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Abstract: Blueberry fruit phenotypes are crucial agronomic trait indicators in blueberry breeding,
and the number of fruits within the cluster, maturity, and compactness are important for evaluating
blueberry harvesting methods and yield. However, the existing instance segmentation model cannot
extract all these features. And due to the complex field environment and aggregated growth of
blueberry fruits, the model is difficult to meet the demand for accurate segmentation and automatic
phenotype extraction in the field environment. To solve the above problems, a high-precision
phenotype extraction model based on hybrid task cascade (HTC) is proposed in this paper. ConvNeXt
is used as the backbone network, and three Mask RCNN networks are cascaded to construct the
model, rich feature learning through multi-scale training, and customized algorithms for phenotype
extraction combined with contour detection techniques. Accurate segmentation of blueberry fruits
and automatic extraction of fruit number, ripeness, and compactness under severe occlusion were
successfully realized. Following experimental validation, the average precision for both bounding
boxes (bbox) and masks stood at 0.974 and 0.975, respectively, with an intersection over union (IOU)
threshold of 0.5. The linear regression of the extracted value of the fruit number against the true value
showed that the coefficient of determination (R2) was 0.902, and the root mean squared error (RMSE)
was 1.556. This confirms the effectiveness of the proposed model. It provides a new option for more
efficient and accurate phenotypic extraction of blueberry clusters.

Keywords: cluster phenotype; phenotype extraction; instance segmentation; hybrid task cascade;
profile detection

1. Introduction

The northern highbush blueberries (a group of different horticultural varieties result-
ing from mutations of the wild corymb bilberry and their interspecific crosses) are the
earliest cultivated species of blueberries. This group of blueberries has the highest eco-
nomic value of all blueberry species, and nearly 100 varieties are currently in production [1].
Blueberry fruit is rich in anthocyanins, organic acids, vitamins and other biologically active
substances, which have antioxidant, vision protection, anti-cancer and anti-inflammatory
effects [2]. As consumers are becoming more and more concerned about the health benefits
of blueberries, the market demand for fresh blueberries has surged and the production of
blueberries is rising rapidly. The global blueberry production rose from 622,900 tons in
2016 to 850,900 tons by 2020 [3,4]. The traditional harvesting of highbush blueberries is
completed by hand in batches, which generally lasts for three to four weeks, thus requiring
a large amount of labor during the harvest season [5]. With the surge in global blueberry
production, labor costs are rising rapidly. As a result, more and more blueberry growers are
seeking alternative harvesting options [6]. Currently, there are two main alternatives, the
“granular” mechanical harvesting model and the “bunch” whole-crop harvesting model.

The “granular” mode of mechanical harvesting is suitable for blueberry varieties with
loose clusters. Breeding blueberry varieties for mechanical harvesting has been underway
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since the mid-1990s [5]. According to blueberry breeders, in order to develop varieties
suitable for mechanical harvesting, the following factors should be taken into account:
narrow upright bush structure, relatively concentrated ripening of fruits, and loose clusters.
Wang et al. [7] pointed out that the principle of mechanical harvesting of blueberries is to
vibrate the fruits by inertia around the stalks. This vibration overcomes the bonding force
with the stalks and sheds the fruits. For blueberries with very dense clusters, the fruits are
so closely adjacent to each other that it is difficult to produce vibration around the stalk. In
addition, mechanical harvesting can realize selective harvesting according to the different
binding force between mature and immature fruits and fruit stalks. However, in the case
of tightly clustered blueberries, the mature and immature fruits squeeze each other. This
makes it difficult to realize selective harvesting of mature fruits.

The “bunch” mode of whole cluster harvesting is suitable for blueberry varieties
with dense clusters and uniform maturity onset. In addition to granular picking, with the
continuous development of breeding work, there are also new blueberry varieties suitable
for spike harvesting, such as “morning snow” [8]. Pellet harvesting of blueberries brings
about the wound of the fruit tip scar, which causes the blueberries to be easy to soften and
rot. The “bunch” whole-ear picking mode solves the problem of claw marks caused by
granular picking. It also has the advantages of saving time and labor and shortening the
picking cycle. When cultivating blueberry varieties suitable for the “bunch” picking mode,
blueberry breeders take the main direction of cultivating blueberry varieties with dense
clusters, consistent ripening period, good productivity and uniform fruit size.

