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Abstract

Fruit tree yield estimation is an important component of orchard management.
To improve the accuracy of in-situ yield estimation in apple orchards, this study
proposes a yield measurement method comprising an improved YOLOv5 fruit
detection algorithm and a yield fitting network. UAV and Raspberry Pi cam-
eras were utilized to collect in-situ images of apple orchards at different coloring
times after bag removal, forming a sample dataset. The YOLOv5 algorithm
was improved by replacing standard convolutions with depthwise separable con-
volutions and adding attention mechanism modules, which addresses the issues
of lack of attention preference during feature extraction and parameter redun-
dancy in the network, thereby enhancing detection accuracy and reducing the
computational burden from network parameters. Images were input to obtain
estimated fruit counts and the total area of bounding boxes. Using the afore-
mentioned detection results as input and actual yield as output, the yield fitting
network was trained to obtain the final yield estimation model. Yield estimation
experimental results demonstrate that the improved YO LOv5 fruit detection
algorithm can enhance recognition accuracy while improving lightweight char-
acteristics. Compared with the pre-improvement version, detection speed can
be increased by up to 15.37%, and the average mAP can reach 96.79%. Test
results on different datasets indicate that lighting conditions, coloring time, and
whether the background includes a white cloth all exert certain influences on
algorithm accuracy. The yield fitting network can predict fruit tree yield with
reasonable accuracy, achieving coefficients of determination R? of 0.7967 and
0.7982 on the training and test sets, respectively, and root mean square errors
RMSE of 1.5317 kg and 1.4021 kg, respectively; the prediction accuracy remains
basically stable across samples with different yields. The fruit tree yield estima-
tion model achieves relative error ranges within 7% and 13% under conditions
with and without a white cloth background, respectively. The fruit tree yield
estimation method based on lightweight improved YOLOv5 proposed in this
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study exhibits good accuracy and effectiveness, basically satisfying the require-
ments for on-tree apple yield estimation in natural environments, and provides
a technical reference for intelligent agricultural equipment in modern orchard
settings.
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Abstract: Fruit tree yield estimation is a critical component of orchard man-
agement. To improve the accuracy of in-situ yield estimation for apple orchards,
this study proposes a yield measurement method that integrates an improved
YOLOv5 fruit detection algorithm with a yield fitting network. In-situ im-
ages of bag-removed apples at different coloring stages were collected using an
unmanned aerial vehicle and Raspberry Pi camera to form a sample dataset.
The algorithm was enhanced by replacing standard convolutions with depthwise
separable convolutions and adding an attention mechanism module to address
the issues of feature extraction without attention preference and parameter re-
dundancy, thereby improving detection accuracy while reducing computational
burden. Using images as input, the method estimates fruit quantity and to-
tal bounding box area. These detection results serve as inputs to train the
yield fitting network, with actual yield as output, yielding the final production
estimation model. Experimental results demonstrate that the improved fruit
detection algorithm enhances both lightweight characteristics and recognition
accuracy. Compared with the original version, detection speed improved by up
to 15.37%, with mean average precision (mAP) reaching 96.79%. Tests under dif-
ferent datasets revealed that lighting conditions, coloring time, and background
presence of white cloth all affect algorithm accuracy. The yield fitting network
effectively predicted tree yields, achieving coefficients of determination (R?) of
0.7967 and 0.7982 on training and test sets, respectively. Prediction accuracy
remained stable across different yield samples, with root mean square errors
(RMSE) of 1.5317 kg and 1.4021 kg, respectively. Tests under varying condi-
tions showed the fruit tree yield model achieved relative error ranges within 7%
with white cloth background and within 13% without white cloth background.
The proposed lightweight improved YOLOv5-based yield estimation method
demonstrates good precision and effectiveness, meeting the requirements for on-
tree apple yield measurement in natural environments and providing technical
references for intelligent agricultural equipment in modern orchards.

Keywords: apple in-situ yield estimation; deep learning; fruit detection; BP
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neural network; YOLOv5

Fruit tree yield estimation not only helps fruit growers understand tree growth
status and estimate overall orchard output value but also provides quantitative
basis for rational harvest arrangement. Traditional yield estimation methods
rely primarily on manual visual counting, which demands high experience from
estimators and suffers from intensive labor and low accuracy. To automate apple
yield measurement, researchers have begun utilizing machine vision technologies,
focusing mainly on extracting fruit count information from tree images, while
yield estimation based on image information requires further investigation.

