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 A B S T R A C T

Automated insect monitoring is essential for early detection of insect pest infestations in orchards. It helps 
growers make an informed decision to control the insect pest population in their fields to avoid crop losses and 
improve crop quality. This study proposed a tiny deep-learning model for insect segmentation and counting 
suitable for battery-powered microcontroller (MCU)-based edge devices. For this aim, the critical layers in 
terms of peak memory usage in a U-Net-inspired model were recognized and then optimized to meet resources 
constraints on an MCU with 1 MB of RAM and 2 MB of flash storage. We then introduced an image dataset 
for the insect of interest, Halyomorpha halys, and the dataset-splitting strategy for the model training. The 
proposed model was investigated from different aspects to evaluate its performance and the feasibility of its 
implementation on battery-powered MCU-based edge devices. The proposed deep learning model only needs 
approximately 900 KB of RAM and 964 KB of storage to perform its computations and store its parameters, 
respectively, making it useful on edge, resource constrained systems. Moreover, each inference on an MCU-
based board requires 2.6 s and consumes 4.9 J. In terms of segmentation, it achieved a Dice Similarity 
Coefficient (DSC) of 85% and an Intersection over Union (IoU) of 73% with a precision and recall of 83% 
and 86%, respectively. In terms of counting, it achieved a Mean Square Error (MSE) of 1.32, Mean Absolute 
Error (MAE) of 0.78 and 𝑅2 of 0.97.
1. Introduction

Ensuring food security will become a significant challenge as the 
worlds population continues to grow. The human population is esti-
mated to increase to nearly nine billion people by 2025. Moreover, 
the Food and Agriculture Organization of the United Nations (FAO) 
reported an estimate of approximately 40 percent of crop loss annually. 
These losses cost about $220 billion, a third of which is attributed to 
invasive insects (Karam et al., 2022). Therefore, insect pests are one of 
the main reasons for crop production reduction that threaten human 
food security, and these need to be carefully monitored and controlled.

Using pesticides is the first strategy commonly used by agronomists 
to control insect populations in their fields, but this approach has 
harmful side effects on human and animal health, biodiversity and 
the environment (Teixeira et al., 2023b; She et al., 2022). It is thus 
important to use pesticides appropriately to effectively control insect 
pest populations, while also minimizing the pesticides environmental 
impacts. To achieve this balance, growers should monitor their fields 
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to recognize the presence and population of insect pests in their fields. 
Traditionally, growers have had to physically monitor their orchards 
and manually inspect and count the insect population and species on 
a regular basis (e.g. daily or weekly) with an associated increase in 
fuel consumption and emissions. In addition, visual monitoring and 
identification of insect species is a time-costly, labour-intensive and 
error-prone task requiring specific skill sets in insect identification (Li 
et al., 2020; Zhao et al., 2022). Approaches such as the presence-
absence model (PAM) (Lee et al., 2022) were suggested to count a 
subset of insects to assess their populations, but these non-automated, 
in person inspections are still inefficient, especially for large-scale 
remote fields typical on this industry (Chen et al., 2018).

With the recent progress of information and communication tech-
nology (ICT) and Artificial Intelligence (AI), Precision Agriculture (PA) 
has emerged as a promising approach to improve crop production and 
agricultural sustainability (Teixeira et al., 2023b; Saranya et al., 2023).
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An automated insect monitoring system is a critical aspect of PA that 
aims to optimize the insect population estimation task. This reduces 
the complexity of the monitoring task which is currently performed 
manually by growers (Popescu et al., 2023). Moreover, the use of such 
systems reduce the need for in-person visits, resulting in a reduction 
in fuel consumption, emissions, costs, and time (Passias et al., 2024). 
Automated insect monitoring will also support the implementation of 
the EU’s Green Deal, which aims to reach a 50% reduction in pesticide 
usage by 2030 (Bremmer et al., 2021).

Halyomorpha halys (HH), also known as Brown Marmorated Stink 
Bug (BMSB), is a destructive example of an invasive insect originally 
from East Asia that now infests orchards in North America and Europe. 
This is a polyphagous insect that can cause significant damage to a wide 
range of vegetables and fruit trees. Italy is one of the geographical areas 
that is highly infested by this insect; for instance, in 2019 this insect 
caused huge damage to fruit production in northern Italy, costing e588 
million (Giannetti et al., 2024).