Different picking patterns place different demands on the traits of blueberry clusters.
Granular mechanical picking requires blueberries with loose clusters, while spike harvest-
ing requires blueberries with compact clusters. Xu et al. [9] pointed out that breeding
blueberry varieties suitable for mechanical picking is one of the future trends in blueberry
breeding. Meanwhile, in response to the diversification of the blueberry market, breeding
new blueberry varieties with dense clusters and suitable for spike picking mode will also be
an important direction for future breeding. Therefore, evaluating the cluster compactness of
different blueberry varieties can help in selecting genotypes for specific harvesting patterns
in blueberry breeding efforts. In addition, although blueberries are similar to grapes in
that they hang in clusters, they differ considerably in their ripening process. Fruit on the
same cluster of blueberries vary widely in maturity, with fruit at the front end of the cluster
ripening first, followed by successive ripening later. Therefore, evaluating the maturity
of blueberry clusters can help determine picking time, as well as provide assistance in
breeding blueberries with consistent onset of ripening. Information on the number of
fruits within a cluster is also important for yield estimation. Therefore, a method that
automatically extracts these three traits from images would be of great interest to blueberry
breeding efforts.

There are few studies on blueberry cluster compactness. Brightwell et al. [10] catego-
rized blueberry cluster compactness into three classes by subjective observation. Compact
clusters were defined as all fruits being in contact with each other, and the first ripe fruit
was difficult to pick. Moderately compact clusters were defined as most of the fruits being
in contact with at least two fruits, and the first ripe fruit was difficult to pick. Loose clusters
were defined as the fruits might or might not be in contact with each other and were easy
to pick. However, this subjective definition is difficult to extract quantitatively. Ni et al. [11]
used Mask R-CNN to segment blueberry fruits and quantified cluster compactness as
the ratio of the area of the blueberry mask within the cluster to the area of the smallest
bounding box enclosing the blueberry. This method realizes the quantization and automati-
cally extracts the cluster compactness, but the model detection accuracy is not high due
to the serious occlusion problem in the image. The average precision on the test set with
IOU threshold of 0.5 is 71.6%, which makes it difficult to accurately detect and segment
the blueberry fruits. Therefore, it is very meaningful to find a method to realize accurate
detection of blueberry fruits and automatically extract the compactness.
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Shi et al. [12] showed that color attributes are one of the most important indicators
of blueberry maturity and quality. The harvest time and stage of the fruit is based on
the color and firmness of the fruit. Lobos et al. [13] defined the optimal harvest maturity
of blueberries as a peel color that achieves 100% blue coverage, which suggests that the
surface color can be representative of the ripeness of the blueberry fruit. Among the
traditional methods used for blueberry detection and classification, a favored approach
is to utilize the spectral properties of blueberries. Ma et al. [14] performed blueberry fruit
ripeness recognition in complex backgrounds based on hyperspectral image processing
techniques. The model achieved 96.1%, 94.7% and 91.2% accuracy for ripe, nearly ripe and
green fruits, respectively. However, the application of this method is limited by the fact
that the target spectra are susceptible to environmental variations, so the study needs to be
conducted indoors under ideal conditions of uniform illumination and no wind. Compared
to multispectral cameras, the amount of data generated using digital camera shots is much
less and the imaging time is greatly reduced [15]. Consequently, there is a growing focus in
research on utilizing visible light data for inspection while also showcasing its effectiveness
in identifying blueberry ripening stages. One of our objects is detection of blueberry fruit
ripeness in RGB images taken in the field and extracting cluster ripeness information.

Deep learning, renowned for its robust feature learning ability, has led to numerous
applications in RGB images in recent decades. By encoding various low-level features into
more discerning high-level representations, it enables the resolution of intricate problems
with enhanced accuracy [16]. Compared with traditional texture analysis methods, deep
learning models have stronger feature extraction and higher nonlinear representation
capabilities. The global structure and background information of the image can be better
understood. This is especially important for target segmentation in complex scenes. Deep
learning models find primary application in three key areas: object classification, detection,
and image segmentation [17]. Presently, research concerning the utilization of deep learning
techniques for blueberry fruit primarily centers around object classification and detection.
Some object detection models have been used for blueberry fruit detection. Wang et al. [18]
realized the recognition and detection of blueberry fruits with different ripeness in a natural
environment. They introduced a convolutional attention module on the basis of the original
YOLOv4-Tiny deep convolutional detection network structure. The model achieved an
average precision of 96.24%. In blueberry phenotyping studies, achieving precise pixel
regions is often necessary, a task not fully addressed solely through bounding box detection,
but rather through segmentation methods. In order to quantify the number of blueberry
fruits, Gonzalez et al. [19] proposed a Mask R-CNN based instance segmentation method
for detecting, segmenting, and quantifying captured blueberry images. They tested it using
different backbones such as ResNet101, ResNet50, and MobileNetV1. The best detection
results were obtained using the ResNet50 backbone, with average precision of 0.759 and
0.909 for bbox and mask, respectively, at an IOU threshold of 0.5. Mask R-CNN [20] uses
a single IOU threshold for positive and negative sample selection, which can produce
mismatch problems during training and testing, and it is not possible to improve the IOU
thresholds to obtain more accurate predictions. Mixing and cascading ideas is a powerful
strategy for improving task performance [21–23]. Our goal is to solve the mismatch problem
and produce more accurate predictions by gradually increasing the IOU threshold through
a hybrid cascade structure [24–26] for stage-by-stage refinement.

