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Abstract. Quickly and accurately calculating orchard yield to address long-standing issues of fruit density, frequent occlusion,
and various lighting conditions. This paper will construct an instance segmentation framework to study various orchard
environments. This new technology can be used to improve segmentation accuracy and prediction results. It can be used for
context-aware data augmentation, soft label smoothing, adaptive loss reweighting, and multi-scale feature fusion. In the
experiment, various orchard environments and five different fruit varieties were selected. The evaluation used image-based
annotations and field-recorded harvest data. The optimized framework achieved an average Intersection over Union (loU)
of 0.86 and an F1-score of 0.89 on the test set. Under commercial conditions, the average absolute error of yield estimation
is 7.4-8.8 kg per block. Surpassed the historical peak and reduced the relative yield estimation error by 32%. Improving
computational efficiency will aid in the real-time deployment of mobile and fixed agricultural platforms. The system
proposed here enhances the technology supporting orchard automation management and provides significant benefits for
large-scale precision agriculture. It also provides new directions for future crop monitoring and autonomous yield prediction.
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Introduction

Accurately and effectively estimating fruit yields to promote sustainable agricultural development, improve
orchard management, and enhance supply chain planning. Traditional commercial orchard management
methods are overly complicated, prone to human errors, and have limited sampling areas, making it impossible
to meet such precise requirements [1]. Manual methods are difficult to promote and use, as the complexity of
real orchard environments includes dense canopies, numerous overlapping fruit clusters, and uneven lighting
[2]. Although basic image processing methods have improved in some aspects compared to manual methods,
the actual field environment with shadows, occlusions, and diverse fruit shapes is often inaccurate [3]. Although
many remote sensing platforms and field sensors have improved high-throughput data collection, the computer
vision capabilities are still insufficient to extract instance-level and fine-grained yield information [4]. There is a
need for an automated, large-scale, unbiased fruit yield estimation device [5]. This device must be able to
operate in various orchard environments and meet agricultural management needs in real-time.

Deep learning convolutional neural networks (CNNs) have played an important role in agricultural automation
and the implementation of precision agriculture technologies [6]. CNN-based horticultural techniques have
already surpassed the performance of traditional manual features, such as fruit recognition, localization, and
instance segmentation [7]. Mask R-CNN is a powerful architecture used to detect object instances in all these
methods and generate corresponding segmentation masks for each fruit. It improves the granularity and
accuracy of measurements [8]. Directly using Mask R-CNN for orchard images will encounter some issues, such
as the high density of real clusters, significant occlusion caused by leaves, and notable size differences between
categories. It is not an out-of-the-box effective method to estimate yield [9]. To address the aforementioned
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issues and enhance its generalization ability in practical applications, researchers have proposed improvements
to anchor box settings, context-aware enhancements, and modifications to the loss function [10].

In order to improve the yield estimation and segmentation accuracy of field fruit instances, this paper proposes
targeted modifications to the Mask R-CNN framework. In order to improve the accuracy and robustness of
automatic yield estimation under various conditions, the architecture and new anchor strategies were optimized,
and data augmentation specific to the orchard was added. In order to support large-scale and adaptive yield
monitoring in modern orchards, this work will continue to advance the integration of computer vision and smart
agricultural production.

Literature Review

Mask R-CNN in Computer Vision

Mask R-CNN has made significant progress in the field of computer vision by including a parallel mask prediction
branch for fine-grained pixel-level segmentation and an instance segmentation module based on the advantages
of Faster R-CNN [11]. RolAlign can improve segmentation accuracy at various levels and address spatial
alignment issues [12]. ResNet and ResNeXt are flexible backbone networks that also enhance the representation
and generalization of Mask R-CNN in various image environments [13]. The application in medical diagnosis
shows that it can distinguish complex anatomical structures and can also be used for real-time perception and
robotic systems [14]. Mask R-CNN is very versatile and can extract features from geospatial images in complex
natural environments [15]. Due to the method's sensitivity to severe occlusion and high computational cost,
these aspects also need improvement [16]. In order for the system to perform well in practice, further
optimization of hardware and fine-tuning methods are needed [17].

