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Abstract: The aim of this study was to use remote sensing with a drone equipped with a 

multispectral camera to take a stand survey of maize after the phenological stage of emer-

gence, and to count the number of emerged plants and determine its accuracy. Our inves-

tigations were carried out at the University of Debrecen, Látókép Production Experi-

mental Station in a sowing date long-term experiment. In the 2024 growing season, Sow-

ing Date I was on 4 April and Sowing Date II on 12 April. The same maize hybrids with 

8-8 different genotypes were used for each sowing date. There is a strong correlation be-

tween number of plants/plot and number of plants/rowx2 for the two plant density meas-

urements presented in this paper, with an r value of 0.977*** (p < 0.001). Among the plant 

density and NDVI values, the correlation between number of plants/rowx2 at the second 

measurement time (July 4) was significant at r=-0.418***. The analysis of the relationship 

between number of rows and yield showed that the hybrids included in the study com-

pensated well for differences in number of rows due to sowing or emergence and this did 

not translate into an increase or decrease in yield. By using the plant density count method 

and results to identify emergence imbalances, farmers can correct their crop stand man-

agement strategies in a timely manner. Knowing the exact number of plants can also be 

important for subsequent agrotechnical decisions. 
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1. Introduction 

Maize plays a key role in the global food supply and is also of major importance in 

animal feed and energy production [1,2]. It is the world's third most important cereal crop 

after wheat and rice and an essential ingredient in animal feed [3,4]. Its rapid growth [5]) 

is contributing significantly to the continued expansion of the world's population and to 

maintaining food security in the face of climate change challenges [6,7]. The industrial use 

of maize is also expanding dynamically [8]. It has a wide range of uses, from sugar, oil, 

vinegar, beer, glucose, flour, dyes, soap, fuel and sustainable packaging [9-12]. In the last 

two decades, maize harvest has doubled [13]. The increase is mainly driven by the grow-

ing demand for animal feed and industrial use [14]. In Hungary, maize is the second larg-

est crop after wheat, with an average annual area of 1 million hectares [15,16]. In 2023, 
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maize was harvested from 770.7 thousand hectares, with an average yield of 8.1 tonnes 

per hectare [17]. In maize (Zea mays L.) cultivation, accurate plant counting is essential for 

yield prediction and optimization of cultivation technology [18-20]. However, traditional 

manual counting methods such as manual plant counting have significant limitations in-

cluding high error factors, time [21] while also damaging the plants [22] which may hinder 

their subsequent development. In recent years, the integration of geospatial technologies 

and advances in remote sensing have opened up new opportunities in agricultural data 

collection [23,24]. With the development of precision agriculture, the use of drones has 

become prominent in crop monitoring and plant counting [25]. The use of drones allows 

for fast and efficient data collection over large areas, minimizing the need for human re-

sources and increasing accuracy. Aerial imagery with drones allows for rapid and detailed 

inspection of crop populations [26]. [27] has shown that accurate plant counts can be made 

using data collected by drones and advanced image processing algorithms, which helps 

to increase the accuracy of yield estimation [28,29]. Several researchers have investigated 

the relationship between plant number and NDVI. The NDVI value of a crop is related to 

yield [30-33], the strength of which depends largely on the stage of plant development at 

which the NDVI measurement was taken [30,34,35]. Research on maize has shown that 

NDVI values are strongly related to the number of plants and plant biomass. Some studies 

have shown that NDVI values measured during the growing season can be used to accu-

rately estimate the number of plants and expected yield [36,37]. RGB images captured by 

UAV have been used [38] to successfully detect and count rice plants, [39] maize plants, 

[40] citrus trees and [41] grapevines. The use of drones in maize plant counts could revo-

lutionize precision agriculture, enabling fast, accurate and cost-effective data collection 

[42,43]. Integrating technology into everyday farming practices will contribute to in-

creased yields and more sustainable agricultural production. Our aim was to use a drone 

equipped with a multispectral camera to take stock images of maize after the phenological 

stage of emergence, and then use the images to count the number of emerged plants and 

determine its accuracy. This will give an idea of the success of the sowing, the heteroge-

neity of the stand and an estimate of the future yield. 