In order to realize the automatic extraction of phenotypic traits of blueberry clusters,
we propose a high-precision blueberry cluster phenotype extraction model (HPPEM) based
on hybrid task cascade, and make the following contributions:

(1) Aiming at the problem of low accuracy of blueberry detection under severe occlusion,
we adopt the ConvNeXt [27] backbone, hybrid cascade structure, and multi-scale
training to strengthen the feature extraction capability and realize the accurate seg-
mentation of blueberry fruits.
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(2) Combining contour detection, convex packet algorithm, and rotary caliper technology
to design algorithm modules to realize the automatic extraction of the number of
fruits, ripeness, and compactness within blueberry clusters.

(3) Use HPPEM to extract cluster phenotypes of four varieties of blueberries, compare
the trait differences between different varieties, and analyze the detection error and
quantity extraction error.

2. Materials and Methods
2.1. Data Collection

In June 2023, we collected images of different blueberry varieties from the field at a com-
mercial blueberry farm in Jinzhou District, Dalian City, Liaoning Province, China. We used
a digital SLR camera (Fujifilm X-S10, Tokyo, Japan) with a resolution of 6240×4160 pixels to
capture the images at different times (09:00–16:00). The object distance was approximately
1–2 m. The captured images of blueberries were categorized into two types: (1) natural
background under outdoor light (Figure 1A), and (2) artificial background (brown filet bag)
under outdoor light (Figure 1B).
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Figure 1. Images of blueberries on two different backgrounds. (A) Natural background. (B) Artificial
background.

Occlusion of blueberry fruits in images is a serious problem because blueberry fruits
grow in clusters and different fruits within the same blueberry cluster are very close to each
other. This includes various cases such as fruits occluding each other (Figure 2A), fruits
being occluded by leaves (Figure 2B), and fruits being occluded by branches (Figure 2C).
Although the occlusion problem greatly increases the difficulty of segmentation, it is
consistent with the real blueberry growth situation and helps to improve the robustness of
the model.
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The high complexity of images makes manual annotation a great challenge. We use
the image annotation tool LabelMe [28] (v5.2.1) for image annotation. Figure 3 illustrates
the image annotation process described in this paper. To ensure a high-quality annotated
dataset, the images were magnified approximately twice or more, and the boundaries
of each blueberry were delineated manually using polygonal contours. The annotations
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are divided into two categories: mature blueberries and immature blueberries. The blue-
violet fruits were labeled as mature blueberries and the green, red, or crimson fruits were
labeled as immature blueberries. Our team has dedicated substantial effort to the labeling
process, and we anticipate that this dataset will facilitate more comprehensive blueberry
phenotyping endeavors. These labeled images were used in model training to calculate
losses and optimize model parameters. The dataset consists of 707 images, including
508 images in the training set (466 natural backgrounds and 42 artificial backgrounds),
128 images in the validation set (118 natural backgrounds and 10 artificial backgrounds),
and 71 images in the test set (62 natural backgrounds and 9 artificial backgrounds).
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In addition, in order to compare and analyze the differences in phenotypic traits of
blueberry clusters from different varieties, images of four blueberry varieties (Berkeley,
Duke, Bluecrop, and Bluegold) were captured and datasets were created. The image dataset
consisted of 580 images with 29 blueberry clusters per variety, and 5 views (360 degrees)
were taken of each blueberry cluster. All images were taken with an artificial background
(brown paper bag) to avoid interference from other blueberries in the environment, and the
number of blueberry fruit was manually recorded while the images were taken in order
to later evaluate the model extraction effect. Figure 4 shows five views of one blueberry
cluster from each species. It can be seen that the Berkeley variety has the loosest clusters
while the other three varieties have relatively firm clusters.
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2.2. HPPEM