Therefore, a European-funded research project named HALY.ID was 
proposed to monitor this insect. As part of this project, this study aims 
to develop an accurate battery-powered Internet of Things (IoT)-based 
device for insect monitoring that utilizes a deep learning (DL) model 
running on resource-constrained devices operating ‘‘on the edge’’. The 
DL model is developed to carry out insect identification, segmenta-
tion and counting, specifically focusing on HH detection. Running the 
proposed DL model on edge devices allows segmenting and counting 
the target insect from captured images at the source in real-time, and 
more importantly, as these are edge based devices, eliminates the need 
for a reliable internet connection to transfer images to a third-party 
platform (e.g., cloud or servers) for off-line image processing. This is 
a critical factor since most orchards are in remote areas that suffer 
from a lack of reliable internet connectivity as well as power lines. 
Microcontrollers (MCU) are well-suited for battery-powered IoT-based 
edge devices because of their low-cost and low-power consumption 
features. Thus, the proposed DL model is optimized to run on resource-
constrained, MCU-based devices which only have up to 1 MB of RAM 
and 2 MB of flash storage (e.g. STM32H7).

The main contributions of this study are as follows:

• Semi-YNet, a super lightweight DL model suitable for resource-
constrained platforms such as MCUs, is proposed for image seg-
mentation and object (e.g., the target insect) counting by optimiz-
ing the RAM usage and the model size.

• A dataset for the HH insect was created using trap images cap-
tured in an orchard infested by the insect. The images are an-
notated in two different ways, which makes the dataset suitable 
for both detection (bounding box) and segmentation task (mask). 
The dataset is split into training, validation, and test sets based on 
stratified sampling according to the number of insects on images.

• The model is evaluated on several aspects, including accuracy 
metrics to evaluate its segmentation and counting performance, 
and also implementation metrics to investigate its implementa-
tion possibility on resource-constrained platforms such as MCUs. 
Moreover, the proposed Semi-YNet model was implemented and 
validated on an MCU-based board to evaluate its power consump-
tion and inference time.

The remainder of this paper is organized as follows. Related studies 
are reviewed in Section 2. In Section 3, the proposed deep learning 
model suitable for resource constrained MCUs is described. In Section 4, 
the image dataset developed for the target insect is introduced, then 
the metrics that were used to evaluate the proposed model, hyperpa-
rameters and training details are described. In Section 5, the proposed 
model is evaluated from different aspects including performance met-
rics and implementation metrics and the results are reported. Finally, 
conclusions are drawn in Section 6.
2 
2. Related work

Several studies proposed DL-based insect monitoring systems to 
automate the insect detection task. Tang et al. (2020) focused on 
butterfly segmentation in ecological images and introduced a dilated 
encoder network (DE-Net) capturing more high-level features to gen-
erate high-resolution binary output that segmented the butterfly from 
the input images. The authors trained and tested the proposed DE-Net 
on a GPU-based system which gained better performance in terms of 
segmentation metrics, model size, and segmentation time compared to 
some widely used segmentation models including U-net, SegNet, FCN, 
and DeepLabv3+. In another study, Teixeira et al. (2023a) suggested 
segmentation by the U-Net model as a pre-processing step and then 
using a YOLO (Jiang et al., 2022) (You Only Look Once) model for 
grape moth detection on pheromone trap images. The authors evalu-
ated the proposed method using U-Net with two different backbones in 
the pre-processing phase and YOLOv5s and YOLOv8s in the detection 
phase. The proposed pre-processing with U-Net and YOLOv8s achieved 
95% of average precision (AP), while YOLOv5s obtained 94%. Júnior 
et al. (2022) proposed an insect detection system to detect aphids and 
parasitoids from trap images in the lab. The authors utilized Mask R-
CNN for insect detection on a server and achieved 𝑅2 score of 0.81 and 
0.78 for aphids and parasitoids counting, respectively. In the mentioned 
studies, the authors used powerful and power-hungry cloud, server, or 
computer systems and the main focus was on achieving the highest 
model accuracy. They also depend on a reliable Internet connection 
or communication infrastructure to transfer raw captured images to a 
cloud or server, which is generally not available in remote orchards.

