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Abstract 

Precision robotics have become essential in streamlining and automating 

agricultural operations in modern farming practices. This study aims to advance 

precision robotics in smart agriculture by integrating pixel-wise context-aware 

information through a proposed panoptic segmentation-based image acquisition 

and analysis framework powered by Detectron2, specifically applied to a bird's-

eye chili farm. The framework comprises stereo image acquisition and advanced 

image analysis using panoptic segmentation and instance tracking, enabling 

detailed segmentation, identification, and continuous tracking of each bird's-eye 

chili plant within a fertigation farm. Evaluation of a customized bird's-eye chili 

dataset revealed that the proposed framework achieved a panoptic segmentation 

precision of 77.4% of Average Precision at 50% Intersection over Union (AP50), 

outperforming the You Only Look Once (YOLO)-based approach, which reached 

68.7% accuracy. The proposed target instance tracking algorithm also 

demonstrated an impressive Average Tracking Accuracy (ATA) of 94.9%, 

significantly surpassing YOLO's ATA of 73.4%. 

Keywords: Agriculture precision robotics, Chili farm, Detectron2, FCNN, 

Panoptic, Video panoptic segmentation. 
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1.  Introduction 

The agriculture sector faces substantial challenges recruiting qualified personnel to 

manage crops effectively [1]. About 7% of the global population is engaged in 

agricultural activities on 2,781 million hectares of land [2]. As the sector grows, 

the demand for skilled and knowledgeable staff to ensure efficient farm 

management has become critical. To address the persistent workforce shortages, 

artificial intelligence (AI)-powered robots are increasingly being deployed as part 

of the broader Smart Agriculture framework, providing integrated solutions to 

enable green and sustainable large-scale farming [3].  

One of the key components of the Smart Agriculture Framework is precision 

robotics, which significantly alleviates the burdens of labor-intensive tasks. For 

precision robotics to operate effectively, the system must comprehensively 

understand the farm environment. Advances in computer vision and AI-driven 

guidance have greatly enhanced the capabilities of these systems, enabling them to 

address labor-intensive challenges with remarkable efficiency [4]. Moreover, the 

development of sophisticated AI algorithms is progressively providing solutions to 

complex agricultural problems, such as automated damage detection [5, 6], non-

destructive food and fruit inspection [7-9], and crop disease detection [10, 11]. 

To comprehensively understand the farm environment, agricultural robots often 

rely on key visual navigation information processing technologies, including 

filtering-based, segmentation-based, and line-detection-based data computation 

algorithms [4]. This paper presents a panoptic segmentation-based image 

acquisition and analysis framework for environment understanding designed to 

enhance autonomous robot mapping by integrating precise and detailed context-

aware information. This framework leverages panoptic segmentation combined 

with inter-frame instance tracking that can be used to improve mapping accuracy 

and functionality. As a result of this framework, an improved digital life cycle of 

crops in precision agriculture is also proposed, incorporating the panoptic elements 

introduced by the framework to enhance environmental understanding and 

operational efficiency. 

Among the various panoptic segmentation libraries available, the two most 

widely used are Detectron2 and You Only Look Once (YOLO) [12-15]. 

Detectron2 was selected as the primary library for panoptic image analysis in this 

research due to its fast-processing capabilities and superior performance despite 

being more complex than YOLO. The panoptic segmentation model, 

implemented using the Detectron2 algorithm, is trained and enhanced with a 

customized single-crop dataset, specifically the bird's-eye chili dataset, following 

a methodology similar to that described by Xu et al. [16]. The proposed 

framework aims to facilitate precise object and route recognition within the 

single-crop bird's-eye chili farm environment as an initial step toward developing 

an enhanced precision agricultural robotics framework, with plans to expand its 

application to multi-crop environments.  

2.  Methods 

As part of Smart Agriculture's precision robotics framework for understanding farm 

environments, various approaches utilizing different types of sensors, including Light 

Detection and Ranging (LiDAR), image, thermal, and hyperspectral sensors, have 
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been implemented [17]. This research focuses on image sensors due to their cost-

effectiveness and widespread adoption as a preferred choice in precision robotics and 

agriculture. Figure 1 illustrates the digital life cycle of crops in precision agriculture, 

highlighting the integration of precision robotics as proposed in [18].  

In precision robotics image acquisition, collecting data from various image 

types, including red, green, and blue (RGB), multispectral, thermal, and 

hyperspectral, is crucial. This data is then analyzed and stitched into a non-

overlapping panoramic image database, serving as the virtual reference of the farm. 