We constructed a high-precision blueberry cluster phenotype extraction model (HPPEM),
a novel cascade architecture for instance segmentation and automatic extraction of fruit
number, ripeness, and compactness, based on hybrid task cascade (HTC) by enhancing
feature extraction, improving the network structure, adding direct information flow, and
designing a specific phenotype extraction module. HTC, a cutting-edge two-stage image
instance segmentation algorithm, employs a robust cascade structure to boost performance
across multiple tasks, addressing the challenge of inadequate information flow among mask
branches at distinct stages in Cascade Mask RCNN. HTC successfully incorporates the cascade
idea into instance segmentation tasks by interweaving the detection and segmentation steps
in order to achieve joint multi-stage processing, and demonstrated excellent performance on
the COCO dataset [29]. HPPEM (Figure 5) cascades three Mask R-CNN networks. The mask
branches were made to utilize the updated bbox information by interleaving the box and mask
branches (arrow of pool pointing to Mi in Figure 5). In blueberry fruit instance segmentation,
bbox information holds significant importance. When the bbox identifies two adjacent fruits
as one object, segmentation becomes challenging. Hence, the integration of box and mask
branches facilitates more precise blueberry fruit segmentation. Direct information flow has
been incorporated between mask branches to maximize the utilization of mask features
obtained from the preceding stage (the arrow of Mi pointing to Mi+1 in Figure 5). Enabling
direct information flow enables the model to assimilate a broader spectrum of multi-scale
details from intricate images, thereby enhancing the precision of blueberry fruit segmentation.
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2.2.1. Feature Extraction

The initial hybrid task cascade leverages ResNet for feature extraction. Yet, with the
swift advancement of the transformer in image processing, the conventional residual net-
work is gradually supplanted or enhanced by the attention mechanism. While maintaining
the original CNN structure, the ConvNeXt network is derived, adjusting stage calculation
ratios, activation functions, data processing methods, and network structures, drawing
insights from the design of Swin-Transformer.

As shown in Figure 5, the model uses ConvNeXt as the backbone network for feature
extraction. The concept of group convolution is introduced, alongside the utilization of
depth-separable convolution, which offers benefits such as fewer parameters and reduced
computational load compared to the standard convolutional calculations of ResNet. Addi-
tionally, the incorporation of the inverse bottleneck layer structure enhances the overall
model performance while partially decreasing the model parameter size. A large convo-
lutional kernel is used for 7 × 7 convolutional operations, GELU is used as the activation
function, BN in the residual network is replaced with LN, and one LN is added before and
after downsampling and after global mean pooling to maintain the stability of the model.
Figure 6B illustrates the specific ConvNeXt Block.
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In order to maximize the performance of the ConvNeXt network and adapt it to the
needs of HTC, we have made some specific adjustments and improvements to ConvNeXt.
First, to balance performance and computational resources, we use ConvNeXt’s tiny ar-
chitecture as the backbone network and choose appropriate Drop Path rate and layer
scale initialization values to improve regularization and stability. Second, HTC relies on a
feature pyramid network (FPN) to handle multi-scale features. Therefore, it is necessary
to integrate the FPN structure on top of ConvNeXt. Multiscale feature maps suitable for
FPN inputs are generated by adjusting the outputs of each layer of ConvNeXt, specifying
the output levels as [0, 1, 2, 3] and matching the corresponding number of output channels
[96, 192, 384, 768]. These improvements allow ConvNeXt to be more effectively combined
with FPN to handle multi-scale features and improve the overall performance of the model.

2.2.2. Multi-Scale Training

The input size of an image has a significant impact on model performance. Our
dataset covers images taken at a variety of shooting distances and angles, with images of
blueberries of varying sizes and many with only a small portion of the blueberry visible
due to occlusion issues. These blueberries are labeled as ground truth to better approximate
the actual situation. Due to the small feature maps generated by the network relative to the
original image, the model struggles to capture the features of the blueberry fruits, resulting
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in failure to detect them. Such an approach could potentially hinder model performance. To
address this challenge, we adopted a multi-scale training strategy. This method predefines
multiple fixed scales and randomly selects one for training during each training cycle.

