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Abstract 

Cultivars of strawberry (Fragaria × ananassa) differ in photoperiodic responses, which in-
fluence the balance between vegetative and reproductive growth, shaping canopy devel-
opment, biomass production, and water use efficiency (WUE). Using 3D point-cloud phe-
notyping, this study compared the canopy structure and WUE of the short-day cultivar 
‘Sonata’ and long-day cultivar ‘Favori’ grown under identical greenhouse conditions. Cul-
tivar-specific growth and water use traits were quantified using daily non-destructive 3D 
point cloud phenotyping combined with continuous whole-plant gravimetry, supported 
by manual and destructive measurements. Non-destructive estimates of plant height and 
digital biomass corresponded moderately to measurements (height: R2 = 0.628; biomass: 
R2 = 0.579; mean absolute percentage error (MAPE) = 13.86%). Growth analysis indicated 
similar relative growth rates between the two cultivars, whereas the crop growth rate was 
higher in ‘Sonata’ than in ‘Favori’. Integration of growth estimates with gravimetric rec-
ords revealed higher period average WUE in ‘Sonata’ (3.1 mg g−1) than in ‘Favori’ (2.5 mg 
g−1). These results highlight the distinctive growth strategies of a canopy-driven pattern 
in ‘Sonata’ and a reproduction-driven pattern in ‘Favori’. The combined 3D phenotyping–
gravimetry framework provides a high-resolution, non-destructive approach to quantify 
cultivar-specific growth and water use traits. 

Keywords: 3D point cloud data; gravimetric monitoring; photoperiodism; vegetative 
growth; water use efficiency 
 

1. Introduction 
Strawberry (Fragaria × ananassa) is a globally important horticultural crop categorized 

into short- and long-day cultivars based on their photoperiodic responses. Photoperiod 
serves as a primary coordinator of the balance between vegetative growth and floral in-
duction, thereby shaping canopy development, assimilate allocation, and yield. In straw-
berries, short days generally promote flower initiation, whereas long days favor vegeta-
tive growth and canopy expansion, underscoring photoperiod as a key regulator of 
growth habit and resource partitioning in this perennial crop [1]. Across various plants, 
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day length governs not only flowering time but also multiple developmental trajectories, 
reinforcing its central role in coordinating the vegetative and reproductive phases [2,3]. 

Although flowering under contrasting day lengths has been extensively studied, the 
differences in canopy architecture and water use efficiency (WUE) between short- and 
long-day strawberry cultivars during the vegetative phase remain to be quantified. Ma-
nipulating photoperiod and light quality alters both floral induction and vegetative traits 
in strawberry transplants [4], indicating that photoperiodic control extends beyond flow-
ering to morphological development. Previous studies have also reported that photoper-
iod influences runner formation, leaf development, and biomass allocation in strawberries 
[5,6]. Therefore, a high-resolution, non-destructive characterization of the association 
among photoperiod type, canopy structure, and water use during the vegetative stage is 
essential to enable direct, physiology-linked cultivar comparisons under identical envi-
ronments. 

Recent advances in non-destructive 3D phenotyping have provided the spatial fidel-
ity required to quantify canopy architecture in situ. In strawberry canopies, mobile LiDAR 
can capture vegetative structures, with strong correlations observed between leaf area and 
LiDAR-derived metrics such as canopy volume and height [7]. More broadly, 3D recon-
struction techniques such as LiDAR and multi-view stereo have been widely applied to 
estimate canopy structure, biomass, and growth dynamics across diverse crops [8,9]. At 
the organ level, multi-view stereo can be used to reconstruct dense 3D point clouds of 
strawberry fruits, enabling precise measurements of berry volume, calyx size, and achene 
number, thereby validating 3D imaging as a cost-effective phenotyping tool for breeding 
pipelines [10]. 

Complementing this tool, the LAST-Straw dataset, an annotated spatiotemporal 3D 
point cloud dataset of strawberry plants, provides spatiotemporal 3D point clouds across 
developmental stages and demonstrates automated pipelines for segmentation, skeleton-
ization, and growth tracking in strawberry, providing community resources for method 
validation and benchmarking [11]. High-resolution laser scanning across more than 500 
plant architectures has revealed universal network design principles in shoot systems 
(e.g., cost–performance trade-offs along a Pareto front), highlighting the broader rele-
vance of 3D architectural analysis to plant function [12]. In parallel, the Plant 3D toolkit 
delivers practical operations, such as stem–lamina classification, graph skeletonization, 
and leaf segmentation/labeling, for extracting biologically meaningful traits, including bi-
omass-relevant metrics, from high-resolution point clouds [13]. 

