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Abstract
Ground cover is a key trait in organic cereal production, contributing to weed suppression, soil protection, and yield stability. Assessing canopy development manually is labor-intensive, whereas unmanned aerial vehicle (UAV) phenotyping offers a high-throughput and objective alternative. In this study, we evaluated the potential of UAV-derived ground cover measurements combined with genomic prediction to support breeding for organic spring oat (Avena sativaL.) and wheat (Triticum aestivum L.). A diverse panel of 461 oat genotypes and 218 spring wheat genotypes were phenotyped using UAVs in May and June. Ground cover exhibited substantial variation in May (oat: mean = 0.43, SD = 0.31; wheat: mean = 0.36, SD = 0.35) and approached to maturity in June. Narrow-sense heritabilities were intermediate for both species and growth stages (0.30–0.50), indicating moderate genetic control. Genomic prediction models showed higher accuracy for early-season ground cover (May: 0.45) compared with later stages (June: 0.35), consistent with greater phenotypic variation at early growth. Positive correlations were observed between early ground cover and grain yield suggesting that selection for early canopy development can be very useful for organic farming. These results demonstrate that UAV-based phenotyping, integrated with genomic prediction, provides an efficient strategy for selecting competitive, high-yielding cultivars in organic spring cereals, particularly through early-season canopy traits.
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Introduction
Ground cover is the proportion of soil surface occupied by crop canopy and is a fundamental trait in organic cereal production systems, particularly for spring wheat (Triticum aestivum L.) and oat (Avena sativa L.) (Marcinkevičienė et al. 2025; Weiner et al. 2001; Welch et al. 2016). In organic farming, where synthetic herbicides are prohibited, early and dense canopy development is a primary trait for weed suppression (Gallandt 2014; Liebman and Davis 2009). Crops that rapidly establish ground cover effectively compete with weeds for light, water, and nutrients, thereby limiting weed germination and growth (Teasdale 1996; Teasdale et al. 2007). This natural weed competitiveness contributes directly to yield stability and is an essential target trait for organic breeding programs (Pester et al. 1999; Worthington and Reberg-Horton 2013). Beyond weed control, ground cover reduces soil erosion, improves infiltration, and enhances moisture retention, thereby maintaining soil structure and preventing nutrient losses (Blanco and Lal 2008; Daryanto et al. 2018; Zuazo and Pleguezuelo 2009). The continuous vegetative cover also encourages soil microbial activity and nutrient cycling, contributing to long-term soil fertility and system resilience (Scavo et al. 2022; Govaerts et al. 2008; Lori et al. 2017). Moreover, dense canopy development improves light interception and resource-use efficiency, supporting biomass accumulation and yield stability under low-input conditions (Murphy et al. 2008; Reynolds et al. 2009; Harbo et al. 2022). Hence, breeding for organic cereals using improved ground cover aligns with broader goals of ecological resilience and long-term soil health.
In breeding schemes, rapid and uniform canopy development in spring wheat and oat is therefore a desirable trait, combining agronomic performance with ecological benefits. However, conventional methods for assessing ground cover rely on manual visual scoring by breeders throughout the growing season (Sadeghpour et al. 2014; Booth et al. 2006). Such evaluations are time-consuming, sometimes biased, and labor-intensive, restricting both accuracy and scalability, particularly across large breeding populations or multi-environment trials (Booth et al. 2008; Chawade et al. 2019).  Recent advances in high-throughput phenotyping (HTP) have opened new opportunities to overcome these constraints (Chawade et al. 2019). Unmanned aerial vehicles (UAVs) equipped with multispectral or high-resolution RGB sensors have become powerful tools for monitoring canopy traits objectively and efficiently (Herzig et al. 2021; Hu et al. 2021). UAV-derived measurements of ground cover correlate strongly with manual breeder scores while providing finer spatial and temporal resolution, enabling consistent, large-scale phenotyping across environments and management systems (Herzig et al. 2021; Gano et al. 2024; Hu et al. 2021; Gracia-Romero et al. 2019). 
Integrating such UAV-derived phenotypes with genomic prediction frameworks offers a promising strategy to accelerate genetic improvement for complex traits such as ground cover (Ge et al. 2025). Genomic prediction powers genome-wide marker information to estimate breeding values even in early generations, where field trials are limited or not yet sown (Desta and Ortiz 2014). This integration enables selection of the cereals based on predicted performance, thereby increasing selection efficiency, reducing phenotyping costs, and potentially shortening the breeding cycle to develop cultivars suitable for organic agriculture. 
The present study aimed to evaluate the potential of genomic prediction for UAV-derived ground cover trait in the organic field trials of spring wheat and oat. Using data from organic field trials, we estimated the heritability of UAV-based ground cover measurements and developed genomic prediction models to assess their predictive accuracy. Model performance was evaluated using a leave-one-line-out (LOLO) cross-validation approach. To our knowledge, this is the first study integrating UAV phenotyping with genomic prediction to estimate ground cover in the context of organic spring wheat and oat breeding. Collectively, these analyses provide insights into the feasibility of combining UAV-based phenotyping with genomic prediction to improve ground cover—a trait closely associated with weed suppression, soil conservation, and the overall sustainability of organic cereal production systems.

