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ABSTRACT: As robotic operations emerge in agricultural fields, the limited perception capability of robots in detecting 
fully occluded fruits remains a major obstacle to efficient harvesting, accurate yield prediction, and other field operations. It was 
previously shown that reflected electromagnetic wave signals are different between scenarios with and without fully occluded 
fruits. However, three challenges persist: the baseline scenario (i.e., the scenario without fully hidden fruits) is assumed to be 
known a priori; the signal difference is very small and embedded in a high level of noise; and no visible boundary can be seen 
with the unaided eye. In this paper, two image pre-processing techniques are proposed to aid classification and object detection 
tasks. First, a pixel-based lock-in amplifier (PLIA) is investigated to extract weak near-infrared (NIR) signals from experimental 
videos and output images. Then, the average RGB values in those images are embedded as synthetic features to enhance the 
performance of the classification and object detection models. Seventy-seven experiments were conducted in a mock tomato 
orchard setup, and NIR videos were collected, processed, and labeled. Two classification models (YOLOv11 and EfficientNet) 
and three object detection models (YOLOv11, YOLOv12, and RF-DETR) are trained, and their performances are compared. It 
is shown that all classification models achieve a precision above 70%, while the mAP50 values of the detection models exceed 50%. 
The proposed PLIA and synthetic feature injection (SFI) strategies improve the classification and object detection performance, 
as demonstrated in ablation tests, while the trained models are lightweight and easily deployable.

KEYWORDS: Applied AI Models, Fully Occluded Fruit Detection and Classification, Image/Video Pre-processing, Near 
Infrared, Precision Agriculture.

�   Introduction
Robotics has been utilized in many agricultural applications 

along with the rise of Agriculture 4.0.1 Tasks such as sowing,2 
irrigation, monitoring,3 yield prediction,4 disease classifica-
tion,5 and harvesting,6 among a myriad of other tasks, have 
seen varying degrees of automation to streamline and enhance 
their processes. High-value fruit crops, like apples, strawberries, 
and tomatoes,7 in particular, have received significant research 
attention for the automation of their farming processes due to 
their labor-intensive nature.  However, in order for these robots 
to be effective, they need unprecedented perception capabili-
ties so that they can find fruits, either fully exposed, partially 
occluded, or fully obscured. Please note that "fully obscured" 
means that a fruit is completely behind leaves and that none 
of its parts can be observed by an RGB camera from any view-
point. Finding them and in some cases classifying them are 
crucial for some robotic operations such as monitoring growth 
status,8 managing disease conditions,9 checking nutrient defi-
ciency,10 conducting yield prediction,11 and harvesting.12

Computer vision has been widely used in detecting and clas-
sifying fruits based on RGB images.13 Duong et al.14 compared 
EfficientNet,15 MixNet, and ConvNet, achieving an accuracy of 
99.98%, 99.97%, and 94.52%, respectively, in the task of find-
ing a variety of 25 different fruits and vegetables. As another 
example, in,16 the detection of tomatoes achieved an average 
precision of 99.4% using the modified YOLOv3 model. An-
other study17 focused on determining strawberry ripeness and 

found that a combination of YOLOv8 and Lightweight-Swin 
Transformer can reach an accuracy of 94.4%. Xiao et al.18 
utilized a vision transformer (Swin Transformer) and a mul-
tilayer perceptron to identify fruit ripeness and accomplished 
mAP50:95 values of 46.5%, 84.7%, and 83.9%, respectively. 
Additionally, Sa et al.19 employed a YOLOv5 detection model 
and reached an mAP50:95 of 81.2%.

All the above-mentioned computer vision models focused on 
finding fully exposed or partially occluded fruits. These models 
detect and classify fruits based on the surface information of 
an image only. However, as seen in Figure 1, relying only on 
RGB images cannot detect fruits that are fully occluded. In 
many commercial farms, such as fresh market tomato farms, a 
significant amount of fruits are hidden inside dense leaves, and 
only counting the fruits that are visible to RGB cameras is not 
enough for many robotic operations, such as yield prediction 
and harvesting. Additionally, the approach of using cameras 
from different angles is not feasible, as leaves outside of the 
fruits are densely distributed.