While 3D phenotyping resolves canopy structures (e.g., plant height and volumetric 
digital biomass) without disturbing plants, continuous gravimetry captures transpiration 
dynamics with high temporal fidelity, enabling aggregation into cumulative transpira-
tion. Gravimetric approaches have been widely adopted to quantify whole-plant water 
use and evaluate water use efficiency (WUE) under controlled environments [14]. WUE is 
generally defined as biomass production per unit of water consumed, representing an in-
tegrative trait that reflects the balance between carbon gain and water loss across scales 
[15,16]. Integrating structural and physiological data streams enables evaluation of 
growth indices (relative growth rate; RGR, crop growth rate; CGR) and the relationship 
between cumulative biomass and transpiration, providing a mechanistic framework for 
canopy-scale WUE analysis [17]. This integrated approach provides an opportunity to 
track dynamic changes in resource allocation and water use strategies throughout the en-
tire plant growth cycle. The synergy between high-resolution 3D phenotyping and con-
tinuous gravimetric monitoring is critically important, as it enables the capture of tem-
poral variations in biomass conversion efficiency. 

The objective of this study was to evaluate the efficacy of 3D point-cloud phenotyp-
ing as an alternative to manual measurements in quantifying growth and WUE 
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differences between short- and long-day strawberry cultivars during the vegetative phase. 
The plant height and digital biomass were directly derived from point clouds, and then 
the dry matter weight was inferred from the digital biomass using a calibrated prediction 
model, positioning the analysis within established 3D strawberry pipelines [7,11,13]. In 
parallel, pot-level transpiration was continuously recorded and aggregated to determine 
cumulative transpiration. Under identical greenhouse conditions, (i) photoperiod-type 
differences in canopy formation and daily growth (RGR and CGR) were compared, and 
(ii) whether the cumulative dry matter–transpiration relationship provides a robust, non-
destructive indicator of season-integrated WUE was evaluated. 

Despite these advances, no study has quantitatively linked photoperiod-dependent 
canopy architecture with whole-plant water use dynamics using integrated non-destruc-
tive approaches. The main novelty of this study lies in integrating high-resolution 3D 
point-cloud phenotyping with continuous gravimetric measurements to simultaneously 
quantify canopy structure, growth dynamics, and season-integrated water use efficiency 
under controlled photoperiod conditions. This approach extends photoperiod research 
beyond flowering responses by explicitly linking canopy structure to water use strategies 
in strawberry. 

2. Materials and Methods 
2.1. Cultivar and Cultivation Overview 

The short-day strawberry cultivar ‘Sonata’ and long-day strawberry cultivar ‘Favori’ 
were used. Both cultivars were obtained as frigo plants from Henselmans Strawberry 
Plants (Luttelgeest, The Netherlands). Plants were planted in polystyrene pots filled with 
cultivation substrate (Jongkind B.V., Aalsmeer, The Netherlands) in the greenhouse of the 
Netherlands Plant Eco-phenotyping Centre at Wageningen University and Research, Wa-
geningen, The Netherlands, on 30 June 2023. Fifteen seedlings per cultivar were planted. 
The seedlings were irrigated with tap water for the first 10 days after planting. Thereafter, 
the plants were irrigated with full-strength Hoagland nutrient solution for 15 days (until 
27 July) and then with half-strength Hoagland nutrient solution until the end of the ex-
periment to avoid excessive nutrient accumulation and potential salt stress. The irrigation 
volume was set to 200 mL per plant per day and was kept constant throughout the exper-
imental period without adjustment for plant growth. The total duration of the experiment 
was 32 days. The row planting diagram used in this experiment is shown in Figure 1. 

 

Figure 1. Row planting diagram in the experiment. 