Cheng et al. proposed using fruit area ratio, fruit count ratio, small fruit area
ratio, and fruit-to-leaf ratio as features input to a neural network for fitting fruit
tree yield. Crtomir et al. collected image data of “Golden Delicious” and “Brae-
burn” apple trees from post-bagging to harvest, using fruit count as input and
yield as output to construct an artificial neural network for model training and
testing. This method requires multi-period data collection and is only suitable
for yield estimation of apple trees approaching or at maturity. Roy et al. devel-
oped a semi-supervised clustering method for apple recognition based on color
identification and an unsupervised clustering method using spatial attributes
to estimate counts from apple clusters with arbitrary complex geometries, in-
tegrating them into a complete end-to-end computer vision system that uses
images captured by a single camera as input to predict orchard yield, achieving
accuracies of 91.98%~94.81% across different datasets.

Deep learning-based object detection algorithms enable rapid target detection
and are divided into two categories: one-stage detectors such as the YOLO series
and SSD series, which offer fast detection speed but relatively lower accuracy;
and two-stage detectors represented by the R-CNN series, which provide higher
detection accuracy but poor real-time performance. YOLOv5 has gained favor
among researchers due to its fast detection speed and good accuracy. Specifically,
YOLOV5 incorporates Mosaic data augmentation, adaptive anchor calculation,
and adaptive image scaling at the input stage, uses CSPDarknet53 based on
CSPNet as its feature extraction network to reduce memory consumption within
a certain range, and employs FPN and PANet structures in the processing
output section to accelerate information flow between layers.

However, the traditional YOLOv5 network has a large number of parameters
and suffers from no attention preference during feature extraction, applying iden-
tical weighting to features of different importance levels. This study focuses on
natural environment apples, analyzing the effects of different coloring times post-
bag-removal, different lighting conditions, and background presence/absence of
white cloth on results. By performing lightweight improvements on the YOLOv5
detection algorithm and integrating a yield fitting network, an apple tree yield
estimation model was established that takes image data as input to estimate ap-
ple tree yield, providing references for rational harvest personnel arrangement
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during fruit harvest periods and technical support for intelligent agricultural
equipment in modern orchard environments.

2.1 Image Data Acquisition

In-situ images were collected at the orchard base of Shandong Tongda Modern
Agriculture Group Co., Ltd. in Yao Village, Guandao Town, Qixia City, Yantai,
Shandong Province (37°16 N, 120°64 E). The apple variety was “Yanfu No. 3,”
with fruits harvested 16-22 days after bag removal. The acquisition platform
was a self-built quadrotor UAV (Figure 1[Figure 1: see original paper]) equipped
with a Raspberry Pi 4B as the core for image acquisition and storage, featuring a
Cortex-A72@1.5GHz CPU, Broadcom VideoCore VI GPU, 8 GB RAM, and 128
GB storage capacity. The camera (Raspberry Pi Camera V2) had 5 megapixels,
30 Hz acquisition frequency, F2.35 maximum aperture, 3.15 mm focal length,
and 65° field of view.

To reduce interference from other fruit trees, a white cloth measuring 4 m long
and 3 m high was used as background, moving with the UAV (as shown in Figure
1(c)). During image acquisition, the UAV flew at a height of 1.5 m, 1.2 m from
the trees. Images were captured under sunny conditions from three angles:
front lighting, side lighting, and backlighting, both with white background and
natural conditions, for training the yield estimation model and verifying its
effectiveness in natural environments.

Images collected at different time points were used to analyze the effects of
different coloring times and lighting conditions on the detection algorithm. The
dataset included both whole-tree images and partial images. During operation,
the detection algorithm only iteratively trained on annotated fruit regions. Since
whole-tree and partial images captured by the UAV had similar fruit region
sizes and distributions, using both as training data could improve algorithm
generalization without losing detection accuracy.

Apples colored for 1 day appeared greenish, similar to leaf color; at 8 days, they
began coloring, showing light red; at 15 days, they were fully colored. Image
acquisition was conducted from October 3 to 17, 2020, every 7 days, between
10:00 AM and 4:00 PM, yielding three datasets at coloring stages of 1 day, 8
days, and 15 days. Tree yield data were collected when fruits had colored for
16 days (Figure 2[Figure 2: see original paper]).

