of the linear discriminant analysis (LDA) model in 
414 classifying Scots pine seedlings by population origin during different water stress 
415 periods. Figure (A) represents the beginning of the experiment, (B) corresponds to the 
416 stress period, and (C) shows the recovery phase. The colour dots indicate the following 
417 locally adapted populations: Decin (red, upland ecotype) and lowland ecotype: Plasy 
418 (blue), and Trebon (green)
419

420 Table 1 Predicted accuracy of classification methods (LDA and RF) for Scots pine 
421 seedlings by population origin and treatment across different water stress periods 
422 (before treatment, stress period and recovery phase).

Classification method
Before 

treatment
Stress period

Recovery 

phase

Population 80 % 78 % 81 %LDA 

predicted 

accuracy

Treatment
54 % 88 % 77 %

Population 69 % 62 % 62 %RF 

predicted 

accuracy
Treatment 54 % 83 % 79 %
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423

424
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425 Table 2 Confusion matrix for linear discriminant analysis and random forest 
426 classification of Scots pine seedlings by population origin and treatment across water 
427 stress periods (before treatment, stress period and recovery phase Kappa values 
428 indicate agreement beyond chance, classification errors (C.E.) represent 
429 misclassification rates, and F1 scores reflect the balance between precision and 
430 recall for each class. D, P, T represent population origin (Decin, Plasy, Trebon) and C 
431 and D represent Control and Drought plants. F1 macro represents the average F1 
432 score across all classes.

433

434

435

436

Linear Discriminant Analysis (LDA)

Population Before treatment Stress period Recovery phase 

Kappa: 0.699

F1 macro: 0.791

Kappa: 0.669

F1 macro: 0.775

Kappa: 0.706

 F1 macro: 0.791

D P T C.E. F1 D P T C.E. F1 D P T C.E. F1

Decin 29 10 6 0.35 0.69 33 13 5 0.35 0.70 26 10 4 0.35 0.66

Plasy 8 49 4 0.20 0.80 7 42 3 0.19 0.76 10 50 3 0.21 0.82

Trebon 2 2 51 0.07 0.88 3 4 49 0.13 0.87 3 1 54 0.07 0.91

Treatment Kappa: 0.076 

F1 macro: 0.537

Kappa: 0.757

F1 macro: 0.879

Kappa: 0.538

F1 macro: 0.769

C D C.E. F1 C D C.E. F1 C D C.E. F1

Control 37 34 0.48 0.50 60 11 0.16 0.86 56 16 0.22 0.75

Drought 40 50 0.44 0.58 8 80 0.09 0.89 21 68 0.24 0.79

Random Forest (RF)

Population Before treatment Stress period Recovery phase 

Kappa: 0.520

F1 macro: 0.658

Kappa: 0.409

F1 macro: 0.588

Kappa: 0.418

 F1 macro: 0.593

D P T C.E. F1 D P T C.E. F1 D P T C.E. F1

Decin 81 86 30 0.60 0.48 69 111 15 0.65 0.40 69 114 14 0.65 0.40

Plasy 43 232 29 0.24 0.70 66 193 41 0.36 0.58 60 195 49 0.36 0.59

Trebon 19 43 244 0.21 0.80 16 56 230 0.24 0.78 15 51 240 0.22 0.79

Treatment Kappa: 0.08 

F1 macro: 0.54

Kappa: 0.67

F1 macro: 0.84

Kappa: 0.57

F1 macro: 0.79

C D C.E. F1 C D C.E. F1 C D C.E. F1

Control 220 183 0.45 0.54 342 58 0.15 0.84 322 81 0.20 0.79

Drought 188 216 0.47 0.54 74 323 0.19 0.83 91 313 0.22 0.78
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437

438

439 4. Discussion 

440 4.1 Classification of the 'seedling's traits

441 Using hyperspectral images with high spectral and image resolution, 

442 parts of the Scots pine seedlings were categorized into groups similar to those 

443 reported for sorgum [32]. For split sorghum hyperspectral images into the 

444 organs (panicle, stalk, and leaves), classification methods (LDA) were also 

445 used. Our camera's resolution of 1.03 mm² is finer than Miao's 3.1 × 3.1 mm 

446 (9.61 mm²). While Miao's resolution was adequate for sorghum plant parts, 

447 high resolution in our study is critical because the projection area of the 

448 needles may be below the camera's spatial resolution. Classification methods 

449 (K-means) ensured accuracy by spectral characteristics. Using a PCA 

450 combination, groups were considered based on biological interpretation, 

451 spatial arrangement, and seedling morphology, and ten groups were 

452 described.

