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Abstract

Soybean pod-related traits are important for seed development, yield formation, and
cultivar evaluation. However, conventional measurements are inefficient and have limited
ability to characterize complex pod features such as curvature, local enlargement, and
continuous color variation. In this study, mature pod images of 187 cultivated soybean
accessions collected across two successive years were analyzed using a deep learning-
assisted image phenotyping approach. Eight pod-related traits related to size, morphology,
and color were extracted from pod images. A genome-wide association study (GWAS)
was performed using 61,541 high-quality SNP markers to dissect the genetic basis of these
image-derived pod traits. A total of 16 stable loci associated with pod size, morphology,
and color traits were identified across 11 chromosomes. Among these loci, eight were not
reported in the previous image-based soybean pod GWAS study. Based on SoyBase gene
annotation and Gene Ontology biological process information, 32 biologically relevant
candidate gene records were prioritized within the corresponding candidate genomic
intervals, while pod-related expression profiles and SoyBase association information were
used as supporting evidence for candidate gene evaluation. These findings indicate that
refined image-derived traits can provide complementary genetic information beyond
conventional pod measurements and offer additional opportunities for dissecting soybean
pod development, morphology, and mature pod color variation.
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1. Introduction

Soybean (Glycine max (L.) Merr.) is an important food and oilseed crop worldwide,
and its seeds provide major sources of plant protein and vegetable oil. During seed de-
velopment, the pod protects the developing seeds and contributes to seed filling and
yield formation [1]. Pod- and seed-related traits are commonly considered in soybean
germplasm characterization and cultivar evaluation [2]. However, conventional phenotyp-
ing of these traits generally relies on manual measurement or visual assessment, which
is time-consuming, labor-intensive, and potentially affected by measurement position
and operator judgment. Moreover, commonly used measurements, such as straight-line
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pod length, maximum width, and visually assigned color classes, have limited ability to
characterize curved axial paths, local width variation, irregular margins, and continuous
color differences.

Image-based phenotyping provides an efficient and reproducible approach for quan-
tifying plant organ size, shape, and color under standardized imaging conditions. High-
throughput imaging has been used to characterize plant growth, development, and stress
responses [3-5], and image-derived traits have also been incorporated into genetic analyses
of complex crop phenotypes [6-8]. In soybean, Baek et al. developed an image-analysis
method for high-throughput seed phenotyping [9], while Uzal et al. and Yang et al. applied
deep learning and image segmentation to estimate seed number per pod [10,11]. Liu
et al. further developed a keypoint-based method for fine-grained phenotyping of mature
soybean pods [12]. In our previous study, mature pod image traits were integrated with
GWAS and linkage mapping to identify stable loci associated with pod size and mature pod
color [13]. Nevertheless, most commonly used image-derived pod traits mainly describe
overall dimensions and may not fully capture variation in axial geometry, local width
distribution, and curvature-related morphology.

GWAS and linkage mapping have been widely used to dissect the genetic basis
of complex quantitative traits in crops [14-17]. In soybean, loci associated with pod
number, pod wall characteristics, maturity, pod shattering, and mature pod color have
been reported [18-24]. Functional studies have also identified genes involved in specific
pod-related traits, such as the NAC gene associated with resistance to pod shattering [25].
However, many reported associations remain confined to broad genomic intervals, and the
genetic basis of complex pod morphology is still insufficiently understood. The successful
application of morphology-specific image descriptors in peanut pod QTL analysis further
indicates that refined phenotypic definitions can facilitate the detection of genetic variation
associated with complex organ morphology [26]. Therefore, integrating refined image-
derived pod traits with GWAS may provide complementary information for identifying
and interpreting loci associated with soybean pod variation.

Accordingly, this study aimed to (1) develop a deep learning-assisted image pheno-
typing approach to extract pod size-, morphology-, and color-related traits from mature
soybean pods of 187 cultivated accessions; (2) evaluate the phenotypic variation and her-
itability of these refined traits and conduct GWAS to identify stable trait-associated loci;
and (3) prioritize putative candidate genes within the corresponding candidate genomic
intervals using Gene Ontology biological process information and SoyBase annotations,
with pod-related expression profiles and previously reported association records used as
supporting evidence.

2. Materials and Methods
2.1. Plant Materials and Experimental Design

A total of 187 cultivated soybean accessions were used in this study. The detailed
construction of the association panel was described by Chang et al. [13]. All plant materials
were obtained from the National Center for Soybean Improvement, Nanjing Agricultural
University, Nanjing, China. Field trials were conducted at the Jiangpu Experimental Station
of Nanjing Agricultural University (31°02" N, 118°04’ E) during the summer growing
seasons of 2017 and 2018 using a completely randomized design with three replications.
Each accession was grown in a 1-m-long single-row plot with 0.5 m spacing between
adjacent rows. Field management followed standard agronomic practices under normal
growing conditions.
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2.2. Pod Image Acquisition and Preprocessing

The original pod images analyzed in this study were previously acquired by Chang
et al. [13]. Five mature three-seeded pods from each genotype were photographed using
an industrial camera (MERCURY, MER-310-12UC, Daheng Group Inc., Beijing, China)
equipped with a 50-mm lens (M5018-MP2, F1.8-F16C, Computer, Inc., Tokyo, Japan).
Images were acquired on a white background under a controllable lighting system (OPT-
LI38037-w/AP1024-2, OPT Inc., Dongguan, China). The camera was mounted on a fixed
stand, and a 7-cm ruler was included in each image for scale calibration. Pods were placed
horizontally along their longitudinal axis in the center of the imaging field. Backlight
and LED illumination were used during image acquisition. White balance correction was
performed by setting the initial RGB values to 255, 255, and 255. The final image resolution
was 2048 x 1536 pixels.

