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12 Abstract
13
14 Grape cluster compactness is a key trait that influences fruit quality, yield, and disease 
15 susceptibility. Understanding the genetic basis of this trait is essential for optimizing 
16 vineyard management and improving grapevine cultivars. In this study, we performed 
17 quantitative trait locus (QTL) mapping to identify genomic regions associated with 
18 cluster architecture and yield components in a bi-parental population derived from Vitis 
19 vinifera cv. Riesling × Cabernet Sauvignon. A total of 138 full-sibling progeny were 
20 evaluated over two growing seasons at Oakville, Napa Valley, California. Traditional 
21 yield-related traits were measured, including cluster number, total cluster weight, and 
22 average cluster weight. Additionally, an image-based phenotyping pipeline leveraging 
23 the foundation model Segment Anything Model (SAM) was employed to segment 
24 individual berries, measure their size and shape, and compute cluster compactness with 
25 minimal manual intervention. Trait correlations revealed that compact clusters tended to 
26 have a higher berry count but smaller berry size, highlighting the role of compactness in 
27 modulating cluster structure. Heritability estimates varied across traits, with berry 
28 dimensions and compactness displaying moderate to high heritability, indicating strong 
29 genetic control. Two parental linkage maps were constructed using a pseudo-test cross 
30 strategy. QTL mapping identified multiple loci associated with cluster architecture and 
31 yield components, with several stable QTLs detected across both years, with marker 
32 effects ranging from 7.6% to 22.1%. Notably, a QTL for cluster compactness was found 
33 in both seasons on chromosome 1 in Cabernet Sauvignon. Other stable QTLs were 
34 associated with berry size (chromosomes 6 and 17) and berry count (chromosome 5 in 
35 Cabernet Sauvignon and chromosome 7 in Riesling). Additional QTLs were detected in 
36 a single year, reflecting the influence of environmental variation. Our findings provide 
37 valuable insights into the application of foundation models requiring no prior training and 
38 minimal intervention for high-quality segmentation and enhance our understanding of 
39 the genetic architecture of cluster compactness and yield traits. The genomic regions 
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40 identified in this study offer promising targets for breeding programs aimed at improving 
41 grape quality and disease resistance.
42
43 Keywords: Vitis vinifera, QTL, image analysis, Segment Anything Model, cluster 
44 compactness, yield components
45
46 Introduction
47
48 Grape cluster architecture and compactness are two interrelated traits essential 
49 for vineyard management and the genetic improvement of grapes, as they influence 
50 yield, fruit quality, and susceptibility to pests and diseases [1-4]. Cluster architecture 
51 determines how the berries are arranged within a cluster and the distribution of free 
52 space [2,5]. Cluster compactness, on the other hand, is defined as the ratio of the 
53 volume of cluster components (such as the berries and the rachis) to the overall volume 
54 of the cluster [2,5]. Understanding the implications of cluster compactness is crucial, as 
55 its physical configuration can significantly impact berry development and the 
56 microenvironment within the cluster. When clusters are compact, berries are in close 
57 contact with one another, which can alter their physical and physiological properties. For 
58 instance, tight contact can inhibit the proper development of the waxy cuticle, 
59 compromising its function as a protective barrier against pathogens [6-8]. Furthermore, 
60 the inner portion of compact clusters has restricted airflow, resulting in higher humidity 
61 and temperature, creating a more favorable environment for pathogens [3,7]. In addition 
62 to reduced airflow, there is also reduced solar radiation reaching the inner berries of 
63 compact clusters, which affects berry ripening and composition [7].   
64 Several studies have sought to identify the genetic factors underlying cluster 
65 architecture and compactness using a range of phenotyping methods, including both 
66 qualitative and quantitative approaches. One commonly used qualitative method relies 
67 on a set of descriptors that categorize clusters based on visual characteristics [3]. The 
68 most widely adopted system is the set of descriptors developed by the International 
69 Organization of Vine and Wine (OIV), which includes standardized criteria for evaluating 
70 various traits of the grapevine, including cluster morphology. For example, OIV 
71 descriptor 204 assesses cluster density, classifying clusters into five categories ranging 
72 from very loose, where berries are clearly separated with many visible pedicels, to very 
73 dense, where berries are visibly deformed due to compression. Additional descriptors, 
74 such as OIV 208 (cluster shape) and OIV 209 (number of cluster wings), can be used in 
75 combination to characterize overall cluster architecture. While OIV descriptors offer a 
76 relatively fast and low-cost means of phenotyping, their accuracy is often limited by the 
77 evaluator’s subjectivity [3]. When multiple evaluators are involved, differences in 
78 interpretation can introduce inconsistency and increase error. In contrast, quantitative 
79 phenotyping is generally preferred for statistical and genetic analyses, as it provides 
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80 more precise, reproducible data that better supports the dissection of complex traits 
81 [2,9].
82 The analysis of 2D and 3D images of grapevine clusters offers a powerful 
83 approach for measuring cluster architecture and compactness. Techniques in this field 
84 range from traditional image thresholding for object identification to advanced machine 
85 learning models, some specifically trained on grapevine data, others based on more 
86 generalizable foundational models with little or no crop-specific training. These image-
87 based methods enable the extraction of high-dimensional phenotypic traits, enhance the 
88 accuracy of characterizing complex traits like cluster architecture, and offer excellent 
89 scalability for large datasets. Examples of cluster imaging and image analysis include 
90 the study by Cubero et al. (2015), which developed a technique for measuring cluster 
91 compactness that was highly consistent with the OIV descriptor 204 [10]. Their 
92 approach utilized semi-automated image segmentation to remove the background from 
93 the images and segment the clusters into berries and rachis. These segmented images 
94 were subsequently used to collect morphological measurements and create models for 
95 predicting cluster compactness. Similarly, Underhill et al. (2020) employed high-
96 throughput imaging to quantify cluster compactness and identified key quantitative trait 
97 loci (QTLs) related to cluster structure [3]. More recently, Torres-Lomas et al. (2024) 
98 demonstrated the application of the Segment Anything Model (SAM) for grape cluster 
99 image segmentation, enabling automated object identification without additional training 

