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Abstract: This study evaluated the growth stages of wheat crops in the agricultural fields of 

Bayantsogt Soum, Tuv aimag-province, Mongolia, using unmanned aerial vehicles (UAVs) 

equipped with multispectral cameras. Aerial imagery was captured at four spatial resolutions - 

1.59 cm, 3.63 cm, 5.44 cm, and 11.35 cm - corresponding to flight altitudes of 30 m, 80 m, 120 

m, and 250 m, respectively. Six vegetation indices (NDVI, GNDVI, LCI, NDRE, NDWI, and 

OSAVI) were calculated to evaluate their relationships with wheat biometric parameters. The 

determinant coefficient (R²) values for these indices were: LCI (0.81), OSAVI (0.79), NDRE 

(0.76), NDVI (0.76), NDWI (0.75), and GNDVI (0.73). Regarding spatial resolution, the 

corresponding R² values were 0.62 (1.59 ± 0.46 cm), 0.87 (3.63 ± 0.02 cm), 0.88 (5.44 ± 0.06 

cm), and 0.68 (11.35 ± 0.04 cm) respectively. The findings indicate that the optimal flight 

altitude for estimating wheat growth characteristics was 120 m, providing a high correlation at 

a resolution of 5.44 ± 0.06 cm. By contrast, imagery captured from 250 m demonstrated 

relatively lower correlation. Overall, this study highlights the potential of UAV-based 

multispectral imaging for efficient crop monitoring and suggests an optimal operational altitude 

for precision agriculture applications. 

 

Keyword: Multispectral UAV imagery, wheat growth stages, vegetation indices, NDVI, spatial 

resolution, crop monitoring; 

INTRODUCTION 

The integration of digital technologies into 

agriculture has played a critical role in 

enhancing productivity, sustainability, and 

decision-making. Among these 

technologies, unmanned aerial vehicle 

(UAV)–based multispectral imaging has 

become a key tool in precision agriculture, 

enabling efficient crop monitoring, field 

management, and resource allocation. 

Globally, UAV technology has evolved 

rapidly, offering high-resolution imaging, 

real-time data acquisition, and cost-

effective surveying capabilities, and it has 

become an indispensable component of 

agricultural innovation. 

In Mongolia, the application of 

satellite imagery and digital analysis in 

agriculture began in the early 2000s. For 

example, in 2007, B. Bayartungalag 

conducted land use classification in Orkhon 

aimag using Landsat data, and in 2008, B. 

Batbileg analysed crop characteristics in 

Bornuur Soum.
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 At that time, the widespread adoption 

of such technologies was limited due to the 

lack of high-resolution spatial data and 

restricted access to remote sensing tools. 

Subsequent efforts, however, demonstrated 

increasing interest in digital technologies for 

agricultural purposes. In 2015, G. Nyamdorj 

developed an image processing method, using 

the OpenCV library and WDM camera 

systems, to distinguish weeds in fallow land. 

A regression model based on HSV color 

parameters enabled threshold-based weed 

identification through image analysis. 

The Fourth Industrial Revolution has 

further accelerated the introduction of smart 

technologies in Mongolian agriculture. UAVs 

equipped with multispectral and thermal 

sensors are now applied to support field-level 

decision-making, including crop health 

assessment, yield estimation, and targeted 

spraying. According to global market 

analysis, the agricultural UAV market is 

projected to grow from USD 1.1 billion in 

2022 to USD 7.19 billion by 2032, reflecting 

a strong shift toward digital farming 

solutions. 

International studies have 

demonstrated the potential of UAV-based 

multispectral imaging in agriculture. For 

instance, Mazzia et al. (2020) developed a 

deep learning framework that refines 

satellite-derived vegetation indices using 

high-resolution UAV imagery, improving the 

accuracy of crop status assessments in 

vineyards. Hossen et al. (2021) combined 

UAV-based multispectral imaging with laser-

induced breakdown spectroscopy (LIBS) to 

estimate total nitrogen content in soils, 

offering a rapid and non-invasive method for 

soil health evaluation. Panthakkan et al. 

(2025) compared UAV-based RGB and 

multispectral vegetation indices in palm tree 

cultivation, showing that cost-effective RGB 

imaging can provide comparable 

performance to multispectral methods in 

certain applications. 

Despite these advances, the adoption 

of UAV-based multispectral imaging in 

Mongolian agriculture faces challenges, 

including the development of regulatory 

frameworks, technical capacity, and system 

integration. Nevertheless, the technology 

holds significant potential to support 

sustainable agricultural practices and 

optimize resource use. This study investigates 

the practical application of UAV-based 

multispectral imaging in Mongolian wheat 

production, focusing on the assessment of 

growth stages at varying spatial resolutions. 

The objective was to identify the optimal 

flight altitude and evaluate vegetation index 

performance to support precision agriculture 

in the region. 