2.3. Pod Image Segmentation and Image-Derived Trait Extraction

To extract refined morphological and color traits from the acquired pod images, a
binary semantic segmentation model, DeepLabV3Binary, was applied to delineate the pod
foreground, and image-derived traits were subsequently calculated from the resulting
segmentation masks. The overall workflow comprised image segmentation, binary mask
post-processing, skeletonization, width sampling along the main axis, and color feature
extraction (Figure 1). DeepLabV3Binary was implemented by adapting the DeepLabV3
semantic segmentation framework [27], with ResNet50 as the backbone network [28]. The
original multi-class classifier and auxiliary classifier were replaced with single-channel
convolutional layers to generate pod foreground probability maps. Multi-scale atrous
convolution modules were used to extract image features at different receptive fields. The
resulting foreground masks were used for subsequent skeletonization, width sampling,
and color feature extraction.
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Figure 1. Workflow of DeepLabV3Binary segmentation and soybean pod image-derived trait ex-
traction. DeepLabV3Binary was implemented by adapting DeepLabV3-ResNet50 for binary pod
foreground segmentation. Based on the resulting mask, eight image-derived traits were extracted,
including size-related traits (PAL, PMW, and PA), morphology-related traits (PE and PC), and color-
related traits (H, S, and V). The red rectangle represents the bounding rectangle of the segmented
pod. The abbreviations and detailed definitions of all image-derived traits are provided in Table 1.
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The model training data were obtained from four image datasets generated using
the same image acquisition procedure as that used for subsequent phenotypic extraction,
comprising a total of 188 pod images, each derived from a distinct genotype and individual
plant. All images were manually annotated with polygon labels using LabelMe software,
and binary masks were generated, with the pod region defined as the foreground and the
remaining region as the background. Model training was performed using the AdamW
optimizer, and the best-performing model was selected according to validation IoU. The
annotated images were randomly divided at the image level into training and validation
sets at a ratio of 9:1. A combined loss function consisting of Focal Loss [29] and Dice
Loss [30] was used for model optimization:

L= Lfocal + 2Lolice~ (1)

The Focal Loss was defined as follows:

N

Liocal = —% Yolyi-a-(1=p)7-log(pi) + (1 —yi) - (1—a)-p] -log(1 —p;)], (2
i=1

which was used to reduce the dominance of background regions and easily classified pixels
during model optimization. Here, N denotes the total number of pixels in a single input
image; y; € 0,1 represents the ground-truth label of the i-th pixel, with 1 indicating the pod
foreground and 0 indicating the background; - is the focusing parameter used to adjust the
weight assigned to hard and easy samples; and « is the balancing parameter. The Dice Loss

was defined as follows:

Ld' -1 2Zililyipi+€ . (3)
Y yi+ I pite

This term was used to improve the consistency of the foreground boundary and the overall

segmentation mask. In this equation, Zfil yip;i represents the intersection between the
predicted mask and the ground-truth region, whereas Y~ ; y; + YN, p; represents the sum
of their areas. The parameter € is a smoothing term, which was set to 1 x 10~° in this study.

Model performance was evaluated using IoU, the Dice coefficient, precision, and recall,
and the model with the highest validation IoU was selected for subsequent phenotypic
extraction. The best validation IoU was 0.9774, with a Dice coefficient of 0.9885, precision
of 0.9880, and recall of 0.9892 (Table S1), indicating that the segmentation performance was
sufficient for extracting the main pod region and for supporting subsequent image-based
phenotypic extraction.

During model inference, input images were first subjected to image enhancement and
size normalization consistent with the training stage, and pod foreground probability maps
were then obtained using the DeepLabV3Binary model. After being mapped back to the
original image size, each probability map was binarized using a fixed threshold. Connected-
component analysis was then performed to retain only the largest pod body region, thereby
removing background noise and small incorrectly segmented regions. Morphological
processing was subsequently applied to the binary mask to obtain a continuous and
complete pod region. This post-processing procedure helped reduce the influence of local
segmentation errors on the calculation of image-derived traits such as skeleton, width,
and curvature. Based on the final binary mask, eight pod image-derived traits were
extracted for genetic analysis, including PAL, PMW, PA, PE, PC, H, S, and V. PAL, PMW,
PA, PE, and PC were derived from mask geometry, skeleton structure, and width-sampling
information, whereas H, S, and V were calculated from HSV color values within the
segmented pod region. The definitions of these traits are shown in Table 1.
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Table 1. Definitions of soybean pod image-derived traits used for genetic analysis.

Trait Image-Based Calculation Definition Image Phenotypic Interpretation

PAL Length of the longest main skeleton path Main-axis scale of the pod based on the skeleton path

PMW Mean vertical width sampled from the central region of the ~Main lateral scale based on middle-section skeleton sam-
skeleton pling

PA Mask pixel area converted using the scale ruler Two-dimensional projected area of the pod

PE PAL/PMW Degree of pod elongation

PC Mean skeleton curvature Overall bending degree of the pod

H Mean HSV hue value within the mask region Surface hue of the pod

S Mean HSV saturation value within the mask region Color saturation of the pod

A% Mean HSV value within the mask region Color brightness of the pod

For each genotype, measurements from multiple replicated samples were averaged to
reduce random errors caused by differences among individual samples. The phenotypic
values for 2017, 2018, and multi-environment best linear unbiased predictors (BLUPs)
were then organized for subsequent trait distribution analysis, heritability estimation, and
genome-wide association analysis.

2.4. Statistical Analysis

Descriptive statistics and Pearson correlation analyses were performed for the phe-
notypic traits using R version 4.5.3. Variance components were estimated by fitting linear
mixed models with the R package Ime4. The field plot of each genotype within each
replication and year was considered the experimental unit, and the mean value of five
sampled pods from each plot was used for statistical analysis. Broad-sense heritability (H?)
across environments was calculated as follows:

2
H? — o I (4)
2 . 9GE o
el + ng + nE>L<n,

Broad-sense heritability within each individual environment was calculated as follows:

e 5)

— T T 57
0% +0?

where 0%, 0%, and 0? represent the genotypic variance, genotype-by-environment in-
teraction variance, and residual error variance, respectively; ng denotes the number of
environments; and 7, denotes the number of replications. Following Chang et al. [13], envi-
ronment, replication nested within environment, genotype, and genotype-by-environment
interaction were treated as random effects in the across-environment analysis. For the
individual-environment analysis, genotype and replication were treated as random ef-
fects. Residuals were assumed to be independent and normally distributed with homoge-
neous variance.