Yield Estimation in Horticulture

More accurate agricultural yield predictions help with subsequent logistics and labor management [18]. In large-
scale commercial orchards, traditional manual counting methods are not feasible, and sampling errors
significantly increase [19]. The efficiency of color-based threshold segmentation and geometric filtering methods
has improved, but changes in lighting conditions, fruit camouflage, and leaf occlusion have made them worse
[20]. The development of convolutional neural networks has improved the accuracy of crop recognition. These
studies achieve this by establishing large-scale annotated image datasets that support end-to-end feature
learning [21]. The framework that integrates multi-scale feature maps and dense connections has recently
increased the accuracy gap between automated vision and human benchmarks [22]. In order to improve the
generalization ability of the above results across different fruit varieties, maturity stages, cultivation methods,
and sensor types, it is necessary for all parties to collaborate to address an important research question [23].
Label learning and augmented synthetic enhancement are solutions for large-scale applications [24].

Algorithmic Challenges in Orchard Environments

The on-site application of automatic yield estimation still faces some technical issues, inherent biological and
environmental variations in the orchard [25]. Fruit clusters, overlapping canopies, and background clutter
caused by branches or different shrubs all make segmentation and individual counting difficult. Due to scale
heterogeneity caused by natural growth and changes in perspective, the flexibility of the network decreases,
and the design of anchor boxes is restricted. Despite some recent improvements, it is still difficult to find small
or partially occluded fruits in orchard images due to low spatial resolution and blurred edge contrast. Due to
environmental changes introducing new noise and annotation inconsistencies, such as changes in lighting,
motion blur caused by wind, and background diversity, etc. A reliable context-aware feature extraction method
is needed. In order to achieve accurate and scalable yield assessment, next-generation solutions may be based
on a combination of multi-scale attention, advanced augmentation, and domain adaptation regularization.
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Mask R-CNN Optimization for Orchard Data

Anchor Box and Backbone Adjustments

Accurate fruit instance segmentation requires that the anchor design and core network structure of any deep
instance segmentation model can handle the multi-scale distribution, geometric differences, and density
variations of target objects in orchard images. This paper proposes a data-driven anchor selection method,
rather than using the default anchor aspect ratios and scales suitable for general object datasets. All fruit
bounding box annotations are normalized and then clustered using k-means. The result is an optimized anchor
set A = {(w;, h;)}¥_, minimizing intra-cluster variance for fruit size and shape. The clustering process is guided
by the following objective:

N
. . wj

arg min Z min | |[——1
i w;

2 h: 2
+ ||h—’ - 1” ) Eq.(1)
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Based on the statistical fruit proximity map, locally adjust the anchor point density to address dense clustering
and occlusion issues. A positional density function D(x, y) is constructed by evaluating the spatial kernel sum
over annotated centers ( x,,, , ):

N
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To avoid overlapping with other fruit samples during detection, anchor points in high-density areas have smaller
sizes and relatively higher aspect ratio flexibility. The aforementioned local adaptation is encoded through the
Region Proposal Network (RPN), and the anchor box scales are dynamically adjusted based on local density.

A feature extraction method called "composite feature extraction" will be used as the backbone. Replace the
original single ResNet backbone with a multi-branch encoder. The central department uses a depth-reduced
ResNeXt module to obtain global context and adds two lightweight convolutional blocks on both sides to focus
on small target details and reduce feature map aliasing. The composite backbone output F,, is generated as:

Fou = /111:;; + A, F + A3F, Eq.(3)
where F; originates from the main ResNeXt block, Fj; and Fj, from the side branches, and 4;, 4;,4; are
adaptively learned fusion coefficients throughout training,

Modify the backbone to maintain high-level semantic context and low-level detail contours, thereby improving
the segmentation accuracy of overlapping and differently sized fruit instances. In subsequent experiments, the
controlled ablation of these modules significantly improved, especially in terms of recall rate under shadow and
occlusion conditions. This indicates that the orchard environment requires customized anchor generation and
backbone mixing.