Plants were arranged in two separate rows on a planting diagram, with each row 
corresponding to a single cultivar, as shown in Figure 1. Each plant was treated as an 
independent experimental unit. Environmental conditions within the greenhouse were 
maintained as uniformly as possible. For growth analysis, five plants per cultivar were 
predetermined at the beginning of the experiment and continuously monitored through-
out the cultivation period. Measurements were collected repeatedly over time for each 
plant. One planting table was fitted with two rows of 15 precision scales, resulting in 30 
independent weighing units for the pot-grown plants, using Plantarray (Plant-Ditech, 
Yavne, Israel). Each scale supported a load of up to 12 kg. Pots with a diameter of 23 cm 
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(5 L) were used in the experiment. Each pot was individually watered using a dripper 
connected to a dedicated pump, which enabled precise control of the watering volume 
based on the real-time pot weight. Meteorological parameters, including air temperature, 
relative humidity, CO2 concentration, and photosynthetically active radiation (PAR), were 
measured every 3 min using an on-site environmental monitoring system. 

2.2. Plant Sensing Using 3D Point Cloud Data 

During the cultivation period, 3D point cloud data were acquired once daily for each 
plant using a DualScan PlantEye F500 multispectral 3D scanner (Phenospex B.V., Heerlen, 
The Netherlands) installed on an XYZ gantry mounted at the top of the NPEC greenhouse. 
Figure 2 presents an overview of the cultivation experiments. 

 

Figure 2. An overview of the cultivation experiment. 

PlantEye is equipped with a laser line, RGB LED lighting, and software (as imple-
mented at the NPEC) that fuses 3D point cloud data with RGB data. The device acquires 
data by moving directly above the plants on the gantry installed in the greenhouse. To 
ensure repeatability, the operational parameters of the 3D scanner were configured with 
3D laser wavelength of 940 nm. PlantEye operates based on a laser triangulation principle. 
A near-infrared laser line is projected onto the plant surface, and the reflected signal is 
captured by an offset camera. The displacement of the laser line in the camera image is 
used to reconstruct the three-dimensional structure of the plant. As the sensor moves along 
the gantry, successive scans are combined to generate a dense 3D point cloud of the plant 
canopy. This scanner features a Y-resolution of 1 mm at a constant scanning speed of 20 
mm s−1. The distance between the sensor unit and plants during data acquisition was main-
tained at approximately 100 cm. In this study, plant height and digital biomass were cal-
culated using the acquired 3D point cloud data. To calculate plant height, the distribution 
of triangular mesh counts generated by connecting adjacent points within the 3D point 
cloud data was first represented as a histogram along the z-axis. Thereafter, the largest area 
containing sufficient 3D point cloud data was identified. The highest point within this area 
was defined as the crop apex, and the plant height was calculated following the method 
described by Phenospex [18]. Digital biomass was defined and calculated as a non-destruc-
tive volumetric proxy for physical plant biomass, computed as the product of the extracted 
plant height and the 3D projected leaf area. Following the protocol by Phenospex, this cal-
culation operates under the geometric assumption that the plant architecture can be ap-
proximated as a regular physical body whose volume is determined by its height and can-
opy dimensions. The theoretical rationale for linking this volumetric space to actual plant 
traits is supported by the established framework that such a canopy volume correlates 
strongly with physical fresh and dry biomass [19,20]. 
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2.3. Plant Growth Analysis 

During planting, the plant dry matter weight and leaf area were measured manually. 
At the end of the experiment on 14 August 2023, the pedicel number, flower number, leaf 
area, and dry matter weights of the leaves, crown, fruit, and pedicels were measured. The 
plant height and leaf number were measured manually once per week during the cultiva-
tion period. In this study, five plants from each variety were selected as experimental 
plants. Growth indices RGR and CGR during the cultivation period were calculated using 
the following equations based on the frameworks established by Radford [21] and Watson 
[22]: RGR ሺg gିଵ dayିଵሻ = ௟௡ௐమି௟௡ௐభ௧మି௧భ , (1)CGRሺg mିଶ dayିଵሻ = ௐమିௐభ௧మି௧భ  ×  ଵீఽ, (2)

where RGR is the relative growth rate, CGR is the crop growth rate, W is the dry matter 
weight (g), t is time (days), and GA is the growing area per plant (m2). After calculating 
the growth indices for each variety, significance tests were performed for all parameters. 

