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Abstract

Autonomous driving relying on visual navigation plays a vital role in promoting automa-
tion within the jujube industry. Conventional visual navigation strategies fail to satisfy
the demands of straddle-type jujube harvesters owing to their unique row-straddling con-
figuration and complex orchard environments. Accordingly, this paper proposes a novel
binocular vision-based path detection algorithm for autonomous jujube harvesters. In
the proposed method, target trunks detected from binocular images are used to generate
a navigation path that better aligns with the operating trajectory of harvester. A Single
Shot MultiBox Detector (SSD) deep learning model is employed to detect trunk bound-
ing boxes. To mitigate interference induced by false detections from the deep learning
model, a curve-fitting-based path calibration strategy is implemented. Experimental results
demonstrate that the proposed algorithm achieves a detection speed of 14.38 fps with a
false detection rate of 3.64%, satisfying the operational demands for autonomous driving
of jujube harvesters. Furthermore, this algorithm can be extended to other orchard mobile
robots that execute row-straddling operations similar to jujube harvesters.

Keywords: jujube harvester; visual navigation; binocular vision; navigation path detection;
deep learning

1. Introduction
The development of orchard mobile robots offers promising opportunities for im-

proving automation, efficiency, and sustainability in fruit production [1]. To improve the
automation level of the jujube industry and promote industrial transformation, a straddle-
type jujube harvester was designed and developed by the laboratory at Shihezi University.
The harvester adopts a row-straddling operating configuration, allowing it to straddle
jujube tree rows and navigate along tree trunks during harvesting operations. To further
reduce operational costs and improve the level of automation, developing an autonomous
navigation system for the harvester has become a critical requirement. Furthermore, ef-
fective navigation path planning is essential for achieving autonomous operation of the
jujube harvester [2]. However, conventional navigation methods are unsuitable for jujube
harvesters due to the complex orchard environment and their unique row-straddling op-
erating configuration. Therefore, this paper proposes a novel navigation path detection
algorithm to enable autonomous operation of the jujube harvester.

Existing navigation path detection methods for orchard mobile robots can be broadly
classified into three categories based on sensing technologies: GNSS (Global Navigation
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Satellite System)-based methods, LiDAR (Light Detection And Ranging)-based methods,
and Computer Vision-based methods [3].

With the availability of GNSS for civilian applications, agricultural production has been
significantly advanced, particularly in the field of precision agriculture [4]. Currently, RTK-
DGP-based navigation systems can achieve centimeter-level positioning accuracy and have
been successfully implemented in agricultural fields, such as sugar beet production [5]. How-
ever, the reliability of GNSS-based navigation is significantly affected in orchard environments,
where satellite signals may become unstable, unavailable, or inaccurate due to obstructions
caused by tree canopies and complex terrain conditions [6–8].

To overcome the limitations of GNSS-based navigation in orchard environments,
LiDAR has been widely investigated as a local perception sensor for autonomous navigation
due to its ability to extract geometric features from surrounding scenes [9]. Several studies
have explored LiDAR-based navigation methods for orchard mobile robots. A navigation
method equipped with a 2D LiDAR scanner was developed by integrating Particle filter
and Kalman filter algorithms [10]. Furthermore, a line feature extraction-based navigation
approach was proposed using the PEARL algorithm on 2D point clouds [11]. Nevertheless,
LiDAR-based navigation still faces challenges in complex orchard environments because
sufficient and distinctive geometric features or reliable landmarks are difficult to identify [3].
Moreover, the relatively high cost of LiDAR sensors limits their widespread application in
agricultural robotic systems [12].

With the rapid development of digital image processing technologies, computer
vision has been widely adopted in agricultural production due to its intuitive perception
capability and high accuracy [13]. In recent years, vision-based navigation of orchard
mobile robots has attracted considerable research interest [14,15]. According to the number
of cameras employed, existing visual navigation approaches can generally be categorized
into monocular vision-based and stereo vision-based methods.

Monocular vision-based navigation approaches mainly rely on detecting navigation
paths from in-row regions [16–18] or tree canopies [19]. Nevertheless, their performance
is often affected by illumination variations and occlusions, resulting in limited navigation
accuracy [20]. In addition, the canopy characteristics of jujube trees during the harvesting
season are relatively inconspicuous and highly similar to the surrounding ground background,
which increases the difficulty of image segmentation. More importantly, since jujube harvesters
perform row-straddling operations and require navigation according to trunk positions,
monocular vision-based approaches are inadequate for autonomous navigation because
canopy information cannot reliably represent the spatial distribution of tree trunks.

