Pre prints.org

Article Not peer-reviewed version

A Robust Tomato Counting Framework
for Greenhouse Inspection Robots

Using YOLOvV8 and Inter-Frame
Prediction

Wanli Zheng , Guanglin Dai, Miao Hu , Pengbo Wang*
Posted Date: 4 March 2025
doi: 10.20944/preprints202503.0282.v1

Keywords: agricultural robotics; computer vision; multiple objects tracking; tomato counting; yield estimation

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4026892
https://sciprofiles.com/profile/1473124

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 March 2025 d0i:10.20944/preprints202503.0282.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
A Robust Tomato Counting Framework for

Greenhouse Inspection Robots Using YOLOvVS and
Inter-Frame Prediction

Wanli Zheng ', Guanglin Dai ', Miao Hu and Pengbo Wang *

Jiangsu Provincial Key Laboratory of Advanced Robotics, School of Mechanical and Electric Engineering,
Soochow University, Suzhou 215123, China

* Correspondence: ppbwang@suda.edu.cn

" These authors contributed equally to this work.

Abstract: Accurate tomato yield estimation and ripeness monitoring are critical for optimizing
greenhouse management. While manual counting remains labor-intensive and error-prone, this
study introduces a novel vision-based framework for automated tomato counting in standardized
greenhouse environments. The proposed method integrates YOLOvS-based detection, depth
filtering, and an inter-frame prediction algorithm to address key challenges such as background
interference, occlusion, and double-counting. Our approach achieves 97.09% accuracy in tomato
cluster detection, with mature and immature single-fruit recognition accuracies of 92.03% and
91.79%, respectively. The multi-target tracking algorithm demonstrates a MOTA (Multiple Object
Tracking Accuracy) of 0.954, outperforming conventional methods like YOLOv8+DeepSORT. By
fusing odometry data from an inspection robot, this lightweight solution enables real-time yield
estimation and maturity classification, offering practical value for precision agriculture.

Keywords: agricultural robotics; computer vision; multiple objects tracking; tomato counting; yield
estimation

1. Introduction

Accurate and efficient tomato counting is crucial for optimizing greenhouse management,
enabling strategic picking schedules, yield prediction, and informed sales strategies. Traditional
manual counting, while providing a baseline, is labor-intensive, costly, and prone to errors,
particularly within the confined spaces of commercial greenhouses. Farmers in large operations can
spend more than 20 hours per week on manual counting, incurring labor costs of approximately 15%
per season and experiencing error rates as high as 35%. These inefficiencies highlight the need for
automated solutions.

Computer vision and deep learning have emerged as promising tools for crop recognition in
agriculture [1,2]. Deep learning-based object detection methods are gradually becoming the
mainstream in computer vision. Object detection algorithms like YOLO [3], Faster-RCNN [4], and
image segmentation algorithms such as Mask-RCNN [5] and Yolact [6], have been applied to various
agricultural tasks. For instance, YOLO-tomato [7] improved tomato detection accuracy using circular
detection frames.

However, these methods often struggle with the specific challenges of greenhouse
environments, including: (1) Occlusion: Overlapping tomato clusters and leaves obscure individual
fruits, leading to undercounting. (2) Variable Lighting: Fluctuations in natural light and shadows
create inconsistencies in image appearance, affecting detection accuracy. (3) Real-time Performance:
Deploying computationally intensive algorithms like Mask-RCNN [11] on resource-constrained
mobile robots can be challenging.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Multi-objective tracking algorithms, originally developed for applications like pedestrian and
vehicle counting [12], have been adapted for use in fruit counting and yield prediction. Algorithms
such as DeepSORT [13] and FairMOT [14] have undergone continuous refinement, extending their
utility to agriculture. Rong JC et al.[15] from China Agricultural University proposed a dual-channel
fused YOLOvV5-4D object detection network to achieve precise filtering of background tomatoes,
while realizing high detection rates and high mAP in tomato counting through the integration of the
ByteTrack multi-object tracking algorithm. Zhongxian Qi et al. adopted a NanoDet lightweight
detector and integrated patrol-based counting with maturity detection, achieving accuracy rates of
92.79% and 90.84% for counting and maturity detection respectively[16]. Yuhao Ge et al. [17]
introduced a visual object tracking network named YOLO-DeepSORT, designed to identify and
count tomatoes at different growth stages. Zan Wang and Yiming Ling et al. improved the Faster R-
CNN model by introducing an aggregation network and utilizing RolAlign to obtain more accurate
bounding boxes, demonstrating that this method can overcome the effects of branch occlusion and
fruit overlap[18]. Addie Ira Borja Parico et al. [19] applied YOLOv4 and DeepSORT to develop a
robust real-time pear counter, noting limitations due to flickering in detection. A YOLOv4-based
tomato detection model was developed to enhance detection accuracy in natural environments.
Taixiong Zheng et al. constructed a novel backbone network, R-CSPDarknet53, by integrating
residual neural networks, which improved the accuracy and recall rates of tomato detection in natural
environments to 88% and 89% respectively[20].