2.4. WUE Analysis 

Daily transpiration (g) was measured for all plants during the cultivation period. In 
addition, the WUE (mg g−1 plant−1) was calculated from the dry matter weight of the plant 
at the end of cultivation and integrated transpiration. WUE was calculated as the ratio of 
dry matter accumulation to cumulative transpiration over the cultivation period. Dry mat-
ter accumulation (Δ dry matter weight) was estimated by digital biomass using a regres-
sion model developed from pooled data of the two cultivars used in this study. Further-
more, cultivar-specific cumulative regression models were fitted to Equation (3) to predict 
the dry matter weight as a linear function of cumulative transpiration: Dry matter weightሺgሻ = 𝑎 × 𝑋௖௨௠௨௟௔௧௜௩௘ ௧௥௔௡௦௣௜௥௔௧௜௢௡ + 𝑏 (3)

Cumulative transpiration (Σ transpiration) was obtained by integrating daily tran-
spiration over the entire cultivation period, including both daytime and nighttime tran-
spiration. Because dry matter weight was estimated from digital biomass, which mainly 
reflects aboveground traits, root biomass was not explicitly measured and may not be 
fully represented in the WUE calculation. 

2.5. Statistical Analysis 

For the evaluation of plant growth analysis, Student’s t-test was employed to deter-
mine differences. All statistical analyses were performed in Microsoft Excel (Microsoft 
Corporation, Redmond, WA, USA), with statistical significance determined at p < 0.05. Cal-
culations were performed using built-in functions of the software. To evaluate the accuracy 
of non-destructive estimations, simple linear regression models were developed for plant 
height derived from 3D point cloud data and dry weight estimated from digital biomass. 
The reliability of these non-destructive approaches was inferred from the Pearson’s r, co-
efficient of determination (R2), root mean square error (RMSE), and mean absolute percent-
age error (MAPE). 

3. Results 
3.1. Meteorological Conditions in the Experimental Area 

Table 1 shows the average values and standard deviations of the meteorological pa-
rameters measured during the experimental period. 
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Table 1. Means (±standard deviation; meteorological data reflect time variability) of temperature, 
relative humidity, CO2 concentration, and photosynthetically active radiation around the straw-
berry plants in the greenhouse during the experiment. 

Temperature  
(°C) 

Relative Humidity  
(%rh) 

CO2 Concentration  
(ppm) 

PAR  
(µmol m−2 s−1) 

21.7 ± 0.4 71.0 ± 2.9 501.4 ± 6.8 199.7 ± 39.2 

As shown in Table 1, the meteorological conditions during the cultivation period 
were stably controlled. All the test plants were placed in the same compartment and thus 
were under identical meteorological environmental conditions. The average light period 
during cultivation was approximately 16 h. 

3.2. Growth Evaluation of Strawberry Cultivars Through Destruction Analysis 

Table 2 shows the actual plant data obtained through destructive analysis at the end 
of the cultivation experiment. 

Table 2. Means (±standard deviation) of plant height, leaf number, peduncle number, flower num-
ber, leaf area, and plant dry weight per plant in strawberry cultivars ‘Favori’ and ‘Sonata’ at the end 
of the experiment; n = 5. 

Cultivar Plant 
Height (cm) 

Leaf Num-
ber 

Peduncle 
Number Flower Number Leaf 

Area (cm2) Plant Dry Weight (g) 

‘Favori’ 21.3 ± 4.1 11.0 ± 2.1 3.6 ± 1.3 21.4 ± 8.8 1060.0 ± 306.0 18.8 ± 4.5 
‘Sonata’ 24.5 ± 2.1 14.2 ± 3.3 1.4 ± 1.5 9.6 ± 11.5 1520.0 ± 146.6 26.1 ± 4.0 

t-test     * * 
* Parameters marked with an asterisk are significantly (p < 0.05) different according to t-test (two-
tailed). 

As shown in Table 2, ‘Sonata’ exhibited significantly greater leaf area and plant dry 
matter weight than ‘Favori’ (p < 0.05), indicating its stronger vegetative growth capacity. 
Meanwhile, ‘Favori’ produced more peduncles and flowers, suggesting its higher alloca-
tion to reproductive growth. ‘Sonata’ prioritized canopy expansion and biomass accumu-
lation, whereas ‘Favori’ invested resources in flowering and fruit initiation. The higher 
leaf area in ‘Sonata’ possibly contributed to its superior crop growth rate, whereas the 
reproductive sink strength in ‘Favori’ may limit vegetative growth. Table 3 shows the 
growth analysis results for each strawberry cultivar during the cultivation period. 

Table 3. Means (±standard deviation) of relative growth rate (RGR) and crop growth rate (CGR) in 
strawberry cultivars ‘Favori’ and ‘Sonata’; n = 5. 

