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Abstract 

Deep learning can revolutionise high-throughput image-based phenotyping by automating the measurement of complex traits, a 
task that is often la bour-intensi v e, time-consuming, and prone to human err or. Howev er, its pr ecision and adapta bility in accuratel y 
phenotyping organ-level tr aits, suc h as fruit morphology, remain to be fully evaluated. Establishing the links between phenotypic 
and genotypic variation is essential for uncovering the genetic basis of traits and can also provide an orthologous test of pipeline 
effecti v eness. In this study, we assess the efficacy of deep learning for measuring variation in fruit morphology in Arabidopsis using 
ima ges fr om a m ultipar ent adv anced gener ation inter cr oss (MAGIC) mapping famil y. We tr ained an instance se gmentation model 
and developed a pipeline to phenotype Arabidopsis fruit morphology, based on the model outputs. Our model achieved strong perfor- 
mance with an av era ge pr ecision of 88.0% for detection and 55.9% for segmentation. Quantitati v e trait locus analysis of the derived 

phenotypic metrics of the MAGIC population identified significant loci associated with fruit morphology. This analysis, based on au- 
tomated phenotyping of 332,194 individual fruits, underscores the capability of deep learning as a robust tool for phenotyping large 
populations. Our pipeline for quantifying pod morphological traits is scala b le and provides high-quality phenotype data, facilitating 
genetic analysis and gene discov er y, as well as advancing crop breeding resear c h. 

Ke yw ords: plant phenotyping, Arabidopsis , fruit morphology, instance segmentation, deep learning; QTL analysis; MAGIC population 
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Introduction 

Phenotyping fruit morphology 

Complex tr aits, suc h as or gan size, ar e closel y r elated to plant pr o- 
ductivity in both crop breeding and natural settings . T hese traits 
influence ecological processes like plant–plant competition and 

r epr oductiv e success. Seed production is an important component 
of r epr oductiv e success, intimatel y associated with specialised or- 
gans called fruits that de v elop fr om a specialised or gan within the 
flo w er called the gynoecium. Fruits are the main harvested prod- 
uct fr om r ow cr ops suc h as wheat, rice, and oats as well as from 

fruit crops such as stra wberries , tomatoes , bush fruits , and ap- 
ples. Quantity , quality , and other fruit-related traits are therefore 
of immense a gr onomic importance, under pinning the economics 
of modern a gricultur e. Climate c hange, incr eased pest div ersity,
and an e v er-gr owing population thr eaten r eliable food pr oduction,
and ther efor e it is becoming incr easingl y crucial to identify and 

phenotype these traits at scale, with a view to integrating knowl- 
edge gained into crop production [ 1 ]. 

The factors that influence fruit size and shape are many and 

can interact in a complex manner (reviewed by Cucinotta et al.
[ 2 ]). Intrinsic factors include plant signalling molecules such as 
auxin and gibberellin, whose levels depend on genetic , en viron- 
mental, and de v elopmental v ariables . T he potential ultimate fruit 
size is partly set before pollination by, for example, the number 
of ovules present in the gynoecium, but the realisation of fruit 
size often depends on the success of pollination. For example, the 
dry simple fruits found in the Brassica or cabbage family usually 
Recei v ed: October 21, 2024. Revised: December 14, 2024. Accepted: J an uar y 6, 2025 
© The Author(s) 2025. Published by Oxford Uni v ersity Pr ess GigaScience. This is an
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ill de v elop onl y if pollination has been successful [ 3 ]. Within a
iven species, fruit size and particularly fruit length typically re-
ect the number of seeds present [ 4 , 5 ]. The Brassica family also
as sophisticated genetic resources a vailable , both in crops such
s r a peseed/canola [ 6 ] and in undomesticated r esearc h models
uch as Arabidopsis [ 7 ]. These resources and associated mapping
ec hniques pr ovide an orthologous means of testing the biological
ignificance of any novel phenotyping system. 

Arabidopsis thaliana produces many fruits, termed siliques ,
hose small size and fr a gile structur e make it difficult to col-

ect morphological phenotype data by hand consistently and reli- 
bl y. Unlike man y domesticated cr ops that r etain their seeds, Ara-
idopsis is a wild plant in which the seed pods shatter soon after
ipening. With often more than 100 siliques per plant and experi-
ental designs delivering large populations (thousands to tens of 

housands) of plants for genetic and ecological studies, new phe-
otyping a ppr oac hes ar e essential to ca ptur e these data in the
hort time window a vailable . RGB imaging pro vides a low-cost so-
ution that minimises handling of the individual fruits , pro vided
he computer vision tools are capable of extracting phenotypic in-
ormation, again at low cost and in a timely manner. 

Image-based plant phenotyping offers a nondestructive, high- 
hr oughput a ppr oac h to data collection. While 3-dimensional (3D)
ma ging, hyperspectr al ima ging, and m ultimodal tec hniques pr o-
ide rich information, 2-dimensional (2D) RGB imaging remains a 
r actical c hoice due to its simplicity and efficiency [ 8 , 9 ]. Howe v er,
ccurate object detection and measurement within plant images 
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an be challenging due to issues such as organ overlap and the
rojection of 3D structures into 2D. 

Classical computer vision (CV) uses hand-crafted algorithms to
nal yse ima ges. Classical CV methods can successfull y measur e
ruit morphology [ 10 , 11 ] and have been used to generate pheno-
ypes for genetic analysis [ 12 , 13 ]. Ho w e v er, classical CV is typ-
call y onl y suitable for collecting tr aits fr om simple scenes (i.e.,
solated plants and or gans; highl y colour-differ entiated or gans)
nd is usually unable to robustly handle complex scenes, such
s ov erla pping samples or the presence of other plant biomass.
ar ge-scale phenotyping, especiall y for fr a gile or hard-to-harv est
ruits, is more effective while the fruits remain attached to the
tem. Deep learning offers an alternative approach to classical
V when analysing complex scenes. Deep learning models are

r ained to r eplicate the r elationship between inputted ima ges and
and-collected training data to then infer outputs on novel, un-
een samples . T his also allows deep learning to be trained to han-
le detection and segmentation with specimens still in their bio-

ogical contexts. Deep learning models are inherently scalable and
an be trained or retrained to cope with subjects beyond their ini-
ial training and have been used successfully in high-throughput
henotyping [ 14 , 15 ]. 