100 [2]. Their study applied SAM to over 3,500 cluster images, generating more than 
101 150,000 berry masks with spatial coordinates, which allowed comprehensive cluster 
102 architecture and compactness analyses. These examples illustrate the effectiveness of 
103 image-based phenotyping in providing precise, reproducible data that can enhance 
104 genetic analysis and breeding strategies for grapevine traits.
105 Cluster architecture and compactness are complex traits shaped by a 
106 combination of environmental conditions, genetic factors, and vineyard management 
107 practices [7]. Numerous studies have aimed to uncover their genetic basis, identifying a 
108 wide array of QTLs distributed across the grapevine genome. For example, Correa et al. 
109 (2014) identified several QTLs associated with rachis architecture, including a major 
110 locus for rachis length located near the microsatellite marker VMC2D9 on chromosome 
111 9, using an F1 biparental population derived from a Ruby Seedless × Sultanina cross 
112 [11]. Similarly, Richter et al. (2019) mapped over two dozen QTLs related to cluster 
113 architecture traits in an F1 population from a GF.GA-47-42 × Villard Blanc cross [5]. 
114 This study identified QTLs for total berry volume (chromosome 1), cluster weight 
115 (chromosomes 2, 10, 12, 17, 18), compactness (chromosomes 1, 2, 15, 17), mean 
116 berry volume (chromosomes 3, 12, 17), and berry number (chromosomes 10, 17, 18). It 
117 also highlighted significant co-localization of QTLs for berry number and cluster weight 
118 on chromosomes 17 and 18. In another study, Underhill et al. (2020) combined manual 
119 and image-based phenotyping to identify QTLs associated with cluster compactness, 
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120 berry weight, and rachis length in a biparental population derived from a cross between 
121 MN1264 × MN1246, revealing key loci across multiple chromosomes [3]. Specifically, 
122 they identified QTLs for compactness (chromosomes 7, 12, 17, 18), berry weight 
123 (chromosomes 11, 17), cluster weight (chromosomes 4, 9, 16), and cluster area 
124 (chromosomes 9, 16). Tello et al. (2016), using a genome-wide association approach 
125 that included over 114 different varieties maintained in the Grapevine Collection of the 
126 Instituto de Ciencias de la Vid y del Vino, found QTLs for compactness across 
127 chromosomes 5, 11, 12, and 18, as well as for berry number on chromosomes 2, 5, 8, 
128 11, and 12 [12]. More recently, Rist et al. (2022) employed 3D-based phenotyping in 
129 four different biparental populations, identifying multiple QTLs for berry number 
130 (chromosomes 4, 8, 10, 17, 18), berry diameter (chromosomes 6, 12, 17, 18), berry 
131 volume (chromosomes 6, 8, 12, 17, 18), and total berry volume (chromosomes 7, 10, 
132 17, 18). Notably, chromosome 17 consistently harbored co-located QTLs for berry size 
133 traits—berry diameter, berry volume, and berry weight—suggesting a strong genetic 
134 control region for fruit morphology [13]. Together, these studies highlight the polygenic 
135 and highly complex genetic architecture underlying grapevine cluster traits, emphasizing 
136 the need for advanced phenotyping and mapping strategies to fully dissect their genetic 
137 control.
138 In this study, we performed QTL mapping using an F1 mapping population 
139 derived from a cross between two pure Vitis vinifera cultivars with contrasting cluster 
140 architectures: Riesling and Cabernet Sauvignon. Our goal was to identify genomic 
141 regions associated with yield components and cluster architecture by leveraging the 
142 Segment Anything Model, or SAM. Using SAM, we processed over 7,000 2D cluster 
143 images, generating nearly 330,000 individual berry masks, enabling precise 
144 measurements of berry morphology, spatial distribution, and cluster compactness, all 
145 without requiring additional model training. This methodology allowed us to successfully 
146 identify multiple QTLs linked to cluster architecture, compactness, and yield, with 
147 several QTLs consistently detected across two growing seasons. These findings offer 
148 valuable insights into the genetic determinants of cluster architecture and compactness, 
149 paving the way for breeding strategies aimed at enhancing fruit quality and reducing 
150 disease susceptibility.
151
152 Results
153
154 Digital phenotyping for cluster compactness
155
156 To characterize grape cluster architecture and compactness, we phenotyped 414 
157 vines from 138 progenies of a Riesling × Cabernet Sauvignon cross over two 
158 consecutive growing seasons, 2023 and 2024. This mapping population was grown in 
159 Oakville, Napa Valley, California, a premier winegrowing region in the United States.
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160 We collected two sets of phenotypic data: traditional yield-related traits, including 
161 the number of clusters per vine, total cluster weight per vine, and average cluster 
162 weight; and digitally phenotyped traits, including berry number, projected area, length, 
163 and width. From these, we calculated the compactness index, which is defined as the 
164 ratio of the sum of individual berry projected areas to the convex hull surrounding the 
165 entire cluster.
166 Across both seasons, a total of 7,483 cluster images were acquired, with each 
167 cluster imaged from two angles to maximize berry visibility. Using the Segment Anything 
168 Model along with a previously developed algorithm for berry segmentation [2], we 
169 generated 329,469 berry masks (an example of a processed cluster is shown in Figures 
170 1A and 1B). While a single image underestimates the true berry count due to occlusion, 
171 as demonstrated in our previous work and this study, a linear regression-based 
172 correction factor was applied to improve the accuracy of berry number estimates (Figure 
173 1C). To quantify compactness, we calculated the ratio between the sum of all berry 
174 masks (i.e., total projected berry area) and the convex hull, defined as the smallest 
175 convex polygon encompassing all berry masks (Figure 1D). To visually validate this 
176 approach, we ranked all clusters by compactness index and selected the 30 least 
177 compact (top) and 30 most compact (bottom) clusters for comparison (Figure 1E). The 
178 gradient from less to more compact clusters is evident, with loosely arranged berries in 
179 clusters at the top of the panel and densely packed berries in those at the bottom.
180
181
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182
183 Figure 1. Identification of berry segments using the Segment Anything Model 
184 (SAM). (A) Example of individual berry identification from a grape cluster. (B) Berry 
185 masks generated from the cluster image in panel A. (C) Correlation between actual and 
186 predicted berry counts from SAM, using 84 clusters. Green points represent corrected 
187 counts, adjusted using a linear model based on the angle with the highest berry count. 
188 (D) Cluster compactness is calculated as the ratio of the total berry mask area to the 
189 area of the convex hull (outlined in red). (E) Examples of clusters with low and high 
190 compactness indices.
191
192
193
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194 Variation in yield and cluster traits across years
195
196 Best linear unbiased predictors (BLUPs) for both yield components and image-
197 derived (digital) traits displayed continuous distributions with strong year-to-year 
198 consistency (R2 = 0.43 to 0.65; Figure 2A). Furthermore, transgressive segregation was 
199 observed across all traits. The two parental cultivars displayed expected phenotypic 
200 patterns: Riesling produced smaller, more compact clusters with fewer and smaller 
201 berries, while Cabernet Sauvignon produced larger, looser clusters with more and larger 
202 berries. All raw data distributions were normally distributed, except for cluster weight, 
203 which showed slight skewness toward zero (Supplementary Figure 1). 
204 The number of clusters per vine increased from a mean of 31.58 ± 5.8 (SD) in 
205 2023 to 45.62 ± 7.14 in 2024. Riesling and Cabernet Sauvignon followed this trend, 
206 increasing from 38.36 to 60.92, and from 42.98 to 54.09, respectively. In contrast, 
207 average cluster weight decreased slightly, from 74.94 g ± 25.98 in 2023 to 65.05 g ± 
208 16.93 in 2024. Cabernet Sauvignon consistently produced heavier clusters than 
209 Riesling, with weights of 115.67 g versus 76.67 g in 2023, and 88.42 g versus 59.58 g in 
210 2024. Total cluster weight per vine increased overall from 2.42 kg ± 0.86 in 2023 to 3.05 
211 kg ± 0.77 in 2024. However, the parental cultivars exhibited different trends: Riesling 
212 increased from 3.00 to 3.73 kg, while Cabernet Sauvignon declined slightly from 5.11 to 
213 4.79 kg. These changes are likely attributable to differences in environmental conditions 
214 and slight variations in management practices, such as pruning intensity, resulting from 
215 different personnel performing these tasks. 
216 Among the image-derived traits, berry number per cluster averaged 46.02 ± 8.78 
217 in 2023 and 43.65 ± 7.49 in 2024. Riesling produced fewer berries (37.2 in 2023, 34.37 
218 in 2024), while Cabernet Sauvignon had higher counts (58.56 and 55.66, respectively). 
219 Berry projected area showed a slight decline from 222.41 mm² ± 24.53 in 2023 to 
220 215.99 mm² ± 18.9 in 2024. Riesling maintained consistent berry sizes (~248 mm²), 
221 while Cabernet Sauvignon showed a marked decrease from 257.75 mm² in 2023 to 
222 197.60 mm² in 2024. Similar patterns were observed for berry length and width. Berry 
223 length averaged 17.08 mm ± 1.00 in 2023 and 16.89 mm ± 0.77 in 2024; berry width 
224 decreased from 17.02 mm ± 0.99 to 16.84 mm ± 0.79. Riesling remained relatively 
225 stable for these traits, while Cabernet Sauvignon showed mild reductions. Cluster 
226 compactness remained stable across years, with mean values of 0.18 ± 0.009 in both 
227 seasons. However, the parental lines were distinct: Riesling consistently exhibited 
228 greater compactness (0.19) than Cabernet Sauvignon (0.17), aligning with known 
229 phenotypic differences between these cultivars.
230
231 Trait correlations and implications for cluster architecture
232

