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Abstract: Plant height is a crucial indicator of crop growth. Rapid measurement of crop height facili-
tates the implementation and management of planting strategies, ensuring optimal crop production
quality and yield. This paper presents a low-cost method for the rapid measurement of multiple
lettuce heights, developed using an improved YOLOv8n-seg model and the stacking characteristics
of planes in depth images. First, we designed a lightweight instance segmentation model based
on YOLOv8n-seg by enhancing the model architecture and reconstructing the channel dimension
distribution. This model was trained on a small-sample dataset augmented through random transfor-
mations. Secondly, we proposed a method to detect and segment the horizontal plane. This method
leverages the stacking characteristics of the plane, as identified in the depth image histogram from
an overhead perspective, allowing for the identification of planes parallel to the camera’s imaging
plane. Subsequently, we evaluated the distance between each plane and the centers of the lettuce
contours to select the cultivation substrate plane as the reference for lettuce bottom height. Finally,
the height of multiple lettuce plants was determined by calculating the height difference between
the top and bottom of each plant. The experimental results demonstrated that the improved model
achieved a 25.56% increase in processing speed, along with a 2.4% enhancement in mean average
precision compared to the original YOLOv8n-seg model. The average accuracy of the plant height
measurement algorithm reached 94.339% in hydroponics and 91.22% in pot cultivation scenarios,
with absolute errors of 7.39 mm and 9.23 mm, similar to the sensor’s depth direction error. With
images downsampled by a factor of 1/8, the highest processing speed recorded was 6.99 frames
per second (fps), enabling the system to process an average of 174 lettuce targets per second. The
experimental results confirmed that the proposed method exhibits promising accuracy, efficiency,
and robustness.

Keywords: RGB-D; plant height; machine vision; lightweight network; YOLOv8

1. Introduction

Plant monitoring is essential for agronomists and breeders in assessing plant growth
and effectively managing fields. Throughout the growth process, various morphological
and physiological traits of plants are systematically monitored [1,2]. Notably, plant height
is commonly used as a key indicator of field vitality, biomass estimation, and crop yield
prediction [3]. The tender leaves of lettuce are vulnerable to injury in the process of
mechanical harvesting. The size change of lettuce will affect the success rate of harvesting.
The height information of lettuce also has important reference value for the intelligent
harvesting of lettuce [4]. In contrast to traditional manual measurement techniques, non-
contact visual measurement technology has gained popularity for crop characterization,
thanks to its advantages of minimal damage, high efficiency, and exceptional precision [5].

In plant phenotype detection using machine vision, the crop recognition task is a
critical component, as the accuracy of recognition directly impacts the reliability of phe-
notypic assessments. Due to the unstructured nature of scenes and objects in agricultural
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settings [6], machine learning techniques, particularly those based on deep learning, fre-
quently outperform traditional methods that rely solely on color, texture, or other features
for identification [7]. Consequently, the application of deep learning technology has become
standard [8] for various tasks, including crop identification and segmentation [9–13], weed
detection [14], plant pest detection [15], yield prediction and estimation [16], classifica-
tion and sequencing [17], soil analysis [18], and real-time decision-making [19]. YOLO
series models, recognized as state-of-the-art (SOTA) models in this field, demonstrate
excellent accuracy, performance, and adaptability to complex environments in agricul-
tural settings [20–24]. In typical deep learning model design tasks, there are often dozens
of classes to consider. However, agricultural scenarios usually require only one kind of
crop and background. Consequently, optimizing deep learning models for agricultural
applications primarily revolves around enhancing model efficiency. This optimization is
achieved through methods such as utilizing lightweight backbone networks and modifying
various model components [25–27]. Additionally, the construction of datasets consumes
a significant portion of the time involved in model building. One research direction in
deep learning technology focuses on developing usable models that can be trained on
small sample sizes, ultimately reducing manual workload. In contrast to designing models
specifically tailored for small sample sizes, the method of expanding datasets through
sample augmentation can be applied across a broader range of models, further alleviating
the burden of model design [28].