 

Study Area 

The study was conducted in the 

wheat-growing areas of Bayantsogt Soum, 

located in Tuv (Central) aimag of Mongolia, 

at coordinates 105°47ʹ0ʺ E, and 48°30ʺ N 

(Figure 1). Bayantsogt lies at an elevation 

ranging from 1,200 to 1,500 meters above sea 

level and is geographically situated within the 

Khangai mountain range, specifically at the 

range’s southeastern edge, characterised by 

steep and rugged terrain. Climatically, the 

region experiences cold and dry conditions, 

with long, harsh winters and short, cool 

summers. The annual heat supply ranges 

between 2,000 and 2,500°C. The mean 

temperature in January is approximately -

25°C, while July averages around +25°C. 

Annual precipitation varies from 300 to 400 

mm, and the average wind speed is between 4 

and 6 m/s. The region is also characterised by 

notable meteorological extremes. Strong 

winds (≥15 m/s) occur for approximately 10–

20 days every year. Snowstorms are recorded 

on 5–10 days annually, while dust storms 

occur on 10–30 days. The stable snow cover 

period generally extends from November 20 

to December 20. Bayantsogt falls within Zone 

III of Mongolia’s snow, wetness, and icing 

classification. Wet snow typically occurs for 

1–5 days, lasting 2–3 hours per event. Glazed 

frost is observed for 1–5 days (lasting 6–14 

hours), and icing events occur 1 to 2 days 

every year, usually lasting 1–3 hours. 

Seasonal snowmelt and bare ground 

conditions typically begin between March 1 

and 10 [1]. Topographically, the landscape 

consists of a mix of open plains, rolling hills, 

and low mountainous terrain, making it 

suitable for both livestock husbandry and 

crop cultivation, particularly wheat farming. 

https://doi.org/10.5564/pmas.v65i02.4390
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Figure 1. Map of the study area. The field experiments were conducted in wheat cultivation areas of 

Bayantsogt soum, Tuv (Central) aimag, Mongolia, during the 2021 growing season. 

 

Wheat Varieties  

In this study, the Altaiskaya 

Yubileinaya (Triticum aestivum L.) wheat 

variety was sown in the designated 

experimental field in Bayantsogt Soum 

during the first ten days of May 2021 [2]. This 

variety exhibits semi-erect plant architecture 

with a moderately dense, lanceolate to 

pyramidal spike structure, measuring 

approximately 6–8 cm in length. The spike 

lacks awns (beard), and the glumes are oval 

with obliquely narrow shoulders and slightly 

blunt, short teeth. The flowering scales are 

well-filled with grain. Leaves are of medium 

length and width, light green in color, and the 

flag leaf margins exhibit notable 

pigmentation. The flag leaf itself is semi-

erect, and the plant has a medium-height 

stem. The grains are red, oval-shaped, with a 

slightly wrinkled surface, a deep and narrow 

groove, and a drooping base. The variety has 

a medium growth cycle, typically maturing in 

82–89 days, that is, 2–3 days later than the 

Altaiskaya 100 standard variety. According to 

varietal trials, its average yield was recorded 

at 21.4 t/ha. Under favorable conditions in the 

Altai region, yields reached 25.6 t/ha – 

exceeding the Altaiskaya 100 variety by 3.5 

t/ha. The highest recorded yield was 51.5 t/ha 

in Tyumen in 2013. Agronomically, 

Altaiskaya Yubileinaya is moderately 

resistant to drought and exhibits relative 

resistance to brown leaf rust. However, it is 

susceptible to diseases, such as Fusarium wilt, 

common bunt (Tilletia spp.), and septoria leaf 

blotch (Septoria tritici). Field observations 

indicate a low incidence of powdery mildew. 

The 1,000-kernel weight ranges from 32 to 39 

grams. Grain quality metrics include a protein 

content of 13.5%, gluten content ranging 

from 22.7% to 29.6%, flour yield between 

65.8% and 70.5%, it has a loaf volume of 

360–375 cm³, and an overall bread-making 

quality rating of 3.07 to 3.25. This variety has 

been cultivated in Mongolia since 2015 and 

was tested between 2015 and 2019 at the 

“Demonstration Field” of the Breeding 

Division, Mongolian University of Life 

Sciences (MULS). It performs particularly 

well in humid regions and demonstrates 

moderate drought tolerance [3]. 

 

Data collection by UAV with Multispectral 

cameras 

In this study, a high-resolution 

multispectral imaging system was used for 

aerial data acquisition. The MicaSense Altum 

sensor (MicaSense Inc., Seattle, USA) 

(Figure 2b) was employed to capture both 

visible (Red, Green, Blue) and invisible (Red 

https://doi.org/10.5564/pmas.v65i02.4390
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Edge, Near-Infrared) spectral bands, as well 

as thermal data. The spectral bands operate at 

the following central wavelengths and 

bandwidths: 668 ± 14 nm (Red), 560 ± 27 nm 

(Green), 475 ± 32 nm (Blue), 717 ± 12 nm 

(Red Edge), and 842 ± 57 nm (Near-Infrared) 

respectively. Each image was recorded in 

GeoTIFF format at a resolution of 2064×1544 

pixels, with precise georeferencing. To 

ensure radiometric accuracy, the system was 

equipped with a calibrated reflectance panel 

(Figure 2c) and a Downwelling Light Sensor 

(DLS) (Figure 2d), which compensates for 

changes in ambient light during flights. For 

aerial platform deployment, the DJI Matrice 

210 RTK V2 UAV (Shenzhen, China) was 

selected due to its robust performance 

capabilities. The UAV features a 643 mm 

diagonal wheelbase, a maximum takeoff 

weight of 6.14 kg, and a top speed of 81 km/h. 

