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Abstract

The core challenge in realizing automatic tomato harvesting in greenhouse environments lies in the pre-
cise identification and localization of the fruits. This paper introduces a comprehensive approach based on an
improved YOLOV5 detection algorithm and optimized binocular stereo vision technology. Firstly, by introducing
the C3-Transformer Encoder (CTM) structure and Bidirectional Feature Pyramid Network (Bi-FPN), this study
enhanced the model’s ability to recognize tomatoes, especially under complex backgrounds and occlusion con-
ditions. After field testing, the mAP50 accuracy reached 97.1%, an increase of 1.2 percentage points, enhancing
detection precision. In addition, the ZED binocular camera was used, and the census stereo matching algorithm
was optimized, significantly reducing disparity errors, thereby improving the accuracy of depth information. This
allows the model to accurately calculate the three-dimensional spatial position of tomatoes obscured by branches
and leaves, greatly improving the efficiency of the harvesting robot. Through field debugging verification with the
harvesting robot, the method proposed in this study has shown high accuracy and reliability in the recognition
and localization of tomatoes in complex greenhouse environments.
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Introduction

With modernization of agriculture, intelligent and
automated picking robots are playing an increasingly
important role in agricultural production. As tomatoes are
a common crop in greenhouses, manual picking requires
significant labor and high costs. Therefore, research on
tomato picking robots has broad application prospects
and practical significance. However, the harvesting of
tomatoes mainly relies on manual labor, which is labor-
intensive and costly, creating a pressing need for agricul-
tural robots capable of automated picking. Currently, the

technical bottleneck limiting harvesting robots primarily
revolves around the recognition and localization of tar-
gets. Especially, in greenhouses, the growth posture of
tomato fruits varies, with fruits overlapping, and severe
occlusions caused by leaves, branches, and peduncles,
combined with complex lighting environments and back-
grounds. These factors pose significant challenges for the
recognition and localization capabilities of harvesting
robots. Therefore, the rapid and precise recognition and
localization of tomatoes in complex greenhouse environ-
ments is a critical issue that needs to be addressed in the
development of tomato-harvesting robots.
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Related Research

Fruit and vegetable recognition and detection
technology

Target detection methods based on machine vision have
been widely applied to harvesting robots worldwide. In
recent years, scholars both domestically and interna-
tionally have conducted research on the recognition and
detection of fruits and vegetables.

For instance, a computer vision system is designed that
enhances image contrast using the R component of RGB
images and employs the Sobel operator for edge detec-
tion (Arianti et al., 2023; Benavides et al., 2020; Naik and
Thimmaiah, 2021; Ratha et al., 2023; Rajpoot et al., 2022;
Selguk and Titiincti, 2023; Trinh and Nguyen, 2023;
Wang et al., 2023; Zhang, 2023). Based on grayscale or
intensity segmentation, it eliminates the effects of image
noise and shadows, applies dilated morphology, and
finally achieves the detection of tomato fruits through
segmentation by size, as shown in Figure 1. The detection
rate for cluster tomatoes is 87.5%, and for beef tomatoes,
it is 80.8%.

Stereo cameras were selected to collect images in green-
houses, establish a dataset of red and green tomatoes,
and propose SSD and YOLO deep learning models
(Magalhaes et al., 2021). Magalhaes et al. (2021) com-
pared five deep learning models: SSD MobileNet v2,
SSD Inception v2, SSD ResNet 50, SSD ResNet 101, and
YOLOv4 Tiny. The results showed that SSD MobileNet
v2 performed the best, with a mean average precision
(mAP) of 51.46%, an F1 score of 66.15, and an inference
time of 16.44 ms. However, improvements are needed
to address the issue of occlusion by branches and leaves.
They used Intel D435 cameras to collect images in green-
houses, and the Mask-RCNN method was applied to
detect greenhouse tomatoes (Afonso Manya et al., 2022).

Figure 1.