2.5. Genotypic Data

The soybean association population was genotyped using restriction site-associated
DNA sequencing (RAD-Seq). The sequencing procedure, SNP calling, and quality-control
pipeline followed the methods described by Li et al. [31]. Briefly, sequencing reads were
aligned to the Williams 82 reference genome, SNPs were called, heterozygous genotypes
were treated as missing data before imputation with fastPHASE, and SNPs with a minor
allele frequency (MAF) below 0.05 were removed. After completion of the quality-control
procedure, 61,541 high-quality SNP markers from 187 genotypes were retained for GWAS.
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2.6. Genome-Wide Association Analysis of Pod-Related Traits

Genome-wide association analysis was performed using GAPIT 4.1. For the eight
pod image-derived traits, including PAL, PMW, PA, PE, PC, H, S, and V, phenotypic
values from 2017, 2018, and the multi-environment BLUPs were used as inputs, and four
models, namely MLM, CMLM, FarmCPU, and BLINK, were applied. Compared with the
previous MLM-based GWAS, four models were applied here to evaluate the robustness of
associations for the refined image-derived traits.

A significance threshold of 1 x 10~ was used to screen marker trait associations, and
the GWAS results were visualized using Manhattan plots. This threshold was used for
the initial detection of potentially associated SNPs, which were subsequently evaluated
based on their reproducibility across phenotypic datasets. For multiple SNPs located at
nearby physical positions for the same trait, adjacent signals were consolidated into the
same association locus, and the SNP with the smallest p-value was selected as the lead SNP.

Reproducible association signals were evaluated within each GWAS model. Because
the multi-environment BLUPs were estimated by integrating phenotypic data from 2017
and 2018, they were not considered independent environmental evidence. Therefore, the
results from 2017 and 2018 were used as the primary independent evidence, whereas
the BLUP-based results were used as auxiliary evidence from the integrated phenotype.
An association locus was considered stable when it reached the significance threshold of
p < 1x 10~* in both 2017 and 2018, or in either single-year phenotype together with the
BLUP phenotype. Nearby SNPs representing the same association region were consolidated,
and the SNP with the smallest p-value was selected as the lead SNP of the corresponding
stable locus.

2.7. Identification of Putative Candidate Genes for Pod-Related Traits

Candidate genomic intervals were defined according to the physical positions of lead
SNPs at stable associated loci. Following our previous image-based GWAS of soybean
pod traits, in which the candidate-gene interval was selected with reference to the LD
pattern of the mapping population [13], annotated genes located within 500 kb upstream
and downstream of each lead SNP were retrieved from the Williams 82 reference genome.
This interval was used as a standardized candidate-gene search window for subsequent
functional annotation and candidate gene prioritization.

Putative candidate genes were further prioritized by integrating SoyBase gene annota-
tion and Gene Ontology (GO) biological process information. Gene annotation and reported
soybean trait-associated gene or locus information were obtained from SoyBase-related
resources. Because positional genes were extracted using Wm82.al.v1 gene IDs, whereas
GO annotations were based on Wm82.a2.v1 gene IDs, gene identifiers were converted using
the reference genome correspondence table from SoyBase/GlycineMine. GO biological
process terms related to development, cell expansion, cell elongation, cell division, cell
proliferation, cell wall organization, cellulose and polysaccharide metabolism, plant hor-
mone response, pigment metabolism, and oxidation-reduction processes were considered
potentially relevant to soybean pod-related traits.

Pod-related expression profiles were used as supporting evidence for candidate gene
evaluation. Expression data from one cm pod, pod shell at 10 DAF, and pod shell at
14 DAF were examined. For each candidate gene, the mean and maximum expression
values across the three pod-related tissues were calculated. The genome-wide mean
expression value across these tissues was also calculated, and twice this value was used
as a reference threshold to indicate relatively strong pod-related expression support. In
addition, SoyBase association records overlapping the candidate regions were checked as
additional supporting evidence.

https://doi.org/10.3390/agronomy16151454


https://doi.org/10.3390/agronomy16151454

Agronomy 2026, 16, 1454

7 of 19

3. Results
3.1. Phenotypic Distribution and Descriptive Statistics of Pod-Related Traits

A total of eight image-derived phenotypic traits were obtained from mature pod
images for genetic analysis, including size-related traits PAL, PMW, and PA; morpholog-
ical traits PE and PC; and color-related traits H, S, and V. All traits showed continuous
distributions in the 2017, 2018, and multi-environment BLUP datasets, indicating typical
quantitative trait characteristics (Table 2; Figure S1). Descriptive statistics showed that
the degree of variation differed among traits. Among the size-related traits, PA showed
the greatest population variation, with coefficients of variation of 21.95% and 23.38% in
2017 and 2018, respectively. The coefficients of variation for PAL were 13.26% and 13.49%,
whereas those for PMW were 10.47% and 10.71%, respectively. In contrast, the morpho-
logical traits showed relatively lower variation. The coefficients of variation for PE were
9.54% and 8.62% in 2017 and 2018, respectively, and those for PC were 9.86% and 10.31%,
indicating that pod elongation and curvature exhibited continuous variation in this popu-
lation, although their overall dispersion was lower than that of size-related traits such as
PA. The color-related traits showed certain differences between years. The annual mean of
H decreased from 42.23 in 2017 to 39.82 in 2018, and that of S decreased from 0.71 to 0.54,
whereas the annual mean of V increased from 0.72 to 0.83, suggesting that color-related
phenotypes fluctuated markedly across years.