It supports wind resistance up to 12 m/s and 

operates efficiently at altitudes of up to 

3000 m above sea level, with an operational 

temperature range from −20 °C to +50 °C 

(Figure 2a).  

The maximum flight duration is 

approximately 33 minutes per charge. 

Environmental (e.g., dust, avian activity, 

irrigation systems) and meteorological 

conditions (e.g., cloud cover, wind, 

precipitation) significantly affect aerial image 

quality and subsequent data processing 

accuracy. To minimize these variables, aerial 

surveys were conducted under clear-sky 

conditions between 11:00 AM and 2:00 PM, 

during key phenological stages of wheat 

growth. The DJI Pilot software was used to 

execute autonomous flights at predetermined 

altitudes of 30 m, 80 m, 120 m, and 250 m 

respectively. Real-Time Kinematic (RTK) 

positioning was enabled via a mobile base 

station to improve spatial accuracy during 

data acquisition (Figure 2e). 

 

 
Figure 1. Unmanned aerial vehicle (a), Multispectral camera (b), Calibration plate (c), 

light sensor /DLS/ (d), Mobile GPS (e) 

 

Field Sampling 

Phenological observations were 

conducted at four key growth stages of wheat 

- early growth, milk stage, heading (panicle) 

stage, and full maturity - by selecting five 

random sampling points within the wheat 

field. At each sampling point, a 50×50 cm 

quadrat frame was used for data collection. 

Biometric measurements recorded 

included the number of plants, plant height, 

fresh biomass weight, leaf length, and leaf 

width. Specifically: 

- Plant density and tiller count per 1 m²: 

Within the 50×50 cm quadrat, individual 

plants and tillers were counted and then 

extrapolated to a 1 m² area by multiplying 

by four. 

- Plant height (cm): For each quadrat, the 

height of five randomly selected plants 

was measured from the base of the stem 

(soil surface) to the tip of the tallest leaf or 

stem, using a ruler. Measurements were 

taken at each growth stage. 

- Leaf length and width (cm): Following 

Montgomery’s (1911) approach for 

estimating leaf area from linear 

dimensions, the leaf length and maximum 

width of five randomly selected leaves 

within each quadrat were measured at all 

growth stages. Leaf area was calculated 

using the formula: 

Leaf Area=(Length×Width)×0.75\text{Le

af Area} = (\text{Length} \times 

\text{Width}) \times 0.75 Leaf Area= 

(Length×Width)×0.75. 

https://doi.org/10.5564/pmas.v65i02.4390
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- Seed count per 1 m²: At the uniform 

seeding stage, all seeds within the 50×50 

cm quadrat were counted at five randomly 

selected points. The seed count was then 

multiplied by four to estimate the number 

of seeds per 1 m². 

- Yield estimation (t/ha): The seed weight 

from the five quadrats (1 m² each) was 

measured, and yield was extrapolated to 

hectares, using the formula: 

T=A×10,000100=c (t/ha)T = \frac{A 

\times 10,000}{100} = c \text{ 

(t/ha)}T=100A×10,000=c (t/ha)  where 

TTT is the estimated yield (t/ha), and AAA 

is the seed weight per 1 m² in kilograms. 

- Biomass measurement: Aboveground 

biomass was harvested from all plants 

within the 50×50 cm quadrats at the five 

sampling points during July, August, and 

September of 2021. The fresh biomass was 

weighed, and net biomass weight was 

calculated by subtracting the weight of the 

collection bags: 

 

Net Biomass=Biomass with bag−Bag wei

ght\text{Net Biomass} = \text{Biomass 

with bag} - \text{Bag 

weight}Net Biomass=Biomass with bag−

Bag weight.  

This systematic sampling approach ensured 

accurate characterisation of wheat growth and 

yield parameters across the developmental 

stages. 

 

Collection of Soil samples 

The soil types in Bayantsogt Soum of 

Tuv aimag span forest-steppe, steppe, and 

desert zones. Most agricultural fields in 

Bayantsogt are located within valleys 

surrounded by mountains and hills, featuring 

gentle slopes ranging from 0° to 3°. The 

dominant soil type in these agricultural lands 

is classified as light brown, typology of 

brown soil. Mechanically, the soil texture 

varies from light loam to sandy loam, making 

it suitable for the cultivation of a variety of 

crops. Regarding soil fertility, the thickness 

of the humus horizon within cultivated fields 

is variable, with the thinnest recorded depth at 

20 cm and the thickest at 36 cm, averaging 

around 25 cm [4]. Soil sampling was 

conducted concurrently with wheat biometric 

measurements at five randomly selected 

points during different stages of plant growth: 

early tillering, milk stage, heading (panicle) 

stage, and full maturity. At each sampling 

point, four soil samples were collected from 

the 0–25 cm soil layer, with a combined 

minimum sample weight of 500 grams [8].  