ACCEPTED MANUSCRIPTARTICLE IN PRESS



ARTIC
LE

 IN
 PR

ES
S

233 As expected, berry size-related traits were highly correlated (Figure 2B). For 
234 instance, berry projected area and berry length showed a very strong correlation 
235 (Pearson’s r = 0.99) in both years. Similarly, berry projected area was highly correlated 
236 with berry width (Pearson’s r > 0.98) in both years. Berry count exhibited a strong 
237 correlation with cluster weight (Pearson’s r = 0.81 in 2023 and 0.72 in 2024) and total 
238 cluster weight (Pearson’s r = 0.76 in 2023 and 0.62 in 2024). Additionally, the number of 
239 clusters per vine was positively correlated with total cluster weight (Pearson’s r is 0.60 
240 in 2023 and 0.65 in 2024). A negative correlation was observed between cluster aspect 
241 ratio and the compactness index in 2023 (Pearson’s r = -0.22), suggesting that their 
242 aspect ratio decreases as clusters become more compact, meaning they become wider 
243 and less elongated. Conversely, when clusters are more elongated, with a higher 
244 aspect ratio, berries are more loosely packed, reducing compactness. Furthermore, the 
245 compactness index for both years was negatively correlated with the number of clusters 
246 per vine (Pearson’s r = -0.15 in 2023 and -0.19 in 2024). This might suggest that when 
247 the number of clusters per vine decreases, individual clusters receive more resources, 
248 such as water, nutrients, and carbohydrates, leading to an increased number of berries 
249 per cluster and tighter packing, which results in a higher compactness index. 
250
251 Heritability of yield and digital traits
252
253 Heritability estimates varied across traits and years (Figure 2C). Berry number 
254 had a moderate heritability of 0.52 in 2023 and 0.51 in 2024. The berry's projected area 
255 had higher heritability (0.73 in 2023, dropping to 0.59 in 2024), reflecting greater 
256 environmental influence in the second year. Berry length and width showed similar 
257 patterns, with heritability decreasing from 0.76 to 0.58 for length and from 0.75 to 0.61 
258 for width. Cluster compactness showed moderate heritability (0.57 in 2023, 0.56 in 
259 2024), while the number of clusters per vine had lower estimates (0.39 in 2023, 0.37 in 
260 2024). Cluster weight showed a decline in heritability from 0.7 in 2023 to 0.49 in 2024, 
261 and total cluster weight followed a similar trend (0.5 in 2023, 0.38 in 2024), indicating 
262 increased environmental influence in 2024.
263
264
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265
266 Figure 2. Phenotypic variability, trait correlations, and heritability. (A) Comparison 
267 of the 2023 and 2024 seasons for yield-related and digital traits based on the general 
268 mean + BLUPs. The dashed green line represents the linear regression between the 
269 two seasons, while red and orange points correspond to the parental cultivars, Cabernet 
270 Sauvignon and Riesling, respectively. (B) Correlations between BLUPs for all traits 
271 were analyzed separately for each season. (C) Proportion of genetic variance relative to 
272 the total variance.
273  
274
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275 QTL mapping for cluster compactness and yield components
276
277 Two genetic maps were constructed using a pseudo-test cross linkage mapping 
278 strategy [14]. The Cabernet Sauvignon parental map comprised 3,030 markers 
279 distributed across 982 bins (unique genetic positions), while the Riesling parental map 
280 contained 3,360 markers across 889 bins. Overall, physical and genetic distances 
281 showed strong collinearity (Spearman’s r > 0.98), although some regions showed local 
282 discrepancies (Figure 3). After SNP calling, correction and imputation of marker data 
283 were applied to mitigate the impact of potentially incorrect genotype calls. Notabely, 
284 none of the QTLs identified in this study were located within genomic regions showing 
285 inconsistencies between genetic and physical marker positions.
286

287
288 Figure 3. Relationship between genetic and physical positions for each chromosome in 
289 the parental maps. 
290
291 QTL mapping identified ten consistent QTLs in both growing seasons (Figure 4). 
292 Nine QTLs were found on the Cabernet Sauvignon parental map with markers 
293 segregating as AB×AA or lm×ll, while one QTL was detected on the Riesling parental 
294 map with markers segregating as AA×AB or nn×np. For each trait, significance 
295 thresholds were established using a permutation test, with 1,000 random permutations 
296 of genotype and phenotype labels. The genome-wide threshold was set at the 95th 
297 percentile of the maximum test statistic distribution. These QTLs were associated with 
298 berry area, compactness, berry count, length, and width. Specifically, QTLs for berry 
299 length, width, and area were consistently detected on chromosomes 6 and 17 in 
300 Cabernet Sauvignon, with marker effects ranging from 7.6% to 17.8%. The high 
301 correlation between these traits may be explained by the co-localization of their QTLs. A 
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302 QTL for compactness was identified on chromosome 1 with marker effects of 10.3% in 
303 2023 and 12.3% in 2024. Three QTLs on chromosomes 4, 5, and 7 were found for berry 
304 count in Cabernet Sauvignon and Riesling, respectively, with marker effects between 
305 9.2% and 22.1%. 
306 An additional 26 QTLs were identified using data from a single year, with marker 
307 effects of up to 22.9% (for number of clusters in the Riesling genetic map). The effect 
308 sizes for all QTLs, including those detected in one or both years, are summarized in 
309 Table 1. 
310 We additionally conducted QTL mapping using BLUPs derived from a multi-year 
311 model. Notably, except for one QTL, the multi-year analysis recovered all QTLs 
312 identified in both years of the original year-by-year analysis. This outcome was 
313 expected, given the moderate to high correlations between years (Figure 2A). 
314 The QTL mapping results from multi-year analysis is presented in the Supplementary 
315 Table 1. 
316
317

318
319 Figure 4. Marker effects for QTLs identified in two growing seasons. QTL mapping 
320 was conducted independently for both parents using a backcross model (pseudo-
321 testcross QTL mapping). Therefore, markers are either (i) lm × ll, where Cabernet 
322 Sauvignon is heterozygous and Riesling is homozygous, or (ii) nn × np, where Cabernet 
323 Sauvignon is homozygous, and Riesling is heterozygous.
324
325
326 Table 1. QTLs for yield-related traits and cluster compactness identified in a 
327 Riesling × Cabernet Sauvignon population using a pseudo-test cross linkage 
328 mapping strategy. QTLs detected in both years, based on the 1.5 LOD interval, are 
329 displayed in the top part of the table. Physical positions are based on the Cabernet 
330 Sauvignon cl.08 v1.1 haplotype 1 genome. Model variance refers to the percentage of 
331 phenotypic variance explained by the QTL model. 1.5 LOD interval limits represent the 
332 flanking genetic positions (in cM) around the QTL peak.
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Year Parent Trait Chr
Genetic 
position 

(cM)

Physical 
position 

(bp)

Marker 
variance 

(%)
LOD 

score
Model 

variance 
(%)