The processed data is then fed into a decision engine, which determines the 

necessary operations. Finally, operation commands are delivered to the robots, 

enabling them to navigate and execute tasks on the target plants autonomously.  

 

Fig. 1. The digital life cycle of crops in precision agriculture. 

The proposed framework focuses on image acquisition and analysis within the 

entire life cycle. The image acquisition component involves curating a custom 

dataset of a bird's-eye chili farm, while the image analysis component employs 

panoptic image analysis to achieve two primary objectives: segmenting all objects 

in the bird's-eye chili farm environment into distinct classes and unique instances 

and tracking target instances, specifically bird's-eye chili plants, across consecutive 

frames. These objectives are critical for achieving precise localization and 

identification of entire objects within the farm, enhancing the efficiency and 

reliability of robotic navigation and operations. 

The first objective is accomplished through panoptic segmentation on a 

customized bird's eye chili dataset [19]. In contrast, the second objective is 

achieved using a tracking algorithm proposed in this paper, which will be discussed 

later in this section. A summary of the proposed image acquisition and analysis 

framework is presented in Fig. 2. The first two stages pertain to image acquisition. 

The initial stage involves data collection, capturing images of objects in and around 

a bird's-eye chili farm.  

In the second stage, these images are filtered according to specific standards to 

ensure object clarity and suitability for subsequent analysis. Manual labeling and 

annotation are performed during dataset preparation to create a reference ground 

truth image for testing. The final two stages focus on panoptic image analysis. The 

first of these stages involves transfer learning-based panoptic segmentation, where 

the curated dataset is utilized to train a pre-existing panoptic segmentation model. 

The next stage involves pixel-wise instance tracking of the chili plants, with the 

tracking performance evaluated only within the target region. 

Image Acquisition

Image Stitching Image Analysis Decision Module

Treatment and 
Planning
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Fig. 2. The image acquisition and analysis framework  

for instances of segmentation and tracking. 

As a result of the proposed image acquisition and analysis framework, an 

improved digital lifecycle of crops in precision agriculture or robotics is proposed 

and illustrated in Fig. 3. The key advancement in the proposed digital lifecycle is 

the integration of three-dimensional context-aware data derived from panoptic 

image analysis and depth perception images. Depth perception images can be 

obtained from various sources, including LiDAR, Time-of-Flight (ToF) sensors, 

and, depth or conventional cameras.  

The incorporation of depth perception ensures sufficient information to 

construct a precise three-dimensional map of the entire environment. With 

panoptic segmentation, each point in the three-dimensional map is classified 

based on its category and assigned a unique instance identity (ID). This approach 

enables the creation of a context-aware map, allowing the robot to identify the 

object class associated with each point and its unique instance. Such a map 

enhances the robot's ability to navigate accurately and execute precise operations 

within the farm environment, significantly improving efficiency and reliability in 

precision agriculture.  

 

Fig. 3. The proposed digital life cycle of crops in precision agriculture. 
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2.1. Image acquisition: Bird's-eye chili farm dataset curation 

A new dataset specific to the bird's-eye chili farm needs to be curated for the 

image acquisition process. The data collection begins with capturing ten right-

angle and ten left-angle stereo videos comprising fifty frames at the chili 

fertigation farm. This results in 1,000 frames, which are saved in PNG format. 

Detailed information regarding the stereo calibration parameters used for this 

dataset can be found in [19]. Data annotation is crucial in developing the image 

dataset, providing ground truth information to interpret each class of pixels 

accurately [20]. Roboflow, a powerful tool that streamlines data labeling, is used 

to annotate the videos efficiently [21]. 

The frames are labeled with Roboflow's user-friendly interface and annotation 

tools by identifying and marking the presence of various objects such as bushes, 

trees, sky, plants, paths, polybags, and houses, as shown in Fig. 4. The labeled data 

is used to train the computer vision model as ground truth. A standardized 

representation is provided by the Common Objects in Context (COCO) format, 

making it compatible with popular deep-learning frameworks and libraries [22]. 

The outcome of the image acquisition stage includes continuous frames of images 

from the bird's-eye chili farm, their corresponding ground truth images, and an info 

file containing detailed information about those images. 

 

Fig. 4. Sample of the image frame after labeling in Roboflow. 