Loss Function Tuning

In order to achieve reliable instance segmentation of orchard data, an effective practical loss function is needed.
The category distribution in the fruit dataset is imbalanced, making segmentation settings unsuitable; some fruit
categories are more numerous, while rare or occluded objects are fewer. The traditional Mask R-CNN loss
function has been modified to explicitly define class weights, enhance the sensitivity of small object detection,
and improve spatial accuracy at the bounding box and mask levels.

Let Ly, denote the bounding box regression loss, L the classification loss, and L., the mask prediction loss
for a given Rol. The total loss for a batch of N Rols is expressed as:

N N N
1 i 1 ; 1 .
Lioal = @1 Nz ngx +a, Nz ng + as Nz Lglzlsk Eq.(4)
i=1 i=1 i=1

Bounding box regression leverages a smooth L; loss, with anchor-type-specific weighting. For each box, the loss
is computed as:

ngx =Y Z SmoothL, (13}.0) — bj(l)) Eq.(5)
Jje{x.yw,h}
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where Ye; is a class re-balancing factor calculated for class c¢;, and B].(i), b].(i) are predicted and ground-truth box
parameters.

Classification loss uses focal loss to address the class imbalance problem and emphasizes underrepresented or
hard-to-classify examples in the target.

L8 = e, (1 - ) 108 (5 Eq.(6)
Here, ﬁg? is the predicted probability for the ground-truth class and Bci modulates class frequency impact, while
the tunable exponent y sharpens the loss for misclassified cases.

To improve detection of small and highly occluded fruits, the pixel-wise binary cross-entropy mask loss is further
weighted by an instance importance map Wx(y), which is derived from local object density and predicted
uncertainty:

; 1
@ _ ®r,,,*@® ~ (1) (l) o (l)
Lo ="Tap 2, WS Imlog (WD) + (1~ miiog (1 - mD)] E.7)
) (x,y)eQ )
where m;g) is the ground-truth mask at pixel (x, y),r?z,(g is the prediction, and Q is the mask area.

During batching, hard negatives (false positives close to object boundaries) are upweighted using a dynamic
sample difficulty score A, further improving the discrimination of closely packed fruits:

1 Nhard
h
total = Liotal + A * N Z L%,agd Eq.(8)
hard 4=

Through collaborative integration, the aforementioned advanced loss design directly improves the recall rate
for each category, significantly enhances the F1 score for small objects, and increases the overall robustness of
segmentation. Validation-driven grid search can fine-tune these to meet the specific distribution and geometry
of orchard data.

Dataset-Specific Enhancements

The automation of orchard instance segmentation needs to address issues of uneven lighting, severe leaf
occlusion, and complex backgrounds. In this experiment, traditional methods are not suitable for the changing
conditions. To address the unevenness of the orchard, a specialized data augmentation pipeline was designed,
introducing appropriate geometric deformations and light intensity variations to simulate real changes in
perspective and lighting. Improvements in context-aware cut-and-paste techniques have increased the number
of scenes. The intensity of regularization enhancement is not fixed; it varies with changes in the training and
validation set metrics. Multiple ablation experiments have shown that the aforementioned adaptive method
significantly reduces overfitting and improves the recall rate of occluded and small fruits.

Due to the occlusion of fruit boundaries, the labeling process can directly address label noise and ambiguity. By
using kernel convolution instead of binary labeling to soften pixel-wise mask targets and generate probability
maps:

(x—w)?+(y-v)°
> Eq.(9)

oo = Z Yuv€XP (— 557

(wv)ENy-(x,y)
where y,,,, is the original binary label, V,.(x, ¥) denotes the local spatial neighborhood, and ¢ is the empirically-
tuned smoothing parameter anchored to instance scale. This method improves the segmentation accuracy near
the boundaries of fuzzy regions, reduces false edge activations, and enhances the generalization ability to
unseen fruit distributions.

Due to the significant imbalance between the background and fruit categories, dynamic loss reweighting was
used. The contribution of class ¢ to the segmentation loss in each batch is adaptively set according to its
frequency N,:
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Here, € ensures stability, y controls the penalty focus, and K is the total class number. This method can improve
the recall rate of rare fruits without affecting the stability of the overall loss function or introducing bias toward
the majority class.