1.5 LOD 
interval 

(cM)
Consistent QTL discovered in two years

2023 6 26.6 8,170,801 16.0 6.1 31.6 15.58-37.68

2024
Cab Sauv berry area

6 21.6 6,208,069 13.2 9.0 64.1 15.63-27.53

2023 17 74.2 10,728,284 17.8 6.7 31.6 64.65-83.75

2024
Cab Sauv berry area

17 62.7 8,241,035 15.9 10.6 64.1 53.49-71.89

2023 1 23.4 4,848,398 10.3 6.2 10.3 5.48-41.28

2024
Cab Sauv compactness

1 21.5 4,241,270 12.3 3.4 12.3 5.72-37.22

2023 4 75.1 21,951,164 18.2 6.1 22.2 63.6-86.6

2024
Cab Sauv berry count

4 67.2 21,001,269 20.1 6.7 23.4 56.4-78

2023 5 10.4 4,649,500 17.3 5.9 22.2 5.74-15.14

2024
Cab Sauv berry count

5 10.1 4,379,291 19.3 6.5 23.4 5.38-14.78

2023 7 13.6 3,144,729 22.1 8.9 38.0 8.26-18.96

2024
Riesling berry count

7 14.3 4,617,742 9.2 3.8 34.8 1.08-27.58

2023 6 26.6 8,170,801 15.2 5.9 32.1 15.58-37.68

2024
Cab Sauv berry length

6 21.6 6,208,069 9.9 3.8 30.4 5.13-38.03

2023 17 74.2 10,728,284 19.1 7.2 32.1 64.8-83.6

2024
Cab Sauv berry length

17 74.2 10,728,284 15.1 5.7 30.4 56-92.4

2023 6 26.6 8,170,801 14.9 5.6 29.7 16.08-37.18

2024
Cab Sauv berry width

6 23.9 6,969,197 7.6 2.9 29.0 6.92-40.82

2023 17 74.2 10,728,284 16.8 6.2 29.7 64.1-84.3

2024
Cab Sauv berry width

17 74.2 10,728,284 15.7 5.8 29.0 56-92.4

Single year QTLs

2024 Cab Sauv berry area 1 30.1 5,783,345 5.6 4.2 64.1 6.8-53.3

2024 Cab Sauv berry area 5 58.3 16,726,371 10.7 7.6 64.1 55.83-60.83

2024 Cab Sauv berry area 8 76.3 18,524,489 5.2 3.9 64.1 54.06-98.46

2024 Cab Sauv berry area 10 66.1 18,712,836 5.1 3.8 64.1 50.35-81.75

2024 Cab Sauv berry area 11 49.5 11,515,400 14.2 9.6 64.1 42.91-56.01

2024 Cab Sauv berry area 12 53.0 20,509,714 9.9 7.0 64.1 37.25-68.75

2024 Cab Sauv berry area 14 22.8 2,731,011 6.8 5.0 64.1 16.52-29.12

2024 Riesling aspect ratio 3 40.9 6,732,209 12.0 6.4 12.0 20.09-61.79

2023 Cab Sauv cluster weight 5 2.9 2,842,257 10.0 3.5 21.2 1.01-4.75

2023 Riesling cluster weight 7 12.2 3,144,650 19.0 7.2 32.5 6.83-17.53

2023 Riesling cluster weight 13 55.4 20,915,884 16.3 6.3 32.5 44.01-69.01

2024 Riesling cluster weight 14 10.6 3,135,853 11.6 6.4 11.6 42.43-83.23

2023 Cab Sauv cluster weight 17 48.3 5,387,153 8.9 3.1 21.2 1.06-20.16

2024 Cab Sauv cluster weight 17 74.2 10,728,284 11.6 3.4 11.6 3.8-92.8

2023 Riesling cluster weight 18 7.0 5,524,525 9.2 3.7 32.5 46.3-102.1

2023 Riesling compactness 11 23.0 5,263,713 12.6 4.6 12.6 1.56-14.06
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2024 Riesling berry count 6 60.1 14,808,244 7.3 3.1 34.8 0.41-45.61