Compared with monocular vision, stereo vision, especially binocular vision, exhibits
superior performance in complex environments with uneven illumination and low contrast
and has been widely used for terrain mapping and environmental perception [21,22]. In gen-
eral, binocular vision systems estimate depth information by constructing disparity maps
from the correspondence between left and right images, which enables 3D reconstruction
and provides reliable information for navigation path generation [12,23–25]. Furthermore,
binocular vision is particularly suitable for orchard mobile robots with limited payload
and power capacity due to its passive sensing capability and relatively low hardware
cost [20,26]. However, conventional binocular vision-based navigation approaches cannot
meet the requirements of jujube harvesters because the fixed installation configuration of
stereo cameras makes it difficult to directly obtain the trunk-related position navigation
information required for row-straddling operations.

Based on the aforementioned analysis, this paper proposes a novel binocular vision-
based navigation path detection algorithm for autonomous jujube harvesters. The proposed
method employs deep learning techniques to estimate the positions of target trunks on
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both sides of the harvester and generate the corresponding navigation path. Experimental
results demonstrate that the proposed algorithm can accurately determine navigation paths
for jujube harvesters and meet practical operational requirements. This study provides a
theoretical foundation for implementing autonomous navigation in jujube harvesting sys-
tems. The main contribution of this work is the development of a trunk-guided navigation
path detection algorithm based on a specially designed binocular vision system, which
addresses the unique requirements of straddle-type jujube harvesters.

2. Materials and Methods
2.1. Experimental Platform and Equipment

The objective of this study is to develop a binocular vision-based navigation path
detection algorithm for autonomous navigation of the jujube harvester based on tree trunk
detection. The experimental platform and equipment, including the jujube harvester and
binocular cameras, are described in the following sections.

2.1.1. Jujube Harvester

The proposed method was developed on the jujube harvester shown in Figure 1,
which was independently designed and manufactured by Shihezi University. The harvester
achieves automatic jujube harvesting by shaking tree branches and collecting the falling
fruits. Figure 2 presents the top-view schematic of the jujube harvester during its row-
straddling operation. The harvester moves along the tree row while straddling the jujube
trees, and the binocular cameras are mounted on the lower left and lower right sides of the
machine, respectively.

Figure 1. The jujube harvester designed by Shihezi University.

Figure 2. The top view diagram of the straddle-type jujube harvester operation.
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2.1.2. Binocular Cameras

Figure 3 illustrates the binocular camera configuration on the jujube harvester. The
cameras are symmetrically mounted on the left and right transmission devices, with a
height of 40 cm above the ground and a baseline distance of 50 cm. The optical axes are
oriented at 45◦ to the forward direction of the harvester. The main camera specifications
are provided in Table 1.

Figure 3. Binocular cameras installation in this paper.

Table 1. Main parameters of the camera used for image acquisition.

Resolution Interface Type Product Model Temperature

640 × 480 VGA MJPEG USB2.0 High Speed RER-USBFHD01M-LS36 −20∼70 ◦C

Existing navigation path estimation methods cannot be directly applied to the jujube
harvester due to its unique binocular camera configuration. Unlike conventional binocular
systems with closely spaced cameras (Figure 4), the proposed system adopts a wider camera
baseline, resulting in the following challenges:

Figure 4. Conventional binocular cameras.

First, Figure 5 presents the binocular images acquired by the cameras mounted on
the jujube harvester. Rectangular boxes with identical colors denote the same trunk in
both views. As shown in Figure 6b, the overlapping field of view between the cameras
is limited and changes during harvesting. Conventional stereo vision methods require
stable camera geometry and epipolar constraints, which are difficult to preserve under field
conditions. Although the cameras are rigidly mounted on the chassis, harvesting-induced
vibrations continuously alter their relative pose and invalidate the calibrated epipolar
geometry required by stereo matching algorithms such as ELAS (Efficient Large Scale
Stereo Matching) [27]. Therefore, static calibration-based stereo methods cannot provide
reliable trunk detection for jujube harvesting, motivating the proposed approach.
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Figure 5. The actual image from binocular cameras in this paper.

(a)
(b)

Figure 6. The overlap of camera view from binocular cameras in this paper: (a) overlap of camera
view from conventional binocular cameras; (b) overlap of camera view from binocular cameras in
this paper.