Table 2. Descriptive statistics and heritability of soybean pod image-derived traits under different

environments.
Trait Env. Mean + SD  Range CV (%) Hgingl . HZ .
2017 5.95 +0.79 5.70 13.26 0.80
PAL 2018 6.09 £ 0.82 4.97 13.49 0.88 0-90
2017 1.00 + 0.11 0.63 10.47 0.81
PMW 2018 1.06 + 0.11 0.70 10.71 0.84 0.92
2017 4.82 £ 1.06 6.17 21.95 0.85
PA 2018 520 +1.22 7.14 23.38 0.89 0.92
PE 2017 5.96 £ 0.57 4.29 9.54 0.62 0.83
2018 5.77 £0.50 3.42 8.62 0.73 ’
2017 2.76 £0.27 1.69 9.86 0.30
PC 2018 2.73 £0.28 1.75 10.31 0.33 0.53
H 2017 42.23 + 3.01 19.77 7.13 0.70 0.44
2018 39.82 £ 5.46 58.64 13.71 0.73 ’
S 2017 0.71 £ 0.07 0.51 10.50 0.85 0.76
2018 0.54 £0.10 0.61 17.67 0.84 )
v 2017 0.72 £0.12 0.65 16.98 0.77 076
2018 0.83 +£0.12 0.52 14.29 0.80 ’

Broad-sense heritability estimates revealed clear differences in the stability of different
types of image-derived traits (Table 2). In trait order, the across-environment H 2 values
of PAL, PMW, and PA were 0.90, 0.92, and 0.92, respectively, indicating high heritability
and suggesting that size-related traits were strongly influenced by genotypic effects across
the two years. Among the morphological traits, PE also showed relatively high genetic
stability, with an across-environment H? of 0.83. In contrast, the across-environment
H? of PC was 0.53, which was markedly lower than those of the size-related traits and
PE, indicating that pod curvature was less stable under across-environment conditions.
For the color-related traits, the across-environment H? values of H, S, and V were 0.44,
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0.76, and 0.76, respectively. H showed the lowest heritability, whereas S and V exhibited
moderate to relatively high heritability, suggesting that the genetic stability of different
color components was inconsistent.

Further correlation analysis showed varying degrees of association among the eight
image-derived traits (Figure 2). PAL, PMW, and PA showed stable positive correlations in
the 2017, 2018, and BLUP datasets, indicating that these size-related traits jointly reflected
variation in pod size. The correlation pattern between PE and the size-related traits differed
from those among PAL, PMW, and PA, suggesting that pod elongation was not determined
solely by length or area. PC showed generally weak or low correlations with size-related
traits, indicating that pod curvature could provide relatively independent morphological
information. The color-related traits H, S, and V generally showed low correlations with
size- and morphology-related traits. Among the color traits, S and V exhibited a certain
positive correlation, whereas the correlations between H and the other color components
were relatively unstable. The phenotypic distribution, heritability estimates, and correlation
patterns showed that the size-related traits were more stable and more closely correlated
than most morphology- and color-related traits.

A B

PAL 18 10
BLUP

17
PMW 18
BLUP
17
PA 18
BLUP
17
PE 18
BLUP
17

PC 18 .
BLUP o0 ° &

17 3

NJ
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I I
-1 -0.82 -0.64 -045 -027 -0.09 0.09 027 045 064 082 1

Figure 2. Correlation and heritability analyses of soybean pod image-derived traits. (A) Pearson
correlation matrices of the eight pod image-derived traits across different phenotypic datasets.
(B) Broad-sense heritability of each trait in 2017, 2018, and across environments. PAL, PMW, and PA
represent size-related traits; PE and PC represent morphological traits; and H, S, and V represent
color-related traits.

3.2. Genome-Wide Association Analysis

Based on the phenotypic data from 2017, 2018, and the BLUP dataset, four models,
namely MLM, CMLM, FarmCPU, and BLINK, were used to perform GWAS for the eight
pod image-derived traits. A significance threshold of p < 1 x 10~* was applied to identify
association signals. The four models differed in both the number and distribution of
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detected associations across traits and datasets (Figure 3). MLM, CMLM, FarmCPU, and
BLINK yielded 264, 306, 219, and 242 significant SNP detections, respectively, while PAL,
PMW, PA,PE,PC,H, S, and V accounted for 157, 105, 94, 105, 63, 116, 235, and 156 detections,
respectively. These values represent cumulative detections across the 2017, 2018, and BLUP
datasets and may include the same SNP detected in more than one dataset. Although
CMLM and MLM detected larger numbers of SNPs overall, inspection of the corresponding
Manhattan and QQ plots showed that BLINK produced clearer association peaks while
maintaining good agreement between the observed and expected p-value distributions.
This performance is consistent with previous reports indicating that BLINK can improve
statistical power and reduce false-positive associations through linkage disequilibrium-
based marker selection and Bayesian information criterion optimization [32]. Therefore,
subsequent analyses focused on BLINK.

MLM 0) ) ° 6) ° ° O @)
\ CMLM @) ) ° o * @ Q o ~ logyo(min P)
FarmCPU @) ) @) (@) ® ) @) (@) 20
BLINK{ (O o ] O ° o ) o} 15
MLM o (@) ° ° O @) O 10
cMM| @ S} ° ° O O -
B
FarmCPU Q O @ (@) ° (@) O Significant SNPs
B 0
O 5
BLINK{ O @) ) @ o e * O 10
O 2
MIM| @ ) (5) ° ° ) O @) O
Q -
emvy Q) o ) ° o e O @
C 50
FarmCPU{  © @) @) @) . . (©) O
BLINK{ O (@) o ©) @) ’ (@) U
PAL PMW PA PE PC 0 S v

Figure 3. Overview of association signals detected using different GWAS models and phenotypic
datasets. (A—C) Association signals detected using the 2017, 2018, and BLUP phenotypic datasets,
respectively. Each circle represents a trait-model-phenotypic dataset combination; circle size indicates
the number of SNPs reaching the significance threshold, and color indicates the —log;,(P) value
corresponding to the minimum p-value in that combination. Darker colors indicate stronger peak
signals. This figure was used to compare both the number of detected signals and the peak signal
intensity across different models.