To address these limitations, this paper presents a novel and computationally efficient tomato
counting framework for a self-propelled greenhouse inspection robot. The key contributions are:

Sensor Fusion for Robust Tracking: We integrate YOLOv8-based fruit detection with IMU-
derived odometry to predict fruit positions between frames, thereby improving tracking accuracy
and reducing ID switches, particularly in challenging lighting conditions. Unlike purely vision-based
tracking methods, our approach leverages motion information to maintain object identities even
during brief occlusions.

Depth-Aware Post-Processing for Accurate Counting: We introduce a post-processing method
based on depth filtering and occlusion analysis. This approach effectively removes background
tomatoes, mitigates the impact of overlapping fruits on counting accuracy, and compensates for fruits
at the edge of the image.

Experimental Validation and Performance Improvement: We validate the proposed
framework on a real-world greenhouse dataset, demonstrating a 37.20% improvement in MOTA
(Multiple Object Tracking Accuracy) and a 16.85% reduction in single fruit counting error compared
to a Density Estimation baseline.

The dataset collection and tomato counting process is executed by a self-propelled greenhouse
inspection robot. The robot navigates autonomously along a pre-defined track while utilizing a
camera system capable of performing tasks such as dataset collection and counting.

The remainder of this paper is structured as follows: Section 2 details the materials and methods
used in our approach, including the robot platform, sensor system, and algorithms. Section 3 presents
the experimental results and compares our approach to existing methods. Section 4 discusses the
implications of our findings and outlines directions for future research. Finally, Section 5 concludes
the paper.

2. Materials and Methods

2.1. Data Acquisition and Preparation

The image dataset was collected from a commercial greenhouse (NiJiaWan greenhouse,Suzhou
City, Jiangsu Province, 120.62°E, 31.32°N). As illustrated in Figure 1, tomatoes were cultivated in a
typical ridge formation, with rows spaced 80-95 cm apart and individual plants spaced 25-35 cm apart
along each ridge. Mature tomato fruits are typically found within a height range of 50cm-160cm
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above the ground, following the standard agronomic practices. A 60-meter-long track is positioned
between the two ridges, facilitating the movement of inspection robots. The greenhouse environment
is controlled by an automated system that ensures the tomato crop is grown in optimal conditions,
maintaining consistent growth rates and ripening.

Mature Area

Greenhouse Track

Figure 1. Tomatoes grown in the production greenhouse.

Image data were captured using a Realsense D435i depth camera mounted on the inspection
robot. The camera captured color images and aligned depth images at a resolution of 1080x720 pixels.
To minimize motion blur, the robot moved at a constant speed of 0.1 m/s, and the camera acquired
images at a frame rate of 5 frames per second. Data was collected during three periods each day (6:00-
8:00 AM, 12:00-14:00 PM, and 16:00-17:00 PM) between October and December 2024 to caputure
diverse weather and lighting conditions. Over the three-month period, approximately 80 GB of image
data were collected. A subset of 3000 images, representing diverse backgrounds and varying fruit
ripeness levels, were selected for manual labeling.

The image data were labeled twice using Labelme. First, tomato clusters were identified and
labeled with rectangular bounding boxes. Second, individual fruits within each clustere were labeled,
distinguishing between immature (green) and mature (red) fruits based on color (Figure 2). Labeling
criteria excluded: (1) background tomatoes on opposite or adjacent ridges to avoid confusion; (2)
tomatoes partially occluded by the image edge to ensure complete object representation; and (3)
tomatoes entirely outside the image boundary. The labeled datasets were cross-checked by two
independent annotators to ensure data quality.

(a) (b)

Figure 2. Tomatoes in different states of maturity: (a) immature tomato fruit; (b) mature tomato fruit.

To enhance the convolutional neural network (CNN) model’s robustness and generalizability,
data augmentation techniques were applied, including horizontal flipping, random translation (up
to 10% of image width/height), and random rotation (up to 10 degrees). This resulted in a final dataset
of 15,000 images for tomato clusters and 15,000 images for individual fruits.
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“Depth(1280X720)

Figure 3. The self-propelled inspection robot.

2.2. Inspection Robot and Sensor system

The self-propelled greenhouse inspection robot (Figure 3) consists of three main components:
(1) a sensor suite, (2) a lifting rod, and (3) a mobile chassis. Table 1 summarizes the key specifications
of the robot.

Table 1. Inspection Robot Specifications.

Feature Specification
Dimensions 1.4x0.86x2.2m
Weight 200kg
Max Speed 0.3 m/s
Operating Time 6 hours
Camera RealSense D435i
- Resolution 1080x720 pixels
- Field of View (H) [Insert FOV, 69.4°]
- Field of View (V) [Insert FOV, 42.5°]
MU [IMU model,]
- Accuracy [IMU accuracy, <1°/hr gyro drift]
-Resolution [0.061(0/s)/(LSB)]
Computer NVIDIA Jetson Nano

The sensor suite includes three RealSense D435i depth cameras, which captures both color and
depth images. The cameras are mounted on a motor platform that allows for 360° rotation, enabling
comprehensive data collection. Three cameras were evenly arranged on the rotating platform along
the height direction of the plant, and each camera was responsible for capturing images of the top,
middle and lower parts of the plant. The tomato fruits in this study were all located in the lower part
of the plant, and we only used the lower camera for image acquisition work. The chassis uses a two-
wheel drive system with four driven wheels for enhanced stability. It navigates within the
greenhouse using a ground marking and RFID tags, allowing it to seamlessly transition between
concrete pavement and greenhouse tracks. The onboard IMU and RFID tags provide odometry data,
enabling the robot to estimate its position and orientation within the greenhouse. This odometry data
is crucial for the sensor fusion approach described in Section 2.3.3.