 

2. Materials and Methods 

2.1. Description of the experimental site 

Our experiments were conducted in the 2007 sowing date duration experiment at the 

University of Debrecen, Institutes for Agricultural Research and Educational Farm 

(AKIT), Debrecen Landscape Farming and Landscape Research Institute (DTTI), Látókép 

Experimental Station (47° 83, 030" N, 21° 82, 060" E, 111 m a.s.l.) (Figure 1). The soil of the 

2500 square metre, four replicate, random block design, small plot long-term experiment 

is a loess-formed, deep humic layer, medium plasticity, calcareous chernozem. The soil 

has a low tendency to acidification, as the 80-90 cm deep calcareous layer acts as an effec-

tive buffer against acidification. The physical composition is clay loam with a plasticity 

index of KA 42 according to Arany. The soil pH is 6.6. The humus content is medium 

(Hu%=2.6). The K2O supply is good (240 mg kg-1) and the P2O5 supply is medium (130 mg 

kg-1) [44]. 
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Figure 1. Arrangement of the sowing date experiment. Note: The sowing date experiment was 

founded in 2007 by Prof. Dr. Adrienn Kakuszi-Széles. Source: own construction 

                          

                         2.2. Layout and characteristics of the experimental space 

The field experiment was carried out using three different sowing dates. In the 2024 

growing season, Sowing Date I. was on 4 April, Sowing Date II. on 12 April and Sowing 

Date III on 3 May. Based on the soil samples taken prior to sowing, the initial water content 

was 16.67 m/m% at a depth of 0-20 cm, 18.01 m/m% at a depth of 20-60 cm and 18.32 

m/m% at a depth of 60-100 cm. The same maize hybrids with 8-8 different genotypes were 

established at each sowing date. Each hybrid was sown in 2 rows, 4 replicates, at a rate of 

72,200 plants per hectare. The sowing depth was 5 cm. Nutrient supplementation was 

achieved by basal fertilization in autumn (complex-10:26:26) followed by top dressing in 

spring (NH4NO3 + CaMg(CO3)2 - CAN). Herbicide Laudis was applied, and two mechani-

cal treatments (cultivator) in the stand during the growing season helped the development 

of maize.   

 

                         2.3. Weather characteristics 

Weather data were collected using an automatic weather station 350 metres from the 

experiment. The weather during the maize growing season was generally unfavourable. 

At the beginning of the growing season, in April, a total of 38.3 mm of rain fell on 10 rainy 

days, 14.7 mm less than the long-term average (Figure 2). Rainfall in May (76.2 mm on 10 

rainy days) was 12.2 mm above the 30-year average, which was favourable for maize. In 

terms of temperatures, a sharp cooling started on 14 April, with temperatures dropping 

more than 10°C in a few days. The monthly mean temperature was 13.6°C, 2.4°C above 

the multi-year average. Temperatures stabilised from the end of April, with a mean tem-

perature of 17.5°C in May, 0.9°C above the 30-year average.  Reference values are given 

for the period 1981-2010 (OMSZ 30-year average). 
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Figure 2. Weather patterns in the first third of the growing season (Debrecen-Látókép, 2024). Source: 

own construction 

 

                          2.4. Statistical analysis 

Statistical analysis was performed using Jamovi statistical software (version 2.3.28, 

open source software developed by the Jamovi Project) to measure the strength of the 

linear relationship using Pearson's correlation analysis.  

                          2.5. Developing an accounting methodology 

We were able to carry out the counts of maize using spectral data for the different 

sowing dates and the number of 2-4 leafed maize plants emerged for Sowing Date I and 

Sowing Date II. Taking into account all conditions (weather, field conditions), the popu-

lation was recorded on 3 May 2024 using a DJI Mavic 3 drone equipped with a multispec-

tral camera. The drone has 4 5 MP mono channel cameras and a 20 MP RGB camera. In 

addition, it is equipped with 8 safety cameras for obstacle avoidance, The near infrared 

(NIR: 860 nm ± 26 nm) and red (Red - R: 650 nm ± 26 nm) of the electromagnetic spectrum 

were used for the NDVI formula calculation. 