To characterize the genomic distribution of association signals, the Manhattan and
QQ plots for the eight image-derived traits were examined based on the BLINK model and
BLUP phenotypes (Figure 4). A total of 93 SNPs reached the significance threshold in the
BLINK-BLUP analysis, including 7, 13, 10, 9, 34, 1, 14, and 5 SNPs for PAL, PMW, PA, PE,
PC, H, S, and V, respectively. The strongest association signals for PAL, PMW, PA, and
PE were located at Gm19_45415096 on Chr19, Gm14_ 1830770 on Chr14, Gm16_36289049
on Chr16, and Gm06_44525409 on Chr06, respectively. Among the color-related traits, the
strongest signals for S and V were located at Gm08_9303841 on Chr08 and Gm03_743679
on Chr03, respectively, with Gm03_743679 representing the strongest association peak
in the BLINK-BLUP analysis. Only one significant SNP was detected for H, whereas 34
SNPs reached the significance threshold for PC. However, the relatively large number of
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significant SNPs detected for PC did not necessarily correspond to an equivalent number of
independent or stable loci; these signals were therefore further evaluated according to their
genomic proximity and reproducibility across the 2017, 2018, and BLUP datasets. Detailed
information on the SNPs detected by BLINK across phenotypic datasets is provided in
Table S3.
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Figure 4. Manhattan plots and QQ plots of the eight soybean pod image-derived traits based on BLUP
phenotypes and the BLINK model. Manhattan plots are shown on the left, and the corresponding
QQ plots are shown on the right. The eight traits are PAL, PMW, PA, PE, PC, H, S, and V. In the
Manhattan plots, the x-axis represents chromosomal position, and the y-axis represents —log;,(P);
the green horizontal line indicates the significance threshold, and hollow circles mark associated
SNPs reaching this threshold. The QQ plots were used to evaluate the consistency between observed
and expected p-value in the GWAS results for different traits.

To reduce redundancy among closely linked significant SNPs and improve the reli-
ability of the detected associations, nearby SNPs identified by BLINK were consolidated
into genomic loci, and their reproducibility across the 2017, 2018, and BLUP datasets was
subsequently evaluated. After locus consolidation and stability screening, 16 stable loci
associated with PAL, PMW, PA, PE, S, and V were retained for candidate gene analysis,
whereas no stable loci were retained for PC or H.

3.3. Definition of Candidate Intervals and Candidate Gene Prioritization

Based on the 16 stable associated loci identified from the BLINK results, candidate
genomic intervals were defined as the £500 kb regions surrounding the corresponding
lead SNPs (Table 3). Table 3 also summarizes the allele composition, minor allele frequency
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(MAF), and estimated marker effect of each peak SNP across the phenotypic datasets.
Several loci were associated with more than one pod size-related trait. For example, the
locus represented by Gm02_42534148 on Chr02 was detected for both PAL and PA, whereas
the Chr14 locus represented by Gm14_1830770 was shared by PAL and PMW. Similarly,
Gm19_45415096 on Chr19 was associated with both PAL and PA and was detected in both
years and in the BLUP dataset for PAL. These shared signals suggest that some stable
genomic regions may contribute to multiple pod size-related traits. Among the retained
loci, PAL19 and V3 showed particularly consistent support across phenotypic datasets.
PAL19 was detected in 2017, 2018, and BLUP, with Gm19_45415096 as the peak SNP in
all three datasets. The V3 locus on Chr03 was also detected in 2017, 2018, and BLUP,
with Gm03_743679 showing the strongest association in 2018 and BLUP. These loci were
subsequently used to extract positional candidate genes, and function-related candidate
genes were prioritized based on GO biological process information and SoyBase gene
annotation, with pod-related expression profiles used as supporting evidence.

A comparison with the loci reported by Chang et al. [13] showed that eight of
the 16 stable BLINK loci overlapped previously reported pod-related loci or genomic
regions, whereas the other eight loci were not reported in that study. Among the over-
lapping loci, Gm14_1830770, Gm16_36289049, and Gm19_45415096 corresponded to the
same lead SNPs reported previously, while Gm02_42534148 was located within the same
Chr02 genomic region reported by Chang et al. In addition, Gm03_743679 was located
within the previously reported Chr03 pod color region. The remaining loci, includ-
ing Gm06_13926598, Gm09_20961247, Gm07_6071137, Gm08_18944573, Gm01_4181515,
Gm06_44525409, Gm11_16816801, and Gm06_45392146, were considered previously unre-
ported relative to Chang et al. [13].

Annotated genes located within the £500 kb regions surrounding the lead SNPs of
the 16 stable BLINK loci were used for putative candidate gene prediction. Based on
GO biological process annotations and SoyBase gene annotations, 32 putative candidate
gene records were identified from these intervals (Table 4). These candidate records were
associated with biological processes related to pod development and growth, cell expansion
or elongation, cell division or proliferation, cell wall and polysaccharide metabolism, plant
hormone response, pigment-related processes, and oxidation—reduction processes.

Among the 32 putative candidate gene records, those associated with PAL, PMW,
and PA were mainly related to oxidative stress, redox homeostasis, cell wall or polysac-
charide metabolism, DNA replication, cytokinesis, embryo development, and hormone
response. Several gene IDs appeared in more than one size-related trait. Glyma02¢37160 and
Glyma02¢36720 were detected in both the PAL2 and PA2 intervals, whereas Glymal19¢38820
and Glyma19¢37820 were shared by PAL19 and PA19. The Chr14 region shared by PAL14
and PMW14 contained genes annotated with DNA replication, cellulose biosynthesis,
lipopolysaccharide biosynthesis, and cytokinesis. Glyma06¢17320 in the PMW6 interval
was annotated with response to hormone and showed relatively high expression in the
examined pod-related tissues, with a Pod mean of 41.00 and a Pod max of 53.00.

For PE, six candidate gene records were obtained, mainly involving cell redox home-
ostasis, hormone response, and cell cycle regulation. Glymal1g19780 in the PE11 interval
showed the highest expression among all candidate records, with a Pod mean of 59.33 and
a Pod max of 79.00, and was annotated with cell cycle. Glymal1¢20490, another gene in
the same interval, was annotated with response to hormone. For the color-related traits,
the S6 and V3 intervals mainly pointed to redox-related processes. Glyma06g42130 in
56 was associated with cell redox homeostasis and showed relatively high expression in
pod-related tissues, whereas Glyma03g01010 and Glyma03g01020 in V3 were annotated with
response to oxidative stress.
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Table 3. Stable associated loci, peak SNPs, and marker statistics detected across phenotypic datasets.