To ensure optimal visibility of the tomatoes, the camera's central axis was aligned perpendicular
to the ridge plane at a distance of 40-50 cm. The lower camera at a height of 165 cm from the ground.
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These parameters were determined empirically to maximize the number of visible fruits while
minimizing occlusion from leaves and other plants.

2.3. Algorithms

This paper introduces a visual inspection system for automatic tracking and counting of tomato
clusters and individual fruits. The system comprises three main modules: (1) target detection, (2)
information extraction, and (3) multi-target tracking.Tomato Detection Network YOLOVS, a single-
stage object detection model, was used to identify both tomato clusters and individual fruits.
YOLOV8 was chosen for its balance of accuracy and speed, making it suitable for real-time
deployment on the robot's embedded computing platform. Zhou et al. [21] have previously validated
the effectiveness of YOLO in greenhouse tomato inspection. Two YOLOv8 models were trained: one
for detecting tomato clusters and another for detecting individual fruits (both mature and immature).
The tomato cluster detection model identifies regions of interest within each image. The individual
fruit detection model then processes these regions of interest to count and classify the fruits.

Tomato Bunch Detection
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Figure 4. Flow chart of spatiotemporal tuple generation.

2.3.1. Spatiotemporal tuple

For each tomato cluster detected in each frame, a spatiotemporal tuple is created to provide
distinct, identifiable information and reduce the risk of oversight. The list contains key details such
as size, location, and the count of individual fruits, relative to the average size of different tomato
bunches, as depicted in Fig.4. Additionally, we perform computations and eliminate duplicate lists
for the same tomato bunch in subsection 2.3.3.

The creation of the spatiotemporal tuple is mainly done by YOLOvS, which act as a detector to
provide size parameters for an individual tomato or an entire tomato bunch. Meanwhile, the task of
counting both individual tomatoes and bunches of tomatoes is perfomed by the detector. The IMU
provides the distance information, the camera provides the number of frames n, and the cumulative
bunch ID is determined by the algorithms described in subsection 2.3.3.

After a frame is fed into the detection model, all identified tomato bunches within the image are
enclosed in a rectangular box. To determine the number of individual fruits within each bunch, a
masked image is generated for each tomato bunch. The masked image selectively blacks out the
region outside the tomato bunch rectangular box, and this masked image is then fed into the single
fruit detection model to obtain the final individual fruits count. Depth values for tomato bunchs are
determined by averaging the depth values of all individual fruits within the bunch. The depth values
for individual fruits are derived from the detected center point of the rectangular box outlining the
individual fruit and the depth image obtained. To reduce interference from individual fruits on the
opposite side of the same ridge and the background ridge, a 70 cm depth threshold filter is
implemented to exclude individual fruits detected in the image that are more than 70cm away from
the camera plane.
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Figure 5. Tomato filtering at the edge of the field of view: (a) the spatiotemporal tuple corresponding to the right

rectangular box is deleted; (b) the spatiotemporal tuple corresponding to the right rectangular box is retained.

If the value D’ in the generated spatiotemporal tuple exceeds 70 cm, the list is excluded as it
relates to the background tomato fruit. Through a series of experiments, we refined the
spatiotemporal tuple by excluding values ‘X’ that are less than 100 or greater than 1180. This
adjustment aims to mitigate the effects of incomplete rectangular box information caused by tomatoes
intersecting with the image edge, as shown in Figure 5.

2.3.2. Tracking and counting tomatoes with sensor fusion

Across different photographs in the collected spatiotemporal tuples, instances of recognizing the
same group of tomatoes will result in identical groups of tomato being represented in multiple lists.
To ensure a one-to-one correspondence between tomatoes and lists, a crucial step in tracking and
counting tomatoes is the elimination of duplicate lists. The main steps in eliminating duplicate lists
are: (1) Assignment, which considers all possible pairings of spatiotemporal tuples corresponding to
tomatoes in different frames; (2) Inter-frame prediction, which computes the position of the
rectangular box in the current list corresponding to any frame of the image; and (3) Target detection,
which computes the Intersection over Union (IOU) of the inferred rectangular box and all rectangular
boxes in the current frame to determine whether two rectangular boxes represent the same bunch of
tomatoes.

Inter-frame prediction: During the robot’s movement, a bunch of tomatoes may appear in
multiple image frames, resulting in the generation of multiple rectangular boxes and spatiotemporal
tuples. To eliminate redundant spatiotemporal tuples for the same bunch of tomatoes and to avoidt
double counting, an inter-frame prediction algorithm incorporating IMUs is used to predict and track
the detection box. We use the IMU distance information s and the position (X, Y») of detection box
in frame n to predict the position of the detection box in frame m. In adition, we assume that the depth
of the same bunch of tomatoes remains constant as the camera begins to move.