2.2. Image Acquisition

The video data were collected from 11 November 2021 to 1 December 2021, between
8:00 a.m. and 6:00 p.m. under clear weather conditions in a jujube orchard in A’er, Xinjiang,
China. The cameras were installed according to the configuration described in Section 2.1.2.
A worker manually drove the jujube harvester at an operating speed of 2.2 km/h to record
the video sequences. Figure 7 shows the video acquisition process in the orchard, and the
collected dataset is summarized in Table 2.

Figure 7. The scene of the jujube harvester collecting images in jujube orchards.

https://doi.org/10.3390/agriengineering8090369

https://doi.org/10.3390/agriengineering8090369


AgriEngineering 2026, 8, 369 6 of 18

Table 2. The information of videos collected in jujube orchards.

Camera Video Number Frame Number Frame Rate

left 24 7594 15
right 24 7594 15

2.3. Navigation Path

The objective of this study is to develop a trunk-guided navigation path detection
method for autonomous jujube harvesting. Considering the unique binocular camera
configuration of the jujube harvester, a customized binocular vision-based approach is
proposed to generate suitable navigation paths.

Figure 8 illustrates the image configuration used for navigation path calculation. The
distances dl and dr between the center (red cross) of the target trunk bounding box (green
rectangle) and the left and right image boundaries are used to calculate the navigation path
C in Equation (1). The target trunk is selected as the closest trunk detected by the object
detection model.

C =


Turn right dr > dl

Keep dr = dl

Turn le f t dr < dl

(1)

Figure 8. The diagram of the navigation path.

Equation (2) defines the calculation of dl and dr. The coordinates (xl1, yl1) and (xl2, yl2)
denote the top-left and bottom-right corners of the target trunk bounding box in the left
image, while (xr1, yr1), (xr2, yr2) represent the corresponding corners in the right image.
w is the width of the left image. The top-left corner is set as the coordinate origin, and the
horizontal and vertical directions are defined as the x-axis and the y-axis, respectively.

dl = w − xl1 + xl2
2

dr =
xr1 + xr2

2

(2)

Additionally, dl_e and dr_e denote the distances between the target trunk bounding
box edges and the image boundaries, as calculated in Equation (3). They are used to
determine whether the trunk reaches the image boundary.{

dl_e = w − xl2

dr_e = xr1
(3)
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2.4. Trunk Boxes Obtained

The first step of the proposed method is to detect jujube tree trunks from binocular
images. A deep learning-based object detection model is employed to generate trunk
bounding boxes due to its effectiveness in object detection tasks.

2.4.1. Dataset Generation

The dataset consists of 15,188 images collected from jujube orchards. A total of
3155 images were randomly selected and manually annotated using LabelImg (https://
github.com/heartexlabs/labelImg (accessed on March 6 2022)). The annotated dataset was
randomly divided into training, testing, and validation sets with ratios of 60%, 20%, and
20%, containing 1893, 631, and 631 images, respectively.

2.4.2. Model Selection Method

With the rapid advancement of deep learning technologies, deep learning-based visual
navigation has attracted increasing attention in orchard mobile robot applications [28–30].
Deep learning enables computational models to learn hierarchical data representations
through multiple layers [31].

Three representative detectors, Faster R-CNN, YOLO V3, and SSD, were selected for
comparison, representing two-stage high-accuracy, single-stage high-speed, and balanced
single-stage architectures, respectively. These models were chosen to evaluate the adapt-
ability of classical object detection frameworks for jujube trunk recognition. Lightweight
detectors such as YOLO V7 and YOLO V8 were not included because the embedded com-
puting platform of the harvester lacks compatibility with their required operators and
frameworks. Moreover, this study focuses on robust path calibration rather than network
backbone improvement. The deployment of advanced lightweight detectors on agricultural
robotic platforms will be explored in future work.

Furthermore, a study [32] demonstrated that Faster R-CNN [33] outperformed YOLO
V3 [34] in trunk detection and was successfully applied to orchard robot navigation under
varying illumination conditions using thermal images. The SSD model [35] provides a
favorable trade-off between detection accuracy and speed and has been widely adopted in
industrial applications. Therefore, Faster R-CNN, YOLO V3, and SSD were selected for
comparative evaluation of jujube trunk detection.

