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Abstract: This study evaluated the agronomic performance and water productivity of quinoa 
(Chenopodium quinoa Willd. cv. INIA 433) under three irrigation regimes in the central highlands of 
Peru: optimal irrigation (Ks = 1.00), moderate deficit (Ks = 0.66), and severe deficit (Ks = 0.49). The 
experiment combined constant water table lysimeters and field plots, integrating crop coefficient 
estimation, water balance analysis, and multispectral monitoring (NDVI, NDRE, SRWI) using UAV 
imagery and ground spectroradiometry. Moderate water stress (Ks = 0.66) significantly improved 
reproductive performance, producing approximately 8,000 grains per plant compared with ~3,900 grains 
per plant under optimal irrigation. Grain protein content increased from 4.8% to 6.0%, while 
evapotranspiration decreased by 37% (from 374.5 to 234.4 mm), markedly improving water use efficiency. 
In contrast, optimal irrigation promoted maximum vegetative growth (plant height ~110 cm; NDVI 0.7–
0.8) but lower reproductive output, whereas severe stress (Ks = 0.49) reduced yield to 4,400 grains per 
plant and accelerated senescence. Multispectral indices effectively distinguished water stress levels: NDVI 
reflected canopy vigor, NDRE detected chlorophyll variation, and SRWI captured plant water status. The 
results demonstrate that regulated deficit irrigation enhances water productivity and grain quality in 
quinoa. Maintaining Ks values around 0.65–0.70 appears to optimize yield and resource use efficiency in 
water-limited Andean agroecosystems. 

Keywords: Andean agriculture, crop coefficient, Deficit irrigation, Multispectral remote sensing, Quinoa, Water productivity, 
Water stress coefficient. 

 
1. Introduction  

Climate change intensifies water scarcity, representing one of the greatest challenges for global 
agriculture by impacting crop yield, water availability, and food security [1, 2]. Agriculture consumes 
approximately 72% of global freshwater resources, yet must produce more food with increasingly limited 
water supplies in a context marked by unequal distribution and projected population growth exceeding 
10.3 billion by 2080 [3-5]. Water stress constitutes one of the main threats to agricultural productivity, 
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as it represents a complex plant response to water deficit that alters physiological, biochemical, and 
structural functions, limiting plant growth and yield through mechanisms such as stomatal closure, 
reduced photosynthesis, and decreased transpiration [6-9]. However, emerging evidence suggests that 
moderate water deficit, when carefully managed, can enhance water use efficiency and, in some cases, even 
improve yield and quality parameters compared to full irrigation, challenging traditional irrigation 
paradigms [10, 11]. 

Accurate quantification of crop water status is essential for designing management strategies that 
maintain optimal productivity under water-limited conditions. Monitoring crop evapotranspiration (ETc) 
through the crop coefficient (Kc), a dimensionless parameter relating ETc to reference evapotranspiration 
(ETo), is considered one of the most efficient methods for evaluating water requirements and managing 
irrigation at the field scale [12-14]. In recent years, unmanned aerial vehicles (UAVs) equipped with 
thermal and spectral sensors have demonstrated high potential for early detection of water stress in crops 
[15].  

In recent years, unmanned aerial vehicles (UAVs) equipped with thermal and spectral sensors have 
demonstrated high potential for early detection of water stress in crops [15]. Vegetation indices derived 
from multispectral imagery provide non-destructive assessments of crop physiological status under 
water-limited conditions. The Normalized Difference Vegetation Index (NDVI) estimates foliage vitality, 
density, and overall canopy vigor [16], while the Normalized Difference Red Edge Index (NDRE) is 
particularly sensitive to chlorophyll content and photosynthetic capacity [17]. Additionally, water-
sensitive indices such as the Simple Ratio Water Index (SRWI) enable direct assessment of plant water 
status and stress severity [18]. These spectral tools allow precise identification of physiological and 
structural changes in plants associated with water deficit conditions throughout the crop cycle. 

However, not all water stress is detrimental to crop performance. Regulated deficit irrigation (RDI) 
strategies, which apply moderate water stress during specific phenological stages, have been shown to 
improve water use efficiency and enhance certain quality parameters without significantly compromising 
yield in various crops [10, 11]. The flowering stage represents a critical period where moderate stress 
can trigger beneficial physiological responses, including enhanced root development, improved resource 
allocation to reproductive structures, and increased stress tolerance mechanisms. When stress is carefully 
managed, it can ultimately lead to improved agronomic performance. 

In this context, quinoa (Chenopodium quinoa Willd.) emerges as a particularly relevant crop. This 
highly nutritious pseudocereal is recognized as a functional superfood with promising potential to 
contribute to global food security and climate change mitigation due to its tolerance to drought, salinity, 
and extreme temperatures, as well as its nutritional value and ability to grow in marginal environments 
[19, 20]. Quinoa achieves optimal vegetative development and satisfactory yields between 2000 and 3500 
m a.s.l. and maintains good performance under limited water conditions [21]. However, studies in arid 
and semi-arid regions indicate that its evapotranspiration can be high (1100–1600 mm), highlighting the 
need for efficient water management strategies to optimize both productivity and water use efficiency [22, 
23]. 

Despite quinoa's recognized stress tolerance, limited research has systematically compared its 
agronomic performance under full irrigation versus deficit irrigation conditions using precise 
measurement techniques such as lysimeters and remote sensing. Understanding whether quinoa performs 
better under moderate water deficit compared to full irrigation could provide valuable insights for 
developing water-saving irrigation strategies that enhance rather than compromise crop performance, 
especially in water-scarce highland environments. 

Therefore, the present study aims to evaluate the agronomic performance of quinoa (Chenopodium 
quinoa Willd.) under three water regimes: optimal irrigation, continuous deficit irrigation, and rainfed 
conditions. Specific objectives include: (1) determining the crop coefficient (Kc) using constant water table 
lysimeters under optimal and deficit irrigation treatments; (2) monitoring physiological responses 
through remote sensing technologies using NDVI (canopy vigor), NDRE (chlorophyll content), and 
SRWI (water status) indices; (3) assessing crop yield, quality parameters, and water use efficiency under 
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each treatment; and (4) comparing the agronomic performance between full irrigation and deficit 
irrigation to identify the most efficient water management strategy. Ryegrass is used as a reference crop 
for ETo calibration and validation. 