453 In groups 1 and 2, it is evident that the reflectance of seedling edges 

454 varies depending on the background. Needles on the blue background (inside 

455 the pot) exhibit higher reflectance in the red part of the VIS spectrum and the 

456 NIR region compared to the edges of needles sensed on the black background 

457 (overlapped needles outside the pot) (Fig. 1D, H, I).

458 Even though we interpret some of our reflectance classes as pigment-

459 related—because reduced reflectance in the blue and red regions is consistent 

460 with stronger pigment absorption [43] these patterns can also arise from 
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461 structural and illumination effects. Therefore, the physiological interpretation 

462 of spectral features should be made with caution of overlapping biophysical 

463 compounds and structural contributions [45]. As the needle layer increases 

464 (group 3-7), reflectance in the NIR region also randomly increases. This trend 

465 aligns with the findings of [46] and [47]. Although they observed this leaf-

466 stacking effect in planar leaves (such as maple, poplar, and willow), [48] 

467 reported a similar effect in spruce needles. This observation is also supported 

468 by simulated reflectance in the radiative transfer model PROSAIL, which 

469 shows that reflectance in the NIR increases with the increasing leaf area index 

470 [49]. This effect is particularly pronounced in group 7, representing the 

471 youngest part of the seedling, where the lower layers of the needle contribute 

472 significantly to high NIR reflectance. Additionally, these youngest needles are 

473 closer to the sensor and the light source, resulting in a stronger signal.

474 The highest NIR reflectance was observed in groups 8 and 9 (over 60%), 

475 likely influenced by specular reflection. The specular reflections at the top of 

476 the seedling area are visible in the RGB picture, the same as observed [50], 

477 (Fig1. D). Based on previous observations by [51], it is considered that these 

478 groups do not represent pure specular reflectance, as specular reflectance 

479 typically reaches unity percentage. However, the specular component may 

480 enhance the overall reflectance from the top needles, resulting in higher 

481 reflectance levels [50, 52].

482 Group 3 represents needles from the previous season, characterized by 

483 low reflectance values in the blue and red regions, indicating a high 

484 chlorophyll content. Groups 5 and 7 exhibit higher reflectance values in the 

485 blue region than group 3 indicating lower chlorophyll content in those 
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486 younger needles. This observation aligns with findings by [53–55], who 

487 reported lower chlorophyll content in current-year needles than those 

488 developed in the previous year.

489 Additionally, the spectral curve shapes in the VIS region, especially in 

490 the red region, for groups 8 and 9 exhibited a similar pattern as a curve in 

491 [56], indicating lower chlorophyll content. The pine needles develop 

492 basipetally [57], i.e., they are less mature with lower chlorophyll content at 

493 the needle base compared to its tip. The youngest needle bases probably 

494 contribute to the central seedling region concentrated around the terminal 

495 bud.

496 Reflectance in VIS for group 10 can be similarly explained as group 9. 

497 This group exhibits minimal red absorption representing bud scales and 

498 needle sheaths lacking chlorophyll potentially with the specular reflection. 

499 The presence of chlorophyll in the bud scales inner scales was described in 

500 [58]. It is known that coniferous buds are pre-formed from shoot apical 

501 meristem during the vegetative season, which precedes the bud burst and 

502 regular shoot growth the following season. Leaf primordia rich in chloroplasts 

503 with chlorophyll are covered by bud scales, the innermost of which are still 

504 living. Above them, there is a cover of dead bud scales encapsulating the 

505 meristem part [59]. The authors showed that the number of living and dead 

506 bud scales can differ depending on the seedling damage. Chlorophyllous 

507 meristematic cells in leaf primordia could then determine absorption in the 

508 red region. Clear classification of this group could be beneficial for 

509 phenological studies, such as determining the onset of bud flushing, as 

510 suggested by [60]. As was demonstrated for Picea abies (L.) H. Karst. buds, 
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511 living meristems of greenish colouring can be easily distinguished from dead 

512 brown buds which can be even used for a criterion of tree vitality based on 

513 the proportion of bud developmental types [61].