The model selection strategy was developed based on [36]. K-fold cross validation
was employed to evaluate model performance [37,38]. The mean Average Precision (mAP)
was selected as the primary evaluation metric for object detection [39–42]. Considering the
requirement for accurate trunk localization, the IoU threshold was set to 0.9, and mAP@0.9
was adopted for evaluation. Detection speed was also included due to its importance in
practical operations. In addition, batch size and learning rate were optimized as critical
hyperparameters affecting model performance [43]. The model selection procedure is
described as follows.

2.4.3. Image Augmentation

Image augmentation is widely used in deep learning training to increase data diver-
sity, improve model generalization, and reduce overfitting [44,45]. Traditional augmentation
techniques include affine transformations and color modifications [46]. Since trunk position
is essential for navigation, rotation augmentation was excluded in this study. The applied
augmentation methods included RGB-HSV color conversion, random contrast, random bright-
ness, random cropping, expansion, random mirroring, and random light noise addition [47].
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2.4.4. Semi-Supervised Training

Manual annotation is labor-intensive and time-consuming [48]. To reduce annotation
requirements, semi-supervised learning utilizes both labeled and unlabeled data during
model training [49,50]. Self-training is a widely used semi-supervised strategy for ob-
ject detection, where pseudo-labels generated by model predictions are used to expand
the training set [49,51]. Following [52], a pseudo-label-based self-training method was
adopted in this study. The initial model M was trained using labeled data, and the iterative
procedure is described as follows.

1. Generate pseudo labels for randomly selected unlabeled images using model M with
confidence threshold c.

2. Combine pseudo-labeled images with the original training data.
3. Train a new model M′ using the updated dataset.
4. Repeat Steps 2 to 3 until all unlabeled images are utilized.
5. Select the model with the highest mAP@0.9 on the test dataset.

2.5. Finding Target Trunk Boxes

Since multiple trees may appear in a single image, multiple trunk bounding boxes
can be detected simultaneously. The trunk closest to the jujube harvester is selected as
the target trunk. According to Section 2.3, this trunk corresponds to the bounding box
closest to the image boundary in each binocular image. Therefore, dl or dr is calculated
for all detected trunk boxes, and the box with the minimum value is selected as the target
trunk box.

2.6. Path Calibration Method

Since deep learning models may produce detection errors, abnormal predictions must
be handled before generating navigation commands. A filtering strategy is applied to
remove frames with abnormal dl or dr values, and the trunk position is subsequently
estimated to maintain continuous and stable control.

2.6.1. Finding the False Frame

A false frame refers to a frame with an incorrect detection result from the deep learning
model. Figure 9a illustrates the correctly estimated navigation path, which provides real-
time steering commands for jujube harvester direction adjustment.

(a) (b) (c)

Figure 9. The diagram of path calibration: (a) The correct navigation path. (b) The false navigation
path. (c) The navigation path after calibration.

As shown in Figure 9b, false detections occur in the frame of Fw, and F′
w. In frame

Fw, the target trunk is present but missed by the SSD model in the left image (Figure 10b).
In frame F′

w, the target trunk is missed in the right image, resulting in no detected trunk
bounding box (Figure 10a). Equation (4) defines the criterion for false frame identification,
where L denotes the label of the current frame.

https://doi.org/10.3390/agriengineering8090369
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L =

{
False d > p and de < k

True besides
(4)

where {
d = dl and de = dl_e in le f t image

d = dr and de = dr_e in right image
(5)

(a)

(b)

Figure 10. Diagrams of false frames: (a) Fw frame. (b) F′
w frame.

2.6.2. Achieve the Estimated Value

After identifying false frames, the missing values are estimated to calculate the naviga-
tion path. The curve function of the interval containing Fw or F′

w is defined in Equation (6),
where each interval is approximated by a conic section. The coefficients a0, a1, and a2 are
obtained using the least squares method based on valid points before the false frame. The
missing value d is then estimated by substituting Fw or F′

w into Equation (6).

d = a0 + a1 · F1 + a2 · F2 (6)

The fitted curve is plotted as the green dashed line in Figure 9. As illustrated, dl and dr

defined under the Fw and F′
w frames can be adopted to compute the navigation path after

path calibration.
To summarize, the work flow of the navigation system is shown in Figure 11. And the

control system part of them is not introduced in this paper.
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Figure 11. The work flow of the navigation system.

