4 AY
€92 A

Two-stage approach for detection

and classification of lettuce plants
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Introduction Experiments and Results
* Monitoring the crop development process is one of the key aspects in farming,  Tuning of the hyperparameterers and data augmentation played an
as environmental conditions greatly influence plant growth and overall important role in optimizing the model's performance.

productivity, especially for sensitive crops like lettuce [1].

* Traditional crop monitoring techniques rely on manual inspection, which is
labour-intensive, time-consuming and prone to errors.

 The use of computer vision addresses these issues by automating the process,

F1 score 98%

providing real-time data and reducing false results. Precision 98%

Recall 99%
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In this research we focus on applying computer vision to automate lettuce P %

crop monitoring. The primary objective is to detect lettuce plants at Table 1. Results of

various growth stages and classify them based on the diagonal sizes of SOLOV?S in object
etection.

their bounding boxes as small, medium or large. The methodology consists
of two-stage approach for detection and classification. The study
employed YOLOVS5s model for a single class object detection and tested
and evaluated three different classification methods. The best-performing

Figure 4. Output images of YOLOV5s with predicted white bounding
boxes.

 Dynamic range classification: overlapping ranges and gaps, depicted in Figure
5, would lead to inconsistent results.

* Fixed pixel thresholding: reliance on static thresholds makes it unable to adjust
to different grown patterns and overlaps in the dataset.

* Distance-based classification: achieved best results with margin exclusion

was a distance-based classification, which evaluates the likelihood of each

Mate rid IS a nd MEthOdS technique, that excluded edge bounding boxes from the metrics and resulted in
reduced overlapping data. The results of this method can be seen in Table 2
A video dataset was obtained in an open agricultural field as shown in Figure 1. and example true and false classifications in Figure 6.
* Individual frames were extracted (Figure 2) from the videos with a resolution of
1080X1920 and SUbsequently annotated (F|gure 3) |n CVAT [2] ;Di!'““iu{im}n;mwnding Box Diagonals h;rtsinf;nwth Stage with Dg,'nar'nicThreshi:m"m-?m
* In total, 140 images were annotated and split into training set (70%), validation TRUE FALSE “1 | X | o= sgineam
set (15%) and testing set (15%). T e Y ” |
e YOLOV5 object detection model [3] was trained using image tile size of 512x512. = - i X i |
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Figure 5. Distribution of diagonals for each growth stage with
predicted ranges (dashed lines) for each growth stage.
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' Figure 2. Example extracted frames depicting Figure 6. Visual comparison of .
different growth stages. true and false classification Medium 67% 67% 88% 86%
examples for each growth stage, Large 759% 77% 91% 899
: where red color of bounding
* To classify lettuce plants as small, . - ,
. box is used for small lettuce, Table 2. Precision and F1 score before, and after applying
mEdlum or Iarge, three methOdS green for medium and b|Ue for margin technique for distance-based Classiﬁcation.
were evaluated: large.
 Dynamic Range Classification - uses .
standard deviation and mean of each COhClUSIonS

growth stage to define ranges.
* Fixed Thresholding - fixed pixel
ranges are defined for each growth

* The model achieved a high accuracy in detecting individual lettuce plants and
therefore provided a solid base for classification process.

stage. _. TR S S - * The comparison of distances across all stages ensured, that the most
» Distance-Based Classification - o o appropriate class is assigned to the lettuce plants, even in ambiguous scarious.
compares the distance of a diagonal Z'.?f"re 3t Examtileta”mtated frames depicting Therefore, the distance-based classification handles the overlaps between
value to the statistical metrics of T STPHAR SO data more accurately, compared to the other methods tested.
each growth stage. * Misclassifications occurred when some plants differed significantly in size from
other plants within their group, resulting in being categorized into a different
stage. However, in most cases, such classifications may not truly be errors.
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