Each detected tomato cluster is represented as a spatiotemporal tuple :

[framen, IDi, Xn, Yn, Xn, Yn, Wn, Hn, Whn, h.n, an, bn, Dn, Sn] (1)

Firstly, we transformed the pixel coordinates (X, Y») of the center point of the rectangular box in
frame n into coordinates (xx,yx) in the camera coordinate system, as indicated by Equation 1 and
Equation 2, where cx,¢y, fr,and fy represent the camera internal parameters.

Dn

Xp = E'(Xn_cx)
Dn

Yn = E'(Yn—Cy)

2)

Subsequently, the coordinates (Xy, Y;) of the center point of rectangular box box;, in the camera
coordinate system can be computed using the displacement s of the inspection robot between two
frames. Ultimately, the information for rectangular box box,, is derived, as depicted in Equations 3
and 4.
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The inter-frame prediction process uses the robot's displacement s to estimate the new position
of the tomato cluster in the camera coordinate system. This prediction is then used to associate tomato
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Figure 6. Flow chart of Inter-frame prediction and target judgment.

Target detection: Through inter-frame estimation, it was possible to compute the parameters of
the tomato rectangular box;, in frame n, corresponding to the rectangular box, in frame m. The
target detection function was designed to compute the IOU of the inferred rectangular box, and all
rectangular box,, detected in frame m. It determined whether box, and box,, represented the
same tomato. As shown in Figure 6, based on multiple experiments, the IOU threshold value is set at
0.7. If the computed intersection and union ratio for box, and box,, exceeded 0.7, then box, and
box,, represented the same tomato bunch and resulted in the output of a single spatiotemporal tuple.
Conversely, if box, and box,, represented different tomatoes, two separate spatiotemporal tuples
were generated.

Typically, the spatiotemporal tuple from the current frame and the spatiotemporal tuples from
the previous t frames are used for target detection processing, where t represents the maximum
number of tracking frames. This value is determined by the processing speed of the algorithm and
the movement speed of the robot, and must be greater than or equal to the number of frames in which
the tomato bunch appears in the image. After numerous tests, t is set at 70.

At the end of the target judgement process, only one spatiotemporal tuple is output if the two
spatiotemporal tuples represent the same bunch of tomatoes, as shown in Figure 6. The number of
individual fruits in the list ultimately determines which spatiotemporal tuple is retained. As shown
in Figure 7, the same bunch of tomatoes may have different shapes in different images due to changes
in the camera’s viewing angle during motion, and there may be cases where some individual fruits
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are obscured. We choose the spatiotemporal tuple with the highest number of individual fruits, as
this corresponds to the tomato in the image that is closer to the front or back of the bunch.

The number of stored spatiotemporal tuples increased progressively with the number of
images detected, reflecting the total number of tomato bunches in the final spatiotemporal tuples.
The total number of red fruits and green fruits corresponds to the cumulative sum of “a” and “b” in
all lists, respectively.

(a) (b) (c) (d) (e)

Figure 7. The same tomato from different perspectives.

Post-processing: The main causes of missed detections are occlusion between tomato clusters
and individual fruits, and incomplete fruit display at the edges of the field of view. To address this,
we’ve introduced post-processing methods for significant deviations between expected and actual
fruit counts.

For tomato clusters located at the edges of field-of-view, we categorize them as those located at
the top and bottom edges and those located at the left and right edges. The approach to dealing with
tomatoes at the left and right edges of the field of view has already been explained in Section 2.3.2,
and the methods for dealing with individual fruits that shade each other are also described in the
'Target detection’ section. It is worth noting that we consider both of the above methods to be part of
post-processing.

We determine whether tomato clusters are at the top or bottom boundaries by comparing the
coordinates of the target detection frame with the edges of the field of view. Given the dense
arrangement of tomato clusters in the standardized greenhouse, we use the residual between the
transversal side length of the tomato cluster detection frame and the average transversal side length
of individual fruits to determine compensation amount.

Then, when encountering a pair of overlapping tomato clusters, we analyze the coordinates of
the center point of the detection frames for two adjacent clusters and their respective side lengths to
determine whether their frames intersect. If an intersection is detected, we identify this as an
occlusion between the tomato clusters. Tomato clusters with a high density of fruits are categorized
as shaded tomato clusters.

Since two occluding tomato clusters in the same row have similar depth values and occupy a
comparable number of pixels per individual fruit, we estimate the number of individual fruits within
the occluded cluster based on the fruit density found in the nearby unobstructed cluster nearby.

It’s important to note that we mitigate instances where the detection frames of tomato clusters
intersect but true occlusion does not occur by implementing an IOU threshold as a filtering
mechanism.
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2.3.3. Ripeness Determination

In practical greenhouse production, determining whether a cluster of tomatoes meets the harvest
criteria typically involves assessing if the fruits at the end of the cluster have reached maturity.
Therefore, the judgment of individual fruit maturity is fundamental for subsequent harvesting
operations and yield estimation.