Trait Loci Chr Peak SNP Position (bp)  Alleles MAF —log,,(P) Effect Env.
PAL qPAL2 2 Gm02_42781688 42,781,688 T/A 0.31 5.87 —0.16 2017
Gm02_42534148 42,534,148 A/G 0.08 9.05 —0.36 2018

Gm02_42534148 42,534,148 A/G 0.08 6.82 —-026 BLUP

qPAL14 14 Gm14_1830770 1,830,770 G/A 0.10 8.42 0.34 2018
Gm14_1830770 1,830,770 G/A 0.10 418 0.19 BLUP

gqPAL19 19 Gm19_45415096 45,415,096 C/A 0.23 7.88 0.22 2017
Gm19_45415096 45,415,096 C/A 0.23 8.23 0.22 2018

Gm19_45415096 45,415,096 C/A 0.23 8.92 0.24 BLUP

PMW  gPMW6 6 Gm06_13880026 13,880,026 C/G 0.48 5.30 0.02 2017
Gm06_13926598 13,926,598 G/A 0.43 9.27 0.03 2018

Gm06_13926598 13,926,598 G/A 0.43 7.87 0.02 BLUP

gPMW9 9 Gm09_20961247 20,961,247 G/A 0.23 7.49 —0.02 2017
Gm09_20800904 20,800,904 T/C 0.21 4.61 —0.01 BLUP

gPMW14 14 Gm14_2686637 2,686,637 C/T 0.14 8.27 0.03 2017
Gm14_2820006 2,820,006 A/C 0.33 4.16 0.02 2018

Gm14_1830770 1,830,770 G/A 0.10 8.29 0.04 BLUP

PA qPA2 2 Gm02_42534148 42,534,148 A/G 0.08 8.57 —0.44 2018
Gm02_42534148 42,534,148 A/G 0.08 6.94 —-0.34 BLUP

qPA7 7 Gm07_6986309 6,986,309 T/A 0.45 417 —0.18 2017
Gmo07_6071137 6,071,137 G/A 0.28 4.40 0.19 BLUP

qPAS 8 Gm08_18944573 18,944,573 C/T 0.05 14.66 0.74 2018
Gm08_18944573 18,944,573 C/T 0.05 7.65 0.41 BLUP

qPA16 16 Gm16_36289049 36,289,049 T/A 0.21 9.07 0.36 2018
Gm16_36289049 36,289,049 T/A 0.21 8.91 0.32 BLUP

qPA19 19 Gm19_45415096 45,415,096 C/A 0.23 4.30 0.15 2017
Gm19_45415096 45,415,096 C/A 0.23 6.07 0.24 BLUP

PE qPE1 1 Gmo01_4181515 4,181,515 G/A 0.07 6.75 0.25 2018
GmO01_3777842 3,777,842 C/T 0.48 4.47 0.11 BLUP

qPE6 6 GmO06_44525409 44,525,409 G/A 0.48 4.89 —0.13 2017
Gm06_44525409 44,525,409 G/A 0.48 9.40 —0.15 BLUP

gPE11 11 Gml11_16816801 16,816,801 T/A 0.22 4.33 —0.14 2018
Gm11_16816801 16,816,801 T/A 0.22 5.32 —-0.15 BLUP

S qs6 6 Gm06_45392146 45,392,146 T/C 0.31 6.95 —0.02 2017
Gm06_45391795 45,391,795 C/T 0.27 4.84 —-0.02 BLUP

\Y qV3 3 Gm03_843004 843,004 G/C 0.22 6.28 —0.03 2017
Gm03_743679 743,679 A/G 0.17 10.20 —0.05 2018

Gm03_743679 743,679 A/G 0.17 16.21 —0.06 BLUP

Note: Candidate genomic intervals were defined as +500 kb around the lead SNPs of stable associated loci.
The same lead SNP detected for multiple traits was used once when defining candidate intervals. MAF, minor
allele frequency.

Expression profiles from one cm pod, pod shell at 10 DAF, and pod shell at 14 DAF
showed that 19 of the 32 records were expressed in at least one pod-related tissue, seven had
Pod max values of at least 5, and two exceeded twice the genome-wide mean expression
level across the three tissues. Seven records overlapped SoyBase region-level association
evidence, whereas no direct gene-level evidence was detected in the reported gene field.
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Table 4. Function-related candidate gene records within the candidate intervals of the 16 stable
associated loci.

Trait Loci Lead SNP Gene ID Trait-Related GO Biological Process
PA qPA2 GmO02_42534148 Glyma02g36720 cellulose biosynthetic process
qPA2 GmO02_42534148 Glyma02g37160 response to oxidative stress
qPA7 Gm07_6071137 Glyma07g07270 lipopolysaccharide biosynthetic process
qPA16 Gm16_36289049 Glyma16¢33250 response to oxidative stress
qPA19 Gm19_45415096 Glyma19¢37820 cell wall macromolecule catabolic process
qPA19 Gm19_45415096 Glyma19g38820 cell redox homeostasis
PAL qPAL2 GmO02_42534148 Glyma02¢36720 cellulose biosynthetic process
qPAL2 Gm02_42534148 Glyma02¢37160 response to oxidative stress
qPAL14 Gm14_1830770 Glyma14g02200 cytokinesis
qPAL14 Gm14_1830770 Glyma14g02860 DNA replication
qPAL14 Gm14_1830770 Glyma14g03190 lipopolysaccharide biosynthetic process
qPAL14 Gm14_1830770 Glyma14g03200 DNA replication, synthesis of primer
qPAL14 Gm14_1830770 Glyma14g03310 cellulose biosynthetic process
qPAL19 Gm19_45415096 Glyma19¢37820 cell wall macromolecule catabolic process
qPAL19 Gm19_45415096 Glyma19¢38820 cell redox homeostasis
PE qPE1 Gmo01_4181515 Glyma01g04760 cell redox homeostasis
qPE1 Gmo01_4181515 Glyma01g04800 cell redox homeostasis
qPE1 Gmo01_4181515 Glyma01g04810 cell redox homeostasis
qPE11 Gm11_16816801 Glyma11g19780 cell cycle
gqPE11 Gm11_16816801 Glyma11g20490 response to hormone
qPE6 GmO06_44525409 Glyma06g41610 cell redox homeostasis
PMW gPMW6 GmO06_13926598 Glyma06g17320 response to hormone
gPMW9 Gm09_20961247 Glyma09¢17200 embryo development
gPMW14 Gm14_1830770 Glyma14g02200 cytokinesis
gPMW14 Gm14_1830770 Glyma14g02860 DNA replication
gPMW14 Gm14_1830770 Glyma14g03190 lipopolysaccharide biosynthetic process
gPMW14 Gm14_1830770 Glyma14g03200 DNA replication, synthesis of primer
gPMW14 Gm14_1830770 Glyma14g03310 cellulose biosynthetic process
S q56 GmO06_45392146 Glyma06g41610 cell redox homeostasis
qS6 GmO06_45392146 Glyma06g42130 cell redox homeostasis
\% qV3 Gm03_743679 Glyma03g01010 response to oxidative stress
qV3 Gm03_743679 Glyma03g01020 response to oxidative stress