In this study, a pixel-based lock-in-amplifier (PLIA) method 
and a synthetic feature injection (SFI) method are combined 
as an image/video processing method for the captured near 
infrared videos in seventy-seven experiments conducted in a 
mock tomato orchard setup. Then, two classification models 
(YOLOv1120 and EfficientNet15) and three object detection 
models (YOLOv11, YOLOv1220, and RF-DETR21) are cus-
tom-tuned and trained based on 875 processed images, trying 
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to classify whether or not there are tomatoes fully occluded by 
leaves, as well as using bounding boxes to locate where they 
are.

The main contributions of this study are as follows:
• PLIA is developed to address the issue of reflected 

near-infrared (NIR) signals buried in a large magnitude of 
noise in captured images/videos.  The modulation-demod-
ulation-low pass filtering mechanism in the original lock-in 
amplifier (LIA) method22 can help remove noise in all har-
monic frequencies other than the DC component, which is 
the actual reflected NIR signal. Here, the LIA is applied to 
each pixel of a video along the temporal direction, so-called 
PLIA, and the result is an image instead of a scalar value, as 
shown in,23 enabling the utilization of advanced convolutional 
neural network (CNN) and vision transformer models for later 
classification and detection tasks.

• The average RGB value of the PLIA processed image is 
injected into the image as a synthetic feature, a method similar 
to synthetic feature injection,24 to enhance the performance of 
AI models in classification and object detection.

• A total of 875 NIR images, either collected from experi-
ments or augmented via Roboflow®, are labeled and used in 
the CNN and vision transformer models' training, validation, 
and testing. 

• CNN and vision transformer models were custom-tuned 
and trained to classify and detect fully hidden fruits given 
NIR images. For classification tasks, an EfficientNet and a 
YOLOv11 model were customized, and for detection tasks, 
a YOLO11, YOLOv12, and RF-DETR model were custom-
ized.  Their performances are compared in terms of precision, 
recall, and F1 score for classification, and precision, recall, and 
mAP50 values for object detection, respectively.

It is worth noting that this study is a significant extension 
of the work presented in.23 As shown in,23 the RGB values 
of LIA-processed NIR images are different between scenari-
os with and without fully hidden fruits. However, the method 
proposed therein is not implementable because it assumes 
that the RGB value of scenarios without fully hidden fruits 
is known a priori, which is not the case under real farm con-
ditions.

�   Related Work
Finding fruits that are fully occluded is a very challenging 

task, and there are only a few attempts in this area of interest. 
These methods can be largely grouped into two categories: 
mechanical approaches and electromagnetic wave approaches. 

Several researchers have used mechanical approaches try-
ing to expose the fruits hidden behind. For example, Jordi 
Gené-Mola et al.25 tried to use leaf blowers to part the leaves 
so that they could see the fully hidden fruits behind. However, 
this approach was not highly effective because the leaves on 
most commercial tomato farms are tightly bound by strings, 
preventing the leaf blower from doing its intended purpose.

Reflected electromagnetic radiation, captured by a detector 
and converted from photons into electronic signals, can be 
used to determine whether fruits are fully blocked by leaves. (i) 
X-rays can penetrate leaves; however, the high hardware and 
software requirements, along with the associated cost, make 
them impractical for farm applications.26 In addition, radiation 
would require safety gear to be worn, and may also damage 
fruits.26 (ii) Although LiDAR operates in the NIR or short-
wave infrared (SWIR) spectrum, existing products focus only 
on detecting and rendering surface information and are not 
capable of detecting objects behind leaves.27 (iii) Millimeter 
radar may be a feasible approach, which has been proposed to 
detect hidden tomatoes with limited success in a one tomato 
plant setup; although this approach relies upon sophisticated 
hardware and signal processing software.28 (iv) Mid-wave IR 
(MWIR) and long-wave IR (LWIR), such as thermal imag-
ers, focus on finding objects that have temperature differences 
from their background. This approach may not work due to 
the fact that fruits and leaves do not have obvious tempera-
ture differences in general.29 (v) Near infrared is shown to have 
relatively high transmissivity and low absorption and reflectiv-
ity for leaves and, at the same time, relatively high reflectivity 
and low transmissivity and absorption for tomato fruits.23 
Therefore, as shown in,23 the reflected NIR signal is different 
between the scenarios with and without fully occluded fruits. 
However, as shown in Figure 2, it is still a very challenging task 
to detect if there are fully hidden fruits. (vi) Lastly, ultrasound, 
as a mechanical wave instead of an electromagnetic wave, has 
been proposed to tackle this challenging problem.30 However, 
ultrasound signals have an insurmountable amount of noise 
from reflections off leaves and surroundings, and are also af-
fected by local humidity and temperature.30 Thus, it is not a 
feasible solution.