2.2.1 Data Cleaning

To reduce the impact of duplicate images and fruitless images on model training,
manual screening was used to delete duplicate images caused by UAV hovering
and images without apples during attitude adjustment. After cleaning, partial
data from the three coloring stages are shown in Figure 3[Figure 3: see original
paper]. Different lighting condition data collected at different coloring times
were used for comparative analysis with white cloth background data to verify
the practical application effect of the proposed detection algorithm. Partial
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apple images captured at different time points without white cloth background
are shown in Figure 4[Figure 4: see original paper].

2.2.2 Dataset Division and Annotation

After data cleaning, 1,000 images were retained for each coloring stage (1 day,
8 days, and 15 days). From the white cloth background data, 300 images were
randomly selected as Test Set 1, divided into three subsets (front lighting, side
lighting, and backlighting) with 100 images each. From the non-white cloth
background data, 300 images were selected as Test Set 2 without lighting con-
dition subsets. The remaining images served as the training set.

Manual annotation was performed using labellmg software to select target fruits
with bounding boxes containing position coordinates and category information.
The annotation interface is shown in Figure 5[Figure 5: see original paper]| (page
104). After annotation, the sample dataset was converted to standard PASCAL
VOC2012 format. Image and bounding box quantities are shown in Table 1.

2.3 Yield Data Collection

Yield data were collected on October 18, 2020, from 9:00 to 17:00 when apples
had colored for 16 days. Individual trees were numbered, and UAV images were
captured before harvest. After harvest, fruits from each tree were placed in
the same basket and weighed using an electronic scale. Subtracting the basket
weight yielded individual tree yield. A total of 93 data groups were obtained,
each containing tree images and corresponding yield. Sixty groups were used for
yield fitting network training, 13 groups for network testing, 10 groups for yield
model validation with white cloth background, and 10 groups for validation
without white cloth background.

Scatter plots of different yield datasets are shown in Figure 6[Figure 6: see
original paper|. Fruit quantity and tree yield showed certain linear correlation,
with average fruit weight between 250-280 g, indicating good tree growth and
no significant individual differences.

3 Apple Tree Yield Estimation Model
3.1 Overall Model Structure

The proposed fruit tree yield estimation model consists of two parts: a fruit
detection algorithm and a yield fitting network (Figure 7[Figure 7: see origi-
nal paper]). The fruit detection algorithm uses improved YOLOv5 for target
detection on input tree images, outputting fruit quantity and total bounding
box area. The yield fitting network takes these algorithm outputs as inputs
and uses a BP neural network to fit tree yield. The detection algorithm was
trained using the image training set, while the yield fitting network was trained
separately using the yield training set. After training, the model can directly
output corresponding tree yield from input tree images.
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3.2.1 Lightweight-Improved YOLOv5

The YOLOv5 model originates from YOLO, which demonstrates good detec-
tion speed by regressing bounding box coordinates and categories at the output
layer. The core YOLO concept divides input images into 7$x$7 grids, with the
grid containing the target center responsible for prediction. Each grid predicts
2 bounding boxes that regress position coordinates and confidence values. A
confidence threshold filters out low-confidence boxes, and non-maximum sup-
pression (NMS) processes the retained boxes to obtain final predictions (Figure
8[Figure 8: see original paper]).

However, traditional YOLOv5 has numerous parameters and suffers from no
attention preference during feature extraction, applying identical weighting to
features of different importance. This study proposes replacing standard con-
volutions in the YOLOv) feature extraction network with lightweight depth-
wise separable convolutions and introduces a Pooling Block Attention Module
(PBAM) based on depthwise separable convolutions and visual attention mech-
anisms. PBAM is added to the YOLOv5 network to solve the no attention
preference problem.

PBAM uses a compress-then-expand approach to enhance learning of key points
sampled from shallow features. The module introduces a residual unit-like struc-
ture to prevent gradient vanishing or explosion in deep networks. PBAM main-
tains the same output feature map resolution as input, allowing it to be embed-
ded into any network structure without modification, offering simple structure
and convenient usage. By establishing inter-channel dependencies, it achieves
adaptive calibration of channel-wise features. Figure 9[Figure 9: see original
paper] shows the improved YOLOv5 algorithm block diagram, with red boxes
indicating the improved components.