eep learning–based approaches 

onv olutional neural netw orks (CNNs) ar e widel y used in ima ge-
ased deep learning. CNNs consist of layers of trainable image
lters that pr ogr essiv el y learn to extr act featur es for anal ysis.
o w er-le v el featur es, suc h as edges and corners, ar e ca ptur ed in
arlier la yers , while higher-le v el featur es, suc h as object parts and
emantic concepts, are developed in the later la yers . T hese higher-
e v el featur es ar e then used for higher-le v el tasks, suc h as im-
ge classification. For example, Atila et al. [ 16 ] de v eloped an Effi-
ientNet CNN to classify the presence of different diseases on the
eav es of m ultiple species, ac hie ving a final accuracy of 99.91% in
heir most successful model. Similarly, Morshed et al. [ 17 ] used
enseNet to assess the quality of harvested fruit, classifying each

mage as having good, bad, or mixed-quality fruit across 6 species,
ith an accuracy of 99.67%. 
Ho w e v er, extr acting quantitativ e data on individual organs that

re still attached to the plant requires a different model architec-
ure . For example , Hamidinekoo et al. [ 18 ] created DeepPod, a CNN
ipeline for counting Arabidopsis siliques in images of flattened
ruit-bearing br anc hes . Using DenseNet, o v erla pping grid patc hes
ithin an ima ge wer e classified as bac kgr ound, base, body, or tip
f a silique, and the individual siliques were reconstructed by join-
ng the segmented pixels in a postprocessing step. While valuable
henotype data can be extracted from organ detection and local-

sation, they cannot be used to ca ptur e detailed morphometric
ata on the detected objects. To mor e effectiv el y phenotype the
orphology of the fruit, instance segmentation models may offer
 better solution. 

Instance segmentation combines both object detection with se-
antic segmentation, detecting objects and segmenting each in-

tance of an object from the bac kgr ound. Instance segmentation
odels are also designed to be agnostic to the specific shapes

f objects being detected. Two predominant methods employed
n instance segmentation models are single-stage and 2-stage.
ingle-stage methods, like Y OLA CT, an extension of YOLO, pre-
ict object bounding boxes and segmentation masks in a single
ass through the network [ 19 , 20 ]. Variants of these arc hitectur es
ave been applied in plant phenotyping for rapid inference, such
s identifying tomato fruit and cherry branches for robotic fruit
icking and real-time detection and counting of objects like tea
uds [ 21 ]. Ho w e v er, these methods often prioritize r eal-time a p-
lication over achieving the highest accuracy. 

Two-stage methods, in contrast, have an initial object proposal
tage follo w ed b y a classification sta ge, whic h tends to r esult in
or e pr ecise detections [ 22 ] while still gener ating outputs in neg-

igible time. Segmentation is then performed within predicted
ounding boxes or cluster pixel projections into instances. Mask
-CNN [ 23 ], one of the most prominent 2-stage architectures, has
een used for phenotyping tasks such as detecting leaf disease
 24 ] and barley seed segmentation from dense scenes [ 25 ]. Two-
tage methods can be improved by integrating attention mecha-
isms, like tr ansformer arc hitectur es [ 26 , 27 ], to enable spatially
war e featur e learning and potentiall y mor e accur ate segmenta-
ion by eliminating the r egion pr oposal phase. Although trans-
ormers have been used in 3D segmentation of point clouds, such
s extraction of rapeseed pod traits [ 28 ], their higher computa-
ional demands and greater need for training data can make them
ess practical than R-CNN models in certain situations [ 27 ]. Alter-
ativ el y, m ultista ge methods like Cascade Mask R-CNN can en-
ance accuracy by pr ogr essiv el y r efining detection [ 27 , 29 ], allow-

ng the model to better handle variations in scale and occlusion
ommonly found in agricultural imagery. In this study, we choose
ascade Mask R-CNN for instance segmentation. 

Deep learning has been successfully applied in phenotyping
nd the r esults effectiv el y linked to the genome. For example,
ang et al. [ 30 ] used a CNN to identify the de v elopmental sta ges

f wheat in the field, e v aluating mor phology without pr ecise mea-
ur ement and subsequentl y used these r esults for quantitativ e
r ait locus (QTL) anal ysis , detecting no v el epistatic inter actions
ffecting flo w ering time. SegFormer [ 31 ], a transformer-based se-
antic segmentation model, was used to segment rice panicles

rom shoots . T he segmented ima ges enabled extr action of plant-
e v el tr aits that wer e then used to identify QTLs associated with
ariation in yield. Ho w ever, the model only segmented panicle
r om bac kgr ound within the ima ges, limiting its r esolution for
xtraction of individual organ traits such as grain length and
idth, whic h wer e instead obtained thr ough manual phenotyp-

ng [ 32 ]. T hus , it remains uncertain whether deep learning can
enerate high-quality phenotype data on complex morphological
r aits, suc h as fruit size and shape, that can be r eliabl y associ-
ted with genetic variation and en vironmental conditions . For a
rul y high-thr oughput phenotyping system, the data should be
ollected with minimal human intervention and have sufficient
esolution to detect small differences between genotypes as well
s treatment-induced variation. 

To formally assess whether deep learning can be used for pre-
ise morphological quantification, we developed an image-based
ruit phenotyping pipeline le v er a ging an instance segmentation
eep learning model to extract morphological trait variability
nd associate this with the genome. We utilised images of fruit-
earing stems of A. thaliana , harv ested fr om a m ultipar ent ad-
 anced gener ation intercr oss (MAGIC) population [ 33 ] wher e sam-
les had been grown as either single plants in isolation or groups
f 4 under competitive conditions . T his dataset enabled us to as-
ess the ability of a deep learning phenotyping system to accu-
 atel y ca ptur e or gan-le v el mor phometric tr aits in an experimen-
al setting and at a scale useful for the identification of causative
enetic variation. To reduce manual effort, we developed a data
nnotation tool based on the image manipulation software GIMP,
peeding up the data annotation process. We trained a Cascade
ask R-CNN model to detect and accur atel y segment Arabidopsis

iliques . T he phenotypic data deriv ed fr om these segmentations
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were used for QTL analysis, showing that deep learning–derived 

phenotype data can be confidently associated with known QTL.
Furthermore , potential no vel genomic regions affecting trait vari- 
ation wer e identified, demonstr ating the potential of deep learn- 
ing for gene discovery. 

Materials and Methods 

Image data 

In this study, we utilised images of stem material from an exper- 
iment investigating the genetic basis of sibling–sibling competi- 
tion in A. thaliana , using 485 lines from the MAGIC population by 
Biernaskie et al. [ 34 ]. The population was a MAGIC consisting of 
a core set of 527 recombinant inbred lines (RILs), derived from 19 
intermated accessions [ 33 ]. Plants wer e gr own in pots containing 
either single plants (isolation) or in groups of 4 of the same line 
(groups). A total of 2,801 pots r epr esented 485 genotypes across 
2 treatments, and 3 experimental batches, with 3 replicates per 
batc h, wer e initiall y collected. Of these, 2,099 wer e ultimatel y used 

for analysis (details in the subsection on phenotypic data extrac- 
tion). 