This research is framed within the United Nations Sustainable Development Goals (SDGs), 
particularly SDG 2 "Zero Hunger," by promoting sustainable production of nutritious foods; SDG 13 
"Climate Action," by contributing to efficient water management and agricultural adaptation to climate 
variability; and SDG 12 "Responsible Consumption and Production," fostering rational use of natural 
resources and adoption of climate-smart agricultural practices [24, 25]. 
 

2. Materials and Methods 
2.1. Study Area 

The research was conducted at the Santa Ana Experimental Station of the National Institute of 
Agricultural Innovation (INIA), located in the district of El Tambo, Huancayo province, Junín 

department, in the central highlands of Peru (12°0′42.36″ S, 75°13′17.60″ W; 3303–3325 m a.s.l.) (Figure 
1). The climate is characterized by marked seasonality, with a rainy season from November to March, a 
transitional period from April to October, and a dry season from May to August. Mean annual 
precipitation is approximately 477 mm, and air temperature ranges from 3.9 to 20.2 °C, with frequent 
frost occurrence during the dry months [26-28]. 

Soil characterization was performed through certified laboratory analyses (LABSAF–INIA) using 
twelve composite samples representative of the experimental site. Soils exhibited predominantly loam to 
clay loam textures (samples 1-12), with pH values ranging from 6.0 to 6.6, corresponding to slightly acidic 

to near-neutral conditions. Available phosphorus (Olsen method) ranged from 3.0 to 4.8 mg kg⁻¹, 

indicating low to moderate availability, while organic matter content varied from 9.4 to 12.1 g kg⁻¹. 

Electrical conductivity was generally low (2.2–13.0 mS m⁻¹), with one sample at 23.9 mS m⁻¹, confirming 

the absence of salinity limitations. Exchangeable calcium (8.0–12.8 cmol(+) kg⁻¹) and magnesium (1.8–

3.1 cmol(+) kg⁻¹) indicated adequate base saturation for quinoa production. 
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Figure 1. 
Location of the Study Area. 

 
2.2. Experimental Design and Treatments 

The experiment was established on January 8, 2024, using constant water table lysimeters and field 
plots. Three cylindrical constant groundwater level lysimeters with a diameter of 1.25 m and a depth of 
1.5 m were installed. Each lysimeter was equipped with a water reservoir system connected to maintain a 
constant water table at 50 cm below the soil surface. To ensure accurate evapotranspiration 
measurements, lysimeters were covered with transparent rain exclusion shelters positioned 3 m above the 
canopy to prevent direct precipitation input while allowing air circulation and maintaining ambient light 
conditions. 

Daily evapotranspiration was determined by measuring the volume of water required to maintain the 
constant water level in the reservoir. Readings were taken twice daily at 7:00 AM and 5:00 PM using a 
glass graduated cylinder to record the water level in each reservoir. Daily ETc was calculated as the sum 
of water volume consumed between readings, adjusted for the lysimeter surface area (1.23 m²). 

Three lysimeters were established to evaluate distinct water regimes and calibrate evapotranspiration 
models. Lysimeter A served as the reference treatment, where ryegrass (Lolium multiflorum Lam.) was 
maintained under non-limiting water conditions (constant water table at 50 cm depth) throughout the 
experimental period (January–June 2025) to calibrate and validate meteorologically derived reference 
evapotranspiration (ETo) estimates. Lysimeter B constituted the optimal irrigation treatment, in which 
quinoa was cultivated with the water table consistently maintained at 50 cm depth across all phenological 
stages, representing the upper threshold of water availability and ensuring unrestricted plant growth and 
development. Lysimeter C comprised the deficit irrigation treatment, where quinoa was subjected to 
continuous moderate water deficit by maintaining the water table at 80 cm depth, reducing water supply 
to 60% of optimal consumption, and controlled water restriction via the Z method from emergence to 
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physiological maturity, thereby inducing sustained but sub-lethal water stress throughout the growing 
cycle. 

Complementing the lysimeter study, field plots were established under rainfed conditions to evaluate 
quinoa performance under natural precipitation regimes. Quinoa was grown without supplemental 
irrigation in plots measuring 5 m × 4 m, with 15 replications. This treatment simulated conventional 
farmer practices in the region and provided a realistic assessment of crop performance under ambient 
water-limited conditions. 

The quinoa cultivar INIA 433 was sown at a density of 15 kg ha⁻¹ with inter-row spacing of 60 cm 

across all treatments. Soil fertility management consisted of a basal application of 150 kg ha⁻¹ N, 120 kg 

ha⁻¹ P₂O₅, and 300 kg ha⁻¹ K₂O at sowing [29], supplemented by a top-dressing application of 150 kg 

ha⁻¹ N at the branching stage. All plots were subjected to uniform agronomic practices, including weed 
control and phytosanitary management. Harvest was conducted on June 18, 2025, when crops achieved 
physiological maturity, as determined by panicle senescence with over 95% yellow coloration and grain 
moisture content below 14%. 

 
2.3. Meteorological Conditions During the Growing Season 

Meteorological data were recorded throughout the growing season (January–June 2025) using an 
automated weather station (Davis Vantage 2 Pro) located 100 m from the experimental site. Daily 
maximum temperature (Tmax), minimum temperature (Tmin), precipitation, relative humidity, wind 
speed at 2 m height, and solar radiation were measured. Reference evapotranspiration (ETo) was 
calculated using the FAO-56 Penman-Monteith equation [30]. 