Red-Green
Boundary Line

Figure 9. Tomato Cluster Maturity Reference Chart

This study classifies tomato maturity into two categories: mature and immature. The
classification criteria are based on the actual needs of greenhouse production, and a maturity
reference chart is established. By analyzing the distribution of tomato color spaces in the reference
chart, maturity standards are defined: the sum of the R value in the RGB color space and the a value
in the Lab color space is divided by the G value to serve as a quantitative threshold. Tomatoes with
a k value of 0-74% are considered immature, while those with a k value of 74-100% are deemed
mature, and the k value is normalized.

R+a
= 5
k= ©)
_ ki—min (k)
ki - max(k)—min (k) (6)

Where:

R = The red component in the RGB color space
a =The a component in the Lab color space

G =The red component in the RGB color space

3. Results and disscusion
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We conducted the following experimental and evaluation tasks:
e  comparison of our counting method with the YOLOv8+DeepSORT method;
e  comparison of our counting method with the tomato counting method for density estimation;
e analysis of the compensation processing steps and their impact on tomato detection results.
e  evaluation of the current ripeness detection method.

3.1 Experimental setup

The experiment was conducted in the commercial greenhouse, the same environment from
which the training dataset was collected (described in Section 2). This date was chosen to coincide
with a period of high tomato fruit load while still maintaining fruit characteristics (size, color) similar
to those in the training dataset. While the specific tomatoes used to create the initial dataset were no
longer present due to harvesting cycles, the same variety, cultivation practices, and environmental
conditions were maintained to ensure a fair comparison.

Three adjacent rows (referred to as Ridge 1, Ridge 2, and Ridge 3) were selected for the
experiments. The ground truth number of tomato clusters, mature fruits, and immature fruits in each
row was determined by manual counting (Table 1). The total number of tomato fruits in each ridge
was 1010, 1055, and 1177, with the number of tomato clusters counting 98, 105, and 108.

Table 1. Number of tomatoes counted (Reference).

Title 1 Ridge 1 Ridge 2 Ridge 3
Number of tomato clusters 98 105 108
Number of mature fruits 232 258 251
Number of immature fruits 778 797 926
Total 1010 1055 1177

To ensure a controlled comparison, the density estimation method, YOLOv8+DeepSORT, and
our proposed method were tested within the same greenhouse environment. The assessment of all
three methods was to gauge the accuracy of single-fruit counting. Additionally, bunch counting
accuracy and multi-target tracking performance were assessed in three designated rows. As the
density estimation method does not involve multi-target tracking, the comparison for this
performance was solely between YOLOv8+DeepSORT and our algorithm. Our ripeness detection
assessment, as a factor in the method we proposed, will take place in the third row.

Across all three experiments, images were captured with the RealSense D435i depth camera
mounted on the inspection robot, while maintaining a consistent speed of 0.1m/s. The NVIDIA
GTX2060 graphics card equipped on the industrial computer on the inspection robot was used to
execute each method to perform the recognition and counting.

The model in this study was trained and tested using a server equipped with an AMD R7 5800x
CPU and RTX 3080ti. The 15,000 image tomato dataset was separated into 90% training, 5% test, and
5% validation sets. Random selection was used for all images in the training, test, and validation
datasets.

3.2 Comparison with other approaches

Counting tomatoes, as a task in the field of agriculture, can be done using a myriad of methods.
Our aim is to present a comprehensive evaluation and provide a comparative analysis for our method:
bunch counting, individual-fruits counting and alongside tracking methods. To achieve this, we have
chosen two widely utilized methods for assessment.

The first approach, or the YOLOv8+DeepSORT method, utilizes the YOLOVS as a detector and
DeepSORT as a multi-target tracking system. DeepSORT has a core principle that involves predicting
the motion trajectory of the detected tomatoes using a Kalman filter and subsequently utilizing the
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Hungarian algorithm for target matching. This method provides accurate counting by effectively
identifying targets and tracking them within the agricultural context. The second method, or the
density estimation method, employs the density estimation technique leveraging YOLOvS. This
method extrapolates the entire dataset from partial samples. With a sampling technique, it obviates
the necessity for multi-target tracking specifically for tomato bunches. In comparison with the other
two methods, our method offers a more well-rounded functionality due to its all-in-one functionality

3.2.1 Evaluation indicators

In this study, different evaluation criteria were used for tomato cluster (bunch) counting and
single-fruit counting, owing to the distinct counting principles involved in each task. To
comprehensively assess the performance of the three methods (our proposed method,
YOLOV8+DeepSORT, and density estimation), we selected a set of established metrics that evaluate
both accuracy and tracking capabilities.

Metrics for Tomato Cluster Counting:

Multiple Object Tracking Accuracy (MOTA): MOTA is a widely used metric for evaluating
multi-object tracking algorithms. It considers three types of errors: false negatives (FNt), false
positives (FPt), and identity switches (IDSWt). MOTA provides a comprehensive measure of tracking
accuracy by combining detection performance with tracking consistency. This will be the key metric
to address that background tomatoes will be accurately filtered.