Matur e inflor escences and stems from a single pot, containing 
either 1 plant or 4 plants depending on the treatment, constituted 

a single sample for imaging. T hus , all the stems from a single pot 
were flattened and scanned at 300 dpi using a flatbed scanner. In 

total, 7,132 images were taken and saved as PNG files . T he full 
experimental design behind the experiment is described by Bier- 
naskie et al. [ 34 ]. For our study, we trained a model on a subset 
of these images, performed inference on the full dataset, and cre- 
ated a phenotyping pipeline to extr act mor phometric tr aits fr om 

the outputs . T his w orkflo w is sho wn in Fig. 1 . 

Image annotation using the GIMP image 

annotator 
Effectiv e tr aining of instance segmentation networks often re- 
quires that objects are well annotated within each image. Typ- 
icall y, ima ge annotation involv es dr awing a pol ygon along the 
boundaries of each object. Ho w ever, our image collection tends 
to feature clear boundaries between the plant biomass and the 
bac kgr ound, whic h can be exploited using classical computer vi- 
sion algorithms. 

We e v aluated v arious existing segmentation annotation tools.
Man y popular tools, suc h as VGG Ima ge Annotator (VIA) [ 35 ], r el y 
on manual polygon annotation without offering any computer 
vision assistance. While tools like CVAT [ 36 ] provide integration 

with deep learning models like the segment anything model (SAM 

[ 37 ]) for automatic segmentation based on k e ypoints or bound- 
ing boxes, as well as some basic CV functionalities via OpenCV,
we found that these a ppr oac hes yielded poor segmentation re- 
sults with imprecise borders for our specific dataset. T herefore ,
we explored the tools available in the GNU Image Manipulation 

Pr ogr am (GIMP) and found that its suite of selection tools could 

quic kl y cr eate high-quality segmentations. To further str eamline 
this pr ocess, we de v eloped a custom plug-in named the GIMP Im- 
a ge Annotator (GI À), whic h allows users to sav e selected r egions 
as mask images, along with metadata such as object classes, in a 
designated folder. 

GI À featur es an intuitiv e gr a phical user interface (GUI) that in- 
tegr ates seamlessl y with GIMP, making it a robust training data 
collection tool. This inter activ e tool a pplies existing computer vi- 
sion algorithms that r el y on colour similarity to segment spe- 
cific structur es, suc h as siliques, within ima ges (known as Fuzzy 
elect within the softwar e pac ka ge). GI À facilitates the annota-
ion of well-separated, unoccluded siliques. For partially occluded 

iliques, typicall y onl y the ambiguous, occluded region needs
and-drawn boundaries to accurately define the object. This tool 
ignificantl y r educes the effort r equir ed for pr ecise annotation of
ach object within an image. Using GI À, we produced a dataset of
5 images with 2,940 annotated siliques. 

We emplo y ed an amodal instance segmentation a ppr oac h,
hic h involv es segmenting both visible and occluded pixels of an
bject [ 38 ]. By saving masks separ atel y for each instance, the ap-
r oac h allows ov erla pping r egions to be attributed to multiple in-
tances . T his a ppr oac h is particularly useful for scenarios where
bjects ov erla p and partiall y occlude eac h other, pr oviding a mor e
ompr ehensiv e r epr esentation of the scene. 

odel development 
ataset train and test split 

o e v aluate the model’s outputs on unseen samples, we r andoml y
plit the annotated dataset into an 80% training set and a 20%
esting set, resulting in 44 training images with 2,282 individual
ilique annotations and 11 testing images with 652 silique anno-
ations. 

ascade Mask R-CNN model training 

o ca ptur e mor phometric data, we used an instance segmenta-
ion deep learning model, Cascade Mask R-CNN [ 23 , 29 ], an im-
r ov ement ov er Mask R-CNN by utilising a cascading arc hitectur e.
his arc hitectur e intr oduces a series of cascaded r egion of inter-
st (RoI) heads, each trained on progressively harder examples, by
sing lar ger IoU thr esholds for bounding box detection, leading to

mpr ov ed performance, especiall y for difficult objects. 
The model is capable of both detecting each object (silique) and

utputting a mask that denotes the pixels belonging to that spe-
ific object instance . T hese outputted masks form the basis for our
henotype data. Underlying Cascade Mask R-CNN, we used a Reg-
etX 1.6GF backbone [ 39 ] with a feature pyramid network. We ini-

ialised the network with weights pr etr ained on COCO (common
bjects in context) [ 40 ]. COCO is a commonly used, high-quality
ataset, and models trained on COCO have already learned strong

o w er-le v el object detection features that form a strong model ini-
ialisation point. We initialise the weights without any parameter 
reezing to allow the model to adapt to the largely different do-

ain of our dataset. 
The model was then trained on the training set for 36 epochs,

sing stoc hastic gr adient descent with a learning rate of 0.01.
e found that these parameters allo w ed the model to conv er ge
ell on our dataset without overfitting. We included an initial lin-

ar learning rate warm-up for the first 100 iterations, starting at
.00001 and ending at the learning rate of 0.01. This was chosen
o stop the sharp initial updates from the initial COCO weights,
hich can lead to instability [ 41 ]. The learning rate was set to de-

ay by a factor of 0.1 at epochs 24 and 33 to allow for fine-tuning
ater in the tr aining. Stoc hastic gr adient descent also included a

omentum value of 0.9 and a weight decay value of 0.0001. The
odel was trained for 36 epochs with 2x NVIDIA A100 48 GB GPUs

nd batch size 1, resulting 792 training iterations, taking 1 hour
nd 21 minutes. 

The images within our dataset were too large to fit on the GPU
t native resolution during training, so to reduce memory us-
ge while preserving silique detail, images were scaled to 4,590
3,240, 90% of the original size. As the size of the siliques within

hese ima ges alr eady v ery small, w e found do wnsampling the size
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F igure 1: Workflo w. (A) An example input image alongside a zoomed cutout sho wing an example silique . (B) T he output from the network on example 
input, alongside an example generated mask. (C) Derived traits from the generated mask; left shows the length (blue, spinal line) and the maximum 

diameter (r ed, later al line) ov erlaid on the mask, and right shows a 3D visualisation of the silique, based on the diameter values along the length of the 
silique. In total, 2,099 samples r epr esenting 362 lines wer e pr ocessed by the pipeline, outputting 332,194 independentl y measur ed siliques. 
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f the images further resulted in poor segmentation results in the
igher precision AP 0 . 75 metric. We inferred that the higher resolu-
ion was ther efor e necessary to ac hie v e the quality of segmen-
ation and fine detail r equir ed in the ultimate phenotype data
or relation to the genome . Moreo ver, while alternative solutions,
uch as dividing images into smaller patches, could preserve res-
lution and detail for siliques, they introduce complexity in split-
ing and r eassembling, particularl y for future studies focusing on
ositional br anc h-le v el tr aits . T hus , we c hose a higher r esolution

compared to the popular setting of less than 1,000 × 1,000) that
alances image quality with the capabilities of our available GPU
esources. 
c  
odel evaluation for instance segmentation 

e e v aluated the model’s success in 2 independent ways: first,
y comparing its outputs on pr e viousl y unseen samples with
anuall y annotated gr ound truth data and, second, by e v aluat-

ng the model’s phenotypic data using QTL analysis to identify
henotype–genotype correlations. 