Figure 2 shows the daily dynamics of maximum temperature (Tmax), minimum temperature (Tmin), 

precipitation, and reference evapotranspiration (ET₀) during the 2025 cropping season. Tmax exhibited 
relatively stable thermal behavior, with daily maxima generally ranging between 18 and 25 °C throughout 
the study period. Tmin showed greater variability, fluctuating between 3 and 10 °C during the main 

growing season (January–June) and declining to sub-zero values (approximately −5 to −7 °C) in late June 
and July, corresponding to typical winter frost conditions in the Andean highlands. Precipitation was 
concentrated between January and March, coinciding with the regional rainy season, with a cumulative 
rainfall of approximately 320–350 mm, while rainfall intensity and frequency decreased markedly from 
April to June, resulting in a cumulative precipitation of about 60–80 mm during this latter period. 

Reference evapotranspiration remained relatively stable across the cropping season, with daily ET₀ values 

averaging 2.5–3.5 mm d⁻¹ and a total cumulative ET₀ of approximately 450–480 mm for the January–
June 2025 period. 

 



546 

 

 

Edelweiss Applied Science and Technology 
ISSN: 2576-8484   

Vol. 10, No. 3: 541-560, 2026 
DOI: 10.55214/2576-8484.v10i3.12468 
© 2026 by the authors; licensee Learning Gate 

 

 
Figure 2. 
Seasonal climatic variation and reference evapotranspiration (ETo) during the 2025 cropping season. 

 
2.4. Collection of Agronomic Data 

Plant evaluations were conducted at six sampling dates: 70 DAS (vegetative), 91 DAS (branching), 
104 DAS (early flowering), 119 DAS (full flowering), 145 DAS (grain filling), and 162 DAS (physiological 
maturity). A total of 480 individually tagged plants were monitored across all treatments, enabling 
detailed tracking of physiological and agronomic responses throughout the crop cycle. 

 
2.5. Morphological and Physiological Parameters 

Chlorophyll content was assessed using a portable SPAD-502 Plus meter (Konica Minolta, Japan), 
with readings taken from fully expanded leaves located at mid-canopy height. Plant height was measured 
from the soil surface to the apex of the highest leaf using a graduated metric ruler (±0.1 cm precision). 
Leaf number was recorded by counting all fully expanded leaves per plant. Panicle length was measured 
from the base to the apex of the primary inflorescence at physiological maturity. 

Midday leaf water potential (Ψ<sub>leaf</sub>) was determined using a Scholander-type pressure 
chamber (Model 600, PMS Instrument Company, USA). Selected fully expanded leaves were enclosed in 
reflective bags for 5 minutes to equilibrate vapor pressure, then excised with approximately 3 cm of petiole 
remaining for chamber insertion. Measurements were conducted between 11:00 AM and 1:00 PM under 
clear sky conditions. 

Soil water status was monitored using granular matrix sensors (Watermark 200SS, Irrometer 
Company, USA) installed at 15 cm depth in each experimental unit. Soil water tension (kPa) was recorded 
twice daily at 7:00 AM and 5:00 PM throughout the crop cycle, coinciding with lysimeter water 
consumption measurements. 
 
2.6. Biomass and Yield Components 

At physiological maturity, total aboveground biomass was harvested from 30 plants per treatment, 
separated into vegetative and reproductive fractions, and oven-dried at 70°C for 72 hours until constant 
weight. Leaf area was determined by scanning fresh leaves alongside a scale reference ruler using a flatbed 
scanner. Digital images were processed and analyzed in R software [31] using a k-means clustering 
algorithm for image segmentation to separate leaf tissue from the background. Leaf area (cm²) was 
calculated by converting pixel counts to actual area using the scale reference calibration. 

Grain yield was determined by hand-threshing panicles from 75 plants per lysimeter and per field 

plot, with grain moisture adjusted to 12% wet basis. Yield per unit area (kg ha⁻¹) was calculated based on 
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a planting density of 35 plants m⁻². Thousand-grain weight (TGW) was determined from five replicate 
counts of 1000 grains per treatment using a precision analytical balance (±0.001 g). Grain number per 
plant was calculated as: (individual plant grain weight / TGW) × 1000. 

Grain protein content was analyzed at the National University of Huancavelica, Animal Nutrition 
and Feed Evaluation Laboratory using the Dumas method. Crude protein (CP) was assessed with the 
Dumas nitrogen determination technique employing a Dumas-01 model manufactured by FP 528, Leco, 
St. Joseph, MI, USA. Additionally, CP was calculated using a 6.25 nitrogen-to-protein conversion factor 
[32]. 
 
2.7. Remote Sensing and Spectral Data Analysis 

Aerial multispectral imagery was acquired at six dates throughout the crop cycle: 70, 91, 104, 141, 
162, and 170 days after sowing (DAS), with the final flight conducted post-harvest to document canopy 
senescence. Flights were performed using a DJI Phantom 4 RTK UAV equipped with a Parrot Sequoia+ 
multispectral sensor capturing four spectral bands: green (550 nm), red (660 nm), red-edge (735 nm), and 
near-infrared (790 nm). All flights were conducted at 30 m altitude with 80% frontal and lateral overlap 

at 4 m s⁻¹ between 11:00 AM and 1:00 PM under clear sky conditions. Radiometric calibration was 
performed before each flight using the Parrot Sequoia calibrated reflectance panel. 

Complementary ground-based spectral measurements were acquired using a FieldSpec HandHeld 2 
spectroradiometer (ASD Inc., USA) operating across 325–1075 nm with 1.5 nm sampling interval, 3.5 nm 
spectral resolution (FWHM at 700 nm), and 25° field of view. Measurements were taken at canopy level 
on the same dates as UAV flights, with white reference calibration performed using a Spectralon® panel 
before each measurement session. 