Three-dimensional crop data can be used to obtain the morphological structure and
position coordinates of lettuce, such as those collected using depth cameras and lidar. These
devices have the advantage of not being affected by perspective distortion [29–31]. The
existing measurement methods of plant height can be divided into deep learning meth-
ods [32–34] and numerical calculation methods [35,36]. The numerical calculation method
is mainly based on the difference method [37], and the plant height is obtained by identi-
fying the canopy top and bottom of the plant and calculating the difference. Compared
with deep learning methods, numerical methods have many advantages in simple tasks,
such as their high operating efficiency and stability. The position of the plant’s canopy is
typically visible within the camera’s field of view, whereas the position of the plant bottom
may be obscured by the surrounding crops. Consequently, the height of the plant bottom
must be estimated using indirect methods. One common approach to calculating crop plant
height involves determining the height based on the sensor’s installation position [38].
The height of plant bottom can be inferred from the relationship between the sensor’s
height and the position of the plant bottom. This method is commonly applied using fixed
platforms; however, motion-related errors associated with moving platforms can diminish
the accuracy of this approach. Multi-view stereo (MVS) [39] is a widely used offline method
for measuring crop plant height, relying on a substantial amount of data to reconstruct the
complete three-dimensional structure of plants. The declivity survey [40–42] is similar to
MVS but offers a broader measurement range. However, its longer sight distance limits
measurement accuracy, making it less suitable for applications requiring millimeter-level
precision. Plane fitting [43] can be used to estimate the height of the plant bottoms when
they are not visible; however, it is not well-suited for environments with significant height
variations. Additionally, commonly employed multi-plane detection algorithms [44,45]
substantially increase operational requirements. While the use of multiple sensors for
imaging [46] can compensate for the limitations of a single sensor’s field of view, it also
raises both cost and spatial requirements.

In this paper, we propose a low-cost, rapid, multi-objective algorithm for measuring let-
tuce plant height that is suitable for application in multi-plane environments. Based on the
YOLOv8n-seg model, we have built a lightweight instance segmentation model for lettuce
through small sample augmentations, dataset expansion, integration of a lightweight back-
bone, and progressive redesign of the model’s layer channel dimensions. Our algorithm
identified the planes parallel to the camera’s image plane by analyzing the accumulation of
plane pixel values along the depth axis of the RGB-D depth data. We then determined the
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cultivation substrate planes by measuring the distance between the candidate plane pixels
and the center of the lettuce. Finally, we conducted experiments to evaluate the accuracy
and performance of the lettuce plant height measurement algorithm in two scenarios,
hydroponics and pot cultivation, using different sampling ratios for the sensor data.

2. Materials and Methods
2.1. Data

The data were collected in July 2024 at the glasshouse of Ganghuazijing Farmstead
in Zhenjiang, China (latitude 32◦8′27′′ N, longitude 119◦8′21′′ E), as shown in Figure 1.
The lettuce plants consisted of wrinkled leaf varieties in the hydroponics scenario and
creaseless-leaf lettuce in the potting scenario. Data collection occurred between 8:00 AM
and 6:00 PM on clear days. The plant spacing of the lettuce in the hydroponics scenario
was 200 mm, and the plant spacing of the potted lettuce was 300 mm. The growth period of
lettuce is 15–20 days after germination, and it grows well without disease. When collecting,
it was ensured that there was no water shortage in the lettuce.
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Figure 1. Lettuce growing environment.

Image data were collected using RGB-D cameras, and the camera information is shown
in Table 1. Image data of the hydroponics scenario were acquired using Orbbec Gemini 336L
(Orbbec, Shenzhen, China), including RGB and registered depth sensors, with a resolution
of 1280 × 800. During collection, the camera was positioned approximately 1000–1100 mm
above the cultivation substrate from a top-down perspective. Image data of the potting
scenario were acquired using Realsense D435 (Intel, Santa Clara, CA, the United States),
including RGB and registered depth sensors, with a resolution of 1280 × 720. During
collection, the camera was positioned approximately 800–900 mm above the cultivation
substrate from a top-down perspective.