They conducted a comparative analysis of the detection
capabilities of ResNext 101, ResNet 50, and ResNet 101
network architectures, and the results showed that the
ResNext 101 architecture achieved a prediction accu-
racy of 88% and a recall rate of 91%. They employed the
deep learning Mask-RCNN algorithm with a backbone
network of Resnet50, combined with a Feature Pyramid
Network (FPN) architecture to extract features, and used
a Region Proposal Network to complete the selection of
candidate boxes, achieving automatic detection of straw-
berries (Yu et al., 2019). Their experimental report stated
that the average detection accuracy was 95.78%, and the
recall rate was 95.41% under different lighting condi-
tions and fruit occlusion. An improved tomato detection
model based on YOLOv3 (YOLO-Tomato) was pro-
posed, which included a dense architecture to enhance
feature fusion, making the feature learning more compact
and accurate (Liu et al., 2020). They improved the tradi-
tional rectangular bounding box (R-Bbox) to a circular
bounding box (C-Bbox), and the YOLO-Tomato model
achieved a correct recognition rate of 94.58%. It was pro-
posed as a model based on YOLOvV4, which integrates a
new backbone network, R-CSPDarknet53, constructed
by fusing residual neural networks and enhancing fea-
ture information reuse and multiscale fusion by replacing
the original SPP network’s max pooling with depth-wise
convolution (Zheng et al., 2022). The improved model
achieved tomato detection accuracy and recall rates of
88% and 89%, respectively, with an average detection
accuracy of 94.44%. It was aimed to meet the real-time
requirements of automatic tomato harvesting, improve
the YOLOV3 algorithm, and propose a real-time tomato
ripeness detection model, SE-YOLO-MobileNetV1 (Su
et al., 2022). They used depth-wise separable convo-
lutions to increase computational speed, and applied
data augmentation, K-means clustering algorithm, and
SE attention mechanism module to improve accuracy.
The accuracy rates for different categories of tomatoes
were above 71.80%.

B)

Images from the University of Almeria in Spain. (A) Original image. (B) Detection image.
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In summary, although significant improvements have
been made in the recognition and detection of toma-
toes by domestic and international research, the studies
mainly focus on image analysis and lack sufficient sample
data of tomatoes in real-field environments. Especially,
in the context of on-site robotic harvesting operations,
the precision, real-time performance, and robustness of
tomato recognition and detection still cannot meet the
needs of harvesting robots. Further strengthening and
improvements are needed to better enhance the environ-
mental perception capabilities of harvesting robots.

Fruit and vegetable localization technology

The accuracy and speed of tomato localization deter-
mine the precision and efficiency of harvesting robots.
In recent years, binocular stereo vision has become one
of the important research hotspots in the field of com-
puter vision. The main process of binocular localization
includes binocular image acquisition, binocular cali-
bration, stereo matching, and depth calculation, among
which stereo matching is key to the distance measure-
ment of binocular localization. The method of ste-
reo matching determines the accuracy of localization.
Scholars at home and abroad have conducted research on
stereo matching methods. A stereo matching algorithm
was proposed based on minimum spanning tree (MST)
cost aggregation, through an improved root to leaf (L2R)
matching cost aggregation algorithm (Zhang et al., 2021).
By combining stereo matching technology with parallel
computing technology, experimental results show that
the improved stereo matching algorithm has high accu-
racy and matching speed for binocular vision. It was
proposed as a real-time distance measurement method
based on parallel binocular vision (Xu et al., 2017). In
Xu et al. (2017) study, a single parameter division model
was used. Then, the parameters of the binocular camera
were calibrated using a mode with three parameters {C,
dcu, dcv}. When the distance was between 0.4 m and
1.1 m, the error of the measured distance was less than
5 cm, and the average time for distance measurement
was 30 ms. When the measured distance exceeded 1.1 m,
the error of distance measurement increased. It was pro-
posed as a stereo matching algorithm based on census
transform and texture filtering (Hou et al., 2022). In Hou
et al. (2022) work, the weighted census transform cir-
cular template was used for matching cost to reflect the
impact of neighboring pixels distance to the target pixel
on computation. Experimental results show that their
method can reduce the mismatch rate of images, obtain
disparity maps with less noise, and achieve better pattern
texture matching effects.