More recently, edge-based systems were considered for the insect 
monitoring task to tackle the above-mentioned issues. Bjerge et al. 
(2023) evaluated YOLOv5 and YOLOv3 on their collected dataset and 
achieved 92% of AP, 94% recall, and 93% F1-score. The authors used 
a Raspberry Pi 3B based system to collect the dataset and applied a DL 
model after collecting the data but stated that the DL model could be 
run on a Raspberry Pi or other similar boards for on-site prediction. 
Brunelli et al. (2019) developed a device to detect codling moths using 
machine learning algorithms. The proposed device includes a Raspberry 
Pi 3 providing the pre-processing step and an Intel Movidius neural 
compute stick to run the DL model (i.e., VGG16) for the classification 
step. Similarly, Zhong et al. (2018) proposed a YOLO-based system 
for counting and recognizing six different flying insect species. The 
proposed method consisted of a YOLO model for the detection and 
approximate counting of insects and an SVM model for more accurate 
counting and classification. A Raspberry Pi 2B was used to implement 
the proposed model and achieved 92.5% accuracy in counting and 90% 
accuracy in classification. Pham et al. (2021) proposed AlerTrap which 
is an edge-computing insect monitoring device for remote areas. The 
authors used a Raspberry Pi 3B board for running the insect detection 
and counting algorithms, and also utilized an Arduino microcontroller 
board to control the power supply of the system. They investigated 
the performance of three different models including SSD-MobilenetV1, 
SSD-MobilenetV2, and YOLOv4-tiny. Finally, SSD-MobilenetV2 was se-
lected for real-time implementation based on processing time and the 
detection accuracy, which was over 95%. Rustia et al. (2023) developed 
an edge-based insect pest monitoring system for mango orchards. The 
proposed YOLO-based model achieved an F1-score of 96% and an 
average inference time of about 11 s on a Raspberry Pi Zero W which 
occupied approximately 151 and 57 MB of GPU memory and storage, 
respectively.

The insect of interest in this study (HH) has been the subject of 
some studies recently. Sorbelli et al. (2023) created a dataset of HH 
using images captured by drones and devices such as smartphones. 
In order to improve the quality of the dataset samples, a preliminary 
screening process was conducted. Subsequently, different versions of 
YOLO-v5 were trained on the dataset and analysed using several met-
rics for HH detection. Palazzetti et al. (2024) introduced a dataset 
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for the target insect using autonomously captured aerial telephotos. 
They trained and evaluated several state-of-art DL models including 
YOLOv5, YOLOv8, RetinaNet, and Faster-RCNN on the dataset to detect 
HH on aerial images. They also designed a custom Android application 
to handle the drone inspection of the orchard and also to detect the 
HH on captured images (upon the request of a user) by transferring 
the image to a server equipped with the trained models. Recently, 
Kargar et al. (2024a) proposed the Y-Net model, which is inspired by 
U-net architecture to segment and count the HH target insect from trap 
images with a simple background. This is a suitable DL-based method 
computationally suitable for embedded devices such as smartphones 
and Raspberry Pi devices. The proposed model achieved 84.5% and 
91.5% of intersection over union (IoU) and dice similarity coefficient 
(DSC) for the segmentation task, respectively. The mean squared error 
(MSE) was 1.9 and required approx. 0.4 s on an Android mobile phone 
for each inference attempt.

Apart from server/cloud-based systems that use powerful power-
hungry hardware, the proposed edge-based systems mostly rely on 
Raspberry Pi boards which are still expensive and consume more energy 
compared to MCU (Kargar et al., 2024b). Bompani et al. (2024) devel-
oped insect pest monitoring systems based on heterogeneous multicore 
microcontrollers. They trained MobileNetV3-SSDLite for their detection 
task using two different datasets and compared its performance to a 
lightweight Viola–Jones detector algorithm on GAP9 and GAP8 pro-
cessing units. The DL model achieved a detection accuracy between 
83% and 72% with a model size of 3.44 MB and over 1.3 MB of 
external RAM usage. In this study, the authors used int8 quantization 
and converted RGB images to greyscale with the size of 320 × 240 
to compress the model. Crupi et al. (2024) employed ultra-low power 
pocket-sized drones for pest insect monitoring using DL. The authors 
fine-tuned and then quantized (i.e., int8) FOMO-MobileNetV2 and 
SSDLite-MobileNetV3, and implemented them on the Arduino Portenta 
and GAP9 platforms, respectively. The models gained a mean average 
precision (mAP) of 0.66 and 0.79, respectively. To decrease the memory 
footprint of the FOMO lower than 1 MB, they reduced the input size to 
160 × 160 and 96 × 96. For the SSDLite, the memory footprint was 
around 1.8 MB with an input size of 320 × 320.