The flight parameters are shown in Table 1. 

Table 1. Used flight parameters during the remote sensing (03.05.2024) 

Front and side overlap 80 % 

GSD (Ground Sampling Distance) 1.84 cm/pixel 

Altitude of the flight 12 m AGL 

Speed of the UAV during flight 1 m/s 

RTK base station distance <20 km  

Photo shooting distance interval 

Elevation optimization  turn ON 

Angle of the camera  90° 

Reprojection error <1 pixel 

Angle of the flight 150 ° 

GCP (Ground Sampling Point) not used 

Light correction during the flight automatically 
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The first vegetation index is visible-light ((NGRDI= GREEN-RED) / (GREEN+RED)), 

as the 20 megapixel RGB-based orthomosaics for the counting of the plots helped to im-

prove the counting efficiency. The second vegetation index is a multispectral NDVI 

(NDVI= (NIR-RED/NIR+RED)) vegetation index, was used for physiological comparisons 

of later phenological phases in V8-V10, VT, R6 phenological phases. 

In our tests we used different GSD values, controlled by the WebODM software (ver-

sion 2.6.0), open-source software developed by OpenDroneMap (ODM). When stitching 

the RGB images (Figure 3) (WebOdM software), we first performed the analyses with a 

resolution of 2.0 cm (A), and then with a resolution of 0.33 cm (B). The lower GSD value 

resulted in more accurate images with more information. 

 

     

Figure 3 RGB images with different resolutions, (A) GSD=2 cm and (B) GSD= 0.3 cm 

 

The geospatial analysis was carried out using the QGIS long term release software 

(version 3.36 "maidenhead", open-source software developed by the QGIS Project 

(QGIS.org)). NGRDI vegetation index was computed from the RGB image using raster 

calculator (Figure 4). The vegetation index layer was filtered to separate soil, shade and 

non-vegetation parts. The lower threshold for filtering was -0.072 and the upper threshold 

was 0.033. 

 

 

     
 

Figure 4: The (C) RGB orthomosaic and the (D) NGRDI orthomosaic calculated from the RGB image 

and after filtering. 

 

The first orthomosaic (C) is a GSD=2 cm resolution image stitched from RGB images, 

from which a mask was created using NGRDI vegetation index. The second image shows 

the masked NGRDI image (D). 

The RGB image was masked based on the NGRDI values and the cut mask was vec-

torized (Figure 5). The first image (E) shows the cut layer from the NGRDI image after 

masking, which was vectorized and sorted by size. Small pixels and pixel groups were 

A B 

C D 
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removed from the vectorized layer. The masked and vectorized image was filtered using 

a field calculator. During the filtering process, small plants and defects were removed 

from the image. The filtering was performed using a field calculator where the area of the 

individual vectors was determined using the following function and formula ($area 

*10.000). The area values of the "area" function were multiplied because the area function 

is normally defined in square meters and the function shows a value up to 3 decimal 

places, i.e. units with small areas were given a value of 0. Next, layer filtering was per-

formed for pixel or pixel groups of less than 100 units area. Then, a polygon containing 

the parcels of the experimental area was extracted from the vector layer and points were 

placed in the center of the vectors using the centroids function (Figure 6, Figure 7). The 

points placed in the center of the vectors were counted using the number of pieces in the 

surface function, the result of which was integrated into the attribute table on a parcel by 

parcel basis. The analyses were carried out as follows with the same parameters for the 

area of the rows and then multiplied by two, so that the number of plants was counted 

with the polygon area of the plot smaller than the polygon area of the rows only, excluding 

any weeds in the row spacing. 

 

   
 

Figure 5. (E) Vectorise the raster layer and (F) filter the small vectors from the image to remove 

weeds and other distractions. 

 

     
Figure 6. (E) Vectorise the raster layer and (F) filter the small vectors from the image to remove 

weeds and other distractions. 