Table 1. Camera information.

Orbbec Gemini 336L Realsense D435

Application scene Hydroponics Potting
Spatial error <0.8% at 2 m <2% at 2 m
Resolution 1280 × 800 1280 × 720

Field of view 90◦ × 65◦ 87◦ × 58◦

Frame rate 30 30
The spatial error is the error of the depth distance calculated by the camera at a certain sight distance, which was
provided by the manufacturer.

The color and height distribution of the background of the hydroponics scene are
relatively simple, but the sensor field of view contains a number of rice crops, which can be
used to test the ability of the segmentation model to distinguish between different plant
categories. The potting scene takes the soil as the background and contains only a small
number of weeds. However, the potting scenes have more complex height distribution
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relationships in the background, which can highlight the performance of the cultivation
matrix plane detection algorithm in complex environments.

The ground truth value of the crop plant height was measured manually. The mea-
surement tool, depicted in Figure 2, features a transparent board that slides vertically and a
vertically mounted steel ruler. The precision of the steel ruler is 0.5 mm for measurements
between 0 and 100 mm and 1 mm for measurements between 100 and 500 mm.
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Figure 2. Plant height measurement tool.

Random transformation augmentation of datasets was employed to simulate varia-
tions in lighting conditions, fields of view, and viewing angles. The random transform
augmentation included 11 methods: brightness transformation, contrast transformation,
crop transformation, flip transformation, Gauss blur transformation, perspective trans-
formation, resize transformation, rotation transformation, shadow transformation, spot
transformation, and translate transformation. The methods of random transformations
used in this paper are illustrated in Figure 3.
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The random value ranges of the key parameters for the different methods are summa-
rized in Table 2. Among these, five transformations were used to simulate changes in the
light environment, including brightness, contrast, Gauss blur, shadow, and spot. The other
six were utilized to simulate modifications in acquisition modes and sensor parameters,
including crop, flip, perspective, resize, rotation, and translate.
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Table 2. Parameters for random transformations.

Type Parameters

Brightness It = φB × I, φ ∈ [0.5–1]
Contrast ICt = (255 × φCt)/(1 + eI−128), φCt ∈ [16, 32]
Crop Acr = φCr × A, φCr ∈ [0.1, 1]
Flip One of left–right or up–down flipping, or both.
Gauss blur Kernel size in [3, 9] pixels.
Perspective X-axis and y-axis transform angles are in the range of [−60, 60] degrees with a step size of 1.
Resize X-axis and y-axis transform scales are in the range of [0.5, 1.5].
Rotation Rotation angle of [0, 359] degrees with the step size of 1.
Shadow Shadow contours number in [1, 3].
Spot Spot number in [1, 10], spot size in [0, 160] pixels, transparency in [0.5, 0.7].
Translate X-axis and y-axis transform scale range of [−0.5, 0.5].

I is the image pixel value; It, ICt, are image pixel values after transformation; A is the image area size; Acr is
the image area size after transformation; φB, φCt, φCr are the transform ratios in brightness, contrast, and crop
transformation, respectively.

Based on no more than 100 manually labeled images, three datasets were constructed,
as shown in Table 3. The 100 manually labeled images were labeled by Labelme with
lettuce contours as targets, including 50 hydroponic scenes and 50 potted scenes. The
training set, validation set, and test set were divided by a random sampling algorithm.
Dataset 1 consists of an untransformed training set of 60 images and a validation set of
20 images. Dataset 2 was created from the images in Dataset 1, applying a single type of
transformation to each image, resulting in a total number of images equal to that of Dataset
1. Dataset 3 was generated from Dataset 1 through composite random transformations, with
each original image yielding 11 new images after undergoing 11 different types of random
transformations. Additionally, 20 images that were not included in the training or validation
sets were used as an independent test dataset to compare the model’s training results.