The fused YOLOvV5 algorithm can reduce computational pressure from atten-
tion mechanism modules using depthwise separable convolutions while extract-
ing deep feature maps with more important information from shallow features
computed by convolutions, further extracting key information and improving
overall detection performance.

3.2.2 Loss Function Calculation

The total loss function consists of three components: confidence loss (L__{conf}),
classification loss (L_{cla}), and coordinate loss (L_{GIoU}). The improved
YOLOV5 algorithm only deepens the network without affecting these functions,
requiring no new loss function construction:

L {total} =L {conf} + L {cla} + L {GIoU}

Confidence and classification losses are calculated using cross-entropy methods
(Equations (1)-(3)):

L_{conf} = Mobj} {i=0}"{S*} {j=0}"{B} [L_{ij}~{obj} In(C_i) + (1I-
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C_i)ln(1-C_i)] + Mnobj} _ {i=0}{5*} {i=0)"{B} I{ii} {nobj} In(C_i)

Lﬁ'{fl)aﬁ]} = {i=0}18} G=01(B} 1) {obj} [p_i(c)In(p_i(c)) + (1-p_i(c))In(1-
p_i(c

Where S? is the number of grids, B is the number of bounding boxes predicted
per grid, I {ij}"{obj} indicates whether the j-th bounding box in the i-th grid
has a target to predict, I {ij} " {nobj} indicates whether it has no target, A{obj}
and M{nobj} are weight coefficients for grids with/without targets, C_i and
C_i are predicted and actual confidence values, c is the target category in the
bounding box, p_i(c) is the predicted probability of category ¢ when a target
is detected in the i-th grid, and p_i(c) is the actual probability.

This study uses L_ {GIoU} as the bounding box coordinate loss function (Equa-
tions (4)-(6)):

IoU=|A B|/|A B|
GIoU =1oU - |C (A B)|/|C]|
L_{GIoU} = {j=0}"{B} {i=0}"{S?} (1 - GIoU)

Where A is the ground truth box area, B is the predicted box area, and C is
the smallest enclosing convex area of A and B.

3.3 Yield Fitting Network

Since the functional mapping between estimated fruit quantity, bounding box
area, and yield is unclear and exhibits nonlinear characteristics, this study em-
ploys a BP neural network for yield fitting to enhance the model’ s capability for
complex pattern classification and multidimensional function mapping. Because
the input includes bounding box area, image capture distance and camera pa-
rameters are crucial. This study maintained constant platform-to-tree distance
and fixed camera parameters during acquisition to ensure yield measurement
accuracy.

The network structure uses 3 fully connected layers, 1 ReLLU activation layer,
and 1 Sigmoid activation layer (Figure 10[Figure 10: see original paper]). The
BP network has 2 input neurons corresponding to fruit quantity and total bound-
ing box area output by the improved YOLOvV5 algorithm, and 1 output neuron
corresponding to tree yield in the image. Adding ReLU or Sigmoid activation
functions in hidden layers increases network nonlinearity, accelerates training,
solves gradient vanishing during backpropagation, and effectively reduces over-
fitting.

The number of hidden layer neurons lacks clear theoretical determination. This
study first determined an initial value using empirical formulas (Equation (7)),
then selected optimal values based on error performance during training. The
final hidden layer neuron count was 15 or 11.

N h=y/(m+n)+a
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Where N_h is the number of hidden layer nodes, m is the number of input
neurons, n is the number of output neurons, and a is a constant between 1-10.

The main steps for data fitting using the BP network are: 1. Data normal-
ization: To ensure stability, fruit quantity, bounding box area, and tree yield
were normalized by dividing by normalization coefficients to map inputs and
outputs to 0-1 range. 2. BP network training: Four steps: (a) initialize
network weights, (b) forward propagation, (c) backward error propagation, (d)
update network weights and neuron biases. 3. Data denormalization: To
obtain actual yield values, predictions were denormalized by multiplying by cor-
responding coefficients to remap data to the original range.

3.4 Model Training

Model training consisted of two stages: first, training the fruit detection algo-
rithm to predict fruit quantity and bounding box area; second, yield prediction
based on BP neural network fitting of fruit quantity, bounding box area, and
yield.