514 4.2 Water stress classification

515 While stress detection using hyperspectral data is common, our study 

516 successfully detected water stress using the RF classification algorithm, 

517 achieving 83% accuracy during the stress period and 79% during the recovery 

518 phase, even with a spectral range limited to 900 nm, where water absorption 

519 maxima are typically not considered [62, 63]. Particularly the spectral curve 

520 shape of Group 1 (edges with blue background, Fig. 1.I) in red and red-edge 

521 resembled the spectral curve shape of dehydrated leaves (10% relative water 

522 content) [64], which was probably caused by dehydration and senescence of 

523 previous-year needles at the seedling base.

524 [65] demonstrated that decreasing water content also affects the visible 

525 spectrum, supporting that water stress is detectable within our spectral range 

526 (380-900 nm), thus enabling accurate classification of the treated and control 

527 plants in the current study. Similarly, red-edge reflectance (734 nm) 

528 significantly contributed to the PLSR water content retrieval in Norway 

529 spruce needles [55].

530 4.3 Genetic variability discrimination by classification algorithms

531 This study evaluated population genetic variability using classification 

532 methods (LDA and RF) based on summary hyperspectral information 

533 extracted from canopy-level images of each seedling. The accuracy of the RF 

534 variables from the entire 350-2500 nm, acquired using a bare optical cable at 
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535 the canopy level, was compared for a larger number of the same seedlings 

536 measured in the previous season [25]. In the current study, each forest in the 

537 RF algorithm used a randomly selected subset of variables (√394 = 20) from 

538 our dataset. In the previous study by [25], the RF accuracy for correctly 

539 assigning true origins ranged from 71% to 83%. Our RF accuracy was slightly 

540 lower (from 62% to 69%). The frequent misclassification of the Decin 

541 population, particularly as Plasy, likely results from the smaller sample size of 

542 Decin seedlings used in the experiment. Earlier work by Stejskal et al. [25] 

543 also reported lower representation of Decin seedlings, which could reduce 

544 model performance due to class imbalance. In addition, recent study from the 

545 same research group [31] indicate that the genetic variation (heritability) of 

546 certain physiological traits (which strongly influence optical properties) is 

547 moderate to low, possibly due to the limited geographical gradient of the 

548 populations. Moreover, drought stress and recovery may reduce or mask the 

549 expression of provenance-specific differences, further decreasing spectral 

550 distinctiveness and contributing to misclassification. Despite attempts to 

551 compensate for this imbalance by using the "classwt" argument in the RF 

552 model to weight the populations, the lower representation of Decin may still 

553 have affected the model's ability to accurately distinguish this group, resulting 

554 in higher classification errors. 

555 In contrast, using LDA, similar accuracy to the RF model reported in 

556 [25] (from 78% to 81%) was achieved for experiments conducted before the 

557 treatment, during the stress period and in the recovery phase. 

558 The major advantage of non-image hyperspectral data is that it is less 

559 labour-intensive in data processing. Moreover, their spectral range could be 
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560 wider than those provided by hyperspectral cameras, and it might give a 

561 spectral response of other plant features, such as water content [62, 65]. 

562 However, non-image sensors also include background spectra which yields 

563 less specific information. Therefore, while non-image hyperspectral sensing 

564 can be sufficient for classifying seedling origin, it does not allow for selecting 

565 specific seedling morphological components based on their spectral response.

566 [25] thoroughly discussed genetic variability assessment using Scots 

567 pine needle and seedling level spectral methods. In this study, their findings 

568 related to genetic variability were confirmed using canopy-level hyperspectral 

569 images.