MCUs are a good fit for battery-powered Internet of Things (IoT)-
based edge devices because of their low-cost and low-power con-
sumption characteristics, which are critical factors for such devices, 
especially for this application where long-lasting performance in re-
mote locations is essential. However, typical MCUs only have up to 1 
MB of RAM and 2 MB storage, which makes it challenging to implement 
and run DL models on them. Although, there are several techniques, 
such as knowledge distillation (Xu et al., 2024) and pruning (Zhang 
and Lv, 2024), whose main objective is to reduce the model size, not 
all methods – including knowledge distillation and pruning – directly 
decrease the memory usage of a DL model; these methods lead to a 
smaller model size, but there is no guarantee that the model would 
use lower memory, thus the model might still have the same mem-
ory usage during the inference time. However, quantization, which 
is widely used for model size reduction, is an effective method that 
also reduces memory usage by representing weights and activations in 
lower precision (e.g., int8 instead of float32), but is still insufficient to 
meet the strict resource constraints of MCUs on its own. Therefore, in 
this study, we propose a DL model for insect monitoring suitable for 
resource-constrained MCUs. We optimize the RAM and storage usage 
of the employed DL model to align with the MCU constraints.

3. Proposed model

This paper describes the development of a system with the ability 
to count and segment HH from captured images on an edge based 
IoT-based device. As mentioned, the IoT device is designed around 
a microcontroller, meaning that all the counting and segmentation 
computation should be performed on a resource-constrained MCU. In 
3 
this study, the target size in terms of RAM and flash memory storage is 
1 MB and 2 MB, respectively, which corresponds to the capability of a 
typical modern MCU device.

The proposed model is based on the Y-Net model which we recently 
introduced (Kargar et al., 2024a). Y-Net is a DL model with two outputs 
and was developed to simultaneously count and segment insects on in-
put images. It can run on embedded edge devices such as smartphones 
or Raspberry Pi boards with available storage and RAM in the Gigabyte 
range. Since the goal for this study is to perform the counting and 
segmentation on MCUs, we propose SemiY-Net, which is described in 
the following paragraphs.

3.1. Y-Net model

The key points of Y-Net are first briefly described. The Y-Net model, 
shown in Fig.  1, was inspired by the U-Net model (Ronneberger et al., 
2015), which is widely used for image segmentation. Like U-Net, it 
has an encoder path and a decoder path that extract critical features 
from the input and generate segmentation output respectively. It also 
has four skip connections that copy information from the encoder to 
corresponding layers of the decoder, where the copied information 
concatenates to the current data. In Y-Net, the segmentation output 
generates a black-and-white image with the same dimensions as the in-
put image, in which the objects are marked with white pixels while the 
other areas are marked with black pixels representing the background. 
In this application, it is required to estimate the insect population in 
the orchard to help farmers make a proper decision about pesticide 
use. Thus, such a device should be able to count the insects. To this 
end, methods, such as blob or contour detection algorithms, can be 
used to detect objects on the segmentation output for insect counting. 
However, this may be inaccurate in counting insects in cases of overlap 
among insects, which is frequent in this application and is evident 
in the collected dataset. Therefore, in addition to the segmentation 
output, Y-Net has another output indicating the number of objects 
(e.g. the target insects) in the input image. This output is taken from 
the bottleneck where the encoder and decoder paths are connected. In 
the counting part, as illustrated in Fig.  1, the extracted features are 
passed through a convolution layer and then a Global Average Pooling 
(GAP) layer to reduce the dimensions of the extracted 2D feature maps 
and convert them into a 1D feature vector. This vector is then fed to a 
fully connected layer which is connected to the counting output. The 
counting output layer is a single neuron without an activation function 
since this is a regression task.