2023 Riesling berry count 13 55.4 20,915,884 17.7 7.3 38.0 69.34-80.84

2024 Riesling berry count 14 10.6 3,135,853 16.2 6.4 34.8 56.37-77.97

2023 Riesling berry count 18 11.7 6,123,609 10.6 4.6 38.0 21.75-98.35

2024 Cab Sauv berry length 18 66.7 8,376,291 8.7 3.4 30.4 48.29-62.59

2023 Riesling number of 
clusters 5 25.3 5,685,740 14.9 5.2 23.5 0.29-20.93

2023 Riesling number of 
clusters 17 51.6 11,986,380 22.9 7.6 23.5 0.13-23.31

2023 Riesling total weight 
cluster 7 9.3 3,001,260 10.4 3.6 22.3 48.47-84.97

2023 Riesling total weight 
cluster 13 57.2 22,415,752 12.6 4.4 22.3 16.4-34.1

2024 Cab Sauv berry width 18 65.8 8,317,021 8.9 3.4 29.0 47.96-55.16

333
334 Discussion
335
336 This study offers novel insights into the genetic determinants of grape cluster 
337 architecture and yield components through QTL mapping in a bi-parental population 
338 derived from Riesling × Cabernet Sauvignon. Leveraging image-based phenotyping 
339 powered by the Segment Anything Model [15], or SAM, we acquired high-resolution 
340 morphological data for over 7,000 cluster images, leading to the identification of multiple 
341 QTLs associated with berry size and cluster compactness. Notably, our findings reveal 
342 stable genetic loci across multiple years, underscoring their potential applications in 
343 breeding programs aimed at enhancing grape quality and disease resistance.
344 Compact grape clusters have been widely associated with increased 
345 susceptibility to fungal diseases, particularly Botrytis bunch rot, due to restricted airflow, 
346 increased humidity retention, and elevated temperatures within the cluster [16]. 
347 Moreover, dense clusters inhibit the development of the protective waxy cuticle, a key 
348 barrier against pathogen invasion [17-18], and also reduces sunlight exposure within the 
349 clusters, further limiting UV-induced skin thickening and wax deposition [19-20]. 
350 Furthermore, heterogeneous ripening in compact clusters adversely affects sugar 
351 accumulation [21-22], anthocyanin biosynthesis [23-24], and tannin content [25-26], 
352 leading to inconsistent fruit maturity and diminished wine quality [27], ultimately resulting 
353 in economic losses for growers. To mitigate the adverse effects of compact clusters, 
354 growers commonly apply gibberellic acid GA to loosen clusters, especially in the table 
355 grape industry [28-29]. However, integrating genetic solutions through breeding 
356 presents a more sustainable and cost-effective approach. 
357 A key contribution of this work is the application of foundational models like SAM 
358 to process images and generate high-quality masks for all berries within a cluster. 
359 Traditional methods for assessing grape cluster architecture include visual scoring, 
360 manual measurements, and conventional computer vision techniques, each with 
361 significant limitations. Visual scoring is subjective and prone to evaluator bias, manual 
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362 measurements are labor-intensive and impractical for large-scale studies, and 
363 conventional computer vision models require extensive training and often fail to 
364 generalize across different grape varieties and imaging conditions. Cluster compactness 
365 is a critical trait that lacks easy and scalable measurement methods, yet it significantly 
366 influences grape quality, disease susceptibility, and yield. Several limitations commonly 
367 encountered when phenotyping cluster architecture and compactness can be effectively 
368 addressed with the cluster analysis pipeline presented in this study. For example, 
369 Underhill et al. (2020) highlighted how variation in peduncle length across genotypes 
370 affects the positioning of clusters when clipped for imaging [3]. Short peduncles can 
371 cause the tops of clusters to extend outside the camera’s field of view, leading to 
372 incomplete data capture. By using SAM, each object is segmented separately and then 
373 filtered based on size or shape, ensuring that only grape berries are retained for 
374 analysis. Since rachis and clippers have distinct morphometric features, they can be 
375 easily discarded, allowing clusters to be suspended centrally within the image frame to 
376 ensure that the entire cluster remains within the field of view. This is especially useful 
377 for highly shouldered clusters with short peduncles. Moreover, berry segmentation with 
378 SAM is equally effective regardless of berry color, addressing a common challenge in 
379 traditional threshold-based methods, which often struggle to separate objects of interest 
380 from the background. Unlike conventional methods, SAM, a zero-shot model, requires 
381 no task-specific training and is generalizable enough to perform effectively on grapevine 
382 clusters. This study demonstrates SAM’s high accuracy in identifying individual berries 
383 in two-dimensional cluster images, achieving a strong correlation with human-identified 
384 berries (Pearson’s r = 0.96). Using this model, we processed thousands of cluster 
385 images, generating nearly 330,000 berry masks, each linked to spatial coordinates 
386 within their clusters. This capability enables comprehensive, high-throughput analysis of 
387 cluster architecture, eliminating the need for time-consuming manual annotation while 
388 ensuring high reproducibility across different imaging conditions [2]. By leveraging 
389 SAM’s automated and scalable segmentation capabilities, we were able to accurately 
390 phenotype grape clusters and identify a moderate-effect QTL for cluster compactness 
391 across multiple harvest seasons in a pure Vitis vinifera population. This highlights the 
392 potential of foundation models in plant phenotyping and their ability to streamline 
393 genetic studies of complex traits.
394 Comparison with previous studies reveals both shared and new QTLs, while also 
395 emphasizing the difficulties in directly comparing results across studies. For example, 
396 our identification of stable QTLs for berry size traits such as berry area, length, and 
397 width on chromosomes 6 and 17 aligns with findings from Rist et al. (2022), who also 
398 reported QTLs for berry diameter and volume on these chromosomes [13]. This 
399 supports the use of berry area as a proxy for overall berry size in image-based 
400 phenotyping approaches. Similarly, our detection of QTLs for berry number on 
401 chromosomes 5 and 7 partially overlaps with loci reported by Tello et al. (2016) [12]. 
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402 Importantly, we found a stable QTL for cluster compactness on chromosome 1, a region 
403 not commonly associated with compactness in previous studies, pointing to a possible 
404 new locus. Several studies have reported overlapping QTLs for compactness on 