It was used as a calibration method based on point dis-
tance constraints and image space error, obtaining initial

Enhanced precision in greenhouse tomato recognition and localization

values and refining by minimizing reprojection error
through the Levenberg—Marquardt method (Zhang
et al., 2022). Within a rotation angle range of —45° to 45°,
the measurement error was less than +0.032°, and within
a displacement range of 0—39 mm, the error was less than
+0.047 mm. When measuring lengths of 300*225 mm,
the error was less than £0.039 mm. An end-to-end stereo
matching algorithm was proposed for a “miniaturized”
convolutional neural network (CNN) (Liu et al., 2020).
The loss function errors on the KITTI 2012 and KITTI
2015 datasets were reduced to 2.62% and 3.26%, respec-
tively. This algorithm can obtain dense disparity maps
with higher accuracy and efficiency. An improved method
of histogram equalization, novel feature extraction, spa-
tial gradient model, and matching cost was proposed, and
it was tested on the Middlebury dataset under different
lighting and exposure values. This method reduced the
average percentage of bad pixels to 3.35 and decreased
the relative mean square error (RMSE) to 30.08 (Qazi
Mazhar et al., 2022). A stereo matching algorithm based
on an improved adaptive support window was proposed
(Qi and Liu, 2022). In their research, a cross base arm
was obtained according to the preset arm length and
color threshold. Then, adaptive areas for the vertical and
horizontal arms were constructed separately. Finally,
the union of the two adaptive areas was used as the final
support window for census. This algorithm can improve
the matching accuracy in weak texture areas and discon-
tinuous disparity areas. It was proposed as an algorithm
to assess the ripeness of truss tomatoes and a compre-
hensive stem localization method based on experimental
errors of various methods (Miao et al., 2023). Tests were
conducted both indoors and outdoors. The results show
that the proposed algorithm has high accuracy under
different lighting conditions, with an average deviation
of 2 mm. It can guide robots to effectively harvest truss
tomatoes, with an average operating time of 9 seconds
per cluster.

From the above literature analysis, it is clear that binocu-
lar vision technology is already being applied to agricul-
tural fruit and vegetable harvesting. However, due to the
lack of research on stereo matching of tomatoes in actual
greenhouse harvesting scenes, existing research results
cannot be applied. Therefore, there is an urgent need for
research on stereo matching algorithms for tomatoes in
the field harvesting environment to obtain more accurate
three-dimensional spatial information of tomatoes.

Image Data
Image dataset

The tomato image data were sourced from the green-
house tomato cultivation bases of the national
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Figure 2. Tomato image data under natural conditions.

agricultural park. A binocular camera was selected for
image collection. The shooting distance for the tomato
images ranged from 300 mm to 1,100 mm, with both
left and right images having a resolution of 640%480. All
images were captured under natural greenhouse condi-
tions, including variations in tomato size, overlapping
tomatoes, occlusion by branches and leaves, and different
light intensities. The images making up the tomato data-
set, as shown in Figure 2, feature black edges due to the
calibration correction of the binocular camera.

The learning and generalization abilities of the training
models for deep learning neural networks come from the
training dataset (Mirhaji et al., 2021). Therefore, besides
richness, the dataset also needs to be complete. Image
flipping and rotation can enhance the detection capa-
bility and stability of the network model, while bright-
ness balance can prevent performance deviations due

to differences in sensors and changes in environmental
lighting (Tian et al., 2019). Ultimately, a total of 2,000
images were obtained for the dataset, with the training,
validation, and test sets divided in an 8:1:1 ratio.

Image data annotation

Training deep learning models cannot be separated from
the annotation of image data. Accurate marking is crucial
for precise localization during the tomato detection pro-
cess. The network can only accept the accuracy provided
by the labeled training set, necessitating that each tomato
data in the image data be marked in the same manner.
This ensures that the trained model is more accurate. A
zoomed-in tomato, with T, R, D, and L representing the
tangent points at the four edges of the tomato, is shown
on the left side of Figure 3. The method of annotation
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Figure 3. Dataset annotation.
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uniformly follows the direction of the tangent line to the
circular edge of the tomato to mark the rectangular box,
thereby obtaining more precise and reliable data.