In brief, to the best of the author’s knowledge, no effective 
approach has been proposed, including mechanical approaches, 
multi-angle vision systems, and electromagnetic approaches, 
that can effectively identify fruits fully hidden behind leaves.

�   Problem Definition
Based on the literature review, it is a challenging task to clas-

sify and detect whether there are fully occluded tomatoes. In 
this study, three questions will be answered via experiments 
in a mock tomato orchard setup, where the NIR emitter, the 
sensor detector, and the mock tomato orchard are placed in 
proximity. 

• Question 1: Can we achieve a 70% or higher precision 
when using the proposed methods to classify whether there 
are fully hidden fruits behind leaves?
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Figure 1: Two RGB images in a mock tomato orchard setup include tomatoes 
fully occluded by leaves, which are invisible to the unaided human eye. There 
are zero and two tomatoes hidden behind leaves in the left and right images, 
respectively.
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• Question 2: Can we achieve a 50% or higher mAP50 value 
when using the proposed methods to detect the number and 
locations of fully hidden fruits behind leaves?

• Question 3: Can we achieve a higher performance when 
incorporating the proposed PLIA and SFI methods?

The thresholds set in Question 1 and Question 2 are rel-
atively lower than those in typical classification and object 
detection tasks. The reason is that the task of finding fully 
hidden fruits is extremely challenging. According to the initial 
study, in,23 the RGB value difference in the raw NIR imag-
es between the cases with and without fully hidden fruits is 
very small, about 3% in average. Furthermore, as can be seen 
in Figure 2, there are no clearly visible, distinct boundaries of 
the fully hidden fruit.

�   Overview of the Methods
The basic process of the method is shown in Figure 3. A 

group of thirty 940 nm diodes emits a pulse-width-modulat-
ed (PWM) modulated NIR signal towards the mock tomato 
orchard. Here, a special square PWM signal is generated in 
Arduino with 50% duty cycle and an amplitude between 0 and 
1. Then the NIR wave propagates through the leaves and to the 
fruit(s) hidden behind if present. The NIR wave then reflects 
off the fully hidden fruit(s) and propagates back through the 
leaves. The photons are detected by a cellphone camera, which 
converts them digitally to an RGB video. This video then goes 
through the video pre-processing method of PLIA, which 
returns an image. Two filters are used in this step, including 
an average filter and a zero-phase low-pass filter (LPF). The 
SFI method is then applied to inject an additional visual clue. 
This processed image is then given to the custom-trained AI 
models, which will classify and detect fully hidden fruits. The 
result will determine the presence, number, and location of ful-
ly hidden fruits.

�   Pre-Processing Methods 
In the mock tomato orchard experiment, the PWM signal 

generation and video recording may have been slightly unsyn-

chronized.  Therefore, before pre-processing, the experiment 
videos should be synchronized with the reference PWM sig-
nal.

1. PLIA for video processing:
The lock-in amplifier (LIA) method has been widely used 

in extracting weak signals from a noisy environment.22 Please 
note that the derivation here is similar to the original LIA,22 
but is custom-designed and applied to each pixel of an image 
frame along the temporal direction in an experiment video.

Let us define 	        as the RGB intensity of the photon that 
is reflected from fully occluded fruits and reaches the detector 
in frame k of a video at the pixel location of (i, j). Here, the 
RGB value means the sum of red, green, and blue values of 
a pixel in an image.          is          modulated with the PWM 
signal that is generated by the Arduino board as

  

, in which the PWM signal is in its Fourier series expansion31 
and tk is the time associated with frame k. Also, let's define

                               where ni,j(k) is the noise captured by the 
detector and	   is the photon signal detected by the camera 
at frame k and pixel location of (i, j) of a video.

The first step in PLIA is to demodulate	      by multiply-
ing it with the reference PWM signal, ri,j(k), in the form of 
a Fourier series for every pixel in an image frame of a video, 
along the temporal direction as

, the second line of which is the Fourier series of the reference 
PWM signal.31 Then some trigonometric operations will be 
conducted, and a zero-phase LPF is applied to remove those 
non-DC terms. After that the Basel's equation32 is used, the 
resultant value equals to	       . Thus, we can extract the re-
flected photon signals from a high-noise environment.