Table 3. Dataset constructions.

Dataset Total No. of
Images

No. Images in
Training Set

No. Images in
Val Set

Train
Targets

Val
Targets

Random
Transform

Dataset 1 80 60 20 1530 559 None
Dataset 2 80 60 20 1378 388 11 types
Dataset 3 880 660 220 15,572 5727 11 types

The instance segmentation model training device was equipped with an AMD Ryzen
7700 processor (AMD, Santa Clara, CA, USA), an RTX 2070 graphics card (Nvidia, Santa
Clara, CA, USA), and 32 GB of memory (KingBank, Shenzhen, China). To verify the
performance of the method using a low-cost device, the instance segmentation model
inference and plant height measurement algorithm were tested using only the CPU.

2.2. Lightweight Instance Segmentation Model

The identification and segmentation of lettuce targets are prerequisites for multi-target
plant height measurement. Vegetation index is a commonly used plant segmentation
method [47]. It requires a small amount of calculation and usually has a good segmentation
effect, but it is difficult to distinguish between plants and backgrounds in a complex light
environment. In this paper, the YOLOv8n-seg instance segmentation model is employed to
achieve multi-object recognition and segmentation of lettuce in a controlled environment.
The model structure of YOLOv8n-seg utilized in this study is illustrated in Figure 4.

Compared to the original model based on the COCO dataset, which contains 80 classes,
the requirement for the recognition task of identifying a single class is lower. This created
an opportunity for optimizing the model’s efficiency. FasterNet is a lightweight network
architecture that reduces the computational requirements of each layer in the network
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by utilizing P-Conv [48]. In this paper, FasterNet is used to replace CSP DarkNet in the
original YOLOv8n-seg model to enhance efficiency. Its structure is illustrated in Figure 5.
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To further optimize the model’s efficiency, the inter-layer channel dimensions’ growth
relationship was reevaluated. The original exponential growth was replaced with the cu-
mulative sum, effectively reducing the growth rate of inter-layer channel dimensions. This
adjustment minimizes the number of parameters and enhances the model’s efficiency [49].

2.3. Measurement of Lettuce Plant Bottom Height

Plant height is typically measured from the bottom to the top, with the position
of the plant bottom generally indicated by the flat surface of the cultivation substrate.
Consequently, in this paper, the measurement of the cultivation substrate plane is used as a
substitute for measuring the plant bottom.

The distribution of depth image pixels along the depth axis, along with its histogram, is
shown in Figure 6, which depicts a plane parallel to the sensor’s imaging plane. The surface
of the cultivation substrate is typically horizontal, and when the sensor is oriented vertically
downward, the surface of the substrate will be parallel to the camera’s image plane.
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The detection of the cultivation substrate plane involves the following steps: First,
the histogram is calculated from the depth image after removing the lettuce contour mask,
as indicated by the red line in Figure 6B. A sliding window of length 30 is then applied
for two rounds of mean filtering to eliminate the small amount of noise in the histogram,
shown as an unfiltered line in Figure 6B,D, with the filtered signal represented by the blue
line in Figure 6B,D. Finally, the wave peak point in the filtered histogram is identified as
the plane depth, and the plane area is extracted within a depth value range of ±50. The
results of this extraction are shown in Figure 7.