Multispectral orthomosaics were generated using Pix4Dmapper Pro v4.8.4 (Pix4D, Switzerland), 
incorporating ground control points to ensure geometric and radiometric accuracy. Spectral data 
processing and analysis were performed in RStudio v4.4.1 [31] using the terra package [33] with QGIS 
v3.18.14 [34] for image editing and layer vectorization. 
Three vegetation indices were calculated to assess canopy vigor, chlorophyll content, and water status: 
the Normalized Difference Vegetation Index (NDVI): 

NDVI = (ρNIR − ρRed) / (ρNIR + ρRed) 
Normalized Difference Red Edge Index (NDRE): 

NDRE = (ρNIR − ρRedEdge) / (ρNIR + ρRedEdge) 
Simple Ratio Water Index (SRWI): 

SRWI = ρNIR / ρSWIR 
An NDVI-based mask (threshold > 0.2) was applied to isolate active vegetation and eliminate soil 

background. For each treatment, zonal statistics (mean, median, minimum, maximum) were computed 
from valid pixels, with outliers removed using an adaptive interquartile range filter. Temporal trends 
were visualized using LOESS smoothing to evaluate phenological patterns in canopy development, 
chlorophyll dynamics, and water status throughout the crop cycle. 
 
2.8. Evaluation of the Water Stress Coefficient (Ks) 

The reference evapotranspiration (ET₀) was calculated using the Penman–Monteith equation, which 
integrates the energetic and aerodynamic components of the water balance. This formulation incorporates 
net radiation, air temperature, wind speed, and vapor pressure deficit, allowing the estimation of 
atmospheric water demand for a well-watered reference surface [35]. 

In Equation (1) of the FAO-56 Penman–Monteith method [30], reference evapotranspiration (ET₀) 
represents the atmospheric demand for water from a well-watered and fully vegetated reference surface. 

Net radiation (Rₙ) denotes the energy available at the crop surface after subtracting reflected shortwave 
radiation and longwave radiative losses. Soil heat flux (G) corresponds to the energy transferred to or 
from the soil profile, typically considered negligible at a daily scale. Mean air temperature (T) and wind 
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speed at 2 m height (u₂) determine the capacity of the air to transport water vapor, while the vapor 

pressure deficit (eₛ – eₐ) reflects the humidity gradient between the canopy surface and the atmosphere. 

The slope of the saturation vapor pressure curve (Δ) and the psychrometric constant (γ) regulate the 
relationship between temperature, pressure, and humidity, balancing the energetic and aerodynamic 
components of the evapotranspiration process [35, 36]. 
 

        𝐸𝑇𝑜 =
0.408∆ (𝑅𝑛− 𝐺)+γ

900

T+273
+𝑢2(𝑒𝑠−𝑒𝛼)

∆ + γ (1+0.34 𝑢2)
                                                        (1) 

 

Crop evapotranspiration (ETc) was subsequently obtained by multiplying ET₀ by the crop coefficient 
(Kc), which was adjusted according to the phenological stages of quinoa—initial, development, mid-
season, and late-season. This relationship allows quantifying the crop's potential water demand under 
optimal soil moisture conditions [30, 37], as expressed in Equation (2):  

 

𝐸𝑇𝑐 = 𝐾𝑐  𝑥 𝐸𝑇𝑜                                            (2) 
 

 
The crop coefficient (Kc) represents the relationship between the transpiration of a specific crop and 

that of the reference surface. Its value varies according to the phenological stages: initial (Kc_ini), 
development, mid-season (Kc_mid), and late-season (Kc_end), reflecting changes in canopy cover, leaf 
area, and overall crop structure [30]. 

In the third stage, the water stress coefficient (Ks) was estimated from soil water content and the 
fraction of readily available water (p). The value of Ks ranges from 1 (no stress) to 0 (severe stress), 
reflecting the crop’s ability to maintain transpiration under limited soil moisture conditions, as expressed 
in Equation [30]. 
 

                  𝐾𝑠 = {
1

𝑇𝐴𝑊 −𝐷𝑟 

𝑇𝐴𝑊 − 𝑅𝐴𝑊

                     (3) 

 
The water stress coefficient (Ks) quantifies the relative reduction in transpiration caused by soil water 

deficit. This parameter depends on root-zone depletion (Dᵣ), total available water (TAW), and readily 
available water (RAW = p × TAW), where p is the fraction of water that the crop can extract without 
experiencing stress. TAW corresponds to the amount of water held in the soil between field capacity and 
the permanent wilting point [30, 37]. 

The actual crop evapotranspiration (ETcₐct) was finally calculated as the product of ETc and Ks, and 
incorporated into a simplified “bucket” soil water balance model, where root-zone water storage was 
updated daily based on effective precipitation, deep percolation, and evapotranspiration losses. This 
framework allowed quantifying the crop's effective water use and the magnitude of water stress 
throughout the phenological cycle [30, 38] as expressed in Equations (4) and (5): 
 

𝐸𝑇𝑐𝑎𝑐𝑡 =  𝐾𝑠 𝑥 𝐸𝑇𝑐                                                   (4)  
 

𝑆𝑡 =  𝑆𝑡−1 + 𝑃𝑒𝑓𝑓 − 𝐸𝑇𝑐𝑎𝑐𝑡  −  𝐷𝑃                        (5) 

 

Sₜ represents soil water storage on day t, 𝑃𝑒𝑓𝑓 is the effective precipitation that replenishes the root 

zone, 𝐸𝑇𝑐𝑎𝑐𝑡 is the actual evapotranspiration determined by the interaction between atmospheric demand 
and soil water availability, and DP denotes deep percolation, which corresponds to water exceeding the 
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soil’s storage capacity and being lost through drainage. These variables allow evaluating soil water 
dynamics and the crop’s response to water stress throughout each development stage [38]. 
 
2.9. Statistical Analysis and Water Modeling of the Crop 

The procedure integrated the statistical analysis and soil water balance of quinoa under different 
water stress levels. Data were processed in RStudio (R v4.4.1) [31] through an automated workflow that 
included data cleaning, balanced subsampling, one-way ANOVA, Tukey HSD comparisons, and the 

estimation of reference evapotranspiration (ET₀) and actual crop evapotranspiration (ETc) using the 
FAO-56 Penman–Monteith method. Climatic variables related to radiation, vapor pressure, wind, and 
energy balance were incorporated, adjusting atmospheric pressure to the site elevation (3,298 m) and 

using an albedo of 0.23. The crop coefficient (Kc) curve was combined with ET₀ to obtain potential 

evapotranspiration (ETcₚₒ), and a bucket-type soil water balance model was used to estimate the stress 

coefficient (Ks) and actual evapotranspiration (ETcₐct), considering θFC = 0.30, θWP = 0.15, and p = 0.55. 
All processing and visualization were performed in RStudio using the packages readxl, openxlsx, dplyr, 
ggplot2, lubridate, emmeans, multcomp, janitor, tidyr, stringr, forcats, and rstudioapi [39-43].  
 