Material and methods
Field trials  
The spring wheat plant material consisted of in total 218 unique genotypes of the spring wheat (Triticum aestivum) 173 of the genotypes where from the breeding population at Nordic Seed A/S representing 6 breeding cycles. The genotypes were tested in 1599 organic field grain yield trial plots. All plots were 8.25 m2 (5.5 × 1.5 m). Ground cover was scored by UAV once in may each location and year. The descriptive statistics for ground cover for organic trials is presented in table 1.
Field trials were conducted in 2019 – 2022 in a randomized incomplete block design with 150 genotypes per trial, 25 subblocks per trial, and 2 reps per genotype. Trials were conducted on 2 locations Hellevad, DK (GPS coordinates: 55067688 E, 9238965 N), and Dybvad, DK (GPS coordinates: 571317 E, 6196886 N). 

The oat plant material consisted of in total 461 unique genotypes of the spring oat (Avena sativa) breeding population at Nordic Seed A/S representing 3 breeding cycles. The genotypes were tested in 1340 organic field grain yield trial plots. All plots were 8.25 m2 (5.5 × 1.5 m). Ground cover was scored by UAV twice in each location and year, once in spring and once in early summer. The descriptive statistics for ground cover for organic trials is presented in table 1.
Field trials were conducted in 2022 – 2024 in a randomized incomplete block design with 150 genotypes per trial, 25 subblocks per trial, and 2 reps per genotype. Trials were conducted on 2 locations Hellevad, DK (GPS coordinates: 55067688 E, 9238965 N), and Dybvad, DK (GPS coordinates: 571317 E, 6196886 N). 
The DNA extraction was performed using an updated CTAB SDS method as described by Mahmood et al., (Mahmood et al, 2024). The spring wheat plant material was genotyped using an Illumina iSelect wheat chip. A total of  20,919 single-nucleotide polymorphism (SNP) markers were utilized. Quality control was done by removing SNPs with minor allele frequency (MAF) lower than 1% and call rate lower than 0.90. Genotypes were coded -1,0,1, counting the number of alleles of the reference allele for each locus. Missing genotypes were ~0.3 % and were assigned 0.
The oat plant material was genotyped using an Illumina iSelect oat chip. A total of 1006 single-nucleotide polymorphism (SNP) markers were utilized. Quality control was done by removing SNPs with minor allele frequency (MAF) lower than 1% and call rate lower than 0.90. Genotypes were coded -1,0,1, counting the number of alleles of the reference allele for each locus. Missing genotypes were ~0.3 % and were assigned 0.
Statistical modeling
Genomic models 
A standard genomic model was used to assess heritability in all traits and genomic prediction of ground cover in organic trials. 

Where X and Zx is design matrices for fixed and random effects respectively; b is a vector of fixed trial effects nested within year and location, g is a vector of random additive genetic effects with , where  is the genomic additive genetic variance, and G is the genomic relationship matrix (G-matrix). The G-matrix was constructed based on the first method proposed by VanRaden (2008):
 (3) 
where  is the minor allele frequency of the   was calculated as ;  is a matrix of SNP markers coded -1,0,1; and  is a matrix with the minor allele frequencies of SNP  calculated as  for column ; l is a vector of line effects with , where  is an identity matrix and  is the variance due to uncorrelated line effects; gxe is a vector of genotype times year_location interactions with , where  is the variance due to due to uncorrelated genotype by environment effects; t is a vector of block effects with t where  is the spatial variance due to due to block within field, and sb is a vector of subblock effects with t where  is the spatial variance due to due to subblock within field.	
Heritability calculations
Line mean heritabilities were  calculated as

Where d(G) is the average of the diagonal elements in the G matrix, is the average number of year_location environments per line; is the average number of plots per block; is the average number of plots per subblock; and is the average number of plots per line. 
The relative variance component for each of the other effects in the model was calculated as follows.