 

E F 

G H 
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Figure 7. (I) Counting points on the surface using a function, (J) plants marks by points without 

polygon 

 

To evaluate the results, we manually counted the number of plants in the images, 

which we took as the actual number of plants, and evaluated each of the plant number 

detection methodologies against this, and then validated the accuracy of the results as a 

function of plant number density using the NDVI vegetation index at three different dates, 

6 June, 4 July and 23 August.  

3. Results 

Pearson's correlation analysis revealed a strong statistically valid correlation between 

the two measurement methods examined, number of plants/plot and number of 

plants/rowx2, with a r value of 0.977*** (p < 0.001) (Table 2). Among the NDVI values, the 

correlation between number of plants/rowx2 at the second measurement time was signif-

icant with r=-0.418***. At the second time point, the NDVI value decreased as the density 

of plants per plot increased (p < 0.001). The results of the first recording time point 06.06 

and the last recording time point 23.08 were not correlated with the density of plants per 

plot. For NDVI, the results of the negative NDVI values measured on 07.04 and 23.08.08 

indicate that both recording methods show a decrease in the mean NDVI value without 

soil in the plot with increasing number of plants per plot. This result can be attributed to 

several ecological and plant life factors. Increasing the number of plants per hectare may 

increase competition between plants for light, water and nutrients, which may have a sig-

nificant impact on photosynthetic activity and biomass development. With a high number 

of tillers, the foliage becomes denser, but light interception may be reduced as the lower 

leaves are shaded, which may reduce the amount of reflected near-infrared (NIR) radia-

tion. In addition, plants may be subjected to increased stress, which may result in a de-

crease in chlorophyll content, further reducing NDVI values. If nutrient and water sup-

plies are insufficient to sustain the increased plant population, the photosynthetically ac-

tive area of vegetation may be reduced, resulting in lower NDVI values in overly dense 

stands. 

                        Table 2 Pearson's correlation analysis between vegetation index values and counting methods. 

  NDVI 

06.06.2024 

NDVI 

04.07.2024 

NDVI 

23.08.2024 

Number 

of plants 

/plot 

NDVI 04.07.2024 Pearson's r 0.420*** -   

 df 62 -   

 p-value < .001 -   

NDVI 23.08.2024 Pearson's r 0.175 0.386** -  

 df 62 62 -  

 p-value 0.166 0.002 -  

I 
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number of plants/plot Pearson's r 0.035 -0.415*** -0.143 - 

 df 62 62 62 - 

 p-value 0.784 < .001 0.261 - 

number of 

plants/rowx2 
Pearson's r 

0.037 -0.418*** -0,109 0.977*** 

 df 62 62 62 62 

 p-value 0.773 < .001 0.393 < .001 

Note: * p <0.05, ** p <0.01, *** p <0.001 

 

The relationship between the yield and the number of plants per plot. In examining 

the relationship between yield and number of plants per plot, we found that, on average, 

yield was not associated with any of the hybrid measurements, with r values of 0.109 and 

0.163 (p=0.390, p=0.198) (Table 3). These results suggest that the hybrids compensated well 

for differences in yield due to seeding or emergence and that this did not translate into 

increases or decreases in yield. 

 
Table 3 Pearson's correlation analysis between the yield and counting methods. 

  Number of 

plants /plot 

Number of 

plants / rowx2 

Yield (t ha-1) 

yield (t ha-1) Pearson's r 0.109 0.163 - 

 df 62 62 - 

 p-value 0.390 0.198 - 

Note: * p < 0.05, ** p < 0.01, *** p < 0.001 

In our tests, we compared the measurement methods with the actual number of 

plants counted manually in the plots (Table 4). Our results show that the degree of corre-

lation between the actual and the developed measurement methods for determining the 

number of head increased as the different settings were refined.  