The model was built using PyTorch deep learning framework. Hardware con-
figuration included AMD Ryzen7 4800H CPUQ@2.9GHz, 6GB NVIDIA GeForce
GTX 1660Ti GPU, 16GB RAM, and 512GB SSD. The operating system was
Windows 10 64-bit. The code compiler was PyCharm 2019.3.3 Community Edi-
tion, configured with CUDA 10.2 and cuDNN 7.6.5 for GPU acceleration.

4 Performance Analysis
4.1 Fruit Detection Algorithm Performance Analysis

This study uses mean average precision (mAP) as the overall evaluation met-
ric. Precision (P) is the proportion of actual positive samples among predicted
positives, while recall (R) is the proportion of predicted positives among actual
positives. The precision-recall curve (P-R curve) can be plotted from their rela-
tionship. Average Precision (AP) is the area under the P-R curve, and mAP is
the mean AP across all categories (Equations (8)-(11)):

P =TP / (TP + FP)

R=TP /(TP + FN)

AP = ! p(r) dr

mAP = (1/N) _{i=1}"N AP_i

Where TP is true positives, FN is false negatives, FP is false positives, TN is
true negatives, and p(r) is precision at different recall rates.

To verify the feasibility of the proposed improved YOLOvV5 fruit detection al-
gorithm, performance tests were conducted on detection speed and mAP for
YOLOV5 variants with: (1) only depthwise separable convolution replacement,
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(2) only attention mechanism module embedding, and (3) fusion of both im-
provements, compared against unimproved YOLOV5.

Detection Speed Test: Table 2 shows detection speeds for multiple im-
ages (averaged) and relative improvement rates based on the original algorithm
speed. YOLOv5s, YOLOv5m, YOLOv5], and YOLOv5x represent four network
structures with increasing depth and width. Replacing standard convolutions
with depthwise separable convolutions significantly improved detection speed
by 11.26%-17.28%. Embedding attention mechanism modules alone had min-
imal impact on speed, remaining basically equivalent to the original. Fusing
both methods increased computational burden slightly compared to depthwise
separable convolution alone, but still achieved maximum speed improvement of
15.37% (fastest speed: 31.44 ms). These results demonstrate that depthwise sep-
arable convolution provides substantial speed gains, while the fused approach
maintains fast detection.

mAP Test: Table 3 compares mAP across multiple images. Original YOLOv5
mAP values were 89.83%, 90.75%, 92.07%, and 93.44% for s, m, 1, and x vari-
ants, respectively. All improved versions except YOLOvbSs with only depth-
wise separable convolution exceeded 90% accuracy. Depthwise separable con-
volution alone caused minor accuracy loss (within 1%). The maximum accu-
racy difference between highest and lowest was 4.35%, occurring with attention
mechanism-only embedding, which improved accuracy by up to 3.56% (average
3.17%) compared to original. Attention modules help transform shallow features
into deep features with more important information, learning inter-channel cor-
relations to enhance important features and suppress secondary ones, effectively
improving overall detection. The fused YOLOv5] and YOLOv5x achieved over
95% accuracy, with YOLOv5x reaching 96.27%.

White Cloth Background Test: Under natural lighting, different shooting
angles affect mAP. Tests were conducted on improved YOLOv5 using apple
images from different time points and lighting angles (Figure 11[Figure 11: see
original paper]). Front-lit photos were bright and clear without obvious shadow
changes; side-lit photos had clear layers with distinct object contours; backlit
photos were dark and blurry with underexposure issues. The improved YOLOv5
achieved best results across all lighting conditions and time points, with highest
mAP of 96.79% on the 15-day side-lit dataset. Average mAP across different
test sets was 93.30%, outperforming YOLOv5, YOLOv3, and SSD. Side lighting
produced best results, while backlighting performed worst because dark fruit
and leaf colors made edges unclear, increasing detection difficulty. Algorithm
performance improved with coloring time since 1-day fruits were greenish and
easily confused with leaves, while 15-day fruits were brightly colored and easily
distinguishable.