Note: Candidate gene records were selected from the +500 kb intervals surrounding the lead SNPs of the 16 stable
associated loci. Function-related gene records were identified based on GO biological process annotations related
to development or growth, cell expansion or elongation, cell division or proliferation, cell wall and polysaccharide
metabolism, plant hormone response, pigment-related processes, and oxidation-reduction processes.

4. Discussion
4.1. Image-Based Phenotyping Expands Soybean Pod-Related Trait Characterization

High-throughput image-based phenotyping has become an important approach for
quantitative plant trait analysis because it enables rapid, objective, and reproducible
measurements that are often difficult to obtain manually [3-5]. In soybean, previous
studies have mainly focused on seed phenotyping or on extracting relatively basic pod
characteristics. Baek et al. [9], for example, developed an image-analysis approach for
high-throughput measurement of soybean seed traits. Our previous study established
an image-based framework for mature three-seeded soybean pods and quantified basic
descriptors of pod size and color, including pod length, width, area, length-to-width ratio,
and color-related variables [13]. More recent studies have further improved soybean
pod segmentation and seed-per-pod estimation [11] or developed keypoint-detection
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methods for fine-grained pod phenotyping [12]. Building on these studies, the present
work focused on extracting refined mask- and skeleton-based descriptors of mature
pod morphology.

Compared with the basic pod measurements used in previous studies, the image-
derived traits examined here represent different structural dimensions of pod shape. PAL
was calculated along the pod skeleton rather than as a straight-line distance and therefore
retains information on the curved axial path of the pod. PMW describes the mean width of
the central pod region rather than only the maximum width, while PE reflects proportional
morphology and PC characterizes pod curvature. These measurements therefore extend
phenotypic characterization beyond conventional pod length, width, area, and aspect
ratio. In particular, skeleton- and mask-based analysis makes it possible to quantify local
and nonlinear structural features that are difficult to define consistently using routine
manual measurements. Thus, the contribution of the present framework lies not simply in
automating existing measurements, but also in expanding the range of pod characteristics
that can be quantitatively described.

The different image-derived traits also showed distinct levels of stability under the
present experimental conditions. PAL, PMW, PA, and PE exhibited relatively high heritabil-
ity, suggesting that pod size, axial structure, and proportional morphology were captured
consistently by the imaging workflow. In contrast, PC showed lower heritability, indicating
that curvature may be more sensitive to developmental heterogeneity, local segmentation
variation, or environmental effects. The HSV components also differed in their stability.
S and V showed greater across-environment stability than H, whereas hue may be more
sensitive to variation in maturity, drying conditions, illumination, and image preprocessing.
Therefore, the biological interpretation of image-derived traits should consider not only
their geometric or color definitions, but also the potential sources of variation introduced
during sample preparation and image acquisition.

DeepLabV3Binary was used in this study as a practical segmentation tool under
standardized imaging conditions. The present study did not include a direct compari-
son with manual phenotyping or conventional image-processing methods, particularly
because skeleton-based axial length, centrally sampled width, and curvature-related
descriptors do not yet have widely accepted manual reference protocols. Accordingly,
the current results demonstrate the feasibility of automatically extracting refined pod
traits and incorporating them into quantitative genetic analysis, rather than establishing
the superiority of the proposed workflow over existing approaches. Further evaluation
using independent soybean populations, diverse pod types, developmental stages, and
imaging conditions will be required to assess the general applicability and reproducibil-
ity of the framework.

4.2. Genetic Insights from Image-Derived Soybean Pod-Related Traits

Previous genetic studies of soybean pod-related traits have mainly focused on pod
number, maturity, pod wall characteristics, pod dehiscence, and pod color [18-23,33],
whereas the genetic basis of quantitative pod size and shape has received comparatively
less attention. Chang et al. [13] addressed this gap by combining image-based phenotyping
with GWAS and linkage mapping and identified loci for pod length, width, area, length-
to-width ratio, and color, demonstrating that basic image-derived pod traits are suitable
for genetic mapping. In the present study, 16 stable loci were retained for PAL, PMW,
PA, PE, S, and V after genomic consolidation and reproducibility screening across the
2017, 2018, and BLUP datasets. The reproducible associations detected for PAL, PMW, PA,
and PE were consistent with their relatively high heritability, indicating that these refined
image-derived traits captured genetically stable variation in pod axial scale, lateral scale,
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projected area, and proportional morphology. In contrast, no stable loci were retained for
PC or H, probably because curvature and hue were more sensitive to pod deformation,
maturity, drying conditions, illumination, and image preprocessing under the present
experimental conditions.