Improved YOLOvS Detection Algorithm
Model structure

In 2015, it was first introduced as a one-stage deep learn-
ing CNN model for object detection named YOLO (You
Only Look Once) (Redmon and Farhadi, 2017 and 2018).
It directly addresses the object detection problem as a
regression problem to be solved.

In 2020, YOLOvV5 was released, achieving good perfor-
mance in terms of accuracy and speed. It mainly consists
of three parts: the backbone network (Darknet53), the
neck of the feature pyramid (PANet), and the predic-
tion head. To design a tomato recognition and detec-
tion model with higher accuracy suitable for complex
greenhouse environments, the YOLOv5s network model
structure was improved, as shown in Figure 4.

CTM structure

Inspired by the work of Dosovitskiy et al. (2020) at
Google, a transformer encoder module was introduced
and combined with the C3 module to design a new struc-
ture called the CTM structure, as shown in Figure 5. The
CTM structure replaces the C3 module after the SPP
block in the original YOLOv5 network. The transformer
module includes multihead attention and multilayer
perceptron (MLP) as two sublayers, using residual con-
nections. To improve model generalization and reduce
computational cost, there is a dropout layer after each
sublayer. Different feature vectors containing spatial
positional information in the transformer are transmitted
to the dropout layer through the attention module of the
feedforward neural network. The dropout layer ignores
elements with low weight and then transfers effective ele-
ments to the fully connected layer, preventing overfitting
and enhancing generalization ability. Compared to before
replacement, the CTM module can capture more local
features and global information, increasing the ability to
focus on current pixels and acquire context semantics.

Bi-FPN

The original PANet structure was replaced with a Bi-FPN
structure, adding bidirectional weighted fusion. In most
networks, when different image features are fused, there
is no distinction made. They are simply stacked or added
together. However, since different features have different

Enhanced precision in greenhouse tomato recognition and localization

resolutions, their contributions to the output features
after fusion also vary. Bi-FPN introduces weighted fea-
ture fusion to learn the importance of different input fea-
tures, while repeatedly applying bidirectional (top-down
and bottom-up) features and adding lateral connections
between input and output features of the same scale (Tan
et al., 2020). This reduces the loss of feature information
and achieves multiscale and cross-scale optimization, as
shown in Figure 6.

The computation expression for Level-4 layer is:

’ w, - P" + o, -Resize(Pg”)
P‘f =Conv

1)
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P = Conv — -
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Here, the resize operation usually refers to down-
sampling or up-sampling, and w is the parameter to dis-
tinguish the importance of different features during the
fusion process.

Experiments and analysis

Experimental platform

The overall experimental setup is as follows: Intel
i5-9400F CPU, Nvidia GeForce RTX 1660 graphics card,
Windows 10 operating system, 16 GB RAM, with the
PyTorch framework used for the experiments. The reso-
lution of the experimental images was 640*640.

Result analysis

The training loss curves for the training and validation
sets of the improved model are shown in Figure 7. Both
losses begin to decrease and converge quickly. After 150
iterations, the decline tends to slow, and by 300 itera-
tions, it stabilizes, indicating the model’s stability.

The training set mAP is shown in Figure 8. After 100 iter-
ations, the curve reaches near its highest value and tends
to stabilize, with the process being relatively smooth. The
training process is stable, without any overfitting.

Figure 9 presents the PR (precision—recall) curves of
the model before and after improvement. The mAP of
the YOLOv5 (baseline) model algorithm was 95.9%,
and the improved YOLOvV5 model algorithm achieved
a higher mAP of 97.1% accuracy, an increase of 1.2 per-
centage points over the baseline. This enhances the pre-
cision of tomato recognition and detection, providing
higher accuracy for tomato harvesting.