CV strategies and PA calculations
The predictive performance of the genomic models was evaluated by a leave one line out (LOLO) cross validation.
Predictive ability was calculated as the correlation between the cross validated additive genomic value for ground cover and the line mean ground cover corrected for fixed effects estimated by the genomic model. 
Genetic correlations 
It is difficult to get precise estimates of genetic correlations between traits with intermediate heritabilities and sample sizes, instead we correlated the breeding values obtained from the genomic models for ground cover in May and June in oat. In addition we correlated the breeding values for ground cover with the breeding values for yield obtained from a genomic model for organic grain yield for oat (REF to the other paper) and wheat (genomic analysis not shown). 
Software
R 4.03 was used for preparing datasets and performing the PCA analysis. DMU was used for the genomic analysis (Madsen et al. 2014).
Results
Principal component analysis (PCA) revealed no distinct population structure among the 461 oat genotypes (Figure 1). Even the distribution of genotypes across the first two PCA indicates that the breeding material is genetically diverse yet lacks strong sub-population differentiation. These results show that the breeding population in both crops is suitable for standard genomic prediction models without the need for additional correction for population structure. 
UAV-derived ground cover phenotypic data for organic oat and wheat is presented in Table 1. For oat, ground cover measured in May showed a mean value of 0.43 with a relatively high standard deviation (SD = 0.31), ranging from 0.02 to 1.00, indicating considerable variation among genotypes and plots during early canopy development. By June, the mean ground cover had increased significantly to 0.94 (SD = 0.07), with values ranging from 0.54 to 1.00, suggesting that most oat plots had achieved near-complete canopy closure by this stage. In spring wheat, drone-based ground cover measurements taken in May exhibited a mean of 0.36 (SD = 0.35) and a range from 0.00 to 1.00, similarly reflecting substantial phenotypic variability during early growth. Overall, the results indicate that UAV phenotyping successfully captured the expected temporal increase in ground cover from May to June and revealed high variation among genotypes in both crops during early growth stages which is an essential prerequisite for effective genomic prediction and selection for canopy development in organic cereal breeding.
Estimates of variance components and narrow-sense heritability for the UAV-derived ground cover traits are summarized in Table 2. Both ground cover measurements in oat showed heritability estimates that were significantly greater than zero, but not statistically different from each other (Table 2). The heritability estimate for ground cover in May was 0.33 ± 0.07, and for June it was 0.30 ± 0.07, indicating a moderate level of genetic control at both stages of crop development. For oat ground cover measured in May, the genotype-by-environment interaction accounted for the largest proportion of the total variance (0.42 ± 0.07), followed by location effects (0.12 ± 0.07) and residual variance (0.14 ± 0.02). This suggests that early canopy development in oat was influenced by both genetic and environmental factors, with a noticeable genotype-by-environment component. In contrast, for ground cover assessed in June, the environmental variance was higher (0.25 ± 0.01) and the genotype-by-environment interaction was negligible (0.0004 ± 0.04), indicating that ground cover became more stable across environments once the canopy had fully developed.
For spring wheat, drone-based ground cover measured in May showed a higher heritability of 0.50 ± 0.10, suggesting stronger additive genetic control compared with oat. Genotype-by-environment interaction also contributed remarkably to the total variance (0.33 ± 0.05), while environmental variance remained relatively low (0.09 ± 0.01). These results indicate that UAV-derived measurements effectively captured genetic variation for ground cover in both organic oat and wheat sown in spring. The moderate to high heritability estimates, particularly for wheat, demonstrate that ground cover can be a reliable target trait for genomic prediction and selection. Moreover, the reduced genotype-by-environment interaction at later stages highlights the potential stability of UAV-phenotyped ground cover as a breeding trait under organic field conditions. 
The prediction ability for ground cover measured in May was 0.45 ± 0.04 (Figure 2), while that for June was 0.35 ± 0.04 (Figure 3). These results indicate that the genomic model was able to capture a substantial proportion of the genetic variance underlying ground cover, particularly at the early stage of canopy development. The higher prediction ability observed in May suggests that early-season ground cover, when phenotypic variation among genotypes is greatest, is more strongly associated with the underlying genetic signal detectable by molecular markers. By contrast, the slightly lower predictive accuracy for June is consistent with the reduced phenotypic variance observed at this later stage, when most plots had reached near-complete canopy closure and environmental factors dominated the remaining variation. In wheat prediction ability was 0.52 (0.07) (Figure 4). This higher predictions observed in spring wheat suggest that genomic model capture substantial larger proportion of the genetic variance underlying ground cover of spring wheat (Figure 4). 
The correlations between UAV-derived ground cover traits and organic grain yield are summarized in Table 3. For oat, ground cover measured in May and June were positively correlated (r = 0.64, p = 2.2 × 10⁻¹⁶), indicating that genotypes with greater canopy cover early in the season tended to maintain higher ground cover later in development. Both ground cover traits were also significantly correlated with grain yield. The correlation between May ground cover and yield was r = 0.36 (p = 5.0 × 10⁻⁸), while the correlation between June ground cover and yield was r = 0.40 (p = 6.9 × 10⁻¹¹). These results suggest that oat lines exhibiting more rapid canopy closure early in the growing season generally produced higher organic grain yields, highlighting the agronomic relevance of ground cover as a selection trait for organic grown oat.
For spring wheat, drone-based ground cover measured in May was also positively associated with grain yield (r = 0.24, p = 0.002; Table 3). Although this relationship was weaker than that observed in oat, the correlation remained statistically significant, suggesting that early canopy establishment contributes to improved yield potential under organic conditions in both species.