570 The PLS-DA models from the non-image hyperspectral data were used 

571 to classify fine-scale population structure in two hybridizing Dryas species 

572 with an average overall accuracy over 80% [66]. Similar to the classification 

573 methods, the regression model used by [24] also included the entire spectral 

574 information (400-2400 nm) to predict the probability of genetic clusters for 

575 Fagus sylvatica individuals in the forest. This method employs VIP scores to 

576 indicate the importance of each wavelength separately. In contrast, previous 

577 studies applied linear models that did not incorporate the entire spectral curve 

578 simultaneously. Instead, they independently evaluated variability for each 

579 wavelength, as demonstrated in A. thaliana genotypes [67]. This approach was 

580 also applied by [25], where modified F-test were used to differentiate between 

581 populations. Most frequently, spectral index-based detections of genetic 

582 variability have been made. For example, [68] compared variability in 

583 hyperspectral images within leaf positions between two maize genotypes 

584 across three selected wavelengths (498, 550, 625 nm). Similarly, [16] 
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585 calculated VIs and compared the population means in P. halapensis at the 

586 vegetation level. Thus, the information from the whole spectral curve was also 

587 not utilized. 

588 4.4 Comparative methods for segmentation of conifer seedlings

589 Plant organs with a small projection area present a bigger challenge for 

590 segmentation [69] compared to entire planar leaves, so a comparison of the 

591 current study to planar leaf segmentation methods is less relevant as it deals 

592 mostly with the segmentation of vegetation patches with small projection 

593 areas.

594 It was necessary to split the picture of the pot into three sections to 

595 reduce the computational intensity of the image processing. Unlike [22], who 

596 detected each stem and used a parallelogram-shaped region for the detection 

597 of individual positions. Subsequently, they conducted a series of 

598 morphological operations to determine stem orientation. Each image was 

599 partitioned based on the stable position of the seedling in the pot, with 

600 minimal overlap. 

601 Similar to our study, [22] validated the hyperspectral imaging approach 

602 for detecting the stress tolerance phenotype in loblolly pine seedlings. 

603 Similarly, [20] used hyperspectral imaging in the 870 to 1720 nm wavelength 

604 range to successfully estimate water content in Chinese fir under simulated 

605 drought conditions, further confirming the potential of this approach for 

606 detecting stress in forest species. Additionally, [23] used hyperspectral Pinus 

607 seedlings images to detect nutrient content. However, they mention a 

608 threshold value of 0.21 and more details on segmentation process are lacking. 

609 It is in agreed with [22] that a thorough description of the segmentation 
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610 process is essential for this type of study. The segmentation process is usually 

611 done using thresholding based on VIs. While the method also relies on VIs and 

612 thresholding (pre-segmentation section), in is considered that this approach 

613 may not be sufficient for a comprehensive analysis including detailed 

614 biological interpretation. While [19, 22] used VI based on two wavelengths 

615 (490 nm, 775 nm and 705 nm, 750 nm, respectively), VI based on three 

616 wavelengths (740 nm, 672 nm, and 556 nm) were utilized for thresholding the 

617 image. Standard vegetation indices have successfully identified loblolly pine 

618 attacked by fusiform rust [19]. However, researchers from the same lab found 

619 that using standard indices for segmenting loblolly pine was ineffective in 

620 freeze-treated plants due to the mixed colors, prompting them to propose a 

621 customized index that considers spectral background information [22]. 

622 Although VI was also used for pre-segmenting individual seedlings, the 

623 particular VI developed by [22], based on specific image series, may have 

624 limited applicability in other studies with different species or growth 

625 conditions.

626 For classifying stressed plants, [22] built several standard normal variate 

627 discriminant models for each scanning event. In contrast, our study applied 

628 the same 23 centroids in the K-means algorithm to all measuring time points 

629 (before, during, and after drought stress recovery). Several classification 

630 methods (including LDA and RF) were also successfully used for segmenting 

631 sorghum (leaf, stalk, tassel/panicle) from hyperspectral images, as 

632 demonstrated by [32].