Sampling tools included shovels, 

measuring tapes, acrylic film bags for storage, 

and GPS devices for precise location 

recording. One soil profile was excavated per 

sampling site to represent the field’s 

conditions. Agrochemical analysis of soils 

from the study area revealed that light loamy 

soils predominate, in terms of mechanical 

composition [21], [8]. The soil solution pH 

ranges between 7.8 and 8.0, indicating 

alkaline conditions, while soil salinity 

remains low, ranging from 0.04% to 0.06%. 

Nutrient analysis showed low humus content 

(1.52%–2.57%), sufficient levels of calcium 

and magnesium bases, very low nitrogen 

content (0.03–9.8 mg/kg), low phosphorus 

availability (0.5–1.5 mg/kg), and medium 

potassium levels (11–16 mg/kg). 

 

MATERIALS AND METHODS 

Spatial data analysis using UAV and 

Remote sensing 

Multispectral aerial images were 

captured using a UAV equipped with a 

multispectral camera, flying at various 

altitudes. The collected data included 

multispectral images, geographic 

coordinates, flight altitude, and ambient light 

conditions. 

These data were processed using 

Pix4Dmapper software [5], which applies 

advanced photogrammetry algorithms to 

integrate multiple overlapping aerial images. 

The processing workflow included 

radiometric and geometric corrections to 

ensure accuracy and consistency across 

datasets [6]. 

In total of 42,300 images acquired 

from 16 research flights were processed 

through three main stages: 

https://doi.org/10.5564/pmas.v65i02.4390
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- Image integration - combining 

overlapping images to create continuous 

spatial coverage; 

- Ground control point verification -

ensuring spatial accuracy through 

reference points; and, 

- Generation of thematic outputs - 

producing orthomosaics and other spatial 

products for further analysis. 

This workflow produced high-quality 

orthomosaic images and additional spatial 

datasets necessary for subsequent vegetation 

index calculations and crop growth analysis. 

 

Table 1. Image resolution for each flight height, processing efficiency. 

Flight height, m 
Image resolution, 

cm/pixel 

Image processing 

hour/min 
Field size, ha 

30 1.59 ± 0.46 54.56 ± 11.03 3.31 ± 1.44 

80 3.63 ± 0.02 26.28 ± 7.54 10.36 ± 1.74 

120 5.44 ± 0.06 18.48 ± 3.48 18.27 ± 1.62 

250 11.35 ± 0.04 58.28 ± 18.21 262.07 ± 29.48 

Six vegetation indices were selected and 

analysed throughout the wheat growing 

season to assess plant health and development 

(see Table 2). Image processing and spatial 

analysis were performed using ArcGIS, a 

widely used platform for geographic 

information system (GIS) applications, 

regional mapping, and spatial projections. 

The input data for calculating these indices  

 were multispectral images captured by the 

UAV’s multi-channel sensors, including red 

(R), green (G), blue (B), near-infrared (NIR), 

and red-edge (RE) bands. 

These vegetation indices provide key 

insights into various plant parameters, 

including chlorophyll content, biomass, and 

stress levels, enabling effective monitoring of 

crop growth and overall condition. 

 

Table 2. Plant spectral indices used in this study. 

Name Index Index Calculation formula Reference 

NDVI 
Normalised Difference 

Vegetation Index 
(NIR − R) / (NIR + R) Serrano 1998 

NDRE 
Normalised Difference Red Edge 

Index 
(NIR − RE) / (NIR + RE) Barnes 2000 

NDWI 
Normalised Difference Water 

Index 
   (Green − NIR) / (Green + NIR) Pu 2008 

OSAVI 
Optimized Soil-Adjusted 

Vegetation Index 
(NIR − R) / (NIR + R + 0.16) Rondeaux 1996 

GNDVI 
Green Normalised Difference 

Vegetation Index 
(NIR − Green) / (NIR + Green) Fu-min 2007 

LCI Leaf Chlorophyll Index (NIR / RE) − 1 Datt 1999 

 

Data Processing 

The relationships between variables 

were evaluated using Pearson’s correlation 

coefficient (r), which quantifies the strength 

and direction of the linear association 

between two continuous variables. Values of 

r closer to ±1 indicate stronger correlations. 

To examine the combined effects of multiple 

independent variables on a dependent 

https://doi.org/10.5564/pmas.v65i02.4390
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variable, multiple regression analysis were 

conducted. The goodness of fit of the 

regression models was quantified using the 

coefficient of determination (R²), 

representing the proportion of variance in the 

dependent variable explained by the 

independent variables (Equation 3). 

The accuracy of spatial data 

predictions was further assessed using the 

Root Mean Square Error (RMSE), which 

measures the standard deviation of residuals 

(prediction errors) between observed and 

predicted values along the X and Y axes of 

the orthomosaic surface (Equation 4). RMSE 

provides an indicator of the average 

magnitude of errors in the model predictions, 

reflecting the overall precision of the spatial 

estimates. 