Each pixel was assigned to the nearest lettuce based on the distance between the pixel
and the center of each lettuce. In each region, the distances between the pixels in the plane
and the center of the corresponding plant were calculated. The distance (d) between a point
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P
(

xp, yp
)

in the plane and the center point C(xc, yc) of the crop to which it belongs is given
as follows:

d =
2
√(

xp − xi
)2

+
(
yp − yc

)2 (1)

The distance D between a plane containing n points and the center of the lettuce is
given as follows:

D =
∑n

i=0 di

n
(2)

The average distance was calculated by merging the results from each plane sequen-
tially, and the plane with the smallest average distance was identified as the cultivation
substrate plane of the crop.
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2.4. Multiple Lettuce Height Measurements

A schematic diagram of the algorithm flow is shown in Figure 8. The height of each
lettuce plant was calculated individually using the difference method. After removing zero
values from the data, the 1% of the pixels with the lowest depth values in each crop region
were discarded to eliminate discrete data in the image. Subsequently, the pixel with the
lowest depth value within the crop contour was selected as the top point.
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The modal depth value of the selected plane in each pixel region was taken as the
depth of the lettuce bottom height. If the selected plane did not exist within the plant’s
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region, the modal depth value from the entire image was used as the depth value for the
lettuce bottom height.

The height of each lettuce plant was then determined by subtracting the depth value
of the bottom from the top point. Each pixel region was traversed sequentially to measure
the heights of all lettuce plants in the image.

3. Experimental Details
3.1. Model Training

A comparison of the training models is given in Table 4. Model 1 is the YOLOv8n-
seg model, trained using Dataset 1. Model 2 employs FasterNet as the backbone and
was also trained on Dataset 1. Models 3, 4, and 5 utilized FasterNet as the backbone
with a custom accumulation strategy to readjust the layer channel, trained on Dataset 1,
Dataset 2, and Dataset 3, respectively. Using the default training parameters for YOLOv8,
mosaic augmentation was turned off, and each model was trained for 200 epochs. In
addition to these five models, two additional models using MobileNetv3 and ShuffleNetv2
as backbones, both trained on Dataset 1, were compared as Models 6 and 7.

Table 4. Models for comparative training.

Model Dataset Backbone Channel Dimension Growth
Relationships

Model 1 Dataset 1 CSP DarkNet +2n

Model 2 Dataset 1 FasterNet T0 +2n

Model 3 Dataset 1 FasterNet T0 +16
Model 4 Dataset 2 FasterNet T0 +16
Model 5 Dataset 3 FasterNet T0 +16
Model 6 Dataset 1 MobileNetv3 Unmodified
Model 7 Dataset 1 ShuffleNetv2 Unmodified

The layer channel dimensions of each model are presented in Figure 9. After the
number of channel dimensions of Model 2 increased to the sixth layer with a power
multiple of 2 (+2n, where n is the number of times the channel dimension increases), the
growth of the sixth to eighth layers was the same as that of the fourth to sixth layers.
Compared with Model 1, whose channel dimension growth of 0–8 layers all changed by a
power multiple of 2, Model 2 had fewer channel dimensions as a whole. After redesigning
the model in this paper, Model 3, with all channel dimensions changing with fixed growth
in 16 (+16), had the fewest channel dimensions; that is, the smallest model size.
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3.2. Lettuce Height Measurement Testing

The plant height measurement algorithm was tested in hydroponic and potting sce-
narios used 95 targets and 81 targets, respectively. The plant heights measured via manual
measurements were compared. When measured manually, the plant heights in the hydro-
ponic scene were recorded from the upper surface of the hydroponic board to the highest
point of the plant, and the plant heights in the pot scene were recorded from the soil surface
in the pot to the highest point of the plant.

Additionally, due to the numerous operations involved, the speed and accuracy of
the algorithm were tested and compared under different downsampling ratios (based on
the length of the side). The OpenCV resize function was used to downsample the images
using the nearest neighbor interpolation method, ensuring that the pixel values remained
unchanged. The processing speed of the algorithm was tested using hydroponic scene
data. When testing, the downsampled data were obtained by multiplying the side length
resolution of the image by the downsampling coefficient. The comparison size included
images with downsampling coefficients of 1, 0.7, 0.5, and 0.354. These corresponded to
about 100%, 50%, 25%, and 12.5% of the original size area, respectively.