These correlation analyses demonstrate that UAV-phenotyped ground cover, particularly during early growth stages, is not only a reliable indicator of canopy development but also a useful predictor of yield in organic grown spring oat and wheat. These findings support the potential use of UAV-based ground cover measurements as indirect selection criteria for yield improvement in organic cereal breeding programs.
Discussion
Phenotypic variation and heritability of UAV-derived ground cover
This study demonstrates that UAV-derived ground cover captures substantial phenotypic variation in oat and spring wheat during early growth stages, consistent with prior research emphasizing the utility of UAV platforms for high-throughput phenotyping in cereals (Ninomiya 2022; Roth et al. 2023). The mean ground cover in May showed ample variation in both species, whereas oat ground cover near canopy closure in June was saturated with reduced variability (Table 1). Intermediate narrow-sense heritabilities (0.30–0.50) across species and timepoints reflect underlying additive genetic control, in agreement with other findings who reported moderate to high heritabilities for canopy-related UAV traits in cereals (Cooper et al. 2024; Makanza et al. 2018). The larger phenotypic variation and heritability in early stages suggest that selection efforts should focus on May measurements, aligning with the recognized importance of early canopy vigor as a predictor of competitive ability and yield in organic and low-input systems (Hendriks et al. 2022; Worthington and Reberg-Horton 2013; Murphy et al. 2005; Hossard et al. 2016; Cao et al. 2021).​
Genetic and environmental variance components
Analysis of variance components highlights that early ground cover variation is strongly influenced by genotype-by-environment (G×E) interactions, while later-stage variation (June) is shaped predominantly by non-additive genetic and environmental compensation effects, reflecting developmental plasticity (Gao et al. 2023; Yang et al. 2020). This progression, from environmentally sensitive early growth to more stable late-stage expression, mirrors patterns reported in related cereal phenotyping studies (Perich et al. 2020; Herzig et al. 2021). The higher heritability and G×E variance for spring wheat’s May ground cover, relative to oat, suggest that genetic diversity and population structure enhance genetic signal extraction under UAV phenotyping. This corresponds with findings by others, who suggested that deeper breeding history increases genetic variance exploitable for genomic selection (Alemu et al. 2024; Mascher et al. 2019).​
Genomic prediction and breeding implications
The improved genomic prediction accuracy for May ground cover in both species  compared to June confirms that early vigor traits with higher variability yield stronger genetic signals suitable for prediction modeling. This mirrors results by Robert et al. (2022) and Hu et al. (2020), who integrated UAV phenotyping and genomic selection to accelerate breeding cycles in wheat (Robert et al. 2022; Hu et al. 2020). The ability to detect genetic differences and predict performance using UAV-derived canopy metrics supports deploying this approach to streamline selection processes, particularly under organic conditions where field trials are more heterogeneous and costly.​
Correlation with organic grain yield and trait relationships
This investigation demonstrated significant positive genetic correlations between early ground cover and organic grain yield in both oat and wheat. The strong correlation between early and late canopy ground cover and their respective positive correlations with yield reflect the physiological link between early vigor and resource acquisition efficiency, consistent with reports by Sun et al. (2018) and Seavers and Wright et al. (1999) (Sun et al. 2018; Seavers and Wright 1999). Although spring wheat exhibited a weaker yet significant correlation (r=0.24) between May ground cover and yield, this emphasizes subtle species-specific variance in resource allocation and competitive growth strategies, as discussed by Sinha et al. (2023)(Sinha et al. 2023). These findings reinforce that early ground cover constitutes a robust indirect selection trait for yield improvement in organic systems.​
Broader impact and future directions for organic breeding
The integration of UAV phenotyping with genomic prediction evidenced here strengthens the utility of remote sensing technologies in contemporary breeding programs focused on organic cereals. The combination of high-throughput phenotyping and genomic tools aligns with recent recommendations to improve accuracy and efficiency in selecting complex traits under variable environments(Sinha et al. 2023; Yang et al. 2020). Incorporation of multispectral indices such as NDVI and GNDVI can further enhance physiological trait characterization and stress adaptability assessments (Herzig et al. 2021; Cao et al. 2021). Additionally, expanding this framework across multiple environments and developmental stages would facilitate robust multi-trait genomic prediction models, further refining selection for yield resilience and resource-use efficiency.​ The findings in this study provide strong support for prioritizing early ground cover as a key trait in organic breeding using UAV-derived phenotypes and genomic selection to accelerate genetic gain. This integrated approach fosters development of cultivars with enhanced early vigor, competitive ability, and yield potential tailored to organic agroecosystems, thus contributing to sustainable crop production.
Conclusion
This study demonstrates the potential of integrating UAV-based phenotyping with genomic prediction to enhance selection for ground cover in organic spring oat and wheat breeding. UAV-derived measurements of canopy development effectively captured meaningful phenotypic variation, particularly at early growth stages, when differences among genotypes were most pronounced. The moderate to high heritability estimates indicate that ground cover is under genetic control and can be improved through selection.
Genomic prediction models achieved substantial accuracy, especially for early-season ground cover, confirming that genetics can reliably predict complex canopy traits even in diverse organic populations. The positive genetic and phenotypic correlations between early ground cover, late ground cover, and grain yield further suggest that selection for rapid canopy establishment will indirectly enhance yield potential and weed competitiveness, two key objectives in organic cereal production. By enabling early and objective assessment of canopy development, this approach can accelerate genetic gain for both agronomic performance and ecological resilience in organically managed systems. Future work should focus on multi-environment and multi-year validation, as well as integration with other UAV-derived traits such as canopy temperature and spectral indices, to further refine genomic selection models and support holistic improvement of organic cereal crops.
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Table 1. Summary of phenotypic data included in the study
	Trait
	Number of Plots
	Mean
	SD
	Min
	Max