This process will be repeated for every pixel of the experi-
ment video. The achieved image is formed by averaging each 
achieved pixel value along the temporal direction, and the pixel 
value in the resultant image is

, in which Nf is the number of frames in this video. Since the 
reflected NIR photon is low, the converted RGB value pi,j is 
small. Therefore, to enhance the image quality, each pixel value 
of the image is scaled up so that the maximum pi,j in an image 
is near 255. The difference between a raw image and a PLIA 
processed image can be seen in Figure 2.

2. Synthetic feature injection:
As can be seen in Figure 2, the image obtained after pro-

cessing an experiment video using PLIA is still not sufficiently 
distinct for reliable classification and object detection. As not-
ed in,23 the number of photons captured by the detector differs 
between scenarios with and without fully hidden fruits. There-
fore, this characteristic is injected into the PLIA pre-processed 
NIR images.
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Figure 2: NIR photons were detected by a cell phone camera, which generated 
the NIR images.  There are two tomatoes fully hidden behind leaves in both 
the left and right images.  The image on the left is the raw image, in which 
the fully hidden fruits cannot be seen. The center image shows the image 
after the PLIA preprocessing. The image on the far right is the corresponding 
RGB view of the other two images. Dotted lines on those images delineate the 
approximate locations of the two hidden tomatoes.

Figure 3: Overall description of the proposed method, including the 
experiment procedure, image/video pre-processing, and AI model training 
and testing.
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�   Experiment and Video Collections 
1. Testbed apparatus and setup:
The same apparatus as the one in23 is used in this study, with 

a few modifications.  The detailed construction of such a low-
cost, mock tomato orchard and the emitter/detector therein 
can be found in.23 To increase the number of photons captured 
by the camera, and meanwhile to maintain the low cost, thirty 
940nm NIR diodes are integrated in the emitter, and all the 
circuits are on printed circuit boards to reduce the number of 
wires needed and save space. A cell phone camera is used to 
detect the reflected NIR wave.

2. Video collection:
The experiment procedure is shown in Figure 6. In each 

experiment, the leaves are taped to strings that go across the 
front to simulate the leaf cover. Up to three tomatoes are then 
placed just behind the leaf cover, with the tomatoes and leaves 
adjacent to each other and at a total distance of roughly 12 
cm from the emitter. When the experiment starts, the emitter 
emits an NIR signal modulated with PWM. The PWM signal 
has a period of 6 seconds at a duty cycle of 50%. The camera 
detector (Motorola Moto G Pure®) detects the reflected NIR 
photons at a frame rate of 30 frames per second and digitally 
converts them into an RGB video. This experiment will repeat 
four cases with 0, 1, 2, and 3 fully hidden tomatoes, respectively. 

A total of 77 valid experiments were conducted mainly in the 
evening to reduce the noise level. These generated images are 
processed with PLIA and SFI, then labeled using labelImg®. 
The initial YOLO dataset was copied, and that copy was refor-
matted to be compatible with EfficientNet and RF-DETR 
using the Roboflow® platform. The datasets are also augment-
ed in Roboflow® using vertical and horizontal flips, as well as 
90-degree rotations.

Three types of SFIs were tried based on the RGB value of 
an image after PLIA: average SFI (the average RGB value of 
an image), maximum SFI (the maximum RGB value of an im-
age), and maximum difference SFI (the maximum RGB value 
- the minimum RGB value). Among them, the average SFI is 
selected because the failure rate of indicating whether there 
are hidden fruits is the lowest when tried on all the collected 
NIR images. Let's define the total RGB value of an image to 
be Vi=Ri+Bi+Gi, where i is the ith pixel in the image.  Then the 
average SFI psfi is calculated as all Vi summed together and 
then divided by N, where N is the total number of pixels in 
an image. Since psfi in all the experiments fall within a certain 
range, this value is adjusted to be a[psfi - pbase] to better scale the 
subsequently constructed black square box. Here, pbase and a are 
tuned based on the experiment data. This value is proportional 
to the side length of the black square placed at an appropriate 
point in the NIR image, and in this case, the top right corner. 