2.2. Panoptic image analysis 

The panoptic image analysis involves two primary objectives: first, to perform 

panoptic segmentation, assigning each pixel in the frame to a specific class and 

instance, and second, to track the target instances across consecutive frames. The 

detailed architecture for the panoptic image analysis is illustrated in Fig. 5. For 

panoptic segmentation, transfer learning is implemented using the Bird's Eye Chili 

dataset and the Detectron2 segmentation library, leveraging its robust backbone 

structure built on the Feature Pyramid Network (FPN) [13, 23, 24]. Meanwhile, 

target tracking is implemented using a simple yet effective approach, which will be 

detailed later in this section. 

Detectron2 provides three pre-trained models for model training, which differ 

based on their backbone architecture (ResNet-50 or ResNet-101) and training 

duration (1x or 3x). Adjustments, augmentation, and optimization can be made to 

the ROI batch size per image, the number of workers, brightness, and exposure, 

and the test threshold to balance memory usage, training speed, and precision-recall 
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trade-off [23, 25]. Among the available models, COCO_rcnn_R_50_FPN_1x is 

experimentally selected and optimized for transfer learning using the bird's-eye 

chili dataset. 

Target tracking aims to accurately assign a unique ID to each target across 

continuous frames. As illustrated in Fig. 5, the first step is to define a target region 

for tracking, as the robot's operation is confined to its view angle. Based on the 

robot's view, a two-by-three-meter square area was selected as the target region. 

Once the target region is established, target instance tracking is performed on all 

panoptically segmented instances. However, the panoptic segmentation results do 

not consistently assign the same instance ID to each detected target across different 

frames. This inconsistency results in varying IDs for the same target across frames. 

To address this problem, a multi-frame target depth searching tracking algorithm is 

employed to ensure that the instance IDs remain consistent and accurately 

correspond to the number of detected chili plant instances within the target region.  

 

Fig. 5. The transfer learning framework design 

for the panoptic segmentation in the chili farm. 

First, the top-left depth of each polybag instance is recorded based on the depth 

calculations obtained from the stereo camera calibration data, as detailed in [19]. 

The top-left point is chosen as the reference because, as the robot moves forward, 

the upper part of the plants remains visible, enabling more accurate instance 

tracking. This process is repeated for each subsequent frame to capture the top-left 

depth of each instance. Next, the instance depths in the current frame are compared 

with those from the previous frames. The logic outlined in the pseudocode in Fig. 

6 is then executed to determine whether an instance in the current frame 

corresponds to a previous instance.  

 

Fig. 6. The pseudocode for the multi-frame target depth searching algorithm. 
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To accurately determine the true instance distance between subsequent frames, 

it is essential to calculate the distance of each pixel from the camera, as shown in 

Fig. 7. By employing the stereo camera calibration values as demonstrated by 

Saipullah et al. [19], the pixel-to-camera distance can be approximately calculated 

using the following formula [26]: 

𝑑𝑍𝑐 =
𝑍2

𝑓𝑏
𝑑𝑝𝑥                                                                                                        (1) 

where 𝑑𝑍𝑐 is depth resolution at 𝑍 distance, 𝑓 is focal length, 𝑏 is the baseline, and 

𝑑𝑝𝑥 is refer to disparity accuracy. 

 

Fig. 7. The diagram for target distance calculation.  

The inter-frame travel distance (IFTD) between two consecutive frames must 

be estimated based on the robot's speed and the frame rate (FR) to assess whether 

a detected instance corresponds to the same instance from the previous frame, as 

shown in the following formula [27]. 

IFTD =
sR

FR
+ α                                                                                                                                        (2) 

where 𝑠𝑅 is the robot's speed, and α is the distance between two plants. With the 

robot's speed of 0.5  𝑚𝑠−1 , and FR as 1 fps, and α as 0.5 m, the IFTD can be 

determined as 1m based on formula (2). The inter-frame instance distance (IFID) 

can be calculated using the trigonometry concept as shown in Fig. 6 and formalized 

as follows: 

𝐼𝐹𝐼𝐷 = Bcos(𝜑) − Acos(𝜃)                                                                                                             (3) 

𝜑 = sin−1 (
𝐹+𝐶

𝐷
)                                                                                                                                      (4) 

𝜃 = sin−1 (
𝐹

𝐷
)                                                                                                                                            (5) 

Given that the camera height D is fixed, the value of A, representing the top-left 

depth or distance from the camera, can be calculated for each frame as the robot 

moves. Consequently, the IFID can be determined for every frame.  