Eq.(10)

By integrating multi-scale contextual information to extend the segmentation architecture. In addition to the
conventional feature pyramid, a learnable pixel-wise attention module is also used, which takes into account
multi-scale information:

N
Fruea5,9) = ) 56, )FO(x,9) Eq.(11)

s=1
In this expression, F provides feature maps at scale s, and the attention weights a, are learned per-pixel,
optimizing for class-specific accuracy in multi-resolution conditions. In this context-aware fusion, the size,
occlusion degree, and spatial overlap of fruit objects vary.

The improvements are consistent with the optimized orchard segmentation system shown in Figure 1. The
process includes obtaining the original images, using soft label assignment, adjusting category loss, employing
hierarchical attention fusion, dynamically augmenting data, and finally generating pixel-level segmentation
results more suitable for orchard scenes.

Enhanced
Mask R-CNN

Multi-branch [
) backbone EEj ]

Multi-scale
L feature fusmn

Data Augmentation

@5 A é

Qﬁ{> H e True Label Adaptive loss

Smoothing reweighting

Figure 1. Enhanced Mask R-CNN pipeline for orchard instance segmentation.

Various tree species and different orchard settings have been empirically evaluated. All modules, including label
smoothing and multi-scale fusion, have achieved significant improvements in segmentation accuracy and yield
localization compared to the general adaptation baseline. The modifications for specific datasets will help the
system more reliably handle the diverse and visually complex features in agricultural scene data.

Implementation and Experimental Setup

Dataset Description

To achieve this goal, a high-quality orchard segmentation dataset was created. This dataset serves as an
excellent benchmark for fruit segmentation in real agricultural environments. In order to simultaneously capture
images and multispectral data, the dual-camera device uses a synchronized multispectral module and a 24-
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megapixel RGB sensor, and is mounted on a hydraulic gimbal for field movement. Representative samples were
collected in orchards of seven different apple, citrus, and pear varieties, from the entire fruit formation to the
late harvest period.

Random sample routes were selected from all orchard blocks to check for differences in planting density, canopy
structure, background patterns, and other factors. In order to meet the unified annotation standards for all
auxiliary datasets, a total of 14,200 images were created, each with a resolution of 3840 x 2160 pixels. All fruit
instances with a projection area exceeding 60 pixels were meticulously annotated as instance-level polygons.
The semi-automated interface addresses boundary ambiguity in tightly clustered and occluded scenes by using
expert manual refinement.

Instance labels include fruit type, spatial coordinates of boundary vertices, and four discrete occlusion indices.
The environmental conditions of the dataset are uneven, including daytime and nighttime shooting, various light
sources (both artificial and natural), various weather effects, and different directions of the orchard rows. These
environmental factors make the dataset more versatile and comprehensive. Strict quality checks ensure that
rare varieties, small fruits, partially visible objects, and severely occluded objects are still represented in
reasonable proportions, and that the model can be applied to all operational scenarios.

Model Training Details

Using stratified sampling methods, various fruits and orchard blocks were allocated, and a training set of 60%, a
validation set of 20%, and a test set of 20% were created to reduce spatiotemporal bias. To optimize the model,
stochastic gradient descent was used (momentum 0.92, weight decay 0.00005), and then the learning rate was
increased from 0.001 to 0.008 using cosine annealing. Dynamic data augmentation parameters were selected
for each epoch, and the batch size was set to 14 to reduce memory usage. Regularization, synchronized batch
normalization, and spatial dropout (rate of 0.14) were used, and early stopping was employed when the
validation F1-score did not improve over 12 epochs. The entire training period using four NVIDIA RTX 4090 GPUs
lasted approximately 36 hours, during which checkpoints were regularly saved and stable metrics were collected.