Quality Assurance and Safety of Crops & Foods 16 (3)
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The image results of recognition and detection are shown
in Figure 10. In the natural growing environment, the
model can effectively recognize tomatoes even when the
overlapping parts reach 80%. Furthermore, it can accu-
rately detect fruits when the degree of foliage occlusion is
at the level of half a leaf and double half leaf. The exper-
imental results show that the improved model has good
generalization ability.

To showcase the performance of the improved model,
Table 1 presents a comparison of parameters using com-
mon model methods. The improved YOLOvV5 model

Enhanced precision in greenhouse tomato recognition and localization

[Multi-head attention ]
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‘4 Embedded patches

has the highest mAP50, outperforming Faster-RCNN,
YOLOV3, and YOLOV5 by 30.9%, 9.9%, and 1.2%, respec-
tively. The improved model has an inference time of
55 ms per image, which is 17 ms more than the fastest
original YOLOv5 model (38 ms). In terms of model size,
the improved YOLOv5 model is 26 MB, which is 12 MB
larger than the smallest original YOLOv5 model and 62
MB smaller than the largest Faster-RCNN model (98
MB). The current time and size already meet the needs of
the tomato-picking robot.

Tomato Localization Technology
Principle of binocular ranging

The principle of measurement with binocular stereo
vision is similar to human eyes, using cameras and a
computer to simulate the perception and understand-
ing of objects by human eyes and brain. When the left
and right cameras of a binocular camera shoot the same
object, two different images can be obtained, and there
exists a disparity between their positions in the images,
which is known as disparity (Hartley, 2003). Accurate
calculation of disparity is key to obtaining depth infor-
mation, and its principle is shown in Figure 11. Where Ol
and Or are the optical centers of the left and right cam-
eras, respectively, P(x,y,z) is a point in space, and and are

Quality Assurance and Safety of Crops & Foods 16 (3)
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Figure 8. mAP curve of the improved model.

the coordinates of the projection points of P on the left
and right cameras, respectively.

The projection of the binocular vision structure on the
XOZ plane is shown in Figure 12. The specifications and
parameters of the two cameras selected are the same. b
represents the baseline of the camera, which is the dis-
tance between the two cameras; f is the focal length of the
camera; and z is the perpendicular distance from point P
to the baseline, also representing the depth information.
Using the left camera coordinate system as the world coor-
dinate system, P(x,y,z) represents the three-dimensional
spatial coordinates in the binocular camera coordinate
system. Pl(xlp’ylp ) and Pl(xrp,yrp) are the projection coordi-
nates on the left and right cameras, respectively.

150 200 250 300
Epoch

In this study, the camera coordinate system of the left
camera was taken as the world coordinate system, mean-
ing the origin of the world coordinate system coincides
with the origin of the left camera. From this, the transfor-
mation relationship between world coordinates and pixel
coordinates can be simplified as Formula (3):

I(V:Ofyvo()lyw, 3)

u fie 0 u {R T}xw
1 0O 0 1 1

where K is the scaling factor; R and T represent the posi-
tion and orientation in the real world; £, fy ) [ Uy v, are
obtained from the intrinsic and extrinsic parameters of
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the binocular’s left and right cameras, where the intrin-
sic and extrinsic parameters of the left and right cameras
can be obtained through calibration and correction using
Zhang’s (2000) calibration method referred in literature.
Finally, the three-dimensional coordinates P (x, y, z) in
the world coordinate system can be solved.

Stereo matching algorithm

Due to the different environments and lighting changes
in different greenhouses, the census algorithm showed
better performance under varying lighting conditions
(Mdller et al., 2011). To better adapt to different envi-
ronments and improve accuracy, the following improve-
ments were made to the census algorithm.

Improvement of the central pixel

The traditional census algorithm relies too heavily on the
central pixel during the transformation process. Once the

fo 0.89y

Tomato 0.94 "
——

¥ Temato O.EID:I.

Joma o

.Tomato 0.90
[ —-—

Figure 10. Detection of tomato images.