Recent studies [30] have shown that a set of modern training techniques can signifi-
cantly improve model performance. We borrow a training technique from the transformer
architecture [31] and set up a list of scales as shown in Table 1. The short side is randomly
sampled from between 480–800, and the long side is fixed to 1333. A scale is randomly
selected from this list for each iteration during training. This enhanced training method
effectively improves the performance of our model and increases the accuracy of the model
under different target sizes.

Table 1. Scale Selection.

Scales

(480, 1333), (512, 1333), (544, 1333), (576, 1333), (608, 1333), (640, 1333),(672, 1333), (704, 1333), (736, 1333), (768, 1333), (800, 1333)

2.2.3. Phenotype Extraction Module

This module realizes automatic extraction of blueberry cluster phenotypic information
by parsing the results of instance segmentation, obtaining the scores, labels, and counts of
all instances in the image, calculating the number of mature and immature fruits, the area
of the cluster mask and the area of its smallest rotated outer rectangle, and then calculating
the number of fruits, maturity, and compactness within the clusters. Among them, cluster
maturity was defined as the ratio of the number of mature fruits (Nm) to the total number
of fruits in the cluster (N), and cluster compactness was defined as the ratio of cluster mask
area (Sm) to the minimum rotated outer rectangular area of the cluster (S).

clustermaturity =
Nm

N
(1)

clustercompactness =
Sm

S
(2)

The calculation process of cluster mask area and minimum rotated outer rectangle
area is shown in Figure 7. The mask matrix is obtained by performing Run-Length Decode
on the counts value in the segmentation result. The matrices of all instances in the image
are merged, and the binary conversion is performed on the merged matrix using threshold
to obtain the binary map. Contour detection and contour merging are performed on the
binary map. The Sklansky algorithm is used to find the convex packet of the contour point
set and the rotating calipers algorithm is used to find the minimum outer rectangle of the
convex packet. Count the number of pixels in the cluster mask and the minimum rotating
outer rectangle of the cluster, respectively. Since the minimum rotating outer rectangle is
rotationally invariant and its area does not change due to the rotation of the graph, the
compactness values extracted from its area are consistent.
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2.3. Evaluation Metrics

We use F1-score and average precision (AP) to evaluate the performance of the model.
F1-score is the reconciled average of precision and recall. It provides a more comprehensive
assessment of model performance by combining precision and recall and is an effective
metric for evaluating the performance of classification models. Average precision, which is
the area under the precision (P)-recall (R) curve, is now the most commonly used metric
due to its simplicity and representativeness. Average precision is calculated using the rubric
(Equation (7)) from the coco dataset [29] by interpolating each value of recall to obtain
maximum precision. A high AP value indicates a model achieving both high precision and
recall levels. The performance of the model was evaluated using the average precision
at IOU = 0.5 and IOU = 0.5 to 0.95, which are common thresholds used by researchers
to evaluate instance segmentation models. The definitions of each evaluation metric are
as follows:

Precision =
TP

TP + FP
(3)

Recall =
TP

TP + FN
(4)

F1score = 2 × Precision × Recall
Precision + Recall

(5)

pinterp(rn+1) = max
∼
r :
∼
r≥rn+1

p
(∼

r
)

(6)

AP = ∑
n=0

(r n+1 − rn
)
pinterp(rn+1) (7)

IoU(A, B)=
∣∣∣∣A ∩ B
A ∪ B

∣∣∣∣ (8)

where TP indicates the correct detection of blueberry fruit, FP is the wrong detection of
blueberry fruit, and FN represents the ground truth of blueberry fruit not detected. Precision
indicates the proportion of blueberry fruits identified by the model that are actually genuine
blueberries, while recall signifies the proportion of all actual blueberry fruits detected by the
model. p

(∼
r
)

represents the precision measured at a recall rate of
(∼

r
)

. IOU refers to the
intersection over union ratio between two bounding boxes, where A denotes the manually
labeled bounding box and B denotes the model-generated bounding box.

3. Results
3.1. Experimental Results

This paper employed the PyTorch (v2.0.1) deep learning framework for data analysis,
utilizing an Intel(R) Core(TM) i9-10900k (Intel, Santa Clara, CA, USA) processor, accompa-
nied by a 64 GB RAM, and a NVIDIA GeForce RTX 3090 (NVIDIA, Santa Clara, CA, USA)
graphics card for the modeling process. The model achieves an AP of 0.974 and 0.975 for
bbox and mask on the test set, respectively, which indicates that 97.4% of the bboxes and
97.5% of the masks in the test dataset match the real situation.