3.  The Result and Discussions  

The dataset was randomly divided into two equal groups for the experiment: a 

training group and a testing group. The training group was utilized during the 

pre-trained model selection process. Only the model generated from the selected 

pre-trained model will be employed for subsequent experiments.  
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3.1. Pre-trained model selection 

For pre-trained model selection, each model-COCO_rcnn_R_50_FPN_1x, 

COCO_rcnn_R_50_FPN_3x, and COCO_rcnn_R_101_FPN_3x-was trained on 

the same training group dataset to ensure a consistent baseline for evaluation. The 

training was conducted for 3,000 and 5,000 iterations to evaluate performance 

across different iteration counts. Following training, the models were rigorously 

validated using a range of evaluation metrics, including Average Precision (AP) 

with 50% Intersection over Union (IoU) or AP50, precision (P), recall (R), and F1-

score (F1), with the highest-scoring model selected.  

These metrics offered critical insights into the model's performance under real-

world conditions and its generalization ability to previously unseen data [28]. This 

analysis encompassed the visualization of the model's predictions for each frame, 

which were then compared with the corresponding ground truth annotations [29]. 

The selected evaluation metrics are related to the results' confusion matrix, as is 

explained in Table 1. 

These metrics evaluate model performance in accuracy, object categorization, 

and optimizing true positives while reducing false positives. The detailed formula 

for precision-recall and F1-score are as follows: 

𝑝 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                                                                (6) 

𝑟 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                                                 (7) 

𝐹1 =
2 ∙ 𝑝 ∙ 𝑟

𝑝 + 𝑟
                                                                                                                                                (8) 

Table 1. The confusion matrix for true and false positive and negative. 

  Actual 

  Positive Negative 

Predicted 
Positive True Positive (TP) False Positive (FP) 

Negative False Negative (FN) True Negative (TN) 

As illustrated in Fig. 8, superior performance in all AP50, P, R, and F1 was 

demonstrated by the COCO_rcnn_R_50_FPN_1x model compared to the other pre-

defined models. The COCO_rcnn_R_50_FPN_1x model demonstrated superior 

capability in transfer learning with the bird's-eye chili dataset, effectively detecting 

and classifying objects in the farm environment with high accuracy. 

 

Fig. 8. Pre-train model comparison on 3000 iteration. 
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An additional 2,000 iterations were applied to the selected model, resulting in 

5,000. This extended training period enabled the model to discern complex patterns 

and enhance its accuracy in detecting and classifying objects within the provided 

dataset. Figure 9 presents the performance metrics, offering a clear and concise 

overview of the model's performance across various evaluation criteria with 

different iterations.  

 

Fig. 9. Comparative results between 3000 and 5000 iterations. 

The results indicate that increasing the iterations to 5,000 improves panoptic 

segmentation performance by nearly 5% compared to lower iteration counts. As 

shown in Fig. 10, detailed object class performance indicates that iteration impacts 

each class differently. Low-accuracy classes improved by over 10%, while high-

accuracy classes experienced gains of up to 3%. Based on its superior segmentation 

accuracy, the COCO_rcnn_R_50_FPN_1x pre-trained model was selected for further 

experiments and extended into the bird's-eye chili model through transfer learning 

using the Detectron2 panoptic segmentation algorithm, trained with 5,000 iterations.  

 

Fig. 10. Comparison of average precision per categories. 

3.2. Panoptic segmentation test 

To evaluate the panoptic segmentation performance, the AP50 metric of the 

proposed framework is assessed frame by frame on a separate portion of the dataset, 

the testing group, which was excluded from the model training process. This 

detailed frame-level examination has acquired valuable insights into the model's 

performance, enabling informed decisions regarding its application and potential 

areas for further enhancement [30]. By evaluating the detection results across 
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various frames, insights into the model's strengths and limitations can be obtained 

[31]. This experiment compares the proposed panoptic segmentation (PPS) 

framework based on Detectron2 to the YOLO-based panoptic segmentation 

implementation described by Bolya et al. [15]. 

The results of the panoptic segmentation on the testing group are presented in 

Table 2. Sample segmentation outcomes on selected frames are illustrated in Fig. 

11. Overall, the output of PPS on the video frames demonstrates the ability of the 

Detectron2 model to detect instances, including polybags, paths, plants, trees, 

bushes, sky, and houses, achieving an overall accuracy of 77.4%.  

In contrast, YOLO detects fewer instances, resulting in a lower overall accuracy 

of 68.7%. The highest segmentation accuracies achieved by PPS are for the sky 

(98%), polybag (80%), and path (81%). YOLO, in comparison, performs about 10% 

lower on these key classes. Although both methods achieved high accuracy in sky 

detection due to the limited number of instances of that object, accurate segmentation 

of polybags and paths is crucial for robot operation and navigation. In this regard, 

PPS outperforms YOLO because of its advanced Detectron2-based framework. 