3. Results
All algorithms and data processing were implemented on the Linux x64 5.4.0 − 131 −

generic system using Visual Studio Code (V 1.72.2) and Anaconda 3. The host computer
is equipped with an Intel(R)Core(TM) i7 − 4770CPU@3.40 GHz, 16 GB RAM, and a
GeForceRTX 2080Ti graphics card.

3.1. Deep Learning Model Selection

Figure 12 shows validation loss curves for models with varied hyperparameters
trained using 5 − f oldcross − validation, where bz and lr represent batch size and learning
rate. The SSD model trained at learning rates of 1 × 10−2 and 1 × 10−3 cannot be applied
to this study.

Figure 12. The training and validation loss curve of different models with different parameters.
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Table 3 summarizes the model evaluation metrics. Faster R-CNN obtains the optimal
mAP@0.9 ((24.93 ± 6.22)%), yet its detection speed ((10.13 ± 0.03) f ps) fps cannot satisfy
the task’s real-time demand. SSD outperforms YOLO V3 slightly in experiments and is
therefore adopted as the deep learning backbone.

Table 3. The performance of different models trained by different hyperparameters.

Model Learning Rate Batch Size mAP90 (%) Speed (fps) Recall (%) Precision (%) F1-Score (%)

Yolo V3

1 × 10−2 8 21.18 ± 5.07 48.96 ± 2.15 42.08 ± 5.48 39.82 ± 5.41 40.91 ± 5.44
16 19.76 ± 6.13 49.83 ± 0.45 40.08 ± 5.75 38.00 ± 5.85 39.01 ± 5.80

1 × 10−3 8 22.98 ± 3.82 49.50 ± 0.65 43.89 ± 3.89 40.30 ± 4.57 42.01 ± 4.26
16 19.71 ± 5.19 49.89 ± 0.56 39.66 ± 5.17 37.52 ± 5.38 38.56 ± 5.29

1 × 10−4 8 23.10 ± 7.00 43.58 ± 0.39 42.70 ± 7.39 40.53 ± 7.14 41.59 ± 7.26
16 21.22 ± 9.08 44.06 ± 1.06 42.42 ± 9.71 40.27 ± 9.33 41.32 ± 9.51

1 × 10−5 8 21.89 ± 4.17 8.73 ± 1.09 42.38 ± 4.49 39.61 ± 4.96 40.94 ± 4.74
16 20.00 ± 5.15 42.70 ± 1.18 40.50 ± 5.96 38.12 ± 5.88 39.28 ± 5.91

SSD

1 × 10−2 8 nan nan nan nan nan
16 nan nan nan nan nan

1 × 10−3 8 nan nan nan nan nan
16 nan nan nan nan nan

1 × 10−4 8 23.98 ± 2.74 87.04 ± 4.78 44.27 ± 2.12 43.92 ± 1.95 44.10 ± 2.03
16 21.52 ± 3.28 85.08 ± 1.19 42.14 ± 3.17 41.86 ± 2.97 42.00 ± 3.07

1 × 10−5 8 15.53 ± 1.55 76.8 ± 4.87 34.90 ± 1.91 34.84 ± 1.87 34.87 ± 1.88
16 14.66 ± 1.41 66.80 ± 5.69 33.10 ± 1.87 33.28 ± 1.65 33.19 ± 1.76

Faster R-CNN

1 × 10−2 8 23.99 ± 7.34 10.22 ± 0.12 48.41 ± 7.45 41.67 ± 6.42 44.78 ± 6.90
16 24.93 ± 6.22 10.13 ± 0.03 49.64 ± 6.73 41.48 ± 5.33 45.19 ± 5.94

1 × 10−3 8 23.48 ± 2.71 10.25 ± 0.05 48.67 ± 3.22 41.70 ± 2.91 44.92 ± 3.06
16 19.89 ± 2.81 10.25 ± 0.09 43.89 ± 3.55 37.99 ± 3.16 40.72 ± 3.31

1 × 10−4 8 19.03 ± 1.00 10.21 ± 0.11 42.52 ± 1.28 36.74 ± 0.96 39.42 ± 1.10
16 16.67 ± 2.87 9.64 ± 1.16 38.75 ± 3.29 33.11 ± 2.76 35.71 ± 3.00

1 × 10−5 8 10.84 ± 1.00 10.11 ± 0.07 28.65 ± 1.55 24.33 ± 1.67 26.31 ± 1.63
16 7.36 ± 0.88 10.13 ± 6.86 22.94 ± 1.01 19.14 ± 1.12 20.87 ± 1.08

3.2. Semi-Supervised Learning

Two experiments were carried out to improve model performance using pseudo-
labels. As a mature training scheme, Early Stopping frequently surpasses regularization
methods and gains extensive application due to easy implementation [53]. The Early
Stopping hyperparameters were configured with Patience of 20 and validation loss as the
monitoring indicator.