Cultivar RGR CGR 
‘Favori’ 0.070 ± 0.009 12.49 ± 3.28 
‘Sonata’ 0.068 ± 0.005 17.17 ± 2.90 

t-test  * 
* Parameters marked with an asterisk are significantly (p < 0.05) different according to t-test (two-
tailed). 

Clear physiological and morphological distinctions were found between ‘Favori’ and 
‘Sonata’. As shown in Table 3, the RGR was higher in ‘Favori’ (0.070) than in ‘Sonata’ 
(0.068), but the difference was not significant. By contrast, the CGR was significantly 
higher in ‘Sonata’ (16.66) than in ‘Favori’ (12.12), implying greater stand-level biomass 
production in ‘Sonata’. This pattern supports the interpretation that ‘Sonata’ is a leaf area-
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driven cultivar, maximizing canopy light interception to elevate stand productivity, 
whereas ‘Favori’ is an efficiency-driven cultivar, achieving higher assimilation per unit 
leaf area but operating with a smaller canopy. 

3.3. Comparison with Plant Sensing Data Using 3D Point Cloud Data 

Figure 3 shows the 3D point cloud data of the strawberries acquired in this experi-
ment, whereas Figure 4 shows the comparison results between the plant parameters ob-
tained from actual measurements and those derived from the 3D point cloud data. Figure 
3 shows the 3D point cloud data, captured on 14 August 2023, and generated using Cloud-
Compare (v.2.13, [23]), of ‘Sonata’. 

   
(a) (b) (c) 

Figure 3. The 3D point cloud images of ‘Sonata’ cultivar acquired in this experiment. (a) Perspective 
view, (b) side view, (c) height-colored view. In (c), the color represents the Z-axis value, ranging 
from low (blue) to high (red), illustrating the spatial structure of the plant canopy. 

  
(a) (b) 

Figure 4. Comparison of plant parameters predicted using 3D point cloud data and those obtained 
using actual measurements: (a) plant height measured repeatedly over time on the same individuals 
(n = 50) and (b) dry matter content and digital biomass (n = 10). 

The plant height results represent the number of samples obtained on growth survey 
days during cultivation, whereas the leaf area results represent the number of samples 
obtained at the end of cultivation. A simple regression analysis was performed to evaluate 
the relationship between actual plant height measurements and estimated values using 
3D point cloud data. The results showed a regression slope of 0.738, intercept of 83.08, 
coefficient of determination (R2) of 0.628, and RMSE of 21.63 (p < 0.001) The predicted 
values generally showed a linear relationship with the actual measurements. The 95% 
prediction interval was calculated to evaluate the prediction accuracy, and results showed 
that it encompassed 96% of the data points. The relationship between the measured dry 
weight and digital biomass was evaluated, yielding a regression line slope of 7.59 × 10−4, 
an intercept of 9.85, a coefficient of determination (R2) of 0.579, and an RMSE of 3.81 (p = 
0.011). As the units of the two variables differed, the Mean Absolute Percentage Error 
(MAPE) was calculated, yielding an MAPE of 13.86%. As shown above, considering the 
outliers, plant height yielded high prediction accuracy. MAPE is commonly employed in 
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agricultural modeling studies to assess prediction accuracy. For comparison, previous 
studies on crop yield and plant biomass prediction have reported prediction errors of a 
similar magnitude. High-performing models have achieved error levels of approximately 
7–12% under controlled or well-managed conditions [24–26]. Furthermore, even higher 
error levels (e.g., around 15–20%) have been considered reasonable or have been associ-
ated with substantial improvements in field-level predictive performance when incorpo-
rating additional data sources [26]. Therefore, the MAPE obtained in this study falls 
within the range reported in previous studies and indicates that the predictive perfor-
mance is acceptable. In contrast, dry matter weight showed moderate prediction accuracy 
in the linear regression; however, its predictive performance was within the range re-
ported in previous studies and can therefore be considered acceptable. Overall, both var-
iables were predictable. 

3.4. Growth Analysis Using 3D Point Cloud Data 

Figure 5 shows a comparison of the growth analysis results obtained from actual 
measurements and those derived from the 3D point cloud data. 

  
(a) (b) 

Figure 5. Comparison of growth analysis results predicted using 3D point cloud data and those 
obtained using actual measurements: (a) RGR (n = 10) and (b) CGR (n = 10). The orange plot repre-
sents ‘Favori’, and the blue plot represents ‘Sonata’. 

