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ABSTRACT— Smart agriculture [1-10] is becoming more and more popular, from monitoring systems in 

greenhouses to agricultural robots. Today, the application of robots to agriculture is not unfamiliar, 

particularly with the development of AI, that we can create robots that automatically harvest agricultural 

products [13]. Some parts of the world focus on NIR cameras to process identification under models RCNN, 

Faster R-CNN, VOC ... in this article, we mention the use of Yolo v3 to identify strawberries by Real sense 

D435i 3D camera, then through the evaluation function to select a strawberry to locate the strawberry in the 

space for easy harvest robot, to identify the strawberry in the space we combine the 3 direction property The 

axis in the IMU has built-in camera and 3D image space, the harvesting process is a dynamic process, so we 

will use anti-noise filters, target orientation, IMU sensor noise and follow the trajectory. transfer, ensuring the 

picking mechanism does not occur instability when identification error and sensor impact on the system. 

Where the anti-noise filter for IMU sensor status is extended Kalman and for the motion process is a smooth 

line incorporating gauges to eliminate peak noise. In this section, we only focus on the application of 

strawberry identification and identification in space; In the next direction, we will evaluate the SLAM 

combination robot system for self-propelled problem. 
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1. INTRODUCTION 

Image recognition is no stranger to Yolo, CNN, RCNN models [1- 12] here we use Yolo v3 to combine the 

existing library of 3D realsense D435i cameras; help us to quickly identify the strawberry and locate it in 

space; From there we easily control the robot to harvest. 

 

We can review a system with NIR Camera [12]. 

 

 
Fig 1. A diagram of the early and late fusion networks. (a) The early fusion that concatenates a 1- channel 

NIR image with a 3-channel RGB image; (b) The late fusion that stacks outputs, ORGB+NIR1:2N 
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We can see NIR camera, it has special value for food field; We can see invisible images, it helps the result 

more accurate, but NIR camera is more expensive than normal camera or 3D camera; so that we use 3D 

camera for this system. 

 

Profit: low cost, 3D sensors, 3D point cloud, fast speed.  

Nonprofit: cannot check special images out of wave signal.  

Introduction of system hardware: 

- Camera D435i: to capture 2D, 3D images and IMU sensor information 

 

 
Fig 2. Reference method of convert virtual space to real space 

  

- Jetson nano: image information processing, commands for embedded system control 

- Arm robot: harvest products. 

 

2. Data and Method 

The process is divided into two phases: 2D image processing, strawberry recognition, and 3D image 

processing. In the framework of this paper, we stop at the 2D image recognition model by yolo, we also 

evaluate the 3D recognition system, but the system overload and the process urgency are not high, we will 

study in another article. [12] 

 

2.1 Sampling 

As is known, the basic training model will need image samples to determine parameters for the AI set. Here 
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we train 5,300 pictures of strawberries including selfies and pictures taken from the internet. The images come 

in different sizes for added variety. 

 

 
Fig 3. Data for train model 

 

2.2 Model training 

During training, when the loss or avg_loss does not change much, the train can be stopped. However, when 

avg_loss converges to 0, if you choose the wrong weights, it will easily cause Overfitting, so we will consider 

adding another parameter called mAP. 

 

mAP (mean average precision): average value of correct predictions for each class. Where Average precision 

is the average value of 11 points on the Precision Recall - curve for each detection probability for the same 

class. Then take the average of the APs mAP. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

 

With a way of determining a class to be positive, Precision is defined as the ratio of the number of true positive 

points to those classified as positive (TP + FP). Recall is defined as the ratio of the number of true positive 

points to those that are actually positive (TP + FN). 
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Fig 4. mAP of process trainning model strawberry 

  

According to the results, decide to choose weights in step 14000 to detect strawberries, avg_loss about 0.25. 

 

3. Algorithm 

 

3.1 Flowchart 

We observe the following image processing flowchart: 

- Image data collected from D435i camera is divided into 2D, 3D, IMU data streams. 

- Carry out strawberry identification by Yolo and choose a result for the following process. 