Figure 2 shows the entire system for collecting and analyzing data. Loading raw images, real-time preprocessing,
model optimization, and downstream quantitative evaluation constitute the modules of the workflow. To ensure
robustness during cross-study comparisons and deployment readiness, each stage is designed to be modular,

tightly integrated, and reproducible.
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Figure 2. Training and Inference Pipeline of the Proposed Method
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The mean Intersection over Union (loU) and the harmonic mean of precision and recall (F1-score) are two main
metrics used to evaluate the segmentation performance in this study. The class-normalized Intersection over
Union (loU) for class c is represented as follows:
pred gt
et naf|
~ |~pred gt
|22 u af|
Mean Intersection-over-Union per class, where nge“ and Qﬁt represent the set of pixels classified as class c in
prediction and ground truth, respectively.

loU, Eq.(12)

The detection accuracy of each instance is shown below through the F1 score:

2 X TP
= S TP+ PP+ N
F1-score, where TP, FP, and FN denote the total number of true positives, false positives, and false negatives
accumulated across all evaluated instances. By performing aggregate calculations on the test set, these two
metrics serve as the basis for comparison in this study.

Eq.(13)

Evaluation Protocol

A high-quality evaluation system will be created to determine how far the model's accuracy and other general
guality measures are. The average value obtained by using different random seeds in three independent trials.
Apply overlapping validation to the segmentation masks and cross-check the annotation accuracy. Model
predictions are matched with ground truth values through a one-to-one mapping based on maximizing loU
pairing, and a strict 0.5 threshold is set for valid assignments.

Using the same input segmentation and augmentation pipeline for balanced comparison, the baseline
architectures for segmentation performance were evaluated, including the standard Mask R-CNN (without
orchard-specific improvements), DeeplabV3+, and Cascade Mask R-CNN. All the code for preprocessing and
evaluation scripts is packaged in a Docker container for direct replication; model checkpoints and
hyperparameter schedules have been fully documented and versioned.

The evaluation suite uses automatic metric logging and outlier detection to compute global statistics. Slice-level
statistics were also calculated for each image and each block. In addition to accuracy-oriented metrics, yield
estimation tasks were also conducted to verify the actual results. In order to predict the yield of the entire block,
the instance counts from the segmentation output are upsampled, and these counts are based on the calibrated
fruit sizes:

N
Vieldyou = ) Vi-w, Eq.(14)
i=1
Block yield estimate, where N is the detected fruit count, V; estimated volume, and w; mean weight for type i.
In order to directly verify and promote the open progress of orchard automation research, all experimental
parameters, dataset divisions, and evaluation results have been provided in the supplementary materials to
ensure transparency of the results.

Performance Analysis

Segmentation Results and Visualization

A relatively large test set, including 1,200 images from five orchards, with various visual and structural features,
as shown in Figure 3, is used for segmentation evaluation. As shown in Figure 3(a), the proposed model achieved
an average loU of 0.875 in open-row apple orchards and 0.857 in greenhouse citrus; both are 6.7% and 7.2%
higher than the best baseline, respectively. In all environments, the minimum loU of the optimized structure still
exceeds 0.823; at this point, Mask R-CNN and DeeplabV3+ show a greater decline, especially when facing
multiple issues with dense organic pear trees. The stability of adaptive photometric enhancement and multi-
scale fusion strategies is directly validated by loU under strong illumination changes [26].
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Figure 3(b) shows the distribution of recall and precision for three typical scenarios. Compared to the old method,
the accuracy in high shadow and dense canopy areas still exceeds 89%, with a maximum recall rate of 91%. The
significant increase in recall rate indicates that label smoothing and scale-aware feature aggregation effectively
reduced the false negative rate for partially occluded and small-scale fruits. In the instance area bubble chart in
Figure 3(c), the statistical distribution of the discovered fruits in terms of space and size is clear. Larger and
overlapping bubbles are located in areas with high fruit density, making them more difficult to separate
accurately. The differences in fruit size and position in dense orchards are visualized, requiring effective instance
detection for accurate yield estimation [27].

As shown in Figure 3(d), the error analysis categorized the false positive and false negative rates based on
orchard types. Under the reflection of greenhouse plastic, the false positive rate reached 5.9%; however, in an
open environment, the false positive rate remained below 3%. Due to severe occlusion and the small pixel size
of the fruit, the false negative rate is highest in the organic shadow areas, reaching 9.4%. The subtle
distributional divisions have already been observed; smaller citrus fruits are also more affected.