3.3. Evaluation Indicators

The performance of the lettuce height measurement algorithm was evaluated based on
the relative precision (Ph), correlation coefficient (R2), and root mean square error (RMSE).
The equation for Ph is as follows:

Ph = 1 −
∣∣Hm − Hg

∣∣
Hg

× 100% (3)

where Hm is the measurement results of the algorithm and Hg is the lettuce height ground
truth based on manual measurement.

The performance of the lettuce instance segment model was evaluated based on
precision (P), recall (R), average precision (AP), model inference time, model parameters
size, and calculation amount. The equations of P, R, and AP are as follows:

P =
TP

TP + FN
(4)

R =
TP

TP + FN
(5)

AP =
∑n

k=1 P(k)δ(ŷk = yk)
Ngt

(6)

where True Positives (TP) reflect the samples accurately predicted as lettuce by the model,
False Positives (FP) reflect the samples falsely predicted as lettuce by the model, and False
Negatives (FN) describe the samples wrongly judged as background. The precision reflects
the percentage of objects in the returned list that are correctly detected, and the recall
evaluates the percentage of correctly detected objects in total. Ngt is the number of object
instances in the ground truth, δ(.) is an indicator function equaling 1 if the predicted label
of the detected object is equal to the ground truth label, and P(K) is the precision measured
over the top-k results.

4. Results
4.1. Instance Segmentation Model Training

The changes in the mean Average Precision (mAP) throughout the model training
process are depicted in Figure 10, showing that all of the models achieved convergence.
Model 5, which was trained using Dataset 3, converged within 40 epochs due to its larger
collective data volume, while the other models converged within approximately 110 epochs.
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The model training results are summarized in Table 5. Among the models trained with
Dataset 1 (Model 1, Model 2, Model 6, and Model 7), Model 5, which employs FasterNet
as its backbone, achieved the fastest inference speed of 0.040 s per frame. Though Model
3’s mean Average Precision (mAP) is only 0.004 lower than that of Model 7, which has the
highest mAP among the four models, Model 3 benefits from a 0.021 s reduction in inference
time, making it approximately 34% faster than Model 7. Additionally, the mAP of Model 3 is
just 0.01 lower than that of Model 2, demonstrating that reducing the model’s layer channel
dimensions offers promising performance improvements in both speed and accuracy.

Table 5. Model training results.

Model P R mAP0.5 Inference Time
(s)

Parameters
(M) GFLOPs

Model 1 0.951 0.963 0.977 0.054 3.258 11.973
Model 2 0.935 0.961 0.982 0.054 3.158 11.568
Model 3 0.967 0.922 0.981 0.040 1.369 5.960
Model 4 0.962 0.957 0.989 0.039 1.369 5.960
Model 5 0.998 0.985 0.995 0.040 1.369 5.960
Model 6 0.916 0.937 0.973 0.058 3.749 14.679
Model 7 0.969 0.947 0.986 0.061 2.502 10.383

The accuracy of Models 4 and 5, trained on Dataset 2 and Dataset 3, respectively, sig-
nificantly increased, particularly in recall, which improved by 0.063 compared to Model 3.
The precision increased by 0.031, and mAP rose by 0.013. Compared to Model 1, Model 5 ex-
hibited a 25.56% improvement in speed, alongside a 0.024 increase in mAP. A segmentation
performance comparison of the different models is illustrated in Figure 11, demonstrating
that Model 5 achieved the highest average confidence for detecting the lettuce targets. The
results of the model comparison confirm the superior performance of Model 5.

The heat maps of images processed by the last layer of the different backbone networks
are shown in Figure 12. It shows the relative attention of the model to different positions of
the image. Compared to other backbones, the model utilizing FasterNet demonstrates a
greater focus on target areas, effectively enhancing the model’s detection performance for
the lettuce canopy.
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4.2. Plant Height Measurement Results

Based on the segmentation results from Model 5, the accuracy of the plant height
measurement algorithm was evaluated. As illustrated in Figure 13, the measurement results
were printed on the image. Figure 14 shows that the measurement accuracy for 95 test
samples was 93.666%, with an R2 value of 0.882 and an 11.346 mm RMSE. This proved that
the algorithm had good measurement accuracy in the plant height measurement tasks.
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Figure 14. Plant height measurement results of hydroponics scenario.