In fact, after the encoder path, which is responsible for extracting 
important features from the input image, the model branches into two 
paths. The first path uses the extracted features to create the segmen-
tation output, while the second path uses the features to generate the 
counting output. This allows each path to separately use the extracted 
features and analyse them for their specific purpose in their own way. 
We investigate other parts of the model for the counting part, for 
instance, if the model performs the counting on the returned segmen-
tation output, the counting part would not have direct access to the 
extracted features’ information (i.e., provided by the encoder part) and 
must only rely on the one-channel segmentation output. This could also 
increase the risk of error propagation, where inaccurate segmentation 
results negatively affect counting by carrying forward the error from 
segmentation to the counting part. Our analysis indicated that in this 
scenario the model could not train well, especially for the segmentation 
output, and could not achieve a balance between the segmentation 
and counting outputs since both are part of the same branch and 
their interactions affect learning during back-propagation. Moreover, 
the lightweight but powerful MobilenetV2 architecture (Sandler et al., 
2018) is utilized in the encoder path for feature extraction. To this 
aim, the pre-trained MobilenetV2 available in Keras (e.g., trained on 
the ImageNet dataset) with the alpha value of 0.5 was used.
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Fig. 1. Y-Net architecture for input size of 320 × 320 (Kargar et al., 2024a); Blocks 
(B) are defined for the simplicity of the model analysis.

3.2. SemiY-Net

The use of resource-constrained devices impose strict limitations 
on the design of an accurate DL model specifically in terms of the 
model size and RAM usage. In order to identify the critical layers of 
Y-Net, which highly affect RAM and model size, the original Y-Net was 
analysed in terms of:

• Peak memory usage.
• Number of parameters directly affecting the model size.

In Kargar et al. (2024a) we examined several configurations of the 
Y-Net model; in this study, Y-Net with alpha value (i.e., a parameter 
that controls the complexity of the MobilenetV2) of 0.5 and input size 
of 320 × 320 was selected for analysis since it has a proper balance in 
terms of model accuracy and implementation metrics.

3.2.1. Peak memory usage
To analyse the Y-Net memory usage, we divided the model into sev-

eral Blocks (B) for simplicity and better visualization. Fig.  2 depicts the 
peak memory usage of Y-Net. The mentioned division was performed 
based on the feature map shapes; for example, the input has the shape 
of 320 × 320, Block 1 (B1) has the shape of 160 × 160 and so on. 
According to Fig.  2, it is obvious that Block 10 allocated the highest 
memory usage to itself, at nearly 5 MB, which is 5 times the available 
RAM on a MCU. Moreover, the majority of the blocks need more than 
2 MB of RAM for their computations. Note that each block consists of 
several layers, in which one of them has the highest memory usage. This 
layer is selected as the critical layer and its memory usage is reported 
as the block peak memory usage. For instance, Block 2 with a peak 
memory of 2.65 MB has eight layers, one of which needs 2.65 MB while 
the other layers alone need nearly 2 MB on average. To identify the 
critical layers and factors that contribute to the peak memory usage of 
the model, we investigated the details of the model as follows:
4 
Fig. 2. Peak memory usage of the Y-Net model.

• Based on Fig.  2, it is obvious that skip connections (in particu-
lar the first and the second ones) occupy a significant amount 
of block memory usage; for example, the first skip connection 
occupies approximately half of the memory usage of Blocks two 
to eight, which is around 1.2 MB. Skip layers copy information 
from a layer in the encoder to the decoder, meaning that this 
information should remain in the RAM until the computation 
reaches the destination layer of the skip connection. Thus, skip 
connections occupy RAM throughout the network until they reach 
the destination layer, where they copy the data.

• In addition to the skip connections, the padding layer also needs a 
considerable amount of RAM to perform its computation. Specif-
ically, in Blocks two and three, this layer needs 1.2 MB and 0.6 
MB, respectively. These padding layers belong to the pre-trained 
MobilnetV2 used for feature extraction in the encoder part.

• Moreover, the shape of the feature maps has a direct impact on 
the required RAM; for example, in Block 10, the output of a layer 
has the shape of 160 × 160x96 which alone occupies 2.3 MB of 
RAM.

Above, critical layers and factors that have a significant impact on 
the model memory usage are described. By considering the mentioned 
points, we propose SemiY-Net, which is shown in Fig.  3. As such, the 
following steps are adopted to design SemiY-Net based on Y-Net:

• Padding layers were removed from the encoder part in Mo-
bilenetV2;

• The first two skip connections were removed since they occupy a 
considerable amount of RAM;

• Channel numbers for a number of layers in Block 2 and decoder 
blocks were reduced to decrease its memory usage below 1 MB;

• A convolution layer was used after each concatenation layer in 
the decoder part to reduce the channel number. In fact, the con-
catenation layer merges the skip connection and current feature 
maps leading to an increase in channel number. Therefore, this 
convolution layer reduces the channel number and at the same 
time learns new features from the merged data;

• The two last blocks were removed from the model so that Block 
9 would generate an 80 × 80 segmentation output.