No White Cloth Background Test: To verify natural environment applica-
bility, tests were conducted on 1-day, 8-day, and 15-day images without white
background (Figure 12[Figure 12: see original paper]). The algorithm completed
detection tasks with high recognition rates for nearby fruits. Nearby apples oc-
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cupy more pixels with richer features and higher prediction confidence, while
distant apples have fewer pixels and lower confidence. Table 5 shows mAP com-
parison without white cloth background. Compared to white cloth background
tests, accuracy decreased somewhat at all coloring stages. However, for yield
estimation, only nearby tree yields need measurement. The algorithm’ s ability
to filter background tree fruits reduces interference, making ultra-high detec-
tion accuracy unnecessary. The proposed fruit detection algorithm meets the
requirement of recognizing nearby apples while filtering distant ones, making it
suitable for natural background conditions.

4.2 Yield Fitting Network Performance Analysis

Table 6 presents parameters evaluating yield fitting network performance. Cor-
relation coefficient (R) and coefficient of determination (R?) measure correlation
between predicted and actual yields (higher values indicate better correlation).
Root mean square error (RMSE) measures prediction error (lower values indi-
cate higher precision). Mean absolute error (MAE) and mean absolute percent-
age error (MAPE) reflect prediction deviation (lower values indicate better fit).
R values were 0.8979 and 0.8864, and R? values were 0.7967 and 0.7982 for train-
ing and test sets, respectively, indicating high linear correlation and good curve
fitting. RMSE values were 1.5317 kg and 1.4021 kg, MAE values were 1.1259 kg
and 1.0253 kg, and MAPE values were 6.3372% and 6.2524% for training and
test sets, respectively.

Figure 13[Figure 13: see original paper| compares predicted and actual yields
on the test set. The model predicted tree yields well with stable accuracy across
different yield samples, demonstrating good robustness. Test results show the
model is applicable for pre-harvest yield measurement in natural environments.

4.3 Yield Estimation Model Testing

White Cloth Background Model Testing: Using the proposed apple tree
yield estimation model with white cloth background validation images as in-
put, predicted yields were output. Table 7 shows relative errors ranging from
-6.13% to 3.05%. Ounly the 7th group had relatively larger error, with over-
all relative errors within 7%. The model effectively learned important features
from image and yield data through coordinated operation of detection algorithm
and yield fitting network, demonstrating good prediction performance for white
cloth background images.

No White Cloth Background Model Testing: To verify natural environ-
ment applicability, validation images without white cloth background were used
as input. Table 8 shows relative errors ranging from -12.71% to 8.28%. Com-
pared to white cloth background results, relative errors were larger due to in-
terference from other tree fruits in the background. The yield fitting network
predicted yields by treating all detected fruits as current tree fruits, causing
some deviation. However, only some feature-rich apples in background trees
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were recognized, as most distant apples with fewer pixels could not be identified,
making the impact limited. Relative errors remained within 13% overall, indi-
cating good precision, effectiveness, and robustness across different backgrounds
for natural environment apple tree yield estimation. Adding more samples could
further improve recognition accuracy and yield estimation precision.

Conclusions

This study proposes an apple tree yield estimation model fusing a yield fitting
network with an improved YOLOWVS5 fruit detection algorithm. Through dataset
preprocessing, model training, and application, the following conclusions are
drawn:

1. The improved YOLOv) apple detection network, enhanced by replacing
standard convolutions with depthwise separable convolutions and adding
attention mechanism modules, solves the problems of no attention pref-
erence and parameter redundancy in feature extraction. Using image
datasets as input, it estimates fruit quantity and total bounding box area.
Test results show the algorithm improves both lightweight characteristics
and accuracy, achieving up to 15.37% detection speed improvement and
96.79% maximum mAP. Tests under different datasets demonstrate that
lighting conditions, coloring time, and background presence of white cloth
affect algorithm accuracy.

2. Using estimated fruit quantity and bounding box area as inputs and actual
yield as output, the yield fitting network was trained. Test results show
training and test set R? values of 0.7967 and 0.7982, RMSE values of
1.5317 kg and 1.4021 kg, respectively, with small yield estimation errors.

3. The final yield estimation model was obtained by fusing the fruit detection
algorithm and yield fitting network. Experimental results show the fruit
tree yield model achieved relative error ranges within 7% with white cloth
background and within 13% without white cloth background, proving the
established apple orchard in-situ yield model has good precision and ro-
bustness. With more sample data, target recognition and yield estimation
accuracy could be further improved.
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