One resultant image after these two image/video processing 
methods is shown in Figure 4. Since the average RGB value 
is proportional to the number of fully hidden fruits present, 
the SFI method gives additional artificial visual data injected 
directly into the images, thus improving the accuracy metrics 
of the AI models.

3. Image/video pre-processing:
With the PLIA and SFI methods, the pre-processing 

steps are shown in Figure 5. Each video is downsized from 
1920x1080 to 480x270 due to memory limits, as well as the 
computational cost consideration of the low-pass filter used. 
These downsized videos are converted to a 4-dimension-
al matrix for processing. Then, the signals are aligned to the 
reference PWM signal and then truncated to 4 periods. To 
reduce the memory needs and computational cost, only one 
period of the video, about 6 seconds, is used. The signals are 
passed to the PLIA method, which applies the LIA method to 
each pixel in the video and returns an RGB image. Each pixel 
is then multiplied by 255 over its maximum total RGB value. 
Then, they go through the SFI method, which injects addi-
tional visual information into the image in the form of a black 
square. The side length of this square is equal to 10 times the 
quantity of the average total RGB value minus 57, i.e., pbase =57 
and a=10. One example image is shown in Figure 4.
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Figure 4: Images after the application of SFI. The average total RGB value 
is represented by the side length of the black square in the top right corner. 
This feeds additional visual information into the AI models, improving their 
performance. An image with one fruit is shown on the left, and an image with 
two fruits is shown on the right. There is a noticeable difference in the side 
lengths of the squares between the two.

Figure 5: Procedure for image/video preprocessing. The outputs include 
eight pictures, with one set of four having 0, 1, 2, and 3 fruits, and the other 
set of four each with SFI.

Figure 6: Procedure for collecting experimental data. The output includes 
four videos, with 0, 1, 2, and 3 fruits in them, respectively. These videos are 
passed to the image preprocessing procedure as described in Figure 5.
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random seed value for the replicability of results. GPU is used 
to train all four other AI models.

�   Results and Discussion 
To answer the three questions, four AI models, PLIA, 

and SFI are teamed in five different combinations, and 
their performance is compared. Among them, EfficientNet 
and YOLOv11 are used in classification, while YOLOv11, 
YOLOv12, and RF-DETR are compared in terms of object 
detection performance. 

The first two sections will discuss the best results in classi-
fication and object detection, respectively. The last section will 
discuss the ablation tests, demonstrating whether PLIA and 
SFI improve performance.

All training, validation, and testing are conducted on a laptop 
computer. Its CPU (for EfficientNet) is a 13th Gen Intel(R) 
CoreTM i7-13700HX (2.10 GHz) with a RAM of 16GB, 
and the GPU used in YOLOv11, YOLOv12, and RF-DE-
TR is the NVIDIA GeForce RTX 4060. The Python version 
used is 3.10.19 for EfficientNet and 3.11.14 for YOLOv11, 
YOLOv12, and RF-DETR.

To achieve optimal classification and/or object detection 
performance, the AI models were trained across a wide range 
of hyperparameter settings. For each hyperparameter setting, 
performance metrics such as F1 score, mAP50, and precision 
are recorded. Through extensive trials, we observed that mod-
el performance is mainly affected by three hyperparameters: 
learning rate, image size, and batch size.  Therefore, based on 
this observation, a total of 45 hyperparameter settings are tried 
for two classification and two object detection models. The 
only exception is the RF-DETR model, which requires a long 
training time for each hyperparameter setting. Therefore, only 
a limited number of settings were evaluated for the RF-DETR 
model. The 45 combinations of the hyperparameter settings 
are: learning rate (0.00005, 0.0001, 0.0002), image size (224, 
288, 320, 480, 640), and batch size (8, 16, 24).

The images in the dataset are split into three groups: train-
ing (70%), validation (20%), and testing (10%). All images 
from the same experiment are assigned to the same dataset 
partition. The dataset is split at the experiment level, rather 
than at the image level.

It is worth noting that approximate tomato placement is de-
termined beforehand via ordinary RGB pictures taken of the 
apparatus, as shown in Figure 2. This information is utilized 
to determine the ground-truth bounding boxes by noting the 
approximate locations of each of the tomatoes, the number of 
tomatoes in that specific experiment, and the size of the to-
matoes.