                         𝑅2 =
𝛴𝑖=1
𝑛 (𝑥𝑖−𝑥̅)

2×(𝑦𝑖−𝑦̅)
2

𝛴𝑖=1
𝑛 (𝑥𝑖−𝑥̅)

2×𝛴𝑖=1
𝑛 (𝑦𝑖−𝑦̅)

2
      (3) 

                         𝑅𝑀𝑆𝐸 = √
𝛴𝑖=1
𝑛 (𝑦𝑖−𝑥𝑖)

2

𝑛
      (4) 

 

Correlation coefficients (r) and 

coefficients of determination (R2R^2R2) 

were calculated for each biometric 

phenological parameter of wheat, as well as 

for the corresponding vegetation indices, 

representing potential influencing factors. 

 

RESULTS AND DISCUSSION 

 

Multispectral UAV monitoring and 

Vegetation index analysis across Wheat 

growth stages 

Measurement campaigns were 

conducted using a UAV, equipped with a 

multispectral camera, at four phenologically 

distinct growth stages of wheat: (1) heading, 

(2) milk ripeness, (3) dough ripeness, and (4) 

full ripeness. All flights were performed 

under consistent environmental conditions to 

ensure comparability, with each mission 

capturing high-resolution multispectral 

imagery across key spectral bands, including 

near-infrared (NIR), red edge (RE), red (R), 

and green (G). 

Imagery was acquired at 

predetermined intervals corresponding to 

each growth stage, enabling temporal 

monitoring of crop development. From these 

images, vegetation indices, such as NDVI, 

GNDVI, and NDRE were derived to assess 

canopy structure, chlorophyll content, and 

physiological changes throughout the growth 

cycle (Figure 1, Table 2). 

Analysis of the vegetation indices 

revealed stage-specific trends: for example, 

NDVI and NDRE values increased 

progressively from heading to dough 

ripeness, reflecting active biomass 

accumulation, whereas, slight decreases were 

observed at full ripeness, indicating 

maturation and senescence. GNDVI was 

particularly sensitive to chlorophyll 

variations, confirming its utility for 

monitoring nutrient status. 

These findings demonstrate that 

UAV-based multispectral imaging provides a 

robust method for tracking wheat growth and 

detecting spatial heterogeneity within fields, 

supporting predictive modeling for yield 

estimation and stress detection. The observed 

trends align with previous studies: for 

instance, Mazzia et al. (2020) highlighted the 

enhancement of vegetation indices using 

high-resolution UAV imagery for crop status 

assessment, while Hossen et al. (2021) 

emphasised UAV-derived indices for rapid 

soil and plant health evaluation. Similarly, 

Panthakkan et al. (2025) demonstrated 

comparable performance between 

multispectral and RGB indices in assessing 

crop condition, indicating flexibility in sensor 

selection depending on operational 

constraints. 

Overall, the results indicate that 

vegetation indices derived from multispectral 

UAV data are reliable indicators of wheat 

growth stages, and the approach can inform 

precise agriculture interventions, such as 

nutrient management, irrigation scheduling, 

and targeted pest control. However, optimal 

https://doi.org/10.5564/pmas.v65i02.4390
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spatial resolution and flight altitude should be 

carefully considered to maximise correlation 

with biometric parameters, as confirmed by 

our analysis (Figure 2). 

 

Figure 3. Visual representation of wheat development at four phenological growth stages as 

observed during UAV-based multispectral monitoring: a) Heading stage – the emergence of 

wheat spikes from the flag leaf sheath, indicating the onset of reproductive development; b) 

Milk ripeness stage – kernels are filled with milky fluid, representing active grain filling and 

high chlorophyll activity; c) Dough ripeness stage – kernels begin to firm as starch 

accumulation progresses, with leaves starting to senesce; d) Full ripeness stage – 

physiological maturity is reached, grain moisture content drops, and the canopy shows signs 

of desiccation. 

 

These stages were crucial for 

capturing variations in spectral reflectance, 

vegetation indices, and phenological 

transitions relevant for crop condition 

assessment and yield estimation. 

 

Analysis of Vegetation indices 

performance at Varying spatial resolutions 

 

Table 3 presents the root mean square 

error (RMSE) and coefficient of 

determination (R²) for six vegetation indices - 

GNDVI, LCI, NDRE, NDVI, NDWI, and 

OSAVI - used to monitor wheat growth stages 

at four spatial resolutions: 30m, 80m, 120m, 

and 250m. These metrics provide insight into 

the accuracy and correlation strength between 

UAV-derived indices and ground-truth data 

across resolutions. 

▪ GNDVI showed high performance at 

120m resolution (RMSE = 0.03, R² = 

0.85), indicating this resolution is optimal 

for capturing green biomass and 

chlorophyll variations. Its performance 

declined slightly at coarser (250m) and 

finer (30m) resolutions. 

▪ LCI yielded the highest accuracy and 

correlation at 80m (RMSE = 0.02, R² = 

0.92), making it highly effective for 

estimating leaf chlorophyll content and 

nitrogen status. Performance remained 

strong at 120m and 250m, but decreased at 

30m. 

▪ NDRE also performed best at 120m 

resolution (RMSE = 0.02, R² = 0.92), 

confirming its suitability for monitoring 

nitrogen-related changes and pigment 

levels. The trend of lower accuracy at 30m 

and 250m resolutions was consistent with 

other indices. 

▪ NDVI showed a progressive improvement 

in R² values from 30m (0.65) to 120m 

(0.93), after which accuracy declined. This 

highlights that NDVI is sensitive to scale 

https://doi.org/10.5564/pmas.v65i02.4390
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and performs optimally at intermediate 

resolutions. 