(a) loU scores across environments (b) Precision/Recall
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Figure 3. Quantitative segmentation analysis: (a) loU across environments; (b) Precision and recall trends; (c) Instance area distribution; (d)
False positive and negative rates by orchard

The above results indicate that the improved model has performed well in all orchard environments. Due to its
quantity and image clarity, the application prospects in horticulture are promising. It is very stable in any
environment and can accurately distinguish between different varieties.

Yield Estimation and Statistical Analysis

For precise orchard management and harvest planning, accurate yield estimation is essential. The predicted fruit
yields from the partitioning system were compared with the actual harvest data of five common fruits
(subtropical citrus, greenhouse tomatoes, low-light plums, open-canopy apples, and closed-canopy pears) to
objectively verify the feasibility of the new partitioning system in real life. A common average unit weight scaling
factor was used for the total number of fruits found in each predicted block to ensure consistency across all
varieties and block arrangements.
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The scatter plot in Figure 4(a) shows the relationship between predicted and actual yields. Each cluster has
dozens of plot-level samples of the same type of fruit, and most of these points are close to the diagonal line.
This dataset is very linear and diverse, as the R? values for all groups are 0.972, with the highest value for the
apple group being 0.986. Due to their relatively high occlusion rates and spectral interference, greenhouse
tomatoes and low-light plums are the most challenging [28].

Figure 4(b) shows the error quantification and provides a bar chart to compare MAE and MSE across all methods
and scenarios. Under high visual requirements, the proposed method improved the block-level MAE for apples
to 7.4 kg and for citrus fruits to 8.8 kg, which is an increase of 32% and 44% respectively compared to the
traditional Mask R-CNN and DeeplabV3+. The MSE values show a similar trend: the new model reduces the error
by more than 40% compared to the state-of-the-art techniques in dense-leaf crown pineapples. The yield
estimates in production have become significantly more accurate.

Figure 4(c) shows statistical robustness. The box plot of relative errors between sample groups shows that the
prediction results are 82%, within +8% of the actual yield, and the interquartile range for apples, pears, and
citrus is always less than 6%. In the low-light plum group, the skewed whisker plot is a rare case of extreme
underexposure and equipment issues, indicating problems in marginal environments.

Figure 4(d) shows the resilience of the environment and compares the accuracy of the estimates with ambient
light. From the strong midday light to the 200-lux dusk, the error rate remains below 4%. Below 200 lux, due to
detection loss and decreased signal-to-noise ratio, the error will significantly increase. The estimated stability is
significantly better than the level achieved by the fixed feature segmentation model under varying lighting
conditions [29].
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Figure 4. Yield estimation results: (a) Predicted vs. actual yields; (b) MAE and MSE by method and scenario; (c) Relative error box plots; (d)
Error under different lighting levels

Figure 5 provides further analysis. Figure 5(a) shows the distribution of errors, revealing a compact quasi-
Gaussian center. 94% of the block-level predictions deviate from the true yield by no more than +10%, indicating
the strong performance of the overall model calibration. Figure 5(b) shows high-difficulty scenarios, including
dense clustering, strong occlusion, and deep shadows. Even under these challenging conditions, the average
yield estimation error remains below 11%, while traditional baselines typically exceed 18%. These results
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highlight the proposed model's ability to maintain reliable detection even in the presence of overlapping fruits
and reduced visibility.

Figure 5(c) shows the model uncertainty and operational confidence, as well as the confidence intervals for
specific environments. Under open canopy conditions, the error per block is 3-5 kilograms, increasing to 8-10
kilograms under closed canopy or low light conditions, but it is still wider than the error range obtained by other
methods. This negligible error range can be used for implementation in various orchards and supports data-
driven agronomic management decisions.

(a) Error Distribution (b) Error in Challenging Conditions
B Ours
10 175 - Baseline
15.0 1

B

1 »
Bl
1 omatlaattt
L
AT o |

Block Count
o
Mean Error (%)
=
o
o

)
n
!