In the potting scene, the plant height measurement algorithm achieved an accuracy
of 91.22% across 81 samples, with an R2 value of 0.895 and a 16.411 mm RSME. The mean
absolute error was 9.23 mm. This proved that the surface extraction method of cultivation
substrate proposed in this paper also provided good detection in multi-plane environments
(Figure 15).
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The image pixels were compressed to approximately 100%, 50%, 25%, and 12.5% of
the original image area size, and the test results are presented in Table 6. The maximum
fluctuation in accuracy across the different downsampling ratios was 0.875%. Notably, the
measurement time for the 12.5% downsampled images was only 5% of the time required
for the original size. The results indicated that the algorithm was robust across different
downsampling ratios.
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Table 6. Comparison of plant height measurements under different down sampling ratios.

Downsampling Ratios
(Length of Side) Pixels in Image

Instance
Segmentation

Time (s)

Height
Measurement

Time (s)
Time for All (s) Average

Accuracy R2

1 921,600 0.071 0.748 0.818 93.666% 0.882
0.7 451,584 0.075 0.307 0.381 94.115% 0.902
0.5 230,400 0.067 0.172 0.239 93.464% 0.876

0.354 115,491 0.070 0.073 0.143 94.339% 0.907

5. Discussion

The task of recognition and segmentation of images is a complex problem. The
color-based crop segmentation method is one of the most used methods for vegetation
segmentation. However, it is highly susceptible to changes in the light environment,
especially the uniformity of light. Due to the structure of the facility, the shadow changes
in the facility are complex, and the light environment in many cases cannot be made more
uniform than the light in an open field. Therefore, the general method based on color
segmentation is difficult to adapt. As shown in Figure 16, we compared the segmentation
effects of instance-based segmentation methods and multiple color segmentation methods
in two scenarios.
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Nine visible light-based vegetation indices [50] used as comparison methods include
the red–green ratio index (RGRI), blue–green ratio index (BGRI), excess green index (ExG),
excess green minus red index (ExGR), normalized green–red difference index (NGRDI),
normalized green–blue difference index (NGBDI), red–green–blue vegetation index (RG-
BVI), visible-band difference vegetation index (VDVI), and vegetative index (VGE). The
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binary segmentation method was the Otsu algorithm, which selects the best threshold
based on the maximum inter-class variance criterion [51]. It has been proven to be one of
the best threshold techniques due to its excellent uniformity and shape measure [52]. It is
not difficult to find that there are many noise points in the segmentation results of most
vegetation indices compared with the instance segmentation method. NGBDI, RGBVI,
VEG, and ExG, which have better segmentation effects in both scenarios, cannot identify
weeds in the images. In addition to the choice of color index, the post-processing method
after segmentation also requires elaborate design to adapt to different situations. This
requires significant analysis and design work while requiring data inclusiveness, which is
not simpler than the method based on deep learning. Therefore, this paper used statistical
and numerical methods to achieve a relatively simple part, such as plane picking and
height difference calculation. For complex recognition problems, a more adaptive deep
learning method is used. The comparison results in Figure 16 prove the correctness of
this design. This paper also greatly reduced the additional workload and computational
requirements of deep learning methods by improving the model structure and dataset
construction methods. These improvements have achieved promising results.