1. Classif ication results
:Two AI models, EfficientNet and YOLOv11, enhanced by 

PLIA and SFI, are customized for classification tasks to de-
termine whether there are tomatoes fully occluded by leaves in 
the mock tomato orchard. 

The hyperparameters for "EfficientNet+PLIA+SFI" 
that achieved the best precision are: model (B0), image size 
(224x224), batch size (8), dropout threshold (0.2), learning 

�   Classification and Object Detection 
Pipelines
In classification, as shown in Figure 7, there will be two 

classes: no fruit and fruits. For EfficientNet, hyperparameters 
including the model, image size, batch size, dropout thresh-
old, learning rate, and the seed are carefully tuned; while for 
YOLOv11, hyperparameters include the model, image size, 
batch size, cls value, dropout threshold, learning rate, and label 
smoothing value.  

As shown in Figure 7, the classification pipeline starts 
with setting up the dataset and output directories, and then 
the GPU is activated for YOLOv11. After that, a specific 
classification model is retrieved, and two classes are defined. 
Hyperparameters are tuned, and for EfficientNet, a random 
seed is picked. The model is then trained based on processed 
images.  If the precision is less than 0.7, the model will be re-
trained using new configured hyperparameters. If the precision 
is equal to or higher than 0.7, the result will be compared with 
the saved best training result. If the current model is not better 
than the saved one, hyperparameters will be adjusted, and the 
classification model will be retrained. Otherwise, the model 
with the best precision value will be saved.

For object detection models, as shown in Figure 8, the 
base model is initialized with one class. For YOLOv11 and 
YOLOv12, tuned hyperparameters include the model (nano, 
small, medium, and large), image size, batch size, cls value, 
dropout threshold, learning rate, and label smoothing. For 
RF-DETR, hyperparameters include batch size, learning rate, 
backbone learning rate, resolution, and weight decay.  Those 
hyperparameters are discussed in the results sections.

It is worth noting that the CPU is used to train the Ef-
ficientNet model because of the need to strictly control the 
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Figure 7: Classification pipeline for determining if there are fruits fully 
hidden behind leaves. Two AI models are trained: YOLOv11 and EfficientNet.

Figure 8: Object detection pipeline used to train a model to decide the 
number and locations of possible fruits fully hidden behind leaves. Three AI 
models are trained here: YOLOv11, YOLOv12, and RF-DETR.
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rate (0.00001), and seed value (80). In contrast, the hyperpa-
rameters for YOLOv11 that achieved the best precision are: 
model ("yolov11n-cls"), image size (288), batch size (24), cls 
value (1.8), dropout threshold (0.1), learning rate (0.0002), and 
label smoothing value (0.2), respectively.

As shown in Table 1, for both models, the precision is well 
above 70%, indicating that the models are effective at deter-
mining the presence of fully hidden fruits, thereby addressing 
Question 1. The F1 scores for them are around 0.9, showing a 
strong balance between precision and recall.

As an example, the training results of EfficientNet are shown 
in Figure 9. The plot on the top shows that the training and 
validation accuracies converge over epochs, while the figure on 
the bottom shows the results of the confusion matrix of the 
validation.

2. Object detection results:
Three models, YOLOv11, YOLOv12, and RF-DETR, em-

powered by PLIA and SFI, are trained to detect fully occluded 
fruits in the mock tomato orchard.

The best results achieved using these three models are shown 
in Table 2. The hyperparameters used to achieve the best 
YOLOv11 model are a learning rate of 0.0002, image size of 
480, classification loss of 1.8, batch size of 16, dropout thresh-
old of 0.1, and label smoothing of 0.2; whereas YOLOv12 
utilizes a learning rate of 0.0001, image size of 480, classifi-
cation loss of 1.8, batch size of 16, dropout threshold of 0.1, 
and label smoothing of 0.2. The optimal hyperparameters for 
RF-DETR are a learning rate of 0.0002, a backbone learn-
ing rate of 0.0000001, a batch size of 4, gradient accumulation 
steps of 4, an image size of 336, a weight decay of 0.0006, and 
100 queries.

As shown in Table 2, the mAP50 scores of all models are 
greater than 65%, which means that the models are effective 
in determining the number and location of fully hidden fruits, 
addressing Question 2. For YOLOv11 and YOLOv12 cases, 
their precision numbers are also higher than 70% in this very 
challenging task, addressing Question 1.