Comparison with Chang et al. [13] revealed both corresponding and distinct as-
sociation signals. The stable regions represented by Gm02_42534148, Gm14_1830770,
Gm16_36289049, and Gm19_45415096 corresponded to pod-related regions reported previ-
ously, while the V3 interval on chromosome 3 coincided with a known pod-color region.
These correspondences support the reliability of the present mapping results because
refined image-derived traits recovered genomic regions previously associated with con-
ventional pod measurements. Gm19_45415096 was particularly notable because it was
repeatedly associated with PAL across annual and BLUP datasets and was also located
within a previously reported pod-related region. However, several loci associated with
PMW, PE, S, and part of PA were not reported by Chang et al. [13]. This difference is
likely related to phenotype definition rather than inconsistency between studies. Chang
et al. mainly analyzed conventional descriptors such as total pod length, maximum width,
area, length-to-width ratio, and overall color, whereas PMW represents the mean width
sampled from the central pod region and PE reflects the proportional relationship between
axial and lateral growth. Alternative measurements of the same underlying phenotype
can produce overlapping but nonidentical GWAS signals [8]; therefore, the additional loci
detected here may represent complementary genetic information revealed by increased
phenotypic resolution.

Several stable regions were shared by more than one size-related trait. The loci
represented by Gm02_42534148, Gm14_1830770, and Gm19_45415096 were associated
with PAL, PMW, or PA, consistent with the strong correlations among pod axial length,
width, and projected area. Chang et al. [13] similarly reported colocalization between
pod-area and pod-length loci, including PA2/PL2-2, PA7/PL7, PA14/PL14, PA15/PL15,
and PA19/PL19-1. Such shared associations may result from pleiotropic genes affecting
several dimensions of pod growth or from tightly linked genes independently controlling
correlated traits. In addition, the qPAL19/qPA19 region overlapped previously reported
QTL intervals for seed width, seed height, and seed weight, qPA7 coincided with a
seed-length QTL, and qPA16 overlapped intervals for seed length and seed length-to-
width ratio [19,20]. Similar pod-seed QTL correspondence was also observed by Chang
et al. [13], suggesting that some genomic regions may participate in the coordinated
development of pod and seed dimensions. Nevertheless, these overlaps represent
regional correspondence rather than direct evidence that the same causal genes control
both organs, and further fine mapping, haplotype analysis, and functional validation
are required.

4.3. Putative Functions of Candidate Genes for Soybean Pod-Related Traits

Candidate genes within the stable loci were interpreted by integrating GO biologi-
cal process annotations, SoyBase functional records, pod-related expression profiles, and
previously reported association evidence. Previous studies of plant organ development
have shown that variation in organ size and shape commonly results from coordinated
regulation of cell proliferation, cell expansion, cell wall remodeling, and hormone sig-
naling [34—41]. Consistent with this general framework, the candidate records identified
here repeatedly involved cell wall metabolism, cellulose biosynthesis, DNA replication,
cytokinesis, hormone response, growth coordination, and redox regulation. However,
because most of these genes have not been functionally validated for soybean pod traits,
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their biological relevance should be interpreted as positional and functional support rather
than direct evidence of causality.

For the size- and morphology-related traits, the candidate records were mainly asso-
ciated with processes controlling cell division, tissue expansion, and coordinated organ
growth. The loci shared by PAL, PMW, and PA contained genes related to cell wall modifi-
cation and redox homeostasis, which is consistent with the strong phenotypic relationships
among pod axial length, width, and projected area. Plant organ dimensions are determined
by the balance between cell proliferation and subsequent cell expansion, while auxin- and
brassinosteroid-related pathways contribute to cell wall loosening, tissue differentiation,
and directional growth [34-36]. Glyma06g17320 in the PMW6 interval was annotated as
hormone-responsive and showed relatively high expression in pod-related tissues, making
it a plausible candidate for pod width variation. For PE, which represents proportional
morphology rather than absolute size, genes involved in cell-cycle regulation and growth
coordination may be particularly relevant. Glymal1g19780 showed the highest pod-related
expression among the candidate records and was associated with cell-cycle-related func-
tions, whereas Glymal1g20490 was linked to hormone response. These annotations are
consistent with a possible role in coordinating axial and lateral pod growth, although they
do not yet demonstrate direct regulation of PE.

The candidate genes associated with the color-related traits S and V were predomi-
nantly linked to redox homeostasis and oxidative-stress responses. Glyma06¢42130 in the S6
interval was annotated with cell redox homeostasis and showed relatively high pod-related
expression, whereas Glyma03g01010 and Glyma0301020 in the V3 interval were associated
with responses to oxidative stress. Previous studies have shown that mature plant tissue
color can be influenced not only by pigment biosynthesis but also by senescence, oxidation,
tissue dehydration, and browning processes. Therefore, the redox-related annotations
in the S6 and V3 intervals provide a biologically plausible explanation for variation in
mature pod saturation and brightness. The correspondence between the V3 interval and the
previously reported pod-color region on chromosome 3 further supports the relevance of
this genomic region. Nevertheless, the present evidence is still based on genomic position,
annotation, expression profiles, and previous association records.

5. Conclusions

This study developed a deep learning-assisted image phenotyping framework to
characterize and genetically dissect soybean pod-related traits. Eight image-derived traits
representing pod size, morphology, and color captured refined phenotypic dimensions
beyond conventional pod measurements, among which PAL, PMW, PA, and PE showed
relatively high heritability. GWAS identified 16 stable loci associated with PAL, PMW, PA,
PE, S, and V. Several loci overlapped previously reported pod- or seed-related regions,
whereas additional loci detected for the refined traits suggested complementary genetic in-
formation. The integration of functional annotation, SoyBase information, and pod-related
expression profiles enabled the prioritization of candidate genes potentially involved in
pod trait variation. These findings support the use of refined image-derived phenotypes for
dissecting the genetic basis of soybean pod-related traits, although the identified loci and
candidate genes require validation in independent populations and functional studies.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/agronomy16151454/s1, Figure S1: Phenotypic distributions
of the eight soybean pod image-derived traits across the 2017, 2018, and BLUP datasets; Table
S1: Segmentation performance of the DeepLabV3Binary model; Table S2: Significant trait-SNP
associations identified by GWAS; Table S3: BLINK-detected trait-associated loci across phenotypic
datasets.
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