405 chromosomes 12, 17, and 18 [3,5,12]. However, they also reported unique, non-
406 overlapping loci, likely due to differences in populations, phenotyping strategies, and 
407 trait definitions. Moreover, unless studies perform synteny analyses at the sequence 
408 level between the reference genomes used for each mapping population, comparisons 
409 of QTL positions based solely on genetic distance should be approached with caution. 
410 Differences in both physical and genetic distances, as well as genomic architecture 
411 across genotypes, can lead to misalignments and misinterpretations.
412  To minimize phenological variation, we employed a single harvest date for all 
413 genotypes, carefully timed to match the late-season maturity of most individuals. 
414 Although véraison was not formally tracked in this study, this approach ensured 
415 consistent handling of all genotypes during sampling. We believe this minimized bias 
416 related to ripening traits such as cluster weight and compactness, which remain 
417 relatively stable late in development when berry expansion slows, and volume may 
418 plateau or even decrease slightly due to evaporative water loss [30]. It is important to 
419 note that some early-ripening offspring may have experienced partial over-ripening and 
420 berry shriveling by the single harvest date. This could be a potential limitation of the 
421 study, as excessive berry shriveling might affect cluster compactness. However, no 
422 excessive shriveling was observed that would likely significantly impact cluster 
423 compactness. Additionally, many traits analyzed, like cluster number and berry count, 
424 are established earlier in the season and are less affected by harvest timing. From a 
425 logistical and statistical perspective, using a single harvest date also ensured consistent 
426 handling across genotypes and reduced environmental variation. To further refine this 
427 approach, future studies could determine the harvest date by using a fixed number of 
428 days after the onset of véraison, which would help minimize the impact of berry 
429 shriveling on compactness. Overall, while precisely overlapping with QTLs identified in 
430 previous studies is challenging due to differences in genetic backgrounds, marker 
431 systems, and reference genomes, our findings both confirm previously identified regions 
432 such as chromosome 17 for berry size and yield, and suggest new loci on chromosome 
433 1 for compactness, providing valuable targets for future validation and breeding.
434 The lack of correlation between berry count and cluster compactness observed in 
435 our study has important implications for breeding strategy. While berry count was 
436 strongly and positively correlated with both cluster weight and total yield, it showed no 
437 significant association with compactness. This decoupling suggests that, within this 
438 genetic background, it is feasible to select for increased berry number as a yield-
439 enhancing trait without simultaneously increasing cluster compactness, a trait often 
440 linked with disease susceptibility and reduced fruit quality due to limited airflow. These 
441 findings are particularly valuable because compactness is notoriously difficult to 
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442 manage in breeding due to its complex architecture. Our results, enabled with high-
443 throughput phenotyping via the SAM pipeline, offer a practical and scalable path 
444 forward. Furthermore, co-localization of QTLs for berry number, cluster weight, and 
445 yield reinforces the genetic basis for such selection gains. While these findings are 
446 specific to our population, they raise the question of whether similar decoupling patterns 
447 exist in other genetic backgrounds. Reports from other populations are limited, but initial 
448 evidence from some interspecific crosses suggests the possibility of disentangling yield 
449 and compactness in certain contexts [3,7,13]. Future work should explore the genetic 
450 and phenotypic independence of these traits across diverse Vitis populations to validate 
451 the generality of this strategy. Doing so could help refine breeding targets for balanced 
452 improvement of yield and fruit quality.
453 These two parental cultivars, Cabernet Sauvignon and Riesling, differ markedly 
454 across a range of biological and agronomic traits, including their geographical origins, 
455 historical patterns of cultivation, phenology, growth habits, fruit chemistry, and 
456 enological characteristics. Most relevant to this study, however, are their contrasting 
457 cluster architectures—Riesling typically forms smaller, more compact clusters, while 
458 Cabernet Sauvignon produces larger, looser ones. With a strong consumer preference 
459 for pure V. vinifera cultivars and wines, identifying trait donors within V. vinifera is crucial 
460 for breeding strategies. Unlike breeding programs that rely on non-vinifera genetic 
461 material, which often necessitate multiple rounds of backcrossing to eliminate 
462 undesirable traits, the use of pure V. vinifera donors allows for more efficient gene 
463 introgression. While the individual marker effects identified in this study may not be 
464 strong enough to justify marker-assisted selection as a standalone strategy, our findings 
465 underscore the genetic variability for cluster architecture that can be unlocked through a 
466 single cross. This highlights the potential for recurrent selection, coupled with novel 
467 tools such as genomic prediction and AI-enabled computer vision, as a promising 
468 breeding approach to improve grape cluster structure and adaptability. 
469 While this study provides valuable insights into the genetic architecture of grape 
470 cluster architecture and yield components, it is important to acknowledge some 
471 limitations, such as the mapping population size of 138 individuals, which although 
472 sufficient for detecting moderate-effect QTLs, limits the resolution of QTL intervals and 
473 statistical power for identifying small-effect loci. Consequently, some QTL regions span 
474 relatively large genomic intervals, making it challenging to pinpoint individual candidate 
475 genes for each trait with confidence. Further studies incorporating larger populations 
476 and complementary approaches such as fine mapping and transcriptomics could help 
477 narrow these intervals and refine gene discovery. Nonetheless, the stable QTLs 
478 detected across years in this study serve as promising targets for further validation and 
479 breeding efforts. 
480  
481
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482 Material and methods
483
484 Plant material
485
486 The study utilized a genetic population of 138 full-sibling progeny derived from a 
487 cross between Vitis vinifera cv. Riesling and Cabernet Sauvignon. This cross was 