Evaluating the model on the unseen test data r equir es di-
ect comparison of the model’s predicted outputs against the
and-collected annotation data. Predicted objects (r epr esented by
 bounding box or mask) are considered correctly identified if
he IoU between the prediction and the ground truth exceeds a
ertain threshold. Model detection is categorised as either true
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Table 1: Individual silique tr aits—names, abbr e viations, and descriptions of each of the traits derived from a single silique 

Trait Abbr. Description 

Silique area SA T he ra w binary mask output from the network, calculated as the number of segmented 
pixels , con verted into mm 

2 . Illustrated as the grey region in Fig. 1 B. 
Silique length SL Skeletonisation (using Zhang and Suen [ 42 ] thinning algorithm) of the binary mask to 

define a median line r epr esenting the primary structure . T his algorithm erodes edges of 
a binary mask, until only a single, spinal line of pixels remains . T he Euclidean distance of 
the line of pixels a ppr oximates the length of the silique , con verted in mm . Illustrated as a 
blue spinal line of the pod in Fig. 1 C(i). 

Silique diameter SD Calculation of the Euclidean distance transform of the object, finding the largest value 
along the skeletonised length line and taking double that value to be an approximation 
of diameter (or the largest distance to the nearest edge among all points along the 
length), converted into mm . Illustrated as a red lateral line in Fig. 1 C(i). 

Silique volume SV Approximation of the silique volume, based on calculating the volume of a series of 
1-v oxel-high c ylinders/disks at each point along the spinal line, with the sum 

a ppr oximating the full silique volume , con verted into mm 

3 . A 3D illustration in Fig. 1 C(ii). 

 

 

 

i
m

 

p
e  

w
t  

t  

i  

t  

f  

2  

t
 

s
c
s  

s  

e  

f
a  

d

s
F  

m
r  

t  

s
t  

5
f

Q
T  

a  

s  

a  

e

r  

o
m  

t  

D
ow

nloaded from
 https://academ

ic.oup.com
/gigascience/article/doi/10.1093/gigascience/giae123/8010444 by guest on 11 July 2025
positives ( T P) or false positives ( F P) depending on whether they 
align with ground-truth annotations for a given IoU threshold.
Any annotations the model failed to detect are considered false 
negatives ( F N). We calculate precision (proportion of correctly 
identified objects T P against all detected objects T P + F P) and re- 
call (proportion of correctly identified objects T P to the total num- 
ber of objects within the sample T P + F N) across all detected 

siliques for both object detection and instance segmentation. We 
r eport av er a ge pr ecision ( AP) and av er a ge r ecall ( AR ), r epr esent-
ing the av er a ge pr ecision or r ecall v alues acr oss IoU thr esholds of 
0.5, 0.75, and the range from 0.5 to 0.95 at 0.05 increments . T hese 
metrics are standard in e v aluating object detection models and 

allo w ed us to c hec k if the model detected all objects within the 
image, without littering the image with spurious detections. 

Phenotypic data extraction 

Silique morphological traits 
The outputted masks from the instance segmentation model 
are used to calculate several metrics representing silique mor- 
phology. The calculated traits are outlined in Table 1 and visu- 
alised in Fig. 1 . Silique length r epr esents the spinal line, between 

the pedicel–silique junction to the tip of the silique (remains of 
the stigma), while the silique diameter r epr esents the maximum 

width. The projected area (referred to hereafter as “area”) is the 
area of the mask outputted by the model. 

The silique volume is based on the Euclidean distance trans- 
form values computed from the silique mask. For each point along 
the central length line (spinal line) of the silique, the distance 
transform is calculated as the distance to the nearest border of 
the mask along a line orthogonal to the length line . T hese values 
serve as the radius, r, of a series of 1-voxel-high cylinders, with vol- 
ume πr 2 h , where h = 1 , centred on each point of the spinal line.
Summing the volumes of all cylinders along the spinal line ap- 
proximates the total silique volume, assuming a cylinder-like mor- 
phology where each cross section is circular with a radius equal 
to the distance transform. 

Phenotypic metrics at the sample level 
Prior to QTL analysis, we employed a 2-le v el filtering process to 
ensure that the extracted phenotypic data were biologically rel- 
e v ant. The first le v el was applied to the pots (i.e., samples), ex- 
cluding aberrant samples unrelated to the quality of the model 
predictions . T he second level was applied to the siliques , remo v- 
ng model-detected siliques based on the quality of the generated 

asks to impr ov e the accuracy of the extracted traits. 
The pot-le v el filtering was necessary because, in the original ex-

eriment that produced the image data, some individual plants 
xhibited unusuall y lar ge numbers of aborted fruits . T he cause
as unclear, as no specific genotype or growing location followed 

his pattern. Ther efor e, adhering to the original experimental pro-
ocol [ 34 ], any individual plant with more than 2 branches show-
ng a high number of aborting fruits had all replicate samples of
hat same genotype r emov ed. In total, 702 samples wer e ther e-
or e r emov ed fr om the QTL anal ysis, r esulting in a dataset of
,099 samples r epr esenting 2 tr eatments of 362 geneticall y dis-
inct MAGIC lines. 

Next, we pr ogr ammaticall y examined the structur e of eac h
ilique mask and filtered out masks with multiple connected 

omponents, ensuring each mask represented a single connected 

hape . For length calculations , we v erified that the gener ated
keletons were continuous lines without significant spurs (i.e.,
xceeding 5 pixels in length). This ensured that the masks con-
ormed to the expected cylindrical morphology and filtered out 
berrant masks, for example, masks covering more than a single
etected silique. 

We extracted silique morphology features from the filtered 

ilique masks, including length, diameter, volume, and area (see 
ig. 1 ). For each sample, we calculated various aggregate silique
or phological tr ait statistics, including mean, percentiles, and 

 elativ e standard deviation ( RSD , the ratio of standard deviation to
he mean). RSD provides a measure of the ov er all spr ead of eac h
ilique morphology trait within a sample, a potentially desirable 
rait for breeding. We explored different percentiles (from 95th to
th) of fruit morphology traits, representing the best and worst 
ruits produced. 

TL analysis 

o assess the impact of competition on silique morphology traits
t the population le v el, we conducted a paired-sample t -test on
ample-le v el data, disr egarding genotypic v ariation. This anal ysis
llo w ed us to e v aluate the utility of the phenotype data before
xamining genetic differences. 