(FN¢+FP+IDSWy)

MOTA =1 — 2
Yt GTt

@)

Where:
FNt = Number of target tomato clusters not detected in frame t
FPt = Number of non-target objects (false positives) detected as tomato clusters in frame t
IDSWt = Number of identity switches (incorrectly assigned IDs) for tomato clusters in frame t
GTt = Actual number of target tomato clusters in frame
Accuracy (ACC): To compare our proposed method, YOLOv8+DeepSORT, and density
estimation, ACC (percentage) was calculated as follows:

|[EC—AC|

ACC(%) = 1 -+

®)

Where:

EC = Estimated count, or the number that the method has counted

AC = Actual count, or the ground-truth number we obtained from manual counting as referenced
from table 1.

Metrics for Single Fruit Counting;:

Coefficient of Determination (R2): The R2 is a statistical measure that represents the proportion
of the variance in the dependent variable (estimated fruit number) that is predictable from the
independent variable (actual fruit number). R2 ranges from 0 to 1, with higher values indicating a
better fit between the estimated and actual counts. We want to evaluate and explain the accuracy and
predictive capability of counting models concerning the actual crop data. It is calculated as follows:

bl ©)

SsT SST
Where:

SSR = Sum of Squares Regression

SST = Sum of Squares Total

SSE = Sum of Squares Error

3.3 Tomato counting based on density estimation
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The density estimation method aims to estimate the total number of tomatoes in the entire
greenhouse based on a sample of tomatoes in each row. The inspection robot followed a consistent
route at a fixed speed, capturing images at regular intervals along the ridge. This data collection has
a limited sample, which could lead to higher variance in the R? The tomato detection model
(described in Section 3.1) provided the number of tomato clusters, mature individual fruits, and
immature individua fruits in each image. To minimize interference, depth filtering was applied to
filter out background tomatoes. To prevent inaccurate predictions resulting from the same cluster of
tomatoes appearing in two consecutive images, we made sure to capture an image, with an interval
exceeding the actual pixel width of one frame. The following formula was used to see if the image
width did not exceed the actual pixel width of one frame corresponding to the ridge plane. The
following formula was used:

I=1-"%=623mm (10)

X

The length of the ridge plane corresponding to the image width could be computed using camera
internal parameters and the distance from the camera to the ridge plane, as demonstrated in Equation
8, where d represents the average depth from the camera to the tomato, and f, is the internal
parameter of the camera. The camera depth average measured 0.5m, with the camera width at 1280
and the focal length parameter 823.88.

The robot was configured to capture an image every 1.5 meters (approximately every 15
seconds) for operational simplicity. At the conclusion of one side inspection, we assumed the robot
collected a total of n images, and the number of bunches, mature individual fruits, and immature
individual fruits were denoted as i, j, and k respectively. We can denote the following equation to
calculate the estimated number of tomato fruits on one side of the ridge using the density estimation
method. We can predict the number of bunches for all tomatoes on one side of the ridge (denoted as
‘T’), and the total number of mature and immature fruits.

I= [ﬁ X 60 X 1000] (11)

We evaluated how well these methods align with actual values using coefficient of
determination (R?) plots. The tomato counting method based on density estimation achieved an R? of
0.837. In contrast, our method demonstrated a stronger correlation, with fruits detected showcasing
a higher alignment with true values, with a higher value of R? of 0.853, as shown in Fig. 9. The density
estimation method would yield high error as we predict variable lighting would reduce the sampled
extraction.

Given that this method extrapolates the entire dataset from partial samples, its coefficient of
determination may exhibit variability, fluctuating between low and high values. This variability can
stem from unfavorable detection conditions, such as variable lighting conditions affecting the
accuracy of sample extraction. Because the samples are extracted in varying environmental
conditions and have non-uniform planting across different regions and lighting conditions, the result
has a potential to result in non-representative outcomes. However, However, we cannot change the
unstructured nature of the greenhouse environment.

3.4 Tomato counting based on YOLOv8 and DeepSORT

DeepSORT is a multi-object tracking (MOT) algorithm based on a tracking-by-detection strategy.
Its core principle involves predicting the motion trajectory of detected tomatoes using a Kalman filter
and subsequently utilizing the Hungarian algorithm for target matching. DeepSORT is widely
employed in monitoring cameras for counting people and vehicles. However, DeepSORT
performance is largely dependent on the performance of its detection, which makes DeepSORT
inherently susceptible to the detection issues.
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In this section, we want to assess the difference with our method, individual fruits counting
(ACC), the multi-target tracking performance (MOTA), and the coefficient of determination (R?) for
individual fruits counting with the YOLOv8+DeepSORT algorithm.