Table 1. Different model performance indicators.
Detection method P (%) R (%) mAP50 (%) F1 (%) Single image inference time (ms) Model size
Faster-RCNN 82.9 58.4 66.2 69 426 98 M
YOLOv3 93.1 67.3 87.2 78 189 78M
YOLOV5 94.5 85.6 95.9 90 38 14 M
Improve 93.9 90.5 97.1 92 55 26 M

Quality Assurance and Safety of Crops & Foods 16 (3) 75
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0.1 Left image

Figure 11.

window; C(i,,j,) is the grayscale value of the neighboring

P(x,y,z)
A pixels within the window.

z
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Improvement of the matching range

The section “Improved YOLOV5 Detection Algorithm”
has already detected the tomatoes, providing the posi-
tion information of the tomatoes in the image in the form
of rectangular boxes (center coordinates and width and
height). As shown in Figure 13, it is only necessary to
match within the width range of the rectangular box in
the tomato image. The improved formula is as follows:
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C,(irj,d)= min(Hamming,(Ly, ;) ® Ry, ;,i-a))) (5)

where C (i,j,d) is the minimum matching cost for the n-th
tomato at disparity d, namely, the minimum Hamming
distance; Hamming is the Hamming distance corre-

is the

Structure of the binocular vision model.
sponding to the n-th tomato in the image; L .

code at the center coordinate point of the n-th tomato

z z in the left image; R, .. . is the transformed code at the
P(x,y,z) . ) sty (ij~d) ) :

matching point of the corresponding n-th tomato in the

right image within disparity d.

In the left image, the detected central pixel point C serves
as the target matching point, and it is necessary to match
the corresponding point C’ in the right image. From this,
it is apparent that the matching range is located between
C1 and C2. As can be seen in Figure 13, the number of
pixel points matched for the tomato is reduced to the
width w pixels recognized and detected in the right
image, and the matching process data are presented in

Table 2.

Figure 14 shows the Hamming distance for the central
pixel point of a tomato in the left image within the match-
ing range in the right image. From Figure 14 and Table 2,
it is observed that there are many matching points with
a minimum Hamming distance value of 0. This makes
it difficult to determine the true matching pixel point.
Therefore, further improvements are needed to ensure

that the matching point is unique.

baseline

Left camera Right camera
Figure 12. Projection of binocular vision on the XOZ plane.

central pixel is disturbed by noise, the resulting binary
code will be affected (Chen Lv et al., 2021), thereby
affecting the matching accuracy. Therefore, the average
value of the grayscale values of the neighboring pixels
within the window is used as the grayscale value of the

Improvement of constraint conditions

As illustrated in Figure 13, the points matched for the

central pixel, with the improved formula as follows:
(i./)
(i)

o Joc(ini)<C
B(lk’]k)_{l,C(ik,jk)Zé i

where C(i, j) is the average value of the grayscale values
of the neighboring pixels within the window; B(i,,j,) is the
transformation code of the neighboring pixels within the

(4)

tomato pixel coordinates in the left image are also near
the center coordinates in the right image. When there
are multiple pixels with a Hamming distance of 0 or the
minimum value within the matching range of the tomato
width in the right image, it is not possible to determine
the specific matching point, leading to a large matching
precision error. Based on the principle that the match-
ing point is near the detected central pixel point in the
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Figure 13. Tomato process matching.

Table 2. Match the procedure data.

Enhanced precision in greenhouse tomato recognition and localization

— W—»

Matching

.