3. Results   
3.1. Seasonal Water Balance and Water Stress Quantification 

Figure 3 illustrates the seasonal water balance dynamics and the progressive development of water 
stress under rainfed field conditions (Ks = 0.66). The cumulative water budget (Figure 3a) reveals that 
total reference evapotranspiration (ETo = 520.6 mm) substantially exceeded effective rainfall (365.4 mm), 
generating a cumulative water deficit of 155.2 mm over the growing season. This deficit was partially 
compensated by depletion of initial soil water reserves (60 mm), while substantial deep percolation losses 
(177 mm) occurred primarily during the wet season (January–March) when rainfall intensity exceeded 
soil infiltration capacity, Midday leaf water potential and storage approached field capacity. 

Daily actual crop evapotranspiration (ETc_actual = 234.4 mm; Figure 3b) exhibited a characteristic 
bell-shaped seasonal pattern, gradually increasing during vegetative establishment (January–March), 
reaching maximum values exceeding 4 mm d-1 during flowering and early grain filling (late April–early 
May), then declining sharply as soil water depletion intensified and plants approached physiological 
maturity. The ETc_actual represented only 45% of potential crop water demand (Kc = 0.45), indicating 
substantial water limitation throughout the cycle. 

Effective rainfall distribution (Figure 3c) was highly concentrated in the early season (January–
March: 300 mm), with sporadic events in April (~50 mm) and virtually no precipitation from May through 
harvest. This temporal mismatch between water supply and crop demand severely limited water 
availability during the critical reproductive and grain-filling phases, when quinoa's water requirements 
were highest. 

Root zone soil water storage (Figure 3d) remained near field capacity (60 mm) during the vegetative 
phase due to frequent rainfall recharge. However, storage declined progressively from mid-April onward 
as atmospheric evaporative demand exceeded precipitation inputs. By late May, soil moisture approached 
the wilting point (<5 mm available water), Forcing stomatal closure and dramatically reducing 
transpiration, this severe late-season water deficit (Ks declining from 0.8 in April to less than 0.4 in June) 
imposed moderate-to-high cumulative stress (seasonal Ks = 0.66), Contrasting sharply with the non-
limiting conditions (Ks = 1.00) maintained continuously in the optimally irrigated lysimeter treatment 
(LB). 
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Figure 3. 
Seasonal water balance components and water stress development under rainfed conditions (Ks = 0.66). (a) Cumulative water 

budget showing ET₀, ETc, effective rainfall, deep percolation, and changes in soil water storage; (b) Daily actual crop 
evapotranspiration (ETc_actual) showing peak demand during flowering; (c) Effective rainfall distribution highlighting early-
season concentration and late-season deficit; (d) Progressive depletion of root zone soil water storage from field capacity to near 
wilting point. 

 
Table 1 presents the water stress coefficient (Ks), actual crop evapotranspiration (ETc), and observed 

crop coefficient (Kc) under three irrigation treatments. In the LB (optimal irrigation) treatment, plants 
experienced no water stress (Ks = 1.00), achieving maximum ETc of 374.5 mm and an observed Kc of 
0.72, representing crop water demand under non-limiting conditions. 

Under field (rainfed) conditions, moderate water stress (Ks = 0.66) reduced ETc to 234.4 mm and the 
observed Kc to 0.45, indicating intermittent water limitation associated with natural rainfall variability 
and progressive soil water depletion. In the LC (deficit irrigation) treatment, severe water stress (Ks = 
0.49) substantially constrained ETc to 183.1 mm (49% of optimal), with the observed Kc declining to 0.35, 
reflecting prolonged water deficit that significantly reduced transpiration and effective crop water use 
throughout the growing cycle. 
 
Table 1. 
Water stress coefficient (Ks), crop evapotranspiration (ETc), and crop coefficient (Kc) under different irrigation treatments. 

Treatment Ks ETc (mm) Observed Kc 
(ETc/ETo*) 

Stress Level Water Condition 

LB – Optimal 1.00 374.5 0.72 None Full irrigation, no limitation 
Field – Rainfed 0.66 234.4 0.45 Moderate Natural rainfall, intermittent stress 

LC – Deficit 0.49 183.1 0.35 Severe Prolonged water deficit 
Note: *Reference evapotranspiration (ETo) = 520.6 mm for the growing season (January 8 – June 18, 2025). 
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3.2. Morphophysiological Response to Water Stress 
3.2.1. Vegetative Growth and Canopy Development 

Figure 4 illustrates the vegetative growth dynamics of quinoa under three irrigation treatments 
throughout the growing cycle: optimal irrigation (LB, Ks = 1.00), rainfed field conditions (Ks = 0.66), and 
deficit irrigation (LC, Ks = 0.49). 

Plant height and leaf number showed clear treatment differentiation from early stages onward. 
Optimal irrigation (Ks = 1.00) consistently produced the tallest plants, reaching a maximum height of 
approximately 110 cm at 119 DAS, followed by rainfed conditions (Ks = 0.66, 75 cm) and deficit irrigation 
(Ks = 0.49, 75 cm). Leaf number followed a similar pattern, with optimal irrigation maintaining the 
highest leaf counts throughout the cycle. Treatment differences became more pronounced after 119 DAS 
(flowering stage), where water stress markedly limited vertical growth and accelerated leaf senescence, 
particularly under severe deficit conditions. 

Panicle length development began at 91 DAS, with all treatments showing progressive elongation 
through reproductive stages. At mid-flowering (119 DAS), severe deficit irrigation (Ks = 0.49) showed 
significantly reduced panicle length compared to optimal (Ks = 1.00) and rainfed (Ks = 0.66) treatments. 
However, by late grain filling and physiological maturity (145–162 DAS), panicle length converged across 
all treatments, reaching approximately 45–55 cm with no significant differences (p > 0.05). 