In the multi-target tracking evaluation experiments, our method demonstrates a higher target
tracking accuracy (MOTA=0.954) compared to the YOLOv8+Deepsort method (MOTA=0.582). This
discrepancy can be attributed to the significantly high FP (False Positive) and IDSW (Identity Switch)
values associated with the YOLOv8+Deepsort method. FP arises primarily from false background
tomato detections, constituting a significant contributor to the IDSW value. Another contributing factor
to the elevated IDSW might stem from the high similarity among tomatoes, which leads to potential
confusion in the RelD-based surface features. This similarity poses a challenge for the algorithm to
differentiate. Because there are less instances of FP, we also saw a reduction in IDSW. For individual
fruit tracking, 29, 34, and 31 instances of FP were recognized at Ridge 1, 2, and 3. Our method only
had one instance, at Ridge 3.

With the high increase in values of performance, it is due to the 3D filtering and the displacement
measurement that our method brings that YOLOv8+DeepSORT lacks. This is likely due to the
algorithm confusing the surface features with other objects, especially in clustered environments and
partially shaded environments.

The FP of our method mainly originated from tomatoes growing in the middle of two sides,
possibly falling below the depth threshold we set, and some false detections of non-tomato elements.

Table 2. MOTA of tomato clusters counting based on YOLOv8+DeepSORT and Our Method.

YOLOv8+DeepSORT Our Method
Ridge 1 Ridge 2 Ridge3  Ridgel Ridge2  Ridge3
Sum of frames 2272 2254 2297 2251 2191 2236
GT 98 105 108 98 105 108
FN 2 3 2 2 4 3
FP 29 34 31 0 0 1
IDSW 10 13 9 0 0 1
MOTA 0.582 0.524 0.600 0.980 0.952 0.954

Concerning tomato clusters counting, as indicated in Table 3, the accuracy of tomato cluster
counting of our method (average value 97.30%) is significantly higher than that of the other two
methods. The primary reason for this improvement lies in the fact that our method not only tracked
and counted all tomatoes but also effectively filtered out background tomatoes.

With YOLOv8+DeepSORT, the tracking counting was greater than the actual. This was likely to
occur due to the algorithm failing to recognize consecutive frames and deviating from the predicted
position. Because of this, it was likely that the algorithm treated this tracking as a separate bounding
box, increasing the tracking.

Table 3. Accuracy of tomato clusters counting in Ridge 1, 2, 3.

Our Method YOLOvV8+DeepSORT Density Estimation
1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd
EC 302 300 300 368 371 353  253(E)* 231(E) 277(E)

ACC 97.73% 97.09% 97.09% 80.91% 79.94% 85.76% 81.81% 74.80% 83.90%

* E indicates that the value is a calculated value by density estimation methods.

We generated R? plots to compare the performance characteristics of the three methods. We
wanted to document missed and incorrectly detected tomato clusters, which may indicate issues in the
algorithm.

For samples that were over-detected, including those with duplicate detections or background
tomatoes, we recorded the "Number of Reference Fruits" as 0 and positioned this value along the
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vertical axis. Concurrently, any missed data was plotted along the horizontal axis. To ensure fairness,
both the YOLOv8+DeepSORT method and our approach incorporate post-processing method
mentioned in this paper.

Our Method YOLOvV8+DeepSORT 55 Density Estination
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Figure 10. R2 plot of three methods (we biased the overlap points).Since the main sources of false positives (FP)
were background tomatoes and repeated counts of tomatoes in the same cluster, the data points for false positive
indicators were located on the y-axis and at the origin; the data points for ID switched (IDSW) were mainly
located at the origin mainly because the number of single fruits in tomato clusters did not switch even though the
cluster IDs switched.

The coefficient of determination of our method (R2=0.853) is higher than the coefficient of

determination of YOLOv8+DeepSORT (R2=0.622), which indicates that the couting results are more
polymerized than the YOLOv8+DeepSORT method. The linear regression model of our method in
Figure 9 (solid line, Slope =0.921) is closer to the ideal model (dashed line, Slope = 1). It is also evident
in Figure 9 that YOLOv8+DeepSORT has more incorrectly detected data points, mainly attributable
to this method misidentifying background tomatoes or tracking bunches of fruit with ID switch.

3.5 Impact of post-processing

Our individual fruits recognition may be subjected to occlusion and incomplete display of image
edges, which affects recognition. To combat this, we designed an approach with target detection and
post-processing to minimize instances when those happen. We want to assess the effectiveness our
method has in target detection, or the decision-making on the number of tomatoes, which is
quantified using the slope of the linear regression model with R-squared, while the effect on the
individual fruits is quantified with occlusion and image processing.

In the study to measure this effect, we perform a two-group analysis, one with the treatment, or
the post-processing, and the other with the controlled group, or the indvidual fruit recognition
without the post-processing group. This would accurately allow us to gauge the overall impact of the
occlusion and edge issues. We hypothesize that the linear aggression model would more closely
approximate to a slope of 1 and higher accuracy of single fruit identification with the group that
receives the post-processing compared to the one that doesn’t. For analysis, we divided the R? plots
into occluded tomato clusters, tomato clusters at the edge of the field of view, and occluded tomato
clusters that were also at the edge of the field of view. This would enable us to better see the
effectiveness of our method to decrease instances of missed detections.