The first experiment investigates the optimal quantity of pseudo-labeled samples for
each training iteration. Experimental results are summarized in Table 4. As observed, the
optimal pseudo-label count is 100, which yields the highest mAP@0.9 of 52.86% on the test set.

Table 4. The best number of pseudo-labels for every training set.

Number mAP90 (%)

100 52.86
200 48.46
300 47.76
400 49.63
500 47.03
600 50.17
700 51.72
800 43.64
900 44.68

1000 46.09
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Second, as unlabeled data far outnumber labeled samples, we further explore the
optimal quantity of pseudo-labeled images. Figure 13 indicates that the model trained
with approximately 1400 pseudo-labeled images achieves the best performance, and this
configuration is adopted for our final model.

Figure 13. The mAP@0.9 curve of self-training under different numbers of unlabeled images.

3.3. Performance Improvement Result

Model performance after image augmentation and self-training is shown in Table 5.
The mAP@0.9 metric rises by 20% with image augmentation and further improves by 14%
via pseudo-label self-training. Accordingly, both image augmentation and pseudo-label
self-training boost the SSD model performance in this task.

Table 5. The performance of models under different conditions.

Processing mAP90 (%)

without image augmentation 23.98
with image augmentation 44.52

self-training 58.93
The 23.98% mAP@0.9 is the hyperparameter-optimized SSD from Table 3, serving as the unified baseline for all

ablation tests in Table 5.

Although the mAP@0.9 of 58.93% is lower than that of dataset-oriented detectors, it
meets the requirements of orchard navigation for three reasons:

1. Under heavy orchard interference, our optimizations raise the SSD baseline from
23.98% by over 34 percentage points.

2. Embedded path calibration reconstructs navigation paths during temporary detection
failures discussed in Section 2.6.

3. The low traveling speed of the harvester enables the control system to compensate
occasional detection deviations.

3.4. False Detection Analysis

Typical detection failure cases are presented below. In all subsequent figures, red
boxes denote detected target trunks in binocular image pairs. In Figure 14a, the SSD model
fails to output trunk bounding boxes on the left image, producing no valid navigation
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path for this frame. In Figure 14b, the target trunk near the right edge of the left image is
undetected, which yields an erroneous navigation path.

Furthermore, experiments on the navigation path false detection rate rd are carried out
using randomly sampled video clips from the collected dataset. The metric rd is computed
via Equation (7), where w f and t f denote the number of falsely detected frames and the
total number of frames, respectively. Experimental results are summarized in Table 6.

rd =
w f

t f
× 100% (7)

(a)

(b)

Figure 14. The false detection caused by the SSD model.

Table 6. Experimental results of the false detection rate.

Speed (fps) tf (Frames) wf (Frames) rd (%)

14.38 11,575 422 3.64

The false detection rate reaches 3.64% and the inference speed is 14.38 f ps, satisfying
the autonomous navigation requirements of the jujube harvester.

Two frame-rate metrics must be differentiated in this work. High frame rates in
the model comparison table denote pure single-image backbone inference, excluding
preprocessing and post-processing. By contrast, the integrated system speed of 14.38 f ps
covers the full binocular pipeline: dual-camera synchronous SSD inference, valid trunk
target filtering, path calibration interpolation for detection missing, and navigation path
command generation for the harvester control unit. This full-stack frame rate characterizes
the practical real-time performance on the physical harvester.
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3.5. Path Calibration

In Figure 15, the first row Figure 15(a1–d1) plots raw dl and dr curves without path
calibration from test videos. The second row Figure 15(a2–d2) presents the corresponding
curves with outliers corrected via path calibration.

Figure 15. The curve before and after path calibration.

As observed, calibrated dl and dr can serve as navigation paths for autonomous jujube
harvester navigation amid false detections.