488 initially made by M.A. Walker and C.P. Meredith in 1994, and the progeny were initially 
489 planted at the Wolfskill Experimental Orchards in Winters, CA. In 2017, the plants were 
490 propagated, grafted onto 3309C, and transplanted to the UC Davis Viticulture and 
491 Enology Department Experimental Station in Oakville, Napa County, CA, USA 
492 (38°25′45.4′′N; 122°24′36.4′′W). This same population and planting have been used to 
493 understand the genetic basis of microbiome recruitment in grapevine [31]. The 
494 experimental design consisted of three randomized blocks, each containing three vines 
495 per genotype, including the parents, leading to a total of nine replicates per genotype 
496 and 1,242 vines. Within each block, the three replicate plants of a genotype were placed 
497 consecutively in a row, with their positions randomized across the three blocks. The 
498 vineyard was established with 1.8 m × 2.4 m vine and row spacing, with rows oriented in 
499 a northwest-southeast direction. The vines were trained to a modified vertical shoot 
500 positioning system and pruned to two-bud spurs during winter dormancy. Drip irrigation 
501 was applied using two pressure-compensating emitters per plant. Cabernet Sauvignon 
502 vines were planted as a buffer surrounding the trial to isolate the experimental 
503 population from the vineyard edges.
504
505 Traditional phenotyping
506
507 Grape clusters were harvested during two growing seasons, 2023 and 2024. In 
508 2023, harvest took place on October 4; in 2024, it was conducted on September 20. All 
509 clusters from the middle vine of the three consecutive vines per genotype were 
510 collected for each genotype. The total number of clusters per vine was recorded, and 
511 the clusters were weighed to determine the total cluster weight per vine and average 
512 cluster weight. Additionally, five clusters were randomly selected from each middle vine 
513 for imaging, as described in the following section. Harvest was completed in a single 
514 day for each season to maintain consistency. Ripening time (i.e., technological maturity) 
515 varied across the population but was not recorded. Fruit was harvested when Cabernet 
516 Sauvignon, one of the parental varieties, reached approximately 24.5-25.5 °Brix.
517
518 Digital phenotyping
519
520 To assess grape cluster architecture, imaging and image processing were 
521 performed following a previously developed methodology [2]. Images from the fruit 
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522 harvested in 2023 were also used in Torres-Lomas et al. (2024) for the development of 
523 the image analysis pipeline and the application of the Segment Anything Model (SAM) 
524 for rapid and accurate cluster segmentation. For each vine, five clusters were randomly 
525 selected and photographed using a photo light box against a white background using a 
526 Canon EOS 70D camera equipped with a 24-mm prime lens. Grape clusters were 
527 illuminated using dimmable LED lights and were adjusted to between 5,000 and 5,500 
528 K. All images were captured at a fixed distance of 70.5 cm, and a reference object was 
529 included in each frame to allow for size normalization and correction of any variations in 
530 camera-to-cluster distance. Camera settings were kept constant (aperture f/5, exposure 
531 time 1/500 s) to ensure image consistency. Based on previous findings, we captured 
532 two images per cluster, one from the front (0°) and one from the side (90°), as this 
533 approach has been shown to reliably estimate berry count and overall cluster structure 
534 [2]. Before segmentation, a region of interest (ROI) was automatically defined to isolate 
535 the grape cluster from the background. This step ensures that the segmentation 
536 algorithm processes only the relevant parts of the image. In this context, segmentation 
537 refers to the process of identifying and delineating each individual berry within the 
538 cluster image. This is a critical step that enables downstream analysis of cluster 
539 architecture based on detailed berry-level data.
540 For segmentation, we used the Segment Anything Model v1, a state-of-the-art 
541 computer vision tool that allows automated object identification. Within the defined ROI, 
542 a grid of 32 × 32 evenly spaced prompts guided the model to identify potential objects. 
543 The SAM framework, equipped with a ViT-H (Vision Transformer – Huge) encoder, 
544 generated precise segmentation masks that delineated individual berries within each 
545 image. 
546 Post-processing steps were applied to refine the initial predictions. Segmented 
547 objects were filtered based on geometric properties such as area, perimeter, aspect 
548 ratio (the ratio of length to width), and intersection-over-union (IoU) thresholds to 
549 remove incorrectly labeled structures. To further improve accuracy, elliptical Fourier 
550 descriptors were computed for each segmented shape, followed by principal component 
551 analysis (PCA) to distinguish true berries from non-berry elements like rachis fragments 
552 or background artifacts. This resulted in a clean and accurate set of berry masks 
553 suitable for phenotypic analysis. Final berry-level measurements, including berry count, 
554 size, shape, and spatial distribution, were extracted and analyzed using the R package 
555 Momocs 1.4.1 [32]. A linear regression-based correction factor was applied to improve 
556 the accuracy of berry number estimates due to underestimations of the actual berry 
557 count caused by occlusion. All image processing and analysis steps were implemented 
558 in Python 3.11.
559
560 Statistical analysis
561
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562 For traditional yield-related traits (number of clusters per vine, total cluster weight 
563 per vine, and average cluster weight), we used a mixed model with block as a fixed 
564 effect and genotype as a random effect. For the digital traits, including berry number, 
565 berry projected area, length, width, and cluster compactness, we first averaged the 
566 values across the five imaged clusters per genotype per block, then applied a similar 
567 mixed model with block and genotype as fixed and random effects, respectively. Best 
568 linear unbiased predictors were estimated for each trait and used for QTL mapping. In 
569 addition to single-year analyses, we also implemented a multi-year mixed model to 
570 account for data across both 2023 and 2024. In this model, year and block nested within 
571 year were treated as fixed effects, and genotype and genotype-by-year interaction were 
572 treated as random effects. This approach allowed for the estimation of across-year 
573 BLUPs, which were subsequently used in QTL analysis. Heritability was calculated 
574 using the formula: 𝐻2 = 𝑉𝑔