- The next process proceeds from the 2D position on the image to 3D space for the robot to operate. 

 

For each data, we will stack it into array (n=32, 64.) and then we do filter action, because while robot move 

or affect by environment, location of strawberry in camera will not stable, IMU sensor always have offset 

errors… so the controller will have unstable, unwanted peak, we need to smooth signal output for driver, that 

system is not vibration, harmful, save life devices. 
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Fig 4. Flow chart image processing 

 

 
Fig 5. Flow chart filter and control embedded system 

 

3.2 Result of detection 

The basic identification result was> 95.5% (per 1000 test data), because in the greenhouse environment, 

separate strawberry characteristics are still missing due to the size setting removing the berries. at long range, 

and color properties differ when affected by the ambient light. 
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Fig 6. Results of strawberry identification through the Yolo model 

 

Table 1. Results of reliability and processing time 

Distance 

 

 

 

 

n 

200 mm 300 mm 400 mm 

Reliability Cycle Reliability Cycle Reliability Cycle 

1 0.9995 0.3237 0.9916 0.3126 0.8263 0.3201 

2 0.9991 0.3143 0.9907 0.3149 0.8999 0.3142 

3 0.9999 0.3162 0.9432 0.2963 0.8049 0.3146 

4 0.9998 0.3219 0.9599 0.2978 0.9680 0.3079 

5 0.9998 0.3128 0.8121 0.2974 0.8311 0.3238 

6 0.9995 0.3079 0.9907 0.3121 0.9683 0.3109 

7 0.9997 0.3074 0.9342 0.3009 0.9181 0.3409 

8 0.9995 0.3131 0.8940 0.3050 0.8647 0.3270 

9 0.9998 0.3311 0.8621 0.3592 0.6361 0.3332 

10 0.9987 0.3253 0.8215 0.3346 0.7544 0.3218 

Avg 0.9996 0.3174 0.9199 0.3131 0.8472 0.3214 

 

We found that basically 99.9% accuracy, processing time ~ 0.3s. 

 

3.3 The positioning of strawberries in space 

From 2D identification information, we can easily recognize the strawberry position in the 2D image space. 

Here the D435i has APIs available for 3D spatial transformation. We examine the results of the positioning 

in space as follows: 

 

Table 2. Experimental results of spatial positioning 

 

 
n 

Target 

(mm) 

 
Result (mm) 

 
Err (mm) 
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x y z x y z x y z 

10 -15.6 -30 200 -16.7838 -29.173 203.9 3.9641 1.9864 4.9 

10 20.2 -5.9 300 20.7794 -5.3023 302.2 2.8116 1.9825 8.6 

10 16.6 -21.9 400 20.2406 -20.4708 395.7 4.5574 3.2094 11.5 

 

Table 3. Mean error of z 

 

Err (avg) (%) 200 mm 300 m 400 mm 

z 2.45 2.8667 2.875 

 

Comment: 

-Generally, the error of x and y is less than 1cm (less than 5mm specific), the distance z has an error of 

approximately 1 cm and less than 5%, this is a number that is suitable for the requirements of the topic. The 

arm of the machine uses a cutting blade, so if the x and y coordinates are less than 1 cm deviation, it will not 

affect the final result of cutting the strawberries because there is always post-check during the cutting process. 

 

4. Discussion and Conclusion 

The authors have achieved the goal of identifying the strawberry with the rate> 95.5%, and determining the 

position in the space for the robot arm. The authors still realize that there are still many shortcomings to 

improve: 

- 3fps image recognition speed Convert to higher speed model & better GPU hardware. 

- Add features processing conditions to cut strawberries: large enough size, color ... 

- Post-check the coil when cutting Deploy 01 camera at the arm end 

 

The authors will consider combining the SLAM basis that the team has researched and published [13]; to 

become a complete robot system, able to autonomously in the greenhouse environment and harvest 

agricultural products. Harvesting strawberries is just a test, the authors will conduct on many different fruit 

models to evaluate the practicality of the robot. 
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Fig 7. Map of SLAM, a prototype is process build map on Jetson Kit 
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