The proposed conic interpolation for missing detection compensation has inherent
limitations. The lightweight single conic fitting suits jujube harvesters navigating slowly
along straight or gently curved rows over mildly undulating terrain, where smooth trajec-
tory assumptions are valid. Under extreme conditions including sharp steering and rough
terrain, abrupt trajectory variations cannot be precisely represented by one quadratic curve
and produce large path deviations. Future work will employ segmented piecewise curve
fitting to adapt to varying trajectory curvatures.

3.6. Ablation Study

It should be emphasized that the following comparison between SSD and Detectron2
only conducts a relative consistency test of trunk mass center outputs, rather than an
absolute positioning accuracy assessment against manually annotated ground truth. This
group of experiments aims to verify whether lightweight SSD can generate trunk center
coordinates consistent with the high-precision segmentation model Detectron2 [54], rather
than quantifying the real geometric error of either model against actual trunk positions.
Figure 16 displays the detection result leaned on the Detectron 2 deep learning model
designed, which is one of the state-of-the-art instance segmentation models. In this picture,
for the same trunk, the blue-connected area and the red rectangle box is generated from the
Detectron 2 model.

Although instance segmentation delivers higher detection accuracy, its low inference
speed limits deployment on the jujube harvester. To verify whether general object detection
suits this scenario, we calculate the distance between the two mass centers.

Equation (8) computes the mass center (ci_x, ci_y) of the blue connected area; (xk, yk) is
the coordinate of the k − th pixel and n is the total pixel count inside the region. Equation (9)
yields the mass center (co_x, co_y) of the red bounding box, defined by its top-left (x1, y1)
and bottom-right (x2, y2) corners. Errors are calculated via Equation (10), and results are
listed in Table 7.
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
ci_x =

∑n
k=1 xk

n

ci_y =
∑n

k=1 yk

n

(8)


co_x =

x1 + x2

2

co_y =
y1 + y2

2

(9)

d =|ci_x − co_x| (10)

Table 7. Distance between object detection and instance segmentation.

Num Frame Instances Number Total Error Average Error (Pixels)

1 1000 1670 4601.866 2.755
2 1000 1699 4511.212 2.655
3 1000 1747 4562.463 2.611
4 1000 1685 4337.054 2.576
5 1000 1713 4590.470 2.679

Figure 16. Results of the instance segmentation and the object detection based on the Detectron 2 model.

As listed in the table, the average error ranges from 2.5 to 2.7 pixels and stays within
acceptable bounds. Thus, the object detection accuracy meets the autonomous navigation
requirements of jujube harvester. Nevertheless, this comparative evaluation carries inherent
limitations. The slight coordinate offset between SSD and Detectron2 merely proves
prediction consistency between the two models, rather than the absolute deviation from
the real trunk ground truth. Future work will adopt the manually annotated ground truth
to measure absolute positioning error and further quantify the geometric precision of the
lightweight SSD.

4. Limitations
The limitations of this work are illustrated via the dl and dr curves in Figure 15.

Obvious discrepancies arise on the curves when detection switches from one target trunk
to the next, accompanied by substantial divergence between dl and dr. This phenomenon
mainly stems from inconsistent mounting heights and installation angles of the two cameras.
In addition, the algorithm is validated only on collected datasets; further field experiments
in jujube orchards will be conducted in future work.
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5. Conclusions
This work develops a deep learning binocular vision navigation algorithm for au-

tonomous jujube harvesters. Comparative and ablation experiments validate three key
contributions: SSD surpasses YOLO V3 and Faster R − CNN for trunk detection under
complex orchard conditions; pseudo-label self-training improves baseline SSD accuracy;
and conic-section path calibration boosts system robustness against detection loss and false
positives. The binocular vision system steadily outputs real-time navigation paths in natu-
ral orchards. This lightweight anti-interference framework supports orchard autonomous
navigation and offers an algorithmic basis for unmanned jujube harvesters.

Future work covers two aspects. Algorithmically, we improve trunk detection accuracy
and long-sequence stability for extreme orchard environments. For system integration,
the vision module will connect to the vehicle controller for closed-loop field tests, with
continuous in-row trials verifying real-time performance and practical reliability.

In conclusion, this paper constructs a full binocular vision pipeline adapted to
vibration-disturbed jujube orchards. Comparative tests, pseudo-label self-training ab-
lation studies and missing-path calibration confirm that the integrated algorithm reliably
generates navigation trajectories for autonomous harvesters, delivering a viable visual
perception scheme for unmanned orchard harvesting equipment.
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