 

Fig. 11. Panoptic segmentation results: PPS (left) and YOLO (right). 

Table 1. The class-based panoptic segmentation AF50 results. 

Algorithm polybag house tree plant bushes sky path 

PPS 80% 85% 73% 60% 65% 98% 81% 

YOLO 67% 83% 66% 50% 57% 88% 70% 

3.3. Instance Tracking performance on a continuous frame's video 

Instance tracking in panoptic videos involves identifying and monitoring individual 

objects or instances across successive frames. By analyzing the variations in these 

masks between frames, the movement and transformations of individual objects 

over time can be tracked [32, 33]. The target instance for tracking is identified as 

the polybag class, serving as a container for chili plants. Future implementations 

will require unique identifiers for each polybag, emphasizing the need for high-

tracking performance. For comparison, PPS and YOLO tracking performance were 
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evaluated using the Average Tracking Accuracy (ATA) metric on two 100-frame 

videos with the same tracking algorithm. 

The ATA is calculated by averaging the Tracking Accuracy (TA) of all 

instances across each frame using the following formula: 

𝐴𝑇𝐴 =
1

𝐹
∑ 𝑇𝐴(𝑓)𝐹

𝑓=1                                                                                                                             (9) 

𝑇𝐴(𝑐) =
1

𝐼𝑐
∑ 𝑃(𝑖)𝐼𝑐

𝑖=1                                                                                                                            (10) 

𝑃(𝑥) = {
1, 𝑥 = 𝐼𝐷
0, 𝑥 ≠ 𝐼𝐷

                                                                                                                             (11) 

where F is the number of frames evaluated, 𝐼𝑐 is the number of IDs of each instance 

in frame c, and P is the mark given if the instance is correctly identified in that 

particular frame. After applying the TA to each frame, the average tracking 

accuracy (ATA) was calculated. Figure 12 illustrates sample frames of target 

tracking results for PPS and YOLO. Each detected polybag instance is assigned a 

unique ID, highlighted with distinct bounding box colors. PPS accurately tracked 

all five instances of the same polybag throughout the video sequence. In 

comparison, YOLO detected only three instances due to its poorer detection 

performance during panoptic segmentation. Detailed results are presented in Fig. 

13, showing that PPS achieved excellent tracking performance with an ATA of 

94.9%, while YOLO demonstrated 10% lower performance with an ATA of 73.4%. 

 

Fig. 12. Target tracking sample frame: PPS vs. YOLO. 

 

Fig. 13. Frame-by-frame target tracking performance for PPS and YOLO. 
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4. Conclusion 

This study presents a panoptic segmentation-based image acquisition and analysis 

framework specifically designed for a single crop, the bird's-eye chili. Both 

objectives of the panoptic image analysis-the panoptic segmentation and target 

instance tracking-were successfully achieved. The proposed framework, built on 

the Detectron2 platform using the experimentally selected pre-trained 

COCO_rcnn_R_50_FPN_1x model, was compared to a YOLO-based panoptic 

image analysis. The results demonstrate that the proposed framework significantly 

outperforms YOLO, achieving over 10% higher performance in panoptic 

segmentation and target tracking. 

Additionally, it introduces an improved digital life cycle of crops in precision 

agriculture, optimized to integrate the proposed image acquisition and analysis 

framework that relies on depth and three-dimensional data outputs. Future work 

will focus on completing the remaining components of this enhanced digital life 

cycle, with detailed exploration of depth image acquisition and three-dimensional 

data mapping. To extend the digital life cycle to other crops, developing a multi-

crop dataset will be a key focus in future work after completing the full digital life 

cycle for the bird's-eye chili crop. This will involve creating a context-aware three-

dimensional map as the primary reference for the farm environment and 

implementing at least one autonomous robotic operation, such as a chili-picking 

task, that fully integrates and utilizes all elements of the proposed digital life cycle.  

Integrating the proposed digital life cycle as a precision agriculture framework 

with the broader Smart Agriculture framework will position this work as a 

significant contributor to advancing Smart Agriculture. This integration will 

enhance the automation of labor-intensive tasks through AI and robotics, promoting 

greater efficiency and sustainability in agricultural operations. Upon completing 

the full life cycle for bird's-eye chili, future work will extend the implementation 

of this framework to other local crops, such as pineapple and palm trees, similar to 

existing applications with tomato [34] and grape crops [35]. 
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