Figure 10 shows several plots generated from the train-
ing run of YOLOv12 with one hyperparameter setting. The 
mAP50 value in part (a) oscillates while gradually increasing, 
and the model parameters corresponding to the best mAP50 
value in these epochs are saved. Parts (b), (c), and (d) show 
three bounding box examples in which tomato locations are 
successfully identified. In part (e), there is only one tomato; 
however, YOLOv12 produced two false positives.

3. Model size:
One of the hyperparameters being tuned is the image size 

for each model. As shown in Table 3, the image size needed 
for classification is much smaller than that of object detection. 
Furthermore, the sizes of the trained models are in general 
very small, ranging from 5.23MB to 19.9M, except the trained 
RF-DETR model, of which the size is 352MB. This reflects 
the deployability of each model on small devices. For example, 
a model such as YOLOv11 for object detection, with a size 
of only 5.23 MB, can be more easily deployed than a model 
like RF-DETR, which has a size of 352 MB. This is due to 
hardware constraints, as a model like RF-DETR may be too 
computationally heavy to run on a basic Raspberry PiTM.

4. Ablation tests:
Four ablation tests are conducted, aiming to illustrate the 

contributions of PLIA and SFI to the key performance of the 
two classification and two object detection models. In each ab-
lation test, two hyperparameter settings are shown: the best 
result reported previously and a selected (non-best) result.  
Here, "baseline" refers to training an AI model using raw im-
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Table 1: Comparison of Classification Results.

a) The mAP50 value per epoch.

b) One fully hidden fruit with a 
bounding box.

d) Three fully hidden fruits with 
three bounding boxes.

e) There is only one fully hidden 
fruit; however, the model fails to 
find it; instead, two false positives are 
identified.

c) Two fully hidden fruits with two 
bounding boxes.

Table 2: Comparison of Object Detection Results.

Figure 9: An example training output from EfficientNet. On top is the 
graph of model accuracy per epoch. At the bottom is the confusion matrix 
associated with the dataset that the model was trained on.

Figure 10: An example of training output from the YOLOv12 detection 
model.
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ages without PLIA and SFI. "PLIA" denotes the case where 
the raw images are processed using the PLIA method, while 
"PLIA+SFI" refers to the case when both the PLIA and SFI 
video/image pre-processing methods are applied.

It is worth mentioning that "precision" and "mAP50" are the 
primary performance metrics focused on during the training 
for classification and object detection, respectively.

The ablation test result for classification using YOLOv11 
is listed in Table 4.  The first three rows compare the perfor-
mance improvement achieved using the proposed video/image 
pre-processing methods with the hyperparameters that yield 
the best precision, as discussed previously.  "PLIA" outper-
forms the "baseline" across all three metrics, and "PLIA+SFI" 
further improves precision and F1 score. These indicate that 
the proposed methods effectively enhance the models' ability 
to make more accurate predictions. The last three rows in Ta-
ble 4 show the ablation test for one selected hyperparameter 
setting, in which learning rate, image size, batch size, drop rate, 
and label smoothing are set to 0.0002, 640, 8, 0.1, and 0.2, re-
spectively. As shown, the "PLIA+SFI" strategy improves the 
precision and F1 score, whereas "PLIA" only achieves the same 
precision and F1 score as "baseline."

The EfficientNet ablation test is shown in Table 5. The first 
set of three rows represents the best results for the "baseline", 
"PLIA", and "PLIA+SFI" cases. These show that the model 
improves the precision value from the "baseline" case to the 
"PLIA" case, and from the "PLIA" case to the "PLIA+S-
FI" case. The second set of three rows represents the results 
achieved with a set list of hyperparameters, which are a learn-
ing rate of 0.0002, an image size of 320, and a batch size of 
8. This shows that the addition of "PLIA" and "PLIA+SFI" 
improves both precision and F1 score.