For the QTL analysis, we utilised the sample-level silique met- 
ics (including mean, percentiles, and RSD ) across all samples
f each treatment and genotype. We calculated heritability esti- 
ates of the a ggr egate metrics and found the P 95 phenotypes had

he highest heritability estimate in all the silique traits for both
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Table 2: Detection and segmentation AP and AR results—IoU 

thr eshold v alues denoted in subscripts 

Metric AP 0 . 5:0 . 95 AP 0 . 5 AP 0 . 75 AR 0 . 5:0 . 95 

Detection 88.0 95.8 94.5 90.7 
Segmentation 55.9 94.2 66.0 61.5 
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reatments . T he 95th percentile phenotype also represents the
est a plant or group of plants can pr oduce, whic h is a phenotype
f interest in breeding applications. We therefore focused primar-
ly on this phenotype for the QTL analysis. QTL mappings were
erformed using linear mixed models, with the kinship matrix
alculated using the leav e-one-c hr omosome-out (LOCO) method,
nless otherwise specified. We estimated the parental effects of
ach of the founder alleles at putative QTL by fitting a single-QTL
odel at the QTL position and outputting the estimated r egr es-

ion coefficients of each of the founder alleles . T he genetic map
sed was constructed by K o ver et al. [ 33 ], consisting of 1,250 mark-
rs across the 5 c hr omosomes . T her e wer e 274, 210, 248, 228, and
90 markers for each chromosome, respectively, with an average
pacing between markers of 0.4 cM and a maximum gap of 4.5
M. To account for potential batch effects in the original experi-
ent, we included batch as a covariate in the analysis . T he Ba yes

r edible interv al with a 0.95 probability was calculated to estimate
he probable region containing each QTL. Confidence thresholds
ere calculated using permutation tests where number of permu-

ations = 1,000 and p < 0 . 05 . 
To identify genes related to silique development, we utilised the

OSLIM ontology system [ 43 ] to collect Gene Ontology terms re-
ated to fruit de v elopment, or gan de v elopment, and or gan mor-
hogenesis (GO:001015, GO:009402, GO:1905392—Set 1) and seed
e v elopment (GO:0048316—Set 2), including their child terms.
ith these ontological terms, w e sear ched the TAIR9 database

 7 ] for genes with known effects on fruit phenotypes . T he spe-
ific ontologies used are listed in Supplementary Table S3 . Genes
ithin the Bayes credible interval were cross-referenced with our
etected QTL, and the gene nearest to the QTL peak was identified.

oftware 

odels were created and trained using Python library MMDetec-
ion v3.3 [ 44 ], built upon PyTorch v2.2.1 [ 45 ]. Model phenotyping
ipeline was built upon Python libraries scikit-image v0.22.0
 46 ] and OpenCV v4.9.0 [ 47 ]. QTL analysis was performed using
/qtl2 v0.36 [ 48 ], and genomic data were provided by R/atMAGIC
0.1.0 [ 49 ], which in turn was r etrie v ed fr om R. Mott’s and P.
 o v er’s serv er ( http:// mtweb.cs.ucl.ac.uk/ mus/ www/ magic/ ). 

esults 

odel performance on silique detection and 

egmentation 

e initiall y e v aluate the dir ect outputs of the model, whic h con-
ist of predicted bounding boxes and associated masks for the de-
ected siliques for given thresholds, reporting precision and recall

etrics for both silique detection and segmentation, as outlined
n the method section on model e v alution. 

Table 2 shows the detection and segmentation AP and AR re-
ults from the test split of the annotated dataset. For detection,
he model ac hie v es an av er a ge pr ecision of ov er 95% for siliques
hen an IoU threshold of 0.75 is used on the detected boxes. We
bserve similar performance for the av er a ge of IoU thresholds
 anging fr om 0.50 to 0.95, ac hie ving a pr ecision of 88% and r ecall
f 91%. For segmentation, the model ac hie v es an av er a ge pr ecision
f 66% for siliques when an IoU threshold of 0.75 is used on the
egmentation mask. The model also ac hie v es a segmentation IoU
core of over 0.50 in 94% of detected siliques . T he model success-
ully detects and creates quality segmentations of most siliques
ithin the unseen test set. We show example qualitative results

n Fig. 2 , where we see consistent, accurate segmentation of each
ilique, e v en in situations of partial occlusion. 

We also note the amodal instance segmentation performance
f our model. We found that in situations of occlusion, our model
as typically capable of segmenting both siliques amodall y, e v en
ore so if the siliques were perpendicular to each other. We be-

ie v e this is due to the visual clues of tips and bases of the siliques
nforming the detector and the fact that perpendicular occlusion
ares better is due to the intersection area of the 2 objects being re-
uced, giving more information to the model to consider them as 2
istinct instances. As long as neighbouring bounding boxes don’t

ar gel y ov erla p, so as not to get suppressed by non-max suppres-
ion, and ther e ar e enough visual clues in the ima ge, the model is
apable of handling amodal segmentation in situations of occlu-
ion. 

reatment effects on the distributions of 
henotype data 

iven the model’s strong performance in detection and segmenta-
ion, we then e v aluated the plant-le v el phenotype data extr acted
rom the model predictions to assess their ability to detect treat-

ent effects, specifically the impact of competition on silique
orphology within the MAGIC population. 
Figure 3 shows the distribution of the 95th percentile pheno-

ypes of the 4 silique traits across the population of 362 lines for
ac h tr eatment. For the length, volume, and area phenotypes, we
ee a normal-like distribution for both treatments, with a reduc-
ion in the ov er all v alues for plants grown in competition. This
ndicates that for the population, the group growth treatment re-
uces silique length and volume. Diameter has m uc h less spr ead
han the other phenotypes, but this is, at least partially, the result
f the imaging process . T he diameter values are extremely small
a ppr oximatel y 5–10 pixels acr oss), so an y minor variation will be
inned into the a vailable pixels , and ther efor e metrics suc h as P 95

hat take a value at a specific location in the distribution will re-
ult in selecting the same value for many samples, resulting in a
etric with less resolution. Ho w ever, the P 95 metric still best rep-

esents the maximum potential of each plant; therefore, we chose
o move forw ar d using it for our analysis. 

We performed a paired-sample t-test using the sample-le v el
ummary statistics, specifically the 95th percentile of silique mor-
hology traits, for each line and treatment. For the phenotypic
etrics (95th percentile, mean, and RSD ) of length, diameter, and
 olume, w e found a statistically significant difference between the
 treatments at p < 0 . 05 across the population, except for the 95th
ercentile of diameter. The p values for each phenotypic metric
r e pr o vided in Supplementary Table S2 . T his indicates a statis-
ically significant difference in most of these phenotypic metrics
etween the 2 treatment distributions at the population level. 