The trained model was used to detect and segment blueberry fruits and extract pheno-
typic traits (number of fruits within the cluster, cluster maturity and cluster compactness).
Figure 8 shows the experimental results of four test images from one blueberry sample
from each of the four varieties (Berkeley, Duke, Bluecrop, and Bluegold), and the results
show the blueberry fruit bounding box, the mask, the smallest rectangular box enclosing
the cluster, and the phenotypic metrics. The bounding box and mask accurately labeled
the blueberry fruit, including some that were heavily shaded. The number of fruits de-
tected in Berkeley_071 and Duke_037 were both one less than in the original image, and
the two undetected fruits had severe occlusion problems, with the visible portion being
extremely small and very similar to the occluded object. The number of fruits detected in
Bluecrop_008 and Bluegold_131 was the same as in the original image. All fruit ripeness
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was correctly detected. For the compactness metrics, although there were no real data to
assess the accuracy of the values extracted from the images, the differences in compactness
among the four varieties were consistent with our visual observations.
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We used HPPEM to phenotypically extract 116 clusters (580 images in total) of the
4 blueberry varieties collected. All phenotypic metrics were extracted using five different
viewpoint images of each blueberry cluster, where the maximum of the five viewpoints
was used for the number of fruits within the cluster, and the average of the five viewpoints
was used for cluster maturity and cluster compactness. The average phenotypic metrics for
each of the four varieties are shown in Table 2.

Table 2. Average phenotypic indexes of each of the four varieties obtained by extraction.

Cultivar Average Number of
Fruits in Cluster

Average Cluster
Maturity

Average Cluster
Compactness

Berkeley 9.828 0.696 0.548
Duke 9.655 0.407 0.567

Bluecrop 13.690 0.439 0.626
Bluegold 15.759 0.180 0.584

Of the four varieties, Bluegold had the highest average number of fruits in the cluster,
followed by Bluecrop. Bluecrop had about two fewer fruits than Bluegold. Berkeley and
Duke had the lowest number of fruits, averaging about nine. Berkeley had the highest
average cluster maturity while Bluegold had the lowest. Duke and Bluecrop had similar
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maturity levels, both slightly below 0.5, which means that less than half of the fruit was
ripe within the cluster. Berkeley had the lowest average cluster compactness and Bluecrop
had the highest, which means that Bluecrop had the most compactness between fruits in
the clusters and the fruits were less likely to fall off, whereas Berkeley’s fruits were the most
likely to fall off. From the above analysis, it can be concluded that Berkeley has the loosest
and most ripe fruit in the clusters for harvesting. However, the average of the phenotypic
indexes of each variety cannot represent the situation of each blueberry cluster, so we also
need to statistically analyze the situation of individuals.

As shown in Figure 9, the box plots show the differences in phenotypic metrics among
the four blueberry varieties. In terms of the number of fruits in the cluster, Bluecrop and
Bluegold were significantly higher than Berkeley and Duke, and Berkeley and Duke had
similar numbers of fruits. The analysis of cluster maturity showed that Berkeley had the
highest maturity, which indicated that there were more blue or dark blue mature fruits in
the clusters, while Bluegold had the lowest maturity, and Bluecrop and Duke had similar
fruit maturity. In terms of cluster compactness, Bluecrop had the highest compactness,
Berkeley had the lowest compactness while Bluegold and Duke had similar compactness,
which indicated that Berkeley had the loosest fruit in the clusters, which made it easier to
dislodge the fruit during harvest and facilitated selective harvesting of the mature fruits,
making it suitable for mechanical harvesting.
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3.2. Ablation Study

To assess the efficacy of each module in the enhanced method, we conducted an
ablation study, as outlined in Table 3. The ablation study tested the effect of a specific
module on the overall model performance by removing that module from the model. The
results of the experiments show that compared to the baseline model (hybrid task cascade),
the AP of both bbox and mask with an IOU of 0.5 improved by 2.6%, the AP of bbox
and mask with an IOU of 0.5 to 0.95 improved by 3.5% and 1%, respectively, and the
amount of model parameters was reduced by about 16 M. All metrics showed significant
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improvements. Figure 10 shows the AP changes during model training in the ablation
experiments, including the AP changes of bbox and mask for an IOU of 0.5 and for an IOU
of 0.5 to 0.95.