SPAD chlorophyll index exhibited peak values at 104–119 DAS across all treatments, with rainfed 
plants (Ks = 0.66) showing the highest readings (54), suggesting enhanced chlorophyll concentration as 
an osmotic adjustment mechanism under moderate stress. All treatments showed declining SPAD values 
toward maturity (162 DAS), consistent with natural leaf senescence. 
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Figure 4. 
Vegetative growth dynamics of quinoa (Chenopodium quinoa Willd.) under three irrigation treatments: optimal (LB, Ks = 1.00, 
blue), rainfed (Ks = 0.66, yellow), and deficit (LC, Ks = 0.49, red). (a) Plant height, (b) Number of leaves; (c) Panicle length; (d) 
SPAD chlorophyll index. Different letters indicate significant differences (p < 0.05) among treatments at each sampling date 
(Tukey HSD test). Error bars represent the standard error of the mean (n = 80 plants per treatment). 

 
3.2.2. Reproductive Performance and Grain Quality 

Figure 5 presents reproductive output and grain quality under three irrigation treatments. Total 

grain weight per plant (Figure 5a) was highest under rainfed conditions (Ks = 0.66, 27 g plant⁻¹), 

approximately doubling that of optimal irrigation (Ks = 1.00, 13 g plant⁻¹) and severe deficit (Ks = 0.49, 

13 g plant⁻¹, p < 0.05). This increase resulted from substantially higher grain number (Figure 5c): 7,700 
grains per plant under Ks = 0.66 compared to approximately 3,400 (Ks = 1.00) and 4,400 (Ks = 0.49). 
Grain protein content (Figure 5b) followed a similar pattern, with rainfed conditions achieving about 
6.0%, significantly exceeding optimal irrigation (4.8%) and severe deficit (3.7%, p < 0.05). 
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Figure 5.  

Reproductive performance and grain quality. (a) Total grain weight (g plant⁻¹); (b) Grain protein (%); (c) Number of 
grains per plant. Blue: Ks = 1.00; Yellow: Ks = 0.66; Red: Ks = 0.49. Different letters indicate significant differences 
(p < 0.05, Tukey HSD). Error bars: SE (n = 80). 

 
3.3. Spectral Response and Vegetation Indices Under Water Stress 

Figure 6 presents the spectral dynamics and vegetation indices of quinoa under three irrigation 
treatments throughout the growing cycle. Panel a shows NDVI temporal evolution visualized through 
lysimeter imagery from 68 to 162 DAS. At early vegetative stages (68 DAS), optimal irrigation (Ks = 
1.00) exhibited uniform, vigorous canopy cover, while moderate (Ks = 0.66) and severe (Ks = 0.49) stress 
treatments showed reduced development and localized stress patches. During peak vegetative growth 
(93–141 DAS), Ks = 1.00 maintained high NDVI values, whereas stressed treatments displayed 
progressive canopy reduction and spatial heterogeneity. By 162 DAS, all treatments showed declining 
NDVI corresponding to senescence, with stress-accelerated deterioration evident in Ks = 0.49. 

Spectral signatures (Figure 6b, 400–1000 nm) at four key growth stages (92, 126, 148, and 166 DAS) 
confirmed these visual patterns. Optimal irrigation (Ks = 1.00) maintained high near-infrared reflectance 
(700–900 nm) and strong red absorption (600–680 nm) throughout the cycle, indicating sustained 
chlorophyll content and canopy vigor. Stressed treatments showed progressive chlorophyll loss (reduced 
red absorption) and decreased NIR reflectance, particularly at 148 and 166 DAS. The ryegrass reference 
crop exhibited lower overall reflectance due to denser leaf structure. 

The temporal evolution of key indices (Figure 6c) revealed distinct physiological patterns: NDRE 
(chlorophyll) peaked at approximately 119 DAS across treatments, with Ks = 1.00 maintaining the highest 
values (~0.32). NDVI (vigor) showed maximum differentiation during 93–141 DAS, following the pattern 
Ks = 1.00 > Ks = 0.66 > Ks = 0.49, with peak values around 0.7–0.8 for optimal irrigation. SRWI (water 
status) demonstrated the highest values under severe stress (Ks = 0.49, reaching ~8 at late stages), 
confirming progressive water deficit, while Ks = 1.00 maintained lower, more stable values (~4–5). These 
spectral parameters effectively differentiated quinoa physiological responses to water availability 
throughout the crop cycle. 
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Figure 6.  
Spectral response and vegetation indices under water stress. (a) NDVI temporal evolution in lysimeters at 68, 93, 119, 141, and 
162 DAS; (b) Spectral signatures (400–1000 nm) at 92, 126, 148, and 166 DAS; (c) Temporal variation of NDRE (chlorophyll), 
NDVI (vigor), and SRWI (water status) indices throughout the growing season. Gray: Ryegrass; Blue: Ks = 1.00; Yellow: Ks = 
0.66; Red: Ks = 0.49. 

 

4. Discussions 
4.1. Enhanced Reproductive Performance Under Moderate Water Deficit 

This study demonstrates that quinoa (Chenopodium quinoa Willd. cv. INIA 433) exhibits a non-linear 
response to water availability in the central highlands of Peru, with moderate stress producing superior 
reproductive output compared to optimal irrigation. Rainfed field conditions (Ks = 0.66) generated 
approximately 8,000 grains per plant, more than double that achieved under optimal lysimeter irrigation 
(Ks = 1.00, 3,900 grains per plant), while simultaneously increasing grain protein content from 4.8% to 
6.0%. This response, where moderate stress surpasses performance under non-limiting conditions, 
challenges conventional irrigation paradigms and demonstrates quinoa's remarkable capacity to optimize 
reproductive allocation under intermediate water limitation [21, 22]. 