T

Range (d)

Tomato Left Image Right Image Center ~ Width Detected Matching Pixel Corresponding Minimum Matched
Number Center Pixel Pixel Coordinates in Right Image Range Hamming Distance Pixel Point

Coordinates L(i,j) R(x,y) w R(i,y-wi2)~
R(i,y+w/2)

(265,269)

(265,270)

(265,271)

1 (265,345) (263,279) 83 (265,238)~(265,320) 0 (265,273)

(265,274)

(265,275)

(265,314)

right image, when the Hamming distance is minimal and
the matched pixel point is closer to the detected central
pixel point of the right image (i.e., the Euclidean distance
between the matched pixel point and the detected cen-
tral pixel point is minimal), the similarity of the matched
point is higher, and the precision is higher. The improved
formula is as follows:

C, = short_p(C,(i/)R () (6)
where C is the minimum Euclidean distance between the
matched point of the n-th tomato and the center coordi-
nates in the right image; (i,j) are the detected tomato cen-
ter coordinates, with i and j being the row and column
pixels of the image, respectively; C (i,j) is the pixel point
in the right image that matches the n-th tomato with a
Hamming value of 0 or the minimum; R (i,j) is the center
pixel point of the rectangle detected for the n-th tomato
in the right image; short_p() calculates the minimum

Euclidean distance between the center pixel point in the
right image and the matched pixel point.

Therefore, the pixel point in closest to is the matching
point, and its corresponding disparity d is the dispar-
ity value for the center pixel point of the n-th tomato
detected in the left image.

Localization of tomatoes occluded by branches
and leaves

In the greenhouse field environment, it is inevitable that
branches and leaves will occlude tomatoes, as shown
in Figure 15. When the detected central pixel point is
located on branches or leaves, the depth information cal-
culated after stereo matching is the depth of the branches
or leaves rather than the depth of the tomato, leading to
errors that result in failure to harvest the tomato.
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Figure 14. Hamming distance of matches pixels.

In Figure 15, the detected central pixel points of the
tomatoes, Al and BI, are located on a branch and a leaf,
respectively. Only by ensuring that the pixel points fall on
the tomatoes within the detected region and calculating
their depth information can the data be considered reli-
able. Therefore, it is necessary to segment the occluded
area of the image to isolate the tomato region. The cen-
troid of the largest connected area within this segmented
region can then be taken as the tomato’s pixel point for
matching. In image segmentation algorithms, the Otsu
threshold segmentation method (Guo and Fei, 2010) has

been widely used in fruit and vegetable image recognition
due to its speed and ease of implementation. The result
of segmenting the images in Figure 16 using the Otsu
threshold method is shown in Figure 16. From the left
images in Figure 16, it is possible to see the segmented
tomatoes’ connected regions. The centroids of the larg-
est connected areas are identified as Al’ and Bl’, which
are then matched in the right images as Ar’ and Br’ using
the improved census matching algorithm. The disparity
can then be calculated to obtain the depth information
of the tomatoes. Table 3 provides the calculated disparity

Figure 15. Branches and leaves occlusion. (A) Branch occlusion; (B) Leaf occlusion.
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Figure 16.
occlusion image segmentation.

Table 3. Calculation results of branch and leaf occlusion.

Image segmentation based on branch and leaf occlusion. (A) Branch occlusion image segmentation. (B) Leaf

Number Left Image A/ Right Image Matched A’ Tomato Width in Left Disparity Value Three-Dimensional
Coordinates (pixels) Coordinates Image (pixels) (pixels) Coordinates (mm)

Branch Block (226,463) (226,374) 100 89 (91.58, -8.97,473.29)

Leaf Block (112,474) (112,355) 140 119 (73.76, -61.31,353.97)

values and three-dimensional coordinates corresponding
to these pixel points.

Conclusion

The challenge in robotic harvesting technology lies in the
recognition and localization of tomatoes, with their accu-
racy and real-time performance being critical to the effi-
ciency of the harvesting robot. This research improved
the YOLOv5 model through the enhanced YOLOV5
algorithm, incorporating the CTM structure and BiFPN,
which brought the tomato’s average detection accuracy
to 97.1% and an average single image recognition and
detection time of 55 ms, addressing the issue of tomato
detection in complex environments. Furthermore, by

utilizing the principle of binocular distance measurement
and improving the census stereo matching algorithm,
the three-dimensional coordinates of tomatoes under
complex greenhouse conditions were calculated. This
information was provided on-site to the tomato-picking
robot, achieving precise tomato harvesting and offering
a reference for the development of intelligent agricultural
equipment.
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