▪ NDWI, useful for water content 

estimation, had its highest R² at 80m (0.85) 

but slightly lower performance at other 

resolutions, possibly due to noise from  

canopy moisture variability. 

▪ OSAVI, which corrects soil background 

influence, showed robust performance at 

120m (R² = 0.93), reinforcing the 

effectiveness of this resolution for mixed 

vegetation-soil environments. 

 

Table 3. Monitoring results based on vegetation indices during 

different wheat growth stages. 

 

Overall, 80m and 120m spatial resolutions 

demonstrated superior accuracy and 

consistency across all vegetation indices. 

These findings suggest that intermediate 

spatial resolutions are optimal for UAV-

based crop monitoring in wheat fields, 

balancing detail and coverage while 

minimising noise. 

 

 
Figure 4. Spatiotemporal distribution of vegetation indices (GNDVI, LCI, NDRE, NDVI, NDWI, 

OSAVI) captured by UAV flights at different altitudes (30m, 80m, 120m, 250m) across four 

wheat growth stages. 

 

 

 

Index 
30m 80m 120m 250m 

RMSE R2 RMSE R2 RMSE R2 RMSE R2 

GNDVI 0.17 0.61 0.04 0.81 0.03 0.85 0.07 0.65 

LCI 0.08 0.59 0.02 0.92 0.03 0.91 0.12 0.83 

NDRE 0.07 0.59 0.02 0.9 0.02 0.92 0.06 0.62 

NDVI 0.15 0.65 0.06 0.87 0.05 0.93 0.13 0.59 

NDWI 0.17 0.61 0.03 0.85 0.04 0.81 0.11 0.73 

OSAVI 0.11 0.67 0.05 0.87 0.04 0.93 0.08 0.68 
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Multispectral UAV Monitoring and 

Vegetation index analysis across Wheat 

growth stages 

Measurement campaigns were 

conducted using a multispectral camera-

equipped UAV at four phenologically distinct 

wheat growth stages: (1) heading, (2) milk 

ripeness, (3) dough ripeness, and (4) full 

ripeness. Flights were carried out under 

consistent environmental conditions to ensure 

data comparability. High-resolution 

multispectral imagery was captured across 

key spectral bands, including near-infrared 

(NIR), red edge (RE), red (R), and green (G). 

Vegetation indices - NDVI, GNDVI, 

NDRE, NDWI, OSAVI, and LCI - were 

derived from these images to assess canopy 

structure, chlorophyll content, water status, 

and physiological changes throughout the 

growth cycle (Figure 4). Temporal analysis 

revealed the following patterns: 

▪ NDVI peaked at milk ripeness, reflecting 

high photosynthetic activity and dense 

green canopy, then declined during 

dough and full ripeness stages due to leaf 

senescence and reduction in biomass 

(Zhang et al., 2021; Li et al., 2020). 

▪ NDRE, sensitive to chlorophyll and 

nitrogen content, gradually decreased 

after heading, indicating pigment 

degradation and reduced nitrogen 

availability (Mishra et al., 2019). 

▪ NDWI peaked at milk ripeness, 

consistent with optimal plant water 

content, and decreased toward full 

ripeness, reflecting crop maturation and 

drying (Gao et al., 2021). 

▪ OSAVI and GNDVI, which account for 

soil background effects and highlight leaf 

greenness, mirrored NDVI trends, 

peaking at milk ripeness and declining 

afterward (Rouse et al., 1974; Peñuelas et 

al., 1993). 

▪ LCI sharply declined after dough 

ripeness, indicating chlorophyll 

reduction and lowered photosynthetic 

capacity (Hansen & Schjoerring, 2003). 

 

Table 3 summarises the Root Mean 

Square Error (RMSE) and coefficient of 

determination (R²) for each vegetation index 

at varying spatial resolutions (30 m, 80 m, 

120 m, and 250 m). The analysis 

demonstrated that: 

▪ NDVI, NDRE, and OSAVI performed 

optimally at 120 m flight altitude (R² = 

0.92–0.93) supports intermediate-

resolution imagery for accurate growth 

assessment. 

▪ LCI achieved the highest accuracy at 80 

m (R² = 0.92), particularly for monitoring 

chlorophyll and nitrogen status. 

▪ GNDVI also showed strong performance 

at 120 m (R² = 0.85), highlighting its 

sensitivity to biomass and chlorophyll 

variations. 

▪ NDWI peaked at 80 m (R² = 0.85), 

reflecting effective water content 

estimation, although slightly lower at 

other resolutions. 

 

These findings indicate that UAV-based 

multispectral imaging provides a non-

destructive, scalable method to monitor wheat 

growth stages, physiological status, and stress 

indicators. The study also suggests that 

intermediate flight altitudes (80–120 m) offer 

optimal spatial resolution for accurate 

vegetation index performance. 

Figure 4. Temporal trends of six 

vegetation indices (NDVI, GNDVI, NDRE, 

NDWI, OSAVI, LCI) across wheat growth 

stages. Peaks indicate maximum 

photosynthetic activity, water content, and 

leaf chlorophyll levels, while declines 

correspond to senescence and maturation.  