633  In [19], the faster region-based convolutional neural network (Faster 

634 RCNN) architecture [70] was used for object detection, with complex data 
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635 processing due to the lack of control over their environment and data 

636 acquisition. This complexity aimed to increasing throughput by capturing 

637 images of multiple plants together under varying lighting conditions. In 

638 contrast, our study ensured high throughput with well-prepared samples and 

639 strictly controlled environmental and acquisition conditions without requiring 

640 hundreds of annotated images for model training. This additional precision 

641 allowed us to avoid the trade-off between data acquisition throughput and 

642 processing complexity, achieving efficient and reliable results without 

643 excessive data processing.

644 We believe that our approach preserves data integrity while providing 

645 reliable segmentation performance. Pre-trained K-means centroids provide 

646 deterministic, reproducible mapping across all scans and time points, which 

647 is essential in high-throughput longitudinal settings. The use of VI-based pre-

648 segmentation further reduces the number of pixels analyzed, and the K-means 

649 classifier has proven robust enough to compensate for slight variations in 

650 illumination without compromising segmentation quality. This approach 

651 preserves sufficient data integrity without requiring more complex 

652 normalization or supervised learning approaches. The integrity of spectral 

653 data can also be affected by changes in illumination or imaging geometry; 

654 however, in our case, these distortions were minimized because imaging was 

655 performed on an automated transport system with fixed camera orientation 

656 and stable artificial illumination, which prevented angle-dependent or 

657 illumination-induced shifts in spectral response

658 4.5 Growing conditions and geographic origin
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659 Similar to our study, [22] measured seedlings in a greenhouse and acquired 

660 hyperspectral images in situ. However, while upland and lowland ecotypes 

661 from the Czech Republic were studied, 95 families representing a wide range 

662 of provenances, distinguished by various minimal winter temperatures from 

663 Florida in the south to Virginia in the north, were used in their study. 

664 In the studies [19, 22], multiple plants were imaged together with 

665 overlapping to balance data acquisition throughput with the number of 

666 individuals imaged. Conversely, our study maintained a consistent setup by 

667 positioning three plants per pot, minimizing overlap, with each plant oriented 

668 uniformly towards the sensor throughout the season. This approach ensured 

669 precise and consistent data acquisition. The study of [36] also recognizes the 

670 importance of maintaining highly controlled conditions for taking images.

671  4.6 Application 

672 Precise assessment of seedlings' origin and deployment of the family with 

673 increased productivity is used in advanced breeding programs to increase 

674 productivity and maintain stress resistance in climate change. It was 

675 demonstrated that phenotypic spectral response could generate centroids for 

676 classification. These centroids allow the K-means algorithm to specify and 

677 classify demanded phenotypes´ spectral patterns. This approach could 

678 improve disease resistance of plants or elements concentration assessment 

679 from hyperspectral imaging [23, 71].

680  4.7 Limitations

681 Due to the use of skewers to prevent seedling overlapping, some 

682 individuals were captured at an angle matching their deflection rather than 
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683 directly from the top. However, such growth irregularities occur in natural 

684 conditions as well. Therefore, the method should be developed independently 

685 based on the nadir camera positioning.

686 In contrast, our study involved imaging seedlings from the top at a constant 

687 height implied by the phenotyping platform setup, resulting in varying 

688 distances between plant parts and the sensor. This variability induced strong 

689 changes in absolute reflectance value, which in turn produced artificial 

690 variability in non-normalized vegetation indices (like selected MCARI1). This 

691 effect is especially problematic in quantitative studies aiming to infer 

692 concentrations of biochemically relevant compounds, where both spectral 

693 shape and absolute size contain important information. However, in our 

694 segmentation approach two factors reduced distance to sensor issue: 1) the 

695 relatively small vertical variation in sensor distance among the seedlings, 

696 reduced illumination-driven magnitude differences across organs. And 2) 

697 segmentation tasks are generally less sensitive to slight multiplicative shifts 

698 in intensity, because the distinguishing information lies primarily in the 

699 spectral shape rather, than in absolute scale. The variable sensor distance also 

700 introduces spectral mixing effect at needle edges, where pixels capture a 

701 combination of reflectance from both needle tissue and the background. Our 

702 spectral clustering approach decreases this issue rather than selecting pixels 

703 based on spatial location, we classify them based on their spectral signatures. 