Table 3. Results of ablation experiments.

ConvNeXt Mulit-Scale
AP (IOU = 0.5) AP (IOU = 0.5~0.95) Params

(M)Bbox Mask Bbox Mask

- - 0.948 0.949 0.842 0.845 96.148√ 1 - 0.96 0.961 0.846 0.849 80.855√ 1 √ 1 0.974 0.975 0.877 0.855 80.855
1 √

indicates that the module is used.
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Accurate detection and segmentation of blueberries under heavy occlusion is a prereq-
uisite for feature extraction. The initial HTC employed a ResNet combined with a Feature
Pyramid Network (FPN) structure for object detection and segmentation. By using the
ConvNeXt network instead of the ResNet network, we successfully improved the accuracy
of detection and segmentation, with a 1.2% increase in AP for both bbox and mask at
IOU = 0.5. This effectively demonstrates that ConvNeXt has significant improvement in
blueberry fruit detection and segmentation under occlusion. The mask branch delineates
target boundaries, while object detection forms the basis for drawing the object’s mask. The
accuracy of subsequent calculations for blueberry cluster area and the smallest rectangular
box area heavily relies on the precision of the mask drawing. The AP of mask at IOU = 0.5
and IOU = 0.5~0.95 was significantly improved using the multi-scale training method.
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3.3. Comparative Study

Instance segmentation technique possesses the capability to identify image content and
location while also distinguishing individuals within the same category, facilitating more
precise extraction of phenotypic information. To compare the detection effectiveness of
different state-of-the-art algorithms on the blueberry dataset, we tested two-stage instance
segmentation algorithms (including Mask R-CNN, Cascade Mask R-CNN [32], and Hybrid
Task Cascade [26]), which are the better performers in the current stage, as well as one-stage
instance segmentation algorithms (including Yolact [33], SOLOv2 [34,35], CondInst [36],
QueryInst [37], Mask2Former [38], and YOLO V8). In each algorithm, we used pre-trained
weights and ensured that the experimental environment remained consistent.

Table 4 shows the results of the evaluation of the model’s ability to detect and segment
blueberries. The HPPEM proposed in this study has higher APs for bbox and mask than
other models at IOU = 0.5 and IOU = 0.5~0.95. The F1-score value of HPPEM is 0.938, which
is higher than other one-stage instance segmentation models and slightly higher than other
two-stage models. This indicates that it strikes a better balance between precision and recall.
HPPEM adopts a hybrid cascade structure to decompose the detection task into a series of
subtasks thus fully utilizing the rich box and mask information. It uses ConvNeXt as the
backbone network and employs multi-scale training to learn feature information at different
scales. Based on this method, it solves the problem of difficult blueberry segmentation
under severe occlusion and complex backgrounds and meets the demand for precise pixel
regions in blueberry phenotyping research, which helps to promote blueberry production
and management.

Table 4. Comparative test results.

Type F1-Score
AP (IOU = 0.5) AP (IOU = 0.5~0.95)

Bbox Mask Bbox Mask

Mask R-CNN 0.889 0.940 0.937 0.785 0.790
Cascade Mask R-CNN 0.919 0.942 0.933 0.814 0.793
Hybrid Task Cascade 0.931 0.948 0.949 0.842 0.845

Yolact 0.837 0.869 0.850 0.295 0.497
SOLOv2 - - 0.907 - 0.700
CondInst 0.906 0.905 0.911 0.811 0.781
QueryInst 0.883 0.797 0.810 0.620 0.664

Mask2Former 0.915 0.902 0.914 0.791 0.836
YOLO V8 0.898 0.911 0.911 0.789 0.752
HPPEM 0.938 0.974 0.975 0.877 0.855

4. Discussion
4.1. Detection Error

The model’s instance segmentation errors fall into four main categories: missed
detection, misclassification of two blueberries as one, misclassification of one blueberry as
two, and partial detection. In Figure 11A, an immature blueberry is occluded by leaves,
stems, and other blueberries, resulting in unsuccessful detection. In Figure 11B, a ripe
blueberry is occluded by three equally ripe blueberries, only a very small portion of which
is visible, and the occluded objects are so similar to each other that they are difficult
to distinguish even with the naked eye. In Figure 11C, a blueberry is occluded and its
visible portion is divided into two disconnected regions, resulting in a small portion of
the blueberry being incorrectly recognized as a separate blueberry. For partial detection,
as shown in Figure 11D, the upright sepals of an unripe blueberry were misidentified as
background. As a result of these misidentifications, the accuracy of segmentation decreases.
Despite some detection errors due to the occlusion problem in the image, overall, as shown
in Figure 8, from the segmentation results we can effectively extract the phenotypic traits
of the clusters of different varieties of blueberries.
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4.2. Quantity Extraction Error