Figure 10 shows that after incorporating post-processing, the slope of the linear regression model
(Slopes=0.856) more closely approximates that of the ideal model (Slope=1), while the coefficient of

determination (R2=0.897) significantly increases. This post-treatment notably affects fruits situated
at the upper and lower edges as well as shaded fruits, effectively rectifying a number of missed
individual fruits. Meanwhile, its impact on tomato bunches in the normal class is comparatively
lesser, which meets our expectations.
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However, it is important to state that there is a trade off. The overcorrection stemming from the
post-processing contributes to an undesired factor, leading to higher-than-actual values in certain
obscured and marginal tomato detections. It was important to measure this as our method may not
perform up to par on areas that are already clearly visible.

’s Our Method 55 Our Method without Post-procesing
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Figure 11. R2 plot of posting-processing (overlapping points are handled with an offset).

3.6 Accuracy of mature and immature fruits counting

In this experiment, we seek to identify the maturity effectiveness of our method. With our
current method, the counting accuracy of mature fruits reached 92.03%, and for immature fruit, it
was 91.79%. On average, the maturity was at an accuracy of 91.96%. Our hypothesis that mature fruit
would have higher accuracy aligns with the idea that the algorithm was more effective with the easily
distinguishable red color. In comparison with the density estimation-based tomato counting method,
we performed a comparative analysis of our method in identifying tomato clusters and single fruits.
We measured that the highest counting accuracy for mature fruit was 80.08%, for immature fruit, the
accuracy went up to 78.62%, and the average was 79.35%. Our method was significantly more
effective to accurately measure ripe and unripe berries and maturity. Table 4 contains further details
on the experiment. With this, we can identify the limitation that the density-based method does not
perform well under different variations as a result of its limited samples.

Table 4. Counting accuracy of different maturity fruits based on our method.

Our Method Density Estimation
Ist 2nd 3rd Ist 2nd 3rd

Measured 234 231 231 195(E)* 161(E) 201(E)
value(mature)

Measured 857 850 831  672(E) 728(E) 714(E)
value(mature)

ACC(mature)  9322%  92.03%  92.03%  77.70% 64.14%  80.08%

ACC(immature)  92.55%  91.79%  89.74%  72.57% 78.62%  77.10%

* E indicates that the value is a calculated value by density estimation methods.91.89
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Figure 12. Counts of ripe individual fruits and unripe individual fruits in the Ridge 3 by our methods.

3.7 Visualization results of the tomato inspections

While visual inspection may not have a direct impact on quantifiable results, it provides a
qualitative method that complements the study. To better demonstrate the effectiveness of the study,
we provide a sample as Figure 12 to demonstrate tracking, edge case reading, 3D imaging with
displacement sensors and single fruit collection. This, together with the analysis, can demonstrate an
effective and reliable reading method for our algorithm.

Figure 12 shows an example of tomato counting in a greenhouse using our algorithm. It shows
that in frame 242 the tomato was identified as on the image, as it appeared on the top edge. As the
tomato leaves change in frame 264, the algorithm is still able to track the movement of each individual
fruit. Over time, the tomato leaves may get in the way of the algorithm reading the individual fruits,
but the algorithm is accurate in its readings. The spatiotemporal tuple is shown below to demonstrate
its effective tracking capabilities. As frame 242 had the tomato in the edge case, as frame 243 passes
to frame 297, it accurately recognises the tomatoes it initially had.

266 frame 285™ frame 296 frame

Figure 13. Tracking example of tomato counting.
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4. Conclusion and Future Work

This paper presented a novel and efficient tomato fruit counting method integrated into a
greenhouse inspection robot. By leveraging the robot's displacement information from its IMU, the
algorithm effectively tracked tomato clusters across frames, enabling accurate counting while
minimizing ID switches. The system achieved a tomato cluster detection accuracy of 97.09% with a
processing time of only 0.03s per image using the YOLOvS8 network. Furthermore, the detection
accuracy for mature and immature single fruits reached 92.03% and 91.79%, respectively, with a
processing time of 0.08s per image. It took 0.18s to convert tomato clusters in an image into a
spatiotemporal tuple using the YOLOv8 network and a series of coordinate conversions. The inter-
frame prediction algorithm used in this method based on the robot’s spatial displacement achieved
a multiple object tracking accuracy (MOTA) of 0.954. In comparison with the YOLOv8+DeepSORT
algorithm, this achieved a reduction in the false detection of background tomatoes and decreased
identity switches.

The integration of the 3D filter with the displacement information was seen to lead the algorithm
to have advantages, and provide a reliable, and accurate reading method for tomato detection. It
realized effective tracking across the images and performed single fruit counting, making it an
efficient system.

Future work will focus on several areas to further enhance the capabilities of the proposed
system: (1) Improving Detection Robustness under Occlusion: Using the method for tomato
recognition, it will allow an improvement in robustness for tomato detection. This can be achieved
by taking on tomato occlusion, and tomato detection and further integrating attention mechanisms
to increase single-frame accuracy. (2) Integration with Automation Control System: By accurately
being able to recognize tomato ripeness, this could integrate with automation control. It may lead to
better control of the ripeness, and provide a higher crop yield.

In summary, this will provide a reliable means to perform tomato detection, crop yield and
resource management, as shown throughout our experiment.
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