Table 4 Pearson's correlation analysis between the measured and the real number of plants 

  Number of 

plants 

/plot (GSD 

2 cm) 

Number 

of plants 

/ rowx2  

(2 cm) 

Number 

of plants 

/plot 

(GSD 

0.33) 

Number of 

plants / 

rowx24 

(GSD 0.33) 

number of 

plants/rowx2 (2 

cm) 

Pearson's r 0.977*** -   

 p-value < .001 -   

number of plants 

/plot (GSD 0,33) 

 0.921*** 0.900*** -  

  < .001 < .001 -  

number of plants 

/ rowx2 (GSD 

0,33 

Pearson's r 0.895*** 0.918*** 0.969*** - 

 p-value < .001 < .001 < .001 - 

real number of 

plants/plots 

Pearson's r 0.659*** 0.691*** 0.700*** 0.737*** 

 p-value < .001 < .001 < .001 < .001 

Note: * p <0.05, ** p <0.01, *** p <0.001 
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An r value of 0.659*** was measured between the real number of plants/plot and the 

number of plants/plot (GSD 2 cm) (p < 0.001). The strength of this relationship increased 

steadily when the row widths of the plots were filtered and the number of plants/rowx2 

(2 cm) method was applied, where r value is 0.691*** (p < 0.001). Thus, if we use a GSD of 

2 cm and filter out the confounding factors in the row spacing and measure only the rows, 

the drone count becomes more accurate. After refining the measurements, the images 

were analysed at GSD values of 0.33 cm, where the correlation between the real number 

of plants/plot and the number of plants/plot (GSD 0.33) was 0.700*** (p < 0.001). Similarly, 

rowx2 was filtered out in the higher resolution image, where this resulted in an increase 

in the size of the correlation between the real number of plants/plot and a number of 

plants/rowx2 (GSD 0.33) r=0.737*** (p < 0.001). 

 

4. Discussion 

Similar to the results of [45] and [46], post-emergence maize counts using drones 

equipped with multispectral cameras allow precise, rapid and large-area data collection. 

This form of remote sensing can minimize errors due to manual sampling and can signif-

icantly reduce time and labor requirements, as well as provide the opportunity for inven-

tory collection in poorer environmental conditions.  

There is a strong significant correlation between the two measurement methods pre-

sented in this paper, number of plants/plot and number of plants/rowx2, with an r value 

of 0.977*** (p < 0.001). A correlation between the number of plants counted and NDVI 

values was observed, in line with the findings of [47]. At the second measurement date (4 

July), the correlation between number of plants/rowx2 was significant with r=-0.418***. 

Similar to the results of [48], the measurement and evaluation of NDVI proved to be ef-

fective in identifying the number of plants. As the number of plants per plot increased, 

the mean NDVI value without soil in the plot decreased, suggesting that competition be-

tween plants due to increasing number of plants may affect photosynthetic activity and 

biomass development, similar to the findings of [49]. Shading of the lower leaves may 

reduce the amount of reflected NIR radiation, and reduced chlorophyll quantity due to 

stress may also reduce the NDVI value. 

Similarly, to the results of [50] and [51], the correlation analysis between number of 

plants and yield showed that the hybrids included in the study compensated well for dif-

ferences in number of plants due to sowing or emergence and this did not translate into 

an increase or decrease in yield (r=0.109 and 0.163 (p=0.390 and 0.198)). Thus, it can be 

concluded that maize responds flexibly to changes in number of plants without significant 

yield loss. 

5. Conclusions 

Our results show that the correlation between the actual and the developed measure-

ment methods for the determination of the number of plants has increased as the different 

settings have been refined. 

By using the census method and results to identify germination imbalances, farmers 

can make timely corrections to their crop management strategies, such as targeted replen-

ishment, nutrient replenishment or crop protection interventions. Knowing the exact 

number of plants can also be important for subsequent agrotechnical decisions. Ensuring 

the right number of plants can improve the conditions of competition between crops, in-

creasing the yield average. Our results pertain to a single growing season, and based on 
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these values, it is not possible to determine a long-term trend or a relationship between 

plant density and yield. This study merely provides a direction and raises further research 

questions. Differential application of nutrient supply and crop protection can make pro-

duction more cost-effective. Knowing the number of plants and their developmental sta-

tus can help to make more accurate yield forecasts, which can help with logistical and 

marketing decisions. Poorly germinated stands can indicate soil defects, sowing problems 

or the presence of pathogens which can be addressed by early intervention.  
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