𝑉𝑔+𝑉𝑒
 . All statistical models were implemented using R 4.2 and 

575 the R package lme4 1.1-36 [33].
576
577 Genotyping and linkage mapping
578
579 The mapping population, including both progeny and parents, was genotyped 
580 using genotyping-by-sequencing (GBS) following the method of Hyma et al. (2015) [34]. 
581 DNA was extracted from young leaves using the DNeasy 96-well DNA extraction kit 
582 (Qiagen, Valencia, CA, USA). Library preparation involved digestion with ApeKI, 
583 followed by sequencing on a HiSeq2000 platform (Illumina Inc., San Diego, CA, USA) at 
584 the Institute of Biotechnology, Genomics Facility (Cornell University, Ithaca, NY). Raw 
585 sequencing reads were processed using the TASSEL 5 GBS 5.0 v2 pipeline with default 
586 parameters [35]. Single nucleotide polymorphisms (SNPs) were identified by aligning 
587 sequence reads to the Cabernet Sauvignon cl.08 v1.1 Hap1 [36] genome assembly 
588 using BWA 0.7.12-r1039 [37-38]. The TASSEL 5 standalone program was then used to 
589 filter SNPs based on coverage depth (minimum read depth >6) and minor allele 
590 frequency (>0.1). SNPs and genotypes with more than 10% missing data were 
591 removed.
592 Two genetic maps, one for Cabernet Sauvignon and another for Riesling, were 
593 constructed using a pseudo-test cross-linkage mapping strategy [14] with the R 
594 package BatchMap 1.0.3.0 [39]. QTL mapping was performed using the R/qtl 1.7 
595 function stepwiseqtl (method = “hk”, additive.only = FALSE), which applies forward and 
596 backward selection to identify a multiple QTL model [40]. Model selection was based on 
597 a penalized LOD score, with separate penalties for main effects and interactions. 
598 Penalties were calculated using the calc.penalties() function, which used the output of 
599 scantwo() with 1,000 permutations for each trait.
600
601
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