The performance of RGR model was evaluated using linear regression against the 
observed values. The model showed a coefficient of determination (R2) of 0.486 (p = 0.025). 
The Pearson correlation coefficient between predicted and actual values was r = 0.697. An 
RMSE was 0.0047, corresponding to an MAPE of 5.95% relative to the mean actual value 
(0.071). Similarly, the CGR model showed an R2 of 0.531 (p = 0.017), with a Pearson corre-
lation coefficient of r = 0.729. The RMSE was 2.486, corresponding to an MAPE of 15.5% 
relative to the mean observed value (14.825). A correlation matrix of actual and predicted 
values for RGR and CGR is shown in Table 4. 

Table 4. Pearson correlation matrix of actual and predicted values for relative growth rate (RGR) 
and crop growth rate (CGR); n = 10. 

 Actual RGR Predicted RGR Actual CGR Predicted CGR 
Actual RGR 1    

Predicted RGR 0.697 1   
Actual CGR 0.661 0.500 1  

Predicted CGR 0.144 0.517 0.729 1 



Horticulturae 2026, 12, 752 9 of 15 
 

https://doi.org/10.3390/horticulturae12060752 

A correlation matrix of observed and predicted values for RGR and CGR is shown in 
Table 4. The predicted values showed moderate positive correlations with the correspond-
ing observed values (r = 0.697 for RGR and r = 0.729 for CGR). In addition, a moderate 
correlation was observed between RGR and CGR (r = 0.661), indicating that these indices 
partly reflect similar growth dynamics despite their different formulations. 

Figure 6 shows the daily transpiration of both cultivars in comparison with the fixed 
irrigation volume (200 mL plant−1 day−1). Daily transpiration increased over time in both 
cultivars, with higher values observed in ‘Sonata’. However, transpiration did not con-
sistently exceed the irrigation volume, and exceedance occurred only occasionally on peak 
days. This indicates that water supply was generally sufficient to meet plant demand 
throughout the experimental period. 

 

Figure 6. Comparison of daily transpiration of each cultivar (‘Favori’ and ‘Sonata’) with the fixed 
irrigation volume (200 mL plant−1 day−1). Values are expressed in mL assuming a density of 1 g mL−1. 

Figure 7 shows the relationship between the predicted dry matter weight and cumu-
lative transpiration for each cultivar. 

 

Figure 7. Comparison of the predicted dry matter weight–cumulative transpiration relationship 
across cultivars. 

During the cultivation period (32 days), the dry matter weight of ‘Sonata’ was pre-
dicted to increase by 12.7 g, and the cumulative transpiration reached 4146.4 g. The dry 
matter weight of ‘Favori’ was predicted to increase by 8.6 g, and the cumulative transpi-
ration reached 3467.2 g. The corresponding period-average WUE (Δ dry matter weight/Σ 
transpiration) was 3.1 mg g−1 for ‘Sonata’ and 2.5 mg g−1 for ‘Favori’, indicating that ‘Sonata’ 
outperformed ‘Favori’ by 22.7 %. The analysis results of cumulative regression of dry mat-
ter weight and cumulative transpiration for each variety are presented in Table 5. 
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Table 5. Results of cumulative regression analysis of dry matter weight and cumulative transpira-
tion. 

Cultivar a (g) b (mg g−1) R2 
‘Favori’ 12.2 2.8 0.918 
‘Sonata’ 13.4 3.4 0.899 

Cumulative regression analysis using only the observed dry matter weight data 
showed that both cultivars maintained a strong linear association between dry matter and 
cumulative transpiration. ‘Sonata’ showed an intercept of 13.400, a slope of 0.00343 g g−1 
(equivalent to 3.4 mg g−1), and an R2 of 0.899, indicating consistently high season inte-
grated water to biomass conversion. ‘Favori’ exhibited an intercept of 12.2, a slope of 
0.00281 g g−1 (2.8 mg g−1), and an R2 of 0.918. These results confirmed that the cultivar 
ranking observed in the interpolated analysis was preserved: ‘Sonata’ consistently 
demonstrated higher WUE than ‘Favori’. The average daily RGR was 23.0 mg day−1 for 
‘Sonata’ and 18.1 mg day−1 for ‘Favori’, with ‘Sonata’ showing a 27.1% advantage. The 
average daily CGR was 408.0 mg day−1 for ‘Sonata’ and 278.0 mg day−1 for ‘Favori’. 