Compared with the measurement method that relies on the structural size of the
support mechanism [53], the method designed in this paper reduces the systematic error of
the measurement process. At the same time, it can also avoid the random error caused by
the motion fluctuation of the support structure. As shown in the Figure 17, the plane fitting
method cannot adapt to the multi-plane environment in the greenhouse, and the results
based on neighborhood interception do not align well with the target plane [43,54]. In this
paper, a pure numerical operation method is used to obtain the target plane in the image.
The result has a higher stability than the fitting method and may also better evaluate the
computing resources required by the algorithm.
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The proposed method depends on the visibility of the crop cultivation substrate plane
within the image view, which imposes a limitation: the substrate plane must be observable
and perpendicular to the z-axis of the depth image. Additionally, the method of using
the modal value to evaluate depth requires that the cultivation substrate plane maintains
a certain level of flatness. The algorithm employs the difference method, which directly
captures sensor data after identifying the contour of the lettuce to calculate plant height.
Consequently, the accuracy of the plant height data is heavily dependent on the sensor’s
precision. It can be seen from the performance parameters given by the manufacturer
that the nominal depth error of the Orbbec Gemini 336L and Realsense D435 are 0.8%
and 2%, respectively, and the distance from the camera to the crop cultivation substrate is
approximately 800–1100 mm, resulting in a theoretical sensor error of about 6.4 to 16 mm
from the sensor itself. The absolute mean errors of the plant height test results in the
two scenarios were 7.39 mm and 9.23 mm, which were close to the sensor’s error. That
shows that the system error caused by the algorithm is very small and the plant height
measurement error primarily stems from sensor inaccuracies.
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Further research should be conducted in the following areas:

(a) Data acquisition improvement: Utilize a mobile acquisition platform to reduce the
sensor’s sight distance, thereby enhancing the stability and consistency of the data.

(b) Data optimization: Optimize the original data by increasing the calibration, filtering,
and cleaning processes to improve the sensor’s data accuracy.

(c) Engineering optimization: Redesign the engineering construction and deployment pro-
cesses of deep learning models to further enhance code stability and operational efficiency.

6. Conclusions

This paper proposed an algorithm for measuring the height of multi-target lettuce
plants. The low-cost Orbbec Gemini 336L camera and Realsense D435 were utilized to
analyze test image data collected in a controlled environment. This study demonstrates
that the efficiency of a single-class instance segmentation model can be improved while
maintaining accuracy by reducing the channel dimension growth rate of the model layers.
Additionally, the horizontal distribution in the image can be quickly detected based on the
stacking characteristics of the overhead RGB-D depth image histogram, and the method
exhibits high robustness across various application scenarios.

In this paper, we first compared several improved models based on the YOLOv8n-seg
instance segmentation model. Three datasets were utilized for training the models, while
one test dataset was employed for comparison. Model 5, which features FasterNet as the
backbone and a reconstructed channel dimensions distribution, demonstrated a 25.56%
improvement in inference speed compared to the original YOLOv8n-seg model, while its
accuracy increased by 4.7%.

In the second part, we designed a method to identify and segment the horizontal plane
in the overhead RGB-D image to calculate the height of the lettuce bottom. This method
leverages the stacking characteristics of the histogram of the horizontal plane in the RGB-D
image, enabling the swift identification of multiple horizontal planes. By evaluating the
distance between each lettuce center and the partitioned planes, the plane corresponding
to the lettuce bottom height was identified.

Finally, using the lightweight instance segmentation model alongside the plane de-
tection algorithm, we developed a multi-objective real-time measurement algorithm for
lettuce plant heights. The segmentation model was employed to identify and segment the
crop center and contour, and combined with the identification of the wave crest point in
the depth image histogram, the correct plane at the base of the plant was selected from
the image. The height of the lettuce plants was measured using the difference method.
The accuracy for 95 lettuce plants, with an average height of 116.2 mm, was 94.339%, and
the average absolute error was 7.39 mm. The processing time for a single frame image
containing 25 lettuce plants was 0.818 s, which can potentially be improved to 0.143 s per
frame through subsampling techniques.

In conclusion, this paper proposed a lightweight method for measuring lettuce height
in a controlled environment. By utilizing a single, low-cost sensor, the method enabled
real-time evaluation of lettuce growth height. This approach provides valuable support for
adjusting planting decisions and ensures the quality and yield of lettuce production.
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