TL mapping, parental effects, and alignment of 
dentified QTL to known genes 

hile the response of the entire population to competition
as clear and significant, there was extensive phenotypic varia-

ion among the genotypes for all traits. We therefore used QTL

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae123#supplementary-data
http://mtweb.cs.ucl.ac.uk/mus/www/magic/
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae123#supplementary-data
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Figure 2: Example qualitative results on unseen images from the full Arabidopsis thaliana dataset. Red boxes represent detections of siliques . T he red 
mask within each box detection represents the detected mask for that detected silique. P er cent values tied to each detection represent the confidence 
scor e. Upper r o w sho ws full stem material; lo w er ro w sho ws zoomed regions. 

Figur e 3: T he 95th percentile ( P 95 ) phenotype distributions—histograms of the distribution of the P 95 for length, diameter, volume, and area, with each 
tr eatment ov erlaid. Gr oup tr eatment is r epr esented in r ed, and isolation tr eatment is r epr esented in blue. Data fr om the filter ed population of the 362 
lines. Note: All figures have free axis scales. 
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analysis to test whether the dee p learning–deri ved phenotypes 
were suitable for genetic analysis. 

Figure 4 shows the QTL mapping of length, diameter, volume,
and area P 95 phenotypes under both treatments, with the calcu- 
lated significance thresholds represented as a horizontal dashed 
ine. Genes with r ele v ant ontologies r elated to fruit de v elopment,
r gan de v elopment, and or gan mor phogenesis ar e shown in gr ey
complete list is available in supplementary data). A complete list
f detected QTL for the 95th percentile phenotypes is provided in
able 3 alongside 95% Bayes credible intervals. 
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Figure 4: (A) QTL mapping for 95th percentile ( P 95 ) phenotypes for length, diameter, volume, and area. Horizontal dashed lines r epr esent the 
significance threshold calculated using permutation tests (number of permutations = 1,000, p < 0 . 05 ). Detected QTL designations are written and 
positioned next to associated peaks. Group treatment is represented in red and isolation in blue. (B) Genes with relevant ontologies related to fruit 
de v elopment, or gan de v elopment, and or gan mor phogenesis (set 1) and seed de v elopment (set 2) shown as v ertical lines indicating the starting 
position of the gene. Set number is shown in facet title on the right side. Data are from the filtered population of 362 lines. 

Table 3: List of all significant 95th percentile ( P 95 ) phenotype QTL for all traits . Ba yes credible interval calculated with probability = 0.95. 
Nearest gene is calculated by the closest gene to peak within the Bayes cr edible interv al. Data fr om the filter ed population of the 362 
lines. 

Trait QTL Treatment Chromosome LOD Interval (Mb) Peak (Mb) Nearest Gene 

Silique length SL2-1 Isolation 2 23.25 11.143–11.588 11.200 ER 
SL2-1 Groups 2 24.73 11.143–11.541 11.324 ER 
SL5-1 Isolation 5 11.65 16.186–17.676 17.169 SCP2 

Silique diameter SD2-1 Isolation 2 28.60 10.793–11.480 11.324 ER 
SD2-1 Groups 2 26.06 11.324–11.588 11.541 PGY1 
SD1-1 Groups 1 11.85 25.735–28.976 26.682 SERK1 
SD4-1 Isolation 4 11.20 15.787–17.804 16.575 ADC2 

Silique volume SV1-1 Groups 1 14.22 03.398–04.569 04.249 ESR1 
SV1-2 Groups 1 14.19 28.405–29.814 29.389 ×

Silique area SA1-1 Groups 1 12.33 02.548–04.927 04.249 ESR1 
SA1-2 Groups 1 10.73 27.852–29.893 29.389 BZR1 
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For the silique length phenotype, str ong QTL signals wer e de- 
tected on c hr omosome 2 with significant peaks, ranging from 

11.143 to 11.588 Mb for both treatments, suggesting a treatment- 
invariant QTL (designated as SL2-1). The closest gene with rele- 
vant ontology to the QTL peak is ER , or erecta . The erecta muta- 
tion, at 11.208 to 11.215 Mb, produces short fat club-like siliques 
[ 50 ]—a decreasing effect on length and an increasing effect on di- 
ameter. To determine the parental source of the variation at this 
locus for silique length and silique width, we fitted a single-QTL 
model using a linear mixed model and calculated the parental ef- 
fect of each of the founder alleles. Figure 5 A shows the effect of the 
founder alleles on the length P 95 phenotype . T he LER (Landsberg 
Erecta) founder allele provides the main decreasing effect for SL2- 
1 with a smaller contribution from Can-0 about the QTL peak. The 
ER gene (8.4 kbs a wa y from the peak) is shown as a dashed black 
line. Figur e 5 B illustr ates the opposite, with an increasing effect 
for diameter (SD2-1) for the same founder allele. 

Additionall y, ther e ar e 2 significant peaks on c hr omosome 1 
for both the volume and area P 95 phenotypes within the region of 
3 . 101 − 3 . 398 Mb and peaks at 4.249 Mb. These loci show a signif- 
icant association for the group treatment only, suggesting the P 95 

phenotypes of these traits are treatment-sensitive . T he first locus 
related to volume, SV1-1 with a peak at 4.249 Mb, had the closest 
gene ESR1 . The second locus, SV1-2 with a peak at at 29.389 Mb 
and a Bayes credible interval of 28 . 579 − 29 . 814 Mb, had no genes 
in our ontology list near it, suggesting a no vel locus . It is worth 

noting, ho w e v er, that the highl y r elated ar ea phenotype also de- 
tected a QTL at the same peak as SV1-2 but with a wider credible 
interval and found the nearby gene BZR 1 from our ontology list.
Figure 6 shows the significant QTL associated with the volume P 95 

phenotype. 

Discussion 

This report describes the successful application of an instance 
segmentation model based on Cascade Mask R-CNN, along with 

a pipeline for quantitative phenotyping of A. thaliana siliques at 
scale. Our deep learning a ppr oac h enabled the extr action of mor- 
phological tr aits, whic h, when combined with genetic data, led to 
the identification of high-confidence QTL. As far as w e kno w, this 
is the first time that fruit mor phological data, gener ated by a deep 

learning system, have been successfully linked to genomic varia- 
tion. Man y pr e vious studies hav e identified QTL influencing fruit 
morphology, in a wide variety of crops [ 12 , 13 , 51–54 ]. Ho w ever,
these tend to involve manual or simple classical CV-based mea- 
surements of isolated fruits. For example, Gegas et al. [ 51 ] used a 
high-thr oughput ima ging a ppr oac h with harv ested gr ain (botan- 
ically, a single-seeded fruit) to dissect the genetic architecture of 
kernel variation in breadwheat and its close relatives. 