To assess the difference between the number of fruits within blueberry clusters ex-
tracted by the model and the true value, we manually recorded the number of fruits within
the clusters as we photographed the blueberry samples. To analyze the cause of the error,
we used linear regression to compare the difference between the extracted and true values
and calculated the coefficient of determination (R2) and root mean square error (RMSE).
R2 reflects how well the model fits the actual data. A high R2 means that the model fits
the data well and the extracted values of fruit counts are close to the actual counts. The
RMSE is the square root of the sum of squared errors (SSE), which provides a standardized
measure of error that is easy to interpret. A low RMSE value indicates that the model
extracts a small error in the number of fruits.

SSE = ∑n
i=1

(
yi −

∼
yi

)2
(9)

R2 = 1 − SSres

SStot
(10)

RMSE =
√

SSE/n (11)

where yi is the actual value,
∼
yi is the predicted value, n is the number of samples, SSres is

the residual sum of squares, and SStot is the total sum of squares.
As shown in Figure 12, as a whole, the number of blueberry fruits detected by the

model is slightly lower than the number counted manually, and the error gradually in-
creases as the number of fruits in the cob increases. This is due to the fact that more fruits
in the 2D image are occluded by the fruits in the foreground. The few cases where the
number of detections was higher than the manual counts were due to the occlusion of the
fruits, where the visible portion was divided into multiple disjointed regions, resulting
in one fruit being incorrectly detected as more than one. A linear model was obtained
using the number of manual counts versus the number detected by the model (y = 0.860x +
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1.618) with a coefficient of determination (R2) of 0.902 and a root mean square error (RMSE)
of 1.556.
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In the four varieties’ separate linear models (Table 5), Berkeley’s R2 was the largest
and RMSE was the smallest, which indicated that Berkeley’s linear model predicted the
number of blueberries better and with the smallest error, whereas Bluecrop’s R2 was the
smallest and RMSE was the largest, which implied that Bluecrop’s linear model had the
largest error. The RMSE of the linear models for each of the three varieties were smaller
than the RMSE of the combined linear model, and Berkeley’s linear model had a higher R2

than the combined linear model which indicated that the linear model for a single variety
fitted the relationship between the number of hand counts and the number of detections
better than the linear model for the four varieties combined.

Table 5. Linear regression for each of the four varieties.

Cultivar Linear Model R2 RMSE

Berkeley y = 1.023 + 0.932x 0.959 0.627
Duke y = 1.311 + 0.920x 0.806 1.429

Bluecrop y = 1.406 + 0.838x 0.798 1.759
Bluegold y = 1.412 + 0.885x 0.895 1.313

5. Conclusions

In this study, a high-precision blueberry cluster phenotypic extraction model was
proposed for automated extraction of fruit number, maturity, and compactness. The bbox
and mask AP of the model reached 0.974 and 0.975, respectively, at an IOU threshold
of 0.5. Phenotypic traits extracted from the model for four blueberry varieties showed
that Berkeley had the highest ripeness and the lowest compactness at the beginning of
June, Bluecrop had the lowest ripeness but the highest number of fruits, and Bluegold
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had a higher number of fruits compared to the other two varieties. The model proposed
in this paper detects and segments blueberry fruits with high average precision, which
improves the efficiency and accuracy of blueberry phenotyping. Fruit number, maturity,
and compactness analyses of blueberries could be incorporated into breeding programs to
screen genotypes that are more suitable for mechanical or spike picking. In conclusion, the
results of this study provide technical support for the automatic extraction and analysis
of blueberry cluster phenotypes, which is of great significance for blueberry breeding.
Meanwhile, the design idea and improvement of HPPEM proposed in this paper can
provide a reference for designing automated phenotype extraction models for other crops
in the future. In future research, in order to further enhance the phenotype extraction, we
can consider combining multimodal data, such as infrared images, hyperspectral images,
etc., and fusing them with visible light images to extract richer phenotypic features and
improve the accuracy of the model. Alternatively, three-dimensional reconstruction of
blueberry spikes through point cloud segmentation can be considered to obtain more
accurate phenotypic information.
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