Table 3. RMSE and R² values for six 

vegetation indices at four UAV flight 

altitudes, demonstrating optimal performance 

at intermediate spatial resolutions. 
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Figure 5. Differences in Vegetation indices over time and Flight altitudes 

during the 2021 Wheat growin season. 

  

The figure illustrates the temporal 

dynamics of six different vegetation indices - 

NDVI, OSAVI, NDWI, NDRE, LCI, and 

GNDVI - across four distinct spatial 

resolutions (30 m, 80 m, 120 m, and 250 m) 

over a monitoring period from July 30 to 

September 22, 2021. The index values were 

derived from UAV-based multispectral data 

collected at four time points: July 30, August 

30, September 5, and September 22 

respectively. The x-axis represents each 

vegetation index subdivided by spatial 

resolution, while the y-axis shows the 

corresponding index values ranging from -0.6 

to 0.6.  

The bars are color-coded to indicate 

the observation dates, enabling visual 

comparison of temporal trends within and 

across indices and resolutions. Among the 

indices, the Normalised Difference 

Vegetation Index (NDVI) exhibited the 

highest values on July 30 across all spatial 

resolutions, indicating peak vegetation 

greenness during that period. A gradual 

decline in NDVI values over subsequent dates 

reflects the onset of vegetation senescence as 

the growing season progressed into autumn. 

A similar pattern was observed in the 

Optimised Soil-Adjusted Vegetation Index 

(OSAVI), which also declined steadily over 

time. OSAVI values tended to be slightly 

more stable at coarser spatial resolutions, 

likely due to the reduced influence of pixel-

level variation and soil background effects. 

The Normalised Difference Water Index 

(NDWI), which estimates vegetation water 

content, showed consistently negative values 

(around -0.5) across all resolutions and time 

points. This indicates generally low moisture 

conditions within the crop canopy, which may 

be attributed to seasonal drying or drought-

related stress. Notably, NDWI values further 

decreased over time, particularly from late 

August to mid-September.  

The Normalised Difference Red Edge 

Index (NDRE), which is sensitive to 

chlorophyll content and plant physiological 

status, was highest at 30 m resolution in late 

July and declined markedly in later 

observations. Index values were lower at 250 

m resolution, suggesting diminished 

sensitivity to subtle physiological changes at 

coarser scales. The Leaf Chlorophyll Index 

(LCI) also followed a declining trend, with 

relatively higher values observed at 30 m and 

80 m resolutions in July. The reduction in LCI 

values toward September likely indicates a 

decrease in leaf chlorophyll concentration 

due to crop maturation and senescence. 

Finally, the Green NDVI (GNDVI), which is 

based on green light reflectance and similarly 

captures vegetation vigor, mirrored the trend 

seen in NDVI. Peak GNDVI values (~0.45) 

were recorded in July, followed by a steady 

decline across all spatial resolutions. The 

consistency of this pattern underscores the 

robustness of GNDVI as a proxy for 

vegetation health. In summary, all vegetation 

indices peaked in late July, coinciding with 

the crop’s vegetative maximum, and declined 

thereafter as the wheat matured and 

approached the end of its life cycle.  
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While some variation in index magnitude was 

observed across spatial resolutions, the 

overall temporal trends were consistent. The 

negative NDWI values and declining 

chlorophyll-sensitive indices (NDRE, LCI) 

provide further evidence of decreasing plant 

water content and photosynthetic activity 

during the latter stages of the growing season. 

These findings highlight the utility of 

multispectral UAV imagery for monitoring 

crop dynamics with both spatial and temporal 

precision. 

Recent studies have underscored the 

critical role of spatial resolution in UAV-

based remote sensing for accurately 

estimating wheat growth parameters such as 

biomass, leaf area index (LAI), and 

chlorophyll content. While your research 

identified a spatial resolution of 5.41 cm as 

optimal for correlating vegetation indices 

with wheat biometric indicators, other studies 

have explored a range of resolutions to 

determine their efficacy in various agronomic 

assessments. A study by Guo et al. [66] 

investigated the impact of UAV imagery at 

different spatial resolutions on SPAD (Soil 

Plant Analysis Development) values, which 

are indicative of chlorophyll content. They 

found that imagery with a spatial resolution of 

1.8 cm/pixel, obtained at a flight altitude of 

50 meters, provided the most accurate SPAD 

estimations. This suggests that higher spatial 

resolutions can enhance the precision of 

chlorophyll-related measurements. BioMed 

Central Yue et al. [18] demonstrated that 

integrating ultrahigh-resolution image 

textures with vegetation indices significantly 

improves the estimation of above-ground 

biomass (AGB) in winter wheat. Their 

research indicated that combining image 

textures from 1- to 30-cm ground-resolution 

images with vegetation indices yielded an R² 

of 0.89 and a root mean square error (RMSE) 

of 0.82 t/ha, outperforming models using only 

vegetation indices or image textures. Tao et 

al. utilised UAV-based hyperspectral images 

to estimate the yield and plant height of 

winter wheat. Their findings revealed a strong 

correlation (R² = 0.97) between UAV-

extracted plant height and ground-measured 

plant height. Moreover, combining spectral 

indices with UAV-derived plant height data 

improved yield prediction accuracy, 

achieving an R² of 0.77 and an RMSE of 

648.90 kg/ha. 