Where fruits are easily harvested and handled (e .g., tomatoes ,
squashes , and bananas , amongst others), it is possible to phe- 
notype manually and at a sufficient scale to undertake genetic 
analyses . T his is even possible with minor crops such as Chinese 
bayberry, Myrica rubra [ 55 ]. Ho w e v er, man y types of fruit, particu- 
larl y fr om undomesticated species suc h as the model experimen- 
tal species Arabidopsis , are inherently difficult to harvest due to the 
inher ent fr a gility of the ripe fruits . T her efor e, whole stems carry- 
ing the siliques were harvested to minimise shattering, and the 
samples were then pressed before imaging to maximise the ac- 
curacy of trait measurements. Alternative methods, such as mul- 
tivie w RGB ima ging of whole plants follo w ed b y structur e-fr om- 
motion 3-D modelling [ 56 , 57 ], wer e consider ed too slow to enable 
data ca ptur e fr om the entir e population. Like wise, computed to- 
ogr a phy scanning of plants with long thin stems that needed
areful immobilisation was not feasible at scale. 

While it is tec hnicall y possible to extr act mor phometric data
anuall y fr om physical samples, it is difficult to complete this

ort of operation at scale and within a time frame where such
amples typically retain their structural coherence . T hus , a high-
 esolution ima ge dataset of experimental samples was cr eated
nd stored within days of harvest, thereby immortalising the 

nformation for later extraction and anal ysis. An alternativ e to
maging would be to employ a r elativ el y lar ge number of trained
taff, but this is often not financially feasible even for crops. One
erson, ho w e v er, can ac hie v e ima ging of lar ge sample numbers at
inimal cost as it r equir es ubiquitous lo w-cost har dw are. Pheno-

ype data such as fruit position, angle, and colour exist within the
mages used within this study but would need pipelines de v eloped
or high-throughput extraction. This potential of further data ex- 
raction is only possible due to the imaging process and tools that
omputer vision pro vides . As computer vision tools progress, more
henotype data will be able to be extracted from these popula-
ions without the cost of setting up new experiments. 

The simplicity and speed of 2D imaging and flat-bed scanning
llo w ed us to critically evaluate the use of deep learning pheno-
yping on a large population that was designed to address fun-
amental biological questions [ 34 ]. Ho w e v er, due to the inherent
omplexity of the material being analysed and the r elativ el y small
raining dataset, the deep learning model generated unwanted 

rtefacts. To address this, we employed basic filtering techniques.
e exclude all masks that return more than 1 connected compo-

ent, whic h typicall y occurs when a bounding box has enclosed
ore than 1 silique or parts of 2 or more neighbouring siliques. In

uch cases, the mask generation branch of the network attempts 
o include those pixels in the detection. We also excluded masks
hat hav e mor e than 1 skeletal line (after pruning smaller skele-
al br anc hes), as this, like m ultiple connected components, onl y
ypically occurs when regions of neighbouring siliques have been 

ncluded in the mask output. Ov er all, these artefacts occur in 7 . 3%
f detections on (median) av er a ge per ima ge. Appr opriate filtering
nsured that the final dataset was suitable for downstream ge- 
etic analysis. 

Collecting high-resolution silique morphological data at this 
cale is not typically possible using manual measurements. Typ- 
cal manual QTL a ppr oac hes tend to estimate genetic potential
rom a relatively small subset of hand-collected fruits [ 5 , 58–60 ].
ur a ppr oac h allo w ed us to analyse the entire silique output from
ac h sample, gener ating v arious statistical measur es, including
ean, percentiles, and r elativ e standard de viation ( RSD ). Notabl y,

he 95th percentile of each silique trait gave the strongest overall
eritability (ranging from 0.27–0.43). This was confirmed by QTL 
apping of the mean versus P 95 metrics (Fig. 4 and Supplementary

ig. S3 ): while the ov er all landsca pe was similar, the P 95 phenotype
ave higher confidence scores. As our system generates morpho- 
ogical data on v ery lar ge numbers of individually detected fruit
ith defined criteria for including or excluding defined compo- 
ents of data, it r emov es subjectiv e bias fr om the anal ysis, allow-

ng full exploration of different facets of fruit quality. 
Uniformity of fruit size within a cultivar is another desir-

ble trait depending on the crop. T hus , millers prefer uniform
rain size in many small-grain cereals for processing reasons [ 61 ],
hereas “standard” scales for uniformity are defined in breed- 

ng many fruits. Notably in tomato, uniformity has been reported
s highest in small-fruited varieties [ 62 ], but particular alleles
f quantitativ e tr ait locus qMULTIPLE INFLORESCENCE BRANCH 2
 qMIB 2), a SPATULA -like gene, can contribute to fruit size stability

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae123#supplementary-data
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Figure 5: QTL mapping outputs and parental effect coefficients for each of the founder alleles for (A) length P 95 and (B) diameter P 95 phenotypes 
comparing group and isolation treatments. QTL analysis outputs (left) display the peak positions of QTL on chromosome 2, while the corresponding 
QTL names are shown above the parental effect coefficient bar plots (right). The position of the gene ER is indicated by a solid vertical line. Data are 
from the filtered population of 362 lines. 

Figure 6: QTL mapping outputs and parental effect coefficients for the significant QTL associated with the volume P 95 phenotype, comparing group 
and isolation treatments . T he peak positions of detected QTL on chromosome 1 are indicated by vertical dashed lines. Parental effect coefficient bar 
plots for the 2 significant QTLs in the group treatment are provided. No significant QTLs were found for the isolation treatment at these positions. 
Data are from the filtered population of 362 lines. 
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n larger fruited strains [ 63 ]. To assess uniformity, we used RSD , but
his had low heritability and did not r e v eal an y significant QTL, de-
pite the presence of a significant treatment effect that affected
he QTL mapping of RSD , as reflected in LOD (logarithm of the
dds) scores in certain genomic regions ( Supplementary Fig. S4 ).
ariation in silique morphology is perhaps influenced more by de-
elopment than genetics or treatment as the inflorescence stem
s determinate, with later flo w ers producing shorter siliques [ 64 ]. 