The mechanisms underlying this enhanced reproductive output appear to involve coordinated shifts 
in resource allocation under intermediate water deficit. While optimal irrigation promoted maximum 
vegetative growth (plant height: 110 cm, leaf number: 150), reflecting the high drought tolerance reported 
for quinoa [19, 23], this vegetative investment did not translate into proportional reproductive success. 
Moderate stress reduced vegetative biomass but dramatically increased reproductive sink number, 
suggesting water limitation triggered a developmental shift prioritizing reproduction over vegetative 
expansion. This adaptive mechanism is consistent with observations in arid and semi-arid environments 
where quinoa maintains or even enhances performance under moderately restricted water availability [21, 
22]. 

The concurrent protein increase under moderate stress suggests enhanced nitrogen remobilization 
from vegetative tissues to grains, consistent with previous findings showing that intermediate water 
restriction promotes significant increases in protein content through physiological adjustments in 
nitrogen metabolism and grain filling. Stikic et al. [44] and Yang et al. [45] support this. This combined 
improvement in grain number and quality offers a critical advantage for food security in water-scarce 
regions. 
In contrast, severe deficit (Ks = 0.49) markedly reduced growth, panicle elongation, and biomass 
accumulation, aligning with adverse physiological effects documented in crops exposed to water deficit, 
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including reduced photosynthesis, altered water balance, and decreased leaf area [7, 8]. Severe stress 
produced only 4,400 grains per plant and the lowest protein content (3.7%), indicating that stress beyond 
critical thresholds overwhelms compensatory mechanisms. The narrow window between beneficial 
moderate stress (Ks = 0.66) and detrimental severe stress (Ks = 0.49) emphasizes the importance of precise 
water management. 
 
4.2. Morphophysiological and Spectral Responses to Progressive Water Deficit 

Progressive water reduction induced predictable morphophysiological changes: plant height 
decreased from 110 cm (Ks = 1.00) to 75 cm (Ks = 0.66, 0.49). Leaf number declined, and SPAD 
chlorophyll values decreased under stress, reflecting the high sensitivity of expansive growth to declining 
water potential [46]. However, panicle length converged across treatments by maturity despite 
significant differences at mid-flowering (119 DAS), indicating compensatory growth prioritizing 
reproductive structures—consistent with stress adaptation mechanisms in quinoa [47]. 

SPAD chlorophyll peaked at 104-119 DAS across treatments, with moderate stress (Ks = 0.66) 
showing the highest readings (~54), suggesting enhanced chlorophyll concentration per unit leaf area as 
an osmotic adjustment optimizing light capture capacity in a reduced canopy, a response documented in 
stress-tolerant quinoa genotypes [48]. The accelerated senescence under severe deficit (Ks = 0.49) 
reflected photosynthetic collapse when stress exceeded buffering thresholds, consistent with reports 
where water deficit accelerates leaf senescence and limits photoassimilate accumulation in sensitive 
genotypes [49]. 

Multispectral indices effectively captured stress progression throughout the crop cycle. NDVI 
dynamics paralleled morphophysiological patterns: optimal irrigation maintained high values (0.7-0.8) 
during 93-141 DAS, moderate stress showed intermediate stability, and severe deficit exhibited a 
progressive decline. Spectral signatures (400-1000 nm) confirmed these patterns through characteristic 
red absorption (600-680 nm) and NIR reflectance (700-900 nm) changes, with stressed treatments 
showing progressive chlorophyll loss and structural deterioration. Water stress rapidly affects reflectance 
in red and NIR bands due to chlorophyll degradation and cellular contraction, with NIR reflectance 
extremely sensitive to turgor and cell volume loss [50-52].  

NDRE proved particularly sensitive to chlorophyll dynamics, peaking at 119 DAS (0.32) and 
providing early stress detection before visible symptoms. SRWI showed dramatic differentiation, with 
severe stress reaching 8 versus 4-5 for optimal irrigation. The integration of NDVI (canopy vigor), NDRE 
(chlorophyll), and SRWI (water status) provided complementary information, distinguishing moderate 
stress that maintained function from severe stress causing irreversible decline, offering potential for 
precision irrigation management based on real-time physiological monitoring [18]. 
 
4.3. Water Stress Coefficient as an Integrative Metric and Management Tool 

The water stress coefficient (Ks) effectively integrates soil water availability and crop performance. 
The three levels (1.00, 0.66, 0.49) represent distinct physiological states: optimal hydraulic function, 
moderate stress with partial stomatal limitation, and severe stress approaching hydraulic failure. Superior 
performance at Ks = 0.66 indicates operation within an "adaptive zone" where quinoa successfully 
regulates physiological processes without entering metabolic decline, corresponding to the gradually 
declining Ks curve where compensatory mechanisms offset water limitation [30, 53]. 

The relationship between Ks and crop coefficient (Kc) illustrates substantial water productivity 
improvements. Optimal irrigation (Ks = 1.00) showed Kc = 0.72 (ETc = 374.5 mm), while moderate stress 
(Ks = 0.66) reduced ETc to 234.4 mm (Kc = 0.45)—achieving 37% water savings while doubling grain 
production, demonstrating the potential for deficit irrigation to enhance water productivity in quinoa 
[54]. Severe stress (Ks = 0.49) further reduced ETc to 183.1 mm (Kc = 0.35) but compromised yield, 
demonstrating diminishing returns beyond optimal deficit thresholds, consistent with nonlinear crop 
responses to progressive water limitation [55]. 
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4.4. Implications for Water-Scarce Andean Agriculture 
These findings have direct implications for irrigation management in water-limited Andean systems, 

where quinoa is a strategic crop for food security under variable climatic conditions [47]. Moderate deficit 
(Ks = 0.66) not only maintains but significantly improves quinoa productivity, challenging conventional 
irrigation paradigms that emphasize maximum water application [55]. In the central highlands, where 
rainfall is seasonal (concentrated January-March), and water availability is increasingly constrained, 
strategies optimizing water use efficiency while enhancing yield are critically needed to support 
sustainable agricultural intensification [54]. 