These studies collectively highlight 

that while ultrahigh spatial resolutions (e.g., 

1.8 cm/pixel) can enhance the accuracy of 

specific measurements, like chlorophyll 

content and biomass estimation, resolutions 

around 5 cm/pixel may offer a balance 

between data quality and operational 

efficiency for broader agricultural monitoring 

purposes. The integration of vegetation 

indices with additional data types, such as 

image textures and structural information, 

further refines the assessment of crop health 

and yield potential. In conclusion, selecting 

an appropriate spatial resolution for UAV-

based monitoring should consider the specific 

agronomic parameters of interest, the desired 

accuracy, and the practical aspects of data 

acquisition and processing. Our finding of 

5.41 cm as an optimal resolution aligns with 

the broader consensus that moderate spatial 

resolutions can effectively support 

comprehensive crop monitoring while 

maintaining operational feasibility. 

 
CONCLUSIONS 

 

- The application of multi-spectral 

unmanned aerial vehicles (UAVs) enables 

high-precision spatio-temporal monitoring 

of wheat crop development, thereby 

providing reliable data to support informed 

decision-making in precision agriculture. 

The current study demonstrates the 

effectiveness of different vegetation 

indices (VIs) at multiple spatial resolutions 

in estimating key biometric parameters of 

wheat during distinct phenological stages. 

- During the heading stage, the strongest 

correlations for estimating biomass wet 

weight were observed with NDVI (30 m, 

R² = 0.99), OSAVI (30 m, R² = 0.96), and 

LCI (30 m, R² = 0.85). For leaf length, 

NDRE (80 m, R² = 0.86) and NDVI (120 

m, R² = 0.85) yielded the best results, while 

leaf width was best estimated by OSAVI 

(120 m, R² = 0.75). NDWI showed 

consistent negative correlations, 

suggesting its limited utility for structural 

parameters. UAV flights conducted at 1.59 

https://doi.org/10.5564/pmas.v65i02.4390
https://plantmethods.biomedcentral.com/articles/10.1186/s13007-022-00899-7?utm_source=chatgpt.com
https://plantmethods.biomedcentral.com/articles/10.1186/s13007-022-00899-7?utm_source=chatgpt.com
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cm and 5.44 cm spatial resolutions were 

optimal during this stage, whereas lower 

resolution (11.35 cm) flights showed 

weaker correlations. In the milk stage, 

biomass wet weight correlated most 

strongly with OSAVI (120 m, R² = 0.96), 

NDRE (120 m, R² = 0.91), and LCI (120 

m, R² = 0.93). For leaf length, NDRE (120 

m, R² = 0.89) and LCI (120 m, R² = 0.81) 

performed best. Plant height estimation 

was highly correlated with OSAVI (250 m, 

R² = 0.95), NDRE (120 m, R² = 0.88), and 

NDVI (250 m, R² = 0.91). Again, 5.44 cm 

spatial resolution emerged as optimal. 

During the dough stage, correlations 

weakened slightly. Biomass wet weight 

correlated best with OSAVI (120 m, R² = 

0.76) and GNDVI (120 m, R² = 0.70). Leaf 

length showed moderate correlation with 

NDVI (250 m, R² = 0.84), while plant 

height was best estimated by GNDVI at 30 

m and 120 m (R² = 0.59 and 0.55, 

respectively). UAV imagery at 5.44 cm 

resolution remained most effective. In the 

full ripening stage, estimation of biomass 

wet weight was most successful with 

GNDVI (80 m, R² = 0.71), while plant 

height and plant count correlated best with 

NDWI (120 m, R² = 0.64) and LCI (250 m, 

R² = 0.85), respectively. Optimal flight 

altitudes for this stage were associated 

with spatial resolutions of 3.63 cm, 5.44 

cm, and 11.35 cm, depending on the 

parameter assessed. 

- When analysing overall correlation 

between spectral indices and wheat 

biometric characteristics, the highest 

average R² values were obtained with LCI 

(R² = 0.81), OSAVI (R² = 0.79), NDRE (R² 

= 0.76), NDVI (R² = 0.76), GNDVI (R² = 

0.73), and NDWI (R² = 0.75). This 

confirms the utility of a range of 

vegetation indices, with LCI and OSAVI 

performing consistently well across 

phenological stages. 

- The analysis also revealed that spatial 

resolution significantly influences 

correlation accuracy. At a high resolution 

of 1.59 ± 0.46 cm (30 m flight), the 

average R² was 0.62. This improved 

markedly at 3.63 ± 0.02 cm (80 m, R² = 

0.87) and 5.44 ± 0.06 cm (120 m, R² = 

0.88). However, at a coarser resolution of 

11.35 ± 0.04 cm (250 m), correlation 

strength declined (R² = 0.68). These 

findings align with previous research 

suggesting that moderate to high spatial 

resolution (3–6 cm) provides a practical 

balance between accuracy and data 

processing efficiency for UAV-based crop 

monitoring. 
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