Conventional wisdom suggests that small training datasets,
ike ours, typically lead to overfitting in deep learning models.
o w e v er, despite being tr ained on onl y 44 ima ges and ar ound
,000 annotated siliques, our model generalised well to the re-
aining dataset. This is likely due to the uniform bac kgr ound

nd the high number of single-class objects per image . T he abun-
ance of objects per image also makes the loss value at each train-
ng step more informativ e, whic h is crucial given the variability
n siliques’ shape , size , openness , and fertility within the same
lant. Our image and data acquisition strategy enables effective
ne-tuning of a COCO pr etr ained model for our specific task. We
hose to use a smaller backbone for the model, ultimately decid-
ng to use RegNetX 1.6GF, a model with a ppr oximatel y half the
arameter count of ResNet-50. The RegNet family of CNNs is de-
igned to hav e mor e efficient-sized depth and width to reduce re-
undancy in parameters. We found that using a smaller backbone
esulted in equal or improved detection and segmentation results
ompared to its larger parameter-count siblings . T his implies the
arger models overfit easily on this constrained dataset, and the
egularisation effect of reducing the model size benefits this task.
educing model size also allo w ed more memory to fit the large

mages during training. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giae123#supplementary-data
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Conclusion 

This article has presented a deep learning pipeline capable of 
phenotyping mor phometric tr aits of siliques of A. thaliana . It 
demonstr ates an innov ativ e a pplication of deep learning mod- 
els as a phenotyping tool, focusing on the capability of relat- 
ing phenotypic variation to the genome. In particular, our work 
expands the knowledge of what is possible with automatically 
collected phenotype data through deep learning, r e v ealing that 
high-confidence QTL can be identified on the basis of morphology 
phenotypes from a deep learning model. The systematic verifica- 
tion r esults demonstr ate that our deep learning phenotyping data 
have the quality and accuracy required for genetic analysis of con- 
tinuous morphometric characteristics of attached plant organs, in 

the context of high-precision quantitative phenotyping. 
The phenotypic and genotypic datasets, as well as the code and 

models de v eloped in this study, ar e full y av ailable at the open data 
r epository . We ensur e r epr oducibility by adhering to FAIR princi- 
ples and providing ste p-by-ste p documentation, allowing for ease 
of replication by the scientific community. In k ee ping with the 
principles of open science, our pipeline not onl y pr ovides imme- 
diate insights into silique morphology but also acts as a foun- 
dational tool for future open-source de v elopment. Researc hers 
working in different phenomics environments can modify our 
pipeline, allowing for extended applications beyond A. thaliana .
The scalability of our pipeline underscores its potential for appli- 
cation in other large-scale phenotyping studies, such as those in 

cr op br eeding pr ogr ams or ecological field studies. As deep learn- 
ing continues to e volv e, models like ours are well positioned to be 
further reinforced to handle the increasing data complexity and 

volume inherent to high-throughput plant phenotyping. 
Our phenotyping a ppr oac h has dir ect implications for pr eci- 

sion a gricultur e and br eeding, allowing for the high-r esolution 

quantification of k e y a gr onomic tr aits. Ada ptation to other plant 
species with similar arc hitectur es, especiall y Br assica seed crops,
should be r elativ el y str aightforw ar d. While our model generalizes 
well on this r elativ el y focused dataset, futur e r esearc h could ex- 
plor e mor e div erse datasets or augment existing data to impr ov e 
r obustness. Additionall y, these ima ge collections contain a wealth 

of additional interesting information, so expanding the pipeline to 
detect other plant structur es (suc h as petioles , stems , and flo w ers) 
and features (e.g., branch angles , numbers , and organ positions) 
could enhance its applicability to broader plant phenomics stud- 
ies. We hope this extensiv e ima ge dataset and associated genetic 
tools will motivate others to reuse these data. 

Availability of Source Code 

MorphPod: Deep learning phenotyping of Arabidopsis fruit mor- 
phology 

� https:// github.com/ kieranatkins/ silique-detector/ [ 65 ] 
� Operating system: Platform independent 
� Pr ogr amming langua ge: Python, R 

� Other r equir ements: see public envir onment file 
released under GNU GPL v3 

� bio.tools: biotools:morphpod 

� RRID: MorphPod ( RRID:SCR _ 026174 ) 
� This code has also been arc hiv ed in Software Heritage [ 66 ]. 

GIMP Image Annotator (GI À): a lightweight GIMP plug-in for com- 
puter vision-assisted image annotation 

� https:// github.com/ kieranatkins/ gimp- image- annotator [ 67 ] 
� Operating system: Platform independent 
� Pr ogr amming langua ge: Python 

� Other r equir ements: GIMP 
� released under GNU GPL v3 
� bio.tools: biotools:gimp _ image _ annotator
� RRID: gimp _ image _ annotator ( RRID:SCR _ 026175 ) 
� Workflow hub: 10.48546/workflowhub.workflow.1229.1 [ 68 ] 

dditional Files 

upplementary Fig. S1. Data Collection GUI: a screenshot of the
UI running alongside GIMP to manage the collection of training
ata. 
upplementary Fig. S2. Heritability estimations: estimations of 
eritability of each of the explored phenotypes, for each silique
rait. Calculated via a linear mixed model using an ov er all kinship

atrix, with batc h intr oduced as a cov ariate. Eac h silique tr ait is
hown with each phenotype metric derived from the data, includ-
ng the mean ( μ), P 95 , and RSD . Data ar e fr om the filter ed popula-
ion of the 362 lines. 
upplementary Fig. S3. (A) QTL mapping for mean phenotypes 
or length, diameter, volume, and area. Horizontal dashed lines 
 epr esent the significance threshold calculated using permuta- 
ion tests (number of permutations = 1,000, p < 0 . 05 ). (B) Genes
ith r ele v ant ontologies r elated to fruit de v elopment, or gan de v el-
pment, and organ morphogenesis (set 1) and seed development 
set 2) are shown as vertical lines indicating the starting positions
f the gene. Group treatment is represented in red and isolation
n blue. Data are from the filtered population of the 362 lines. 
upplementary Fig. S4. (A) QTL ma pping for r elativ e standard de-
iation ( RSD ) phenotypes for length, diameter, volume, and area.
orizontal dashed lines r epr esent the significance threshold cal-
ulated using permutation tests (number of permutations = 1,000,

p < 0 . 05 ). (B) Genes with r ele v ant ontologies related to fruit devel-
pment, or gan de v elopment, and or gan mor phogenesis (set 1) and
eed de v elopment (set 2) are shown as vertical lines indicating the
tarting position of the gene. Group treatment is represented in
ed and isolation in blue. Data are from the filtered population of
he 362 lines. 
upplementary Table S1. Phenotypes: descriptions of calculated 

henotypes for each genotype. 
upplementary Table S2. P air ed-sample t-test r esults for the
opulation-le v el anal ysis of the effect of competition for the P 95 

henotypes, comparing the distributions of both treatments. Data 
rom the filtered population of the 362 lines. 
upplementary Table S3. Gene ontologies used to subset the list
f genes. 

bbreviations 

P: av er a ge pr ecision; AR: av er a ge r ecall; CNN: convolutional neu-
al network; COCO: common objects in context; IoU: intersection- 
ver-union (also J accar d Index); LOD: logarithm of the odds;
AGIC: m ultipar ent adv anced gener ation intercr oss; QTL: quan-

itativ e tr ait locus; R-CNN: region-based convolutional neural net-
ork; RIL: recombinant inbred line; RSD: relative standard devia- 

ion (also coefficient of variation). 
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