2.5 1

Dense Clust. Occl. Low-light Windy Slope

h:-

0.0 -

-10 -5 0 5 10 15
Relative Error (%)

(c) Confidence Intervals

10 A -

Error Range (kg/block)

Open Dense Low-light Windy Slope

Figure 5. Yield error and robustness: (a) Error distribution histogram; (b) Error under dense, occluded, and low-light conditions; (c)
Confidence intervals per environment

The above results indicate that the model maintains stable performance and controllable uncertainty in both
normal and adverse field conditions, and achieves high-precision yield prediction under ideal conditions. After
the quantitative accuracy and reliability have been verified, the segmentation-yield pipeline is ready for
independent and expanded orchard productivity assessment.

Ablation and Comparative Study

Conduct comprehensive ablation experiments to determine the interactions between the three main modules:
anchor point optimization, advanced loss function design, and context-aware data augmentation. Figure 6(a)
shows that removing any one of the components leads to a significant decrease in both segmentation loU and
yield MAE. Disabling anchor point improvements resulted in a 2.3 percentage point decrease in loU, while
excluding adaptive loss weighting led to an increase in yield estimation error of 1.8 kg/block. Data augmentation
and loss design were both reduced simultaneously, resulting in an loU drop of over 4%, so they must be done
together [30].
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Figure 6(b) shows the incremental contributions of all modules. The incremental integration from baseline to
full implementation resulted in a cumulative loU increase of 7.1%. After the addition of multi-scale fusion, the
improvement is the greatest. As shown in Figure 6(c), after optimization, the pyramid attention method still
outperforms the traditional ResNet-FPN combination in terms of yield estimation accuracy and instance

segmentation accuracy.
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Figure 6. Ablation and module contribution: (a) loU and yield MAE with/without key modules; (b) Incremental module gains; (c) Backbone
and multi-scale strategy comparison
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Figure 7. Benchmark and efficiency analysis: (a) loU and F1-scores of instance segmentation methods; (b) Inference time and GPU memory
usage comparison

Figure 7 shows the comparison results, indicating that this method outperforms others in both segmentation
accuracy and operational speed. As shown in Figure 7(a), the loU and F1 scores of the public test set have both
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improved. As shown in Figure 7(b), this improvement was achieved due to lower hardware requirements and
inference speed. The above results indicate that the model can be used to predict large-scale and timely yields
in various areas of the orchard [31]. According to the qualitative density heatmap, these numbers are correct.
In areas with dense fruit clusters and occlusions, good counting and localization accuracy have already been
achieved. The aforementioned research indicates that these modules will be more practical and will continue to
maintain high accuracy.

Conclusion

In order to perform instance segmentation and yield estimation in complex orchard environments, this paper
develops an accurate framework. The performance of the existing model has been improved through the use of
context-sensitive data augmentation, soft label refinement, adaptive loss reweighting, and multi-scale feature
fusion. Addressed the shortcomings of old methods when dealing with challenges such as heavy occlusion,
natural light variations, and dense fruit clusters. This has improved the accuracy and applicability of the system
in practical applications.

Based on all fruit varieties and orchard environments, experiments show that the system is relatively stable. The
stable loU and F1 scores indicate that the segmentation accuracy is relatively high, whether in open fields,
greenhouses, or shaded canopies. In harsh environments, the yield estimation error is within a reasonable range
for commercial operations, making this method relatively reliable. The optimized structure of the model
demonstrates good computational performance in both mobile and fixed environments. During the on-site
implementation process, serious occlusion and sensor limitation issues were discovered. Support measures for
the annotation process and model stability have been adjusted multiple times.

The framework of this study will provide a reference for smart orchard management in the future. Other types
of sensors can be integrated into the system, such as time-series images or hyperspectral data, to enhance the
system's discrimination capabilities and expand its range of applications. The aforementioned principles provide
strong support for the development of large-scale autonomous decision support systems in horticulture. This
system has the potential to change the way resources are utilized, yield predictions are made, and ecological
agriculture is practiced.
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