The rainfed treatment (365.4 mm effective rainfall vs. 520.6 mm ETo, generating 155.2 mm 
cumulative deficit) demonstrates that quinoa can thrive under seasonal limitations typical of highland 
environments [22]. This suggests cultivation in marginal areas with 350-400 mm seasonal rainfall may 
achieve superior productivity compared to over-irrigated systems, provided rainfall distribution allows 
adequate establishment before reproductive stages, consistent with observations that quinoa maintains or 
enhances performance under moderately restricted water availability in arid and semi-arid Andean 
environments [56, 57]. 

For irrigated systems, results support regulated deficit irrigation (RDI) strategies deliberately 
imposing moderate stress to improve water productivity [54]. Maintaining Ks around 0.65-0.70 could 
potentially double water productivity compared to full irrigation while enhancing protein content, 
offering substantial water savings without yield compromise. Spectral monitoring using NDVI, NDRE, 
and SRWI from UAV-mounted sensors offers practical tools for implementing precision deficit irrigation 
at field scale [18]. The clear differentiation among stress levels through these indices, detectable weeks 
before visible symptoms, enables timely irrigation adjustments to maintain crops within beneficial 
moderate stress zones. This multidimensional integration of spectral information can improve decision-
making in high-Andean agricultural systems, where water variability and edaphoclimatic conditions make 
crop responses highly heterogeneous [51]. 

The patterns observed under moderate stress show that certain deficit levels can optimize water-use 
efficiency without compromising canopy optical integrity, consistent with recent reports demonstrating 
that crops can maintain spectral and physiological stability when stress does not exceed adaptive capacity 
[58]. This compensatory response opens opportunities to refine RDI strategies aimed at improving water 
productivity in resource-limited environments. The combination of morphological traits (compact 
architecture, well-developed panicles) with physiological traits (partial greenness maintenance, stable 
NDVI) observed at Ks = 0.66 may serve as useful selection criteria for breeding materials adapted to 
moderate water-stress scenarios typical of the central Andes [56, 59]. 

Quinoa in the central highlands is typically grown in rotation with tuber crops (potato, oca) or 
legumes (broad bean, tarwi) to reduce weed pressure and maintain soil fertility. The experimental site at 
Santa Ana Station followed this common rotation pattern, enhancing the practical applicability of results 
to smallholder farming systems. The substantial water productivity gains demonstrated under moderate 
deficit (Ks = 0.66), doubling grain production while saving 37% water, are therefore directly relevant to 
the rotational cropping systems predominant in the region, strengthening the feasibility of implementing 
deficit irrigation recommendations in farmer-managed landscapes. 
 
4.5. Study Limitations and Future Research 

Important considerations for interpreting and applying these results must be acknowledged. Constant 
water table lysimeters, while representing the most accurate method for quantifying crop water 
consumption and determining crop coefficients [30, 60], restrict lateral water movement and root 
exploration beyond the confined 1.2 m diameter soil volume. This differs from open-field conditions, 
where roots access broader soil profiles, and lateral water flow occurs. Extrapolating lysimeter-derived 
Kc values and water productivity relationships to heterogeneous field conditions requires consideration 
of spatial variability in soil properties, topography, and irrigation uniformity typical of commercial 
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systems. Rain exclusion shelters, necessary for precise ETc measurement, may have introduced minor 
microclimate modifications despite transparent construction. 

Single cultivar (INIA 433) evaluation during one growing season (January–June 2025) limits 
generalization across quinoa's substantial genetic diversity in stress response [48, 59]. The progressive 
deficit pattern observed (from April, affecting flowering/grain filling) represents one stress scenario; 
alternative timings may elicit different responses. Future research should address these limitations 
through: (1) multi-location field validation trials comparing deficit irrigation strategies across diverse 
Andean agroecological zones (2,500–4,000 m elevation); (2) multi-cultivar evaluations to identify 
genotypes consistently exhibiting beneficial responses to moderate deficit and elucidate underlying 
genetic mechanisms; (3) systematic manipulation of stress timing (vegetative, flowering, grain filling) and 
intensity (Ks = 0.5–0.8 range) to optimize deficit protocols for different phenological stages; (4) 
integration of spectral monitoring with direct physiological measurements (leaf water potential, stomatal 
conductance, photosynthetic rates) to mechanistically interpret remote sensing signals; (5) long-term 
studies evaluating deficit irrigation effects on soil health, residual fertility for subsequent rotation crops, 
and cumulative impacts over multiple seasons; and (6) participatory on-farm trials with smallholders to 
assess economic feasibility, labor requirements, and social acceptability of precision deficit irrigation 
technologies. Additionally, modeling approaches integrating climate projections with deficit irrigation 
strategies could inform adaptation planning for water-scarce Andean environments under future climate 
scenarios. 
 

5. Conclusions  
This study demonstrates that deficit irrigation substantially improves quinoa agronomic performance 

in the central highlands of Peru. Moderate water stress under rainfed conditions (Ks = 0.66) generated 
approximately 8,000 grains per plant, more than double that under optimal irrigation (Ks = 1.00, ~3,900 
grains per plant), while increasing grain protein content from 4.8% to 6.0%. Moderate stress reduced 
evapotranspiration by 37% (374.5 to 234.4 mm) and doubled grain production, effectively quadrupling 
water use efficiency. In contrast, severe stress (Ks = 0.49) exceeded adaptive thresholds, reducing yield to 
4,400 grains per plant and compromising quality. Multispectral indices (NDVI, NDRE, SRWI) effectively 
distinguished beneficial moderate stress from detrimental severe stress, offering practical tools for 
precision irrigation management. The water stress coefficient (Ks) proved an effective integrative metric 
linking soil water availability to crop performance. These findings have direct implications for water-
scarce Andean systems, where seasonal rainfall (350-400 mm) can support superior productivity compared 
to over-irrigation. For irrigated systems, maintaining Ks around 0.65-0.70 offers potential to double water 
productivity while enhancing grain quality. Results demonstrate that quinoa cv. INIA 433 optimizes 
reproductive output under moderate water limitation, positioning deficit irrigation as a viable strategy 
for sustainable intensification in resource-limited Andean agroecosystems facing increasing water 
scarcity. 
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