The ablation tests for object detection are shown in Tables 6 
and 7.  First, the performance comparison for the YOLOv11 
object detection mode is displayed in Table 6. The best results 
for "baseline", "PLIA", and "PLIA+SFI" with their respective 
hyperparameters listed previously are shown in the first three 
rows. From these, it can be observed that "PLIA" improves 
from "baseline" and "PLIA+SFI" improves from "PLIA" 
across all three metrics. Therefore, the proposed methods are 
effective at enhancing the model's performance. The last three 
rows in Table 6 were trained with the same hyperparameters 
to conduct an ablation test. The hyperparameters are learn-
ing rate 0.0002, image size 320, classification loss 1.8, batch 
size 8, dropout 0.1, and label smoothing 0.2, respectively. As 
shown here, the "PLIA+SFI" strategy yielded an improvement 
for precision and mAP50, while the method with only "PLIA" 

yielded an improvement on mAP50 but a decline in precision 
from "baseline".

Second, a similar ablation test was conducted for the 
YOLOv12 model, as shown in Table 7. Rows 1-3 show the 
best results for the "baseline", "PLIA", and "PLIA+SFI" cas-
es, each with its own distinct set of hyperparameters as shown 
previously. These results show that each addition of the pro-
posed method improves the mAP50 of the model. Rows 4-6 
show the performance of the "baseline", "PLIA", and "PLI-
A+SFI" methods on the same selected set of hyperparameters, 
with 0.0002 (learning rate), 480 (image size), 1.8 (classification 
loss), 24 (batch size), 0.1 (dropout threshold), and 0.2 (label 
smoothing), respectively. The results unveil that the proposed 
method enhances the precision, recall, and mAP50.

In summary, the proposed PLIA and SFI strategies improve 
the precision and mAP50 values in classification and object 
detection tasks, respectively.

�   Limitations 
• The current mock tomato orchard only has 1 or 2 layers 

of leaves covering occluded fruits. In real farm conditions, leaf 
covers can have more than 2 leaves overlapped on top of a 
fruit. The used 940nm NIR diodes, which only have a 70mW 
maximum power, may not penetrate thick leaf covers, and the 
reflected photons may also scatter. Therefore, in real scenarios, 
a more powerful NIR diode or laser, or even a millimeter ra-
dar, can be utilized.  However, the image/video pre-processing 
methods and the AI models should still be effective.

• The computational cost of the LPF used in PLIA is high 
because it must iterate through every pixel of an image twice. 
The current PLIA software is implemented in MATLAB, and 
in certain scenarios, the execution time of the applied LPF can 
extend to several minutes. A potential solution is to adopt a 
computationally efficient LPF and mitigate any resulting per-
formance degradation in the AI models by training on a larger 
image dataset.

• The performance of the current AI models, while exceeding 
the thresholds, has not reached 0.95 in precision or mAP50. 
The simplest way to address this issue is to increase the size 
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Table 3: Comparison of Model Complexity.

Table 4: Ablation Test 1 – Classification (YOLOv11).

Table 5: Ablation Test 2 – Classification (EfficientNet).

Table 6: Ablation Test 3 – Object Detection (YOLOv11).

Table 7: Ablation Test 4 – Object Detection (YOLOv12).
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of the image dataset. Alternatively, new SFI methods can be 
developed to improve model precision. An instance of this in-
volves predicting the average RGB values of scenarios without 
fully hidden fruits, which are treated as baseline numbers. The 
SFI method is then to compute the difference between the av-
erage RGB value and that baseline. 

�   Conclusion 
In this study, a combination of NIR, image/video pre-pro-

cessing approaches, and deep AI learning models is proposed 
to tackle a very challenging problem: detecting and classify-
ing tomatoes that are fully hidden behind leaves. Unlike many 
other object detection problems, NIR signals reflected from 
fully occluded fruits are extremely weak and embedded in a 
large magnitude of noise. To enhance the performance of AI 
models, a PLIA is developed to extract weak NIR signals from 
noise and produce an image. After that, the average RGB value 
of the generated image is used as the side length of a black 
square, which is injected into the image.  This step provides 
the subsequent AI models with an additional visual cue in-
dicating whether tomatoes are fully hidden behind leaves. 
Seventy-seven experiment videos obtained in a custom-built, 
mock tomato orchard are used in training the selected CNN 
and vision transformer models. All these AI models are able 
to tell whether there are fully occluded fruits more than 86% 
of the time. The mAP50 values for object detection are above 
0.65. To the best of the authors' knowledge, this approach is 
low-cost and effective in determining the presence of fully 
hidden fruits. The ablation tests demonstrate the effectiveness 
of the proposal PLIA and SFI pre-processing methods in im-
proving the performance of the AI models for classification 
and object detection.
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