	Oat Ground Cover (May)
	1,340
	0.43
	0.31
	0.02
	1

	Oat Ground Cover (June)
	1,268
	0.94
	0.07
	0.54
	1

	Wheat Drone Ground Cover (May)
	1,600
	0.36
	0.35
	0
	1





Table 2. Relative variance components from single-trait models for each investigated trait
	Trait
	h^2
	l
	GxE
	sb
	e

	Oat Ground Cover (May)
	0.33 (0.07)
	0.12 (0.07)
	0.42 (0.07)
	0.002 (0.0009)
	0.14 (0.02)

	Oat Ground Cover (June)
	0.30 (0.07)
	0.45 (0.07)
	0.0004 (0.04)
	0.0015 (0.0008)
	0.25 (0.01)

	Wheat Ground Cover (May)
	0.50 (0.10)
	0.01 (0.09)
	0.33 (0.05)
	0.006 (0.002)
	0.09 (0.01)


Note: Standard deviations are shown in parentheses. h^2 = heritability; l = line effect; GxE = genotype by environment interaction; sb = subplot effect; e = residual error

Table 3. Correlations among ground cover traits and organic grain yield for spring oat and spring wheat
	Crop
	Trait 
	Ground cover (May)
	Ground cover (June)
	Yield_ha

	Spring Oat 
	Ground cover (May)
	
	2.20E-16
	5.01E-08

	
	Ground cover (June)
	0.64
	
	6.87E-11

	
	Yield_ha
	0.36
	0.40
	

	Spring Wheat 
	Ground cover (May)
	0.24
	
	0.002


Correlations between ground cover and organic grain yield are below the diagonal in case of oat. Above the diagonal are the p-value for the correlation. 
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Figure 1. Principal component analysis (PCA) of 461 oat genotypes (A) and spring wheat (B) based genotyping data. The first two principal components explain the majority of genetic variation in the oat population.  
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Figure 2. Prediction ability of genomic models as genome estimated breeding value (GEBV) for UAV-derived ground cover in oat measured in May.  
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Figure 3. Prediction ability of genomic models as genome estimated breeding value (GEBV) for UAV-derived ground cover in oat measured in June.  Higher prediction accuracy in May reflects larger phenotypic variation and stronger genetic signal at early canopy development stages.
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Figure 4. Prediction ability of genomic models as genome estimated breeding value (GEBV) for UAV-derived ground cover in spring wheat measured in May. 
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