704 Future studies could further reduce distance-related variability by applying 

705 normalization techniques that are correct for intensity differences (e.g., SNW-

706 Standard Normal Variate).
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707 Detection by trained algorithm (e.g., the Faster RCNN architecture) 

708 described by [19] was unsuitable as they imaged seedlings from the side at a 

709 constant distance from the sensor and effectively used RGB channels for 

710 training and object detection. The intensity of reflected radiation diminishes 

711 with the square of the distance from the radiation source, leading to increased 

712 background interference, as mentioned [72]. Such variability increases the 

713 signal-to-noise ratio, making segmenting plants from the background difficult. 

714 It also complicates the training process and increases the risk of overfitting 

715 due to the wider range of spectral characteristics. Furthermore, because the 

716 images had insufficient resolution, using RGB channels for training was not 

717 feasible.

718 Spectral data integrity can also be influenced by changes in illumination or 

719 viewing geometry; however, in our case these distortions were minimized 

720 because imaging was performed on an automated conveyor system with fixed 

721 camera orientation and stable artificial lighting, preventing angle-dependent 

722 or illumination-driven shifts in spectral response. Another limitation of the 

723 current pipeline is its potential blindness to novel biological features not 

724 represented in the initial centroids. Although these centroids are effective for 

725 our dataset, their features are based on spectral responses of the phenotypes 

726 present in the “training” images. When analyzing samples with emerging 

727 disease symptoms, unusual stress responses, or rare phenotypic variants, 

728 pixels corresponding to these features would be assigned to the nearest 

729 existing centroid, potentially resulting in misclassification or unsegmented 

730 areas. This could lead to discoveries being overlooked or the health status of 

731 plants being misinterpreted, as relying on a fixed set of centroids is inherently 
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732 limiting. The manual selection of the initial 83 centroids introduces 

733 subjectivity. To enhance flexibility when implementing, users should upload 

734 customized centroid sets tailored to their specific research context or 

735 incorporate anomaly detection modules to flag poorly-fitting pixels that may 

736 represent novel features requiring investigation.

737 Biological systems are dynamic and context-dependent, making perfect 

738 transferability of any data-driven model—whether for trait estimation or 

739 image segmentation—fundamentally challenging [73]. Without periodic 

740 updates or retraining, such models may increasingly fail to capture emerging 

741 phenotypes or previously unobserved variation. 

742 Additionally, comparing the spectral classes classified by K-means is not 

743 possible because their spectral values are identical to the values of the closest 

744 centroids used for the classifications. As a result, the spectral values for all 

745 classes are the same for each seedling, differing only in their area. Moreover, 

746 the absence of ground truth data for our spectral measurements, as 

747 highlighted in the context of HSI by [20], limits our ability to directly compare 

748 the features detected by hyperspectral imaging on our fixed phenotyping 

749 platform with actual, manually verified data [74].

750 5. Conclusion

751 In this study, hyperspectral imaging technology, segmentation using 

752 individual wavelengths, and a classification algorithm were used to 

753 distinguish local populations of Scots pine and to assess their condition before, 

754 during, and after the drought stress. This novel approach allows the non-
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755 destructive assessment of Scots pine seedlings in a fully automated controlled 

756 environment. 

757 Our workflow integrates traditional image processing methods with the 

758 K-means machine learning classification algorithm to segment seedlings and 

759 identify biologically relevant plant parts without the need for pre-trained 

760 models or proprietary software. The RF and LDA algorithms were successfully 

761 applied to classify three locally adapted populations exposed to drought 

762 stress. Our findings supported our initial hypothesis and highlighted that this 

763 technique employing HSI within the HTP platform is efficient, user-friendly 

764 and computationally viable for discriminating locally adapted populations of 

765 conifer seedlings. 

766 Implementing this image acquisition and processing method into 

767 automated phenotyping platforms could significantly improve high-

768 throughput phenotyping of Scots pine seedlings and become a key tool for 

769 nurseries and conifer seedling breeding programs. A manual for segmenting 

770 conifer seedlings from hyperspectral image data is provided in GitHub 

771 platform.
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