4. Discussion 
‘Sonata’ and ‘Favori’ showed photoperiod-type differences in canopy formation, bi-

omass accumulation, and water use. This result is consistent with reports indicating that 
flower buds form under long-day conditions in ‘Favori’ [27] and short-day conditions in 
‘Sonata’ [28]. Destructive end-point data and 3D-derived estimates jointly indicated a can-
opy-driven strategy in ‘Sonata’ versus a reproduction-driven strategy in ‘Favori’, which 
is consistent with the well-established divergence of flowering responses between sea-
sonal-flowering (facultative short-day) and everbearing (quantitative/obligate long-day 
depending on temperature) strawberries [29–32]. Under long-day greenhouse conditions 
(~16 h), ‘Sonata’ expanded leaf area and dry mass, whereas ‘Favori’ invested more in in-
florescences. This allocation pattern likely reflects the photoperiodic response of each cul-
tivar. Under 16 h long-day conditions, ‘Sonata’ exhibited a canopy-dominant strategy, 
whereas ‘Favori’ showed a greater tendency toward reproductive allocation. 

Although the two cultivars had similar RGRs, ‘Sonata’ achieved a significantly higher 
CGR than ‘Favori’. This result can be attributed to the greater stand-level light interception 
conferred by the larger canopy of ‘Sonata’ (Tables 2 and 3). Recent 3D phenotyping studies 
across crops have emphasized that canopy architecture is a first-order driver of the inte-
gral of canopy photosynthesis and biomass formation and that predictors such as canopy 
occupation volume or volumetric proxies closely track canopy photosynthetic perfor-
mance and yield formation [8,33]. Our finding that a simple digital biomass proxy derived 
from point clouds aligned with CGR differences is consistent with these reports. A limita-
tion of this study is the relatively small sample size (n = 5), which may constrain the sta-
tistical power of the analysis. In phenotyping studies of strawberries, where biological 
variability can be substantial, this limitation may reduce the sensitivity to detect subtle 
differences and increase the risk of Type II errors. Therefore, the observed trends should 
be interpreted with caution. However, the physiological mechanisms underlying these 
contrasting growth strategies were not directly quantified in the present study. Leaf pho-
tosynthetic capacity is closely associated with leaf nitrogen content because a substantial 
proportion of nitrogen is invested in photosynthetic proteins, including Rubisco and com-
ponents of the electron transport system [34]. In addition, stomatal conductance regulates 
CO₂ diffusion into leaves and thus directly influences photosynthesis, transpiration, and 
biomass production [35]. These findings suggest that differences in photosynthetic rate, 
stomatal conductance, and nitrogen status may contribute to the observed divergence in 
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biomass accumulation and resource allocation between ‘Sonata’ and ‘Favori’. Therefore, 
the canopy-driven and reproduction-driven growth patterns identified in this study 
should be interpreted as hypothesis-based explanations rather than mechanistically vali-
dated conclusions. Future research incorporating direct measurements of gas exchange, 
stomatal conductance, and leaf nitrogen content will be essential to elucidate the physio-
logical basis of these growth strategies. 

Regarding measurement validity, daily top-view laser scanning (PlantEye) yielded 
plant height with moderate agreement (R2 = 0.63) but showed limited predictive accuracy 
for biomass (R2 = 0.58) compared to manual/destructive measurements. This limited per-
formance, particularly for biomass, indicates that the current high-throughput approach 
is highly applicable during early-to-mid growth stages before severe canopy closure, but 
faces challenges as leaf area index (LAI) increases. This is in line with the broader litera-
ture highlighting that advanced 3D sensing accuracy significantly varies with canopy clo-
sure, LAI, and growth stage [36,37]. 

The cumulative relationship between predicted dry matter increases and cumulative 
transpiration was strikingly linear in both cultivars (R2 = 0.90–0.92), and the period-aver-
age WUE was ~22.7% higher in ‘Sonata’ than in ‘Favori’ (Figure 6). The dry matter–tran-
spiration proportionality observed here is in accordance with the canonical framework of 
(normalized) biomass water productivity being near-conservative across environments 
and with the long-recognized hand-in-hand relationship between crop transpiration and 
biomass gain [38–40]. Moreover, theory and evidence indicate that temporal deployment 
of transpiration against daily vapor pressure deficit (VPD), rather than static leaf-level 
gas-exchange ratios, often governs effective WUE at the crop scale [41]. In our context, 
‘Sonata’ appears to have leveraged its larger canopy to enhance light capture sufficiently 
that the incremental assimilation outweighed the concomitant increase in transpiration, 
thereby improving WUE at the period scale. 

However, this study has several limitations that warrant consideration. First, our ob-
servation window (~32 days) primarily covered the vegetative phase, and full-season dy-
namics across flowering and fruit filling were not tracked. Second, although digital-bio-
mass accuracy was acceptable for non-destructive monitoring, organ-resolved dry-mass 
prediction (leaves, crowns, peduncles, and fruits) remains a target for improvement using 
time-series point-cloud segmentation and skeleton-based trait extraction [42,43]. Third, a 
single long-day regime was maintained in this study; future studies should explicitly re-
solve photoperiod × temperature interactions and light quality effects (e.g., blue- and far-
red-mediated signaling) that modulate both vegetative and reproductive development 
[44–46]. Finally, a methodological limitation in the estimation of WUE should be noted. 
Gravimetric weight loss represents total evapotranspiration, which includes both plant 
transpiration and soil evaporation [47]. In this study, soil evaporation was not physically 
prevented. As a result, the measured water loss likely contained a non-negligible evapo-
rative component from the soil surface, potentially leading to a slight overestimation of 
water use and a corresponding underestimation of intrinsic transpiration-based WUE, as 
soil evaporation can influence canopy-scale WUE estimates [15]. However, the relative 
humidity during the experimental period was relatively high (71.0 ± 2.9%), which likely 
reduced the vapor pressure gradient at the soil surface and thereby suppressed soil evap-
oration to some extent. Nevertheless, soil evaporation cannot be fully excluded, particu-
larly in pot experiments where total evapotranspiration may deviate from actual crop 
transpiration [48]. Importantly, because both cultivars were evaluated under identical 
conditions, the relative differences in WUE between cultivars are expected to remain ro-
bust. 

The integrated 3D phenotyping × continuous gravimetry pipeline enables day-re-
solved, non-destructive tracking of canopy structure and whole-plant water balance 
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under controlled experimental conditions. By employing high-throughput functional 
phenotyping systems, such as 3D scanners (e.g., PlantEye) and gravimetric measurement 
units (e.g., PlantArray), researchers can achieve precise pot-scale mass balance and auto-
mated feedback irrigation. However, these approaches rely on high-cost, specialized 
equipment and tightly controlled environmental conditions, which may limit their ap-
plicability in field settings and large-scale commercial production. 

This level of control facilitates the quantification of VPD/radiation responses and sea-
son-integrated WUE under both controlled and stress scenarios. In controlled environ-
ment production, categorizing cultivars based on their biomass allocation strategies, par-
ticularly between canopy architecture development and reproductive sink strength, may 
contribute to the optimization of cultivar-specific set points for resource management and 
WUE-based selection. However, one limitation of this study is that only two cultivars 
were examined. These cultivars were selected to represent contrasting photoperiodic re-
sponses (long-day and short-day), enabling evaluation under clearly different physiolog-
ical conditions. Nevertheless, future studies including a larger number of cultivars would 
be valuable to further validate and extend the present results. In addition, further valida-
tion under field conditions is required to confirm the practical applicability of these ap-
proaches. 

5. Conclusions 
This study demonstrated that integrating daily non-destructive 3D point cloud phe-

notyping with continuous gravimetric monitoring can determine cultivar-specific growth 
strategies in strawberry under identical environments. The short-day cultivar ‘Sonata’ dis-
played a canopy driven strategy with greater leaf area, higher CGR, and superior period 
average WUE, whereas the long-day cultivar ‘Favori’ allocated more to reproductive 
structures and exhibited lower canopy scale water to biomass conversion. The dry matter–
transpiration relationship was strongly linear in both cultivars, supporting the use of cu-
mulative, whole-plant indicators to benchmark WUE. Practically, these results may allow 
for cultivar-tailored environmental control (irrigation, fertigation, and lighting) in the fu-
ture and highlight the value of gravimetry integration for high-resolution, non-destruc-
tive phenotyping. Future work should extend to full-season monitoring across flowering 
and fruiting, refine organ level biomass estimation from point clouds, and resolve photo-
period × temperature × light quality interactions to generalize recommendations across 
production settings. 
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