• An upsampling layer with the bilinear interpolation was added af-
ter the segmentation output to resize it from 80 × 80 to 320 × 320 
px. This layer was only used during the training phase to resize 
the segmentation output image to the original size for the purpose 
of comparing the model accuracy with the original Y-Net and 
other models provided in Section 5. This layer was removed 
after model training; if needed, a simple image resizing method 
(e.g., with a nearest neighbour or bilinear interpolation) can 
optionally be used after the inference time as a post-processing 
step to resize the segmentation output.
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Fig. 3. The proposed Semi-YNet architecture.

Fig. 4. SemiY-Net’s peak memory usage.

Fig.  4 shows the SemiY-Net’s peak memory usage. Based on the 
points mentioned above, the entire model peak memory usage de-
creased to near 900 kB, less than the 1 MB limit.

Generally, in image segmentation tasks, the output has the same size 
as the input, but the proposed SemiY-Net does not follow this procedure 
where the input size is 320 × 320 while the output size is 80 × 80. 
Therefore, it is needed to resize the output from 80 × 80 to 320 × 320 
to map the model output to the input image. This helps decreasing the 
RAM usage and, more importantly, makes it possible to run complex 
image segmentation tasks on MCUs with a RAM of only 1 MB.

3.2.2. Model size
Regarding the model size, the Y-Net model had 5.5 million param-

eters. By using quantization techniques and converting the data types 
from float32 to int8, the model size decreased from about 21 MB 
to 5.6 MB, which is 3.6 times larger than the available storage on the 
MCU. The proposed SemiY-Net has 0.75 million parameters and the
int8 model size is 0.94 MB, less than the 2 MB storage limit. As a 
5 
Fig. 5. Dataset structure.

result, it is possible to implement the proposed SemiY-Net on the MCU 
while the Y-Net model does not fit on the MCU storage.

4. Experimental setup & configuration

4.1. Datasets

In this study, we created an image dataset for Halyomorpha halys
insects captured from two-sided sticky traps. The dataset supports 
object detection and segmentation tasks by providing two different 
types of annotation. The dataset structure is shown in Fig.  5. As is clear 
from the figure, it consists of three main sub datasets named ‘Day’, 
‘Night’, and ‘All’, which respectively contain images captured at the 
night, daytime, and combination of night and daytime. The images have 
a resolution of 1600 × 1200 pixels and were captured using an IoT 
device developed for the project (Kargar et al., 2024b), deployed in 
an orchard in Italy infested with the target insect during the growing 
season of 2023. The ‘Day’ dataset has 256 images with a total number 
of 2222 HHs, and the ‘Night’ one has 267 images with 2452 HHs. 
Thus, the ‘All’ dataset has 523 images with 4674 HHs in total. Each 
sub dataset includes three folders as follows:

• Images: This contains the original images in JPEG format from 
the sticky traps surface that might include the HH as well as other 
insects.

• Annotations: This folder contains the annotations related to the 
HH in the images. These annotations are provided in two different 
formats:

– Masks, which are binary images, highlighted the HH in the 
original images. Pixels belonging to HH insects were set to 
white, while the rest were set to black.

– Bounding Boxes which are JSON files indicating the HH 
locations in images.

• Num HHs: This folder contains a CSV file that indicates the 
number of HH on images.

Fig.  6 shows two samples from ‘Day’ and ‘Night’ datasets.

4.2. Datasets splitting strategy

For this study, the dataset is split into training, validation, and 
test sets to train and evaluate DL models. As mentioned, the images 
were captured from two-sided traps. Fig.  7 shows the distribution of 
HH numbers for each side of the Night dataset. It is clear that the 
distributions of these two sides are different in our dataset. Thus, it 
is important to preserve this distribution during the splitting of the 
dataset. Note that, in these images, the number of HHs were binned 
with a bins size of four.

Fig.  8a shows each side distribution when the dataset was randomly 
split into training, validation, and test sets. It should be noted that in 
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Fig. 6. Two samples from ‘Night’ and ‘Day’ datasets; the first row is the captured 
images and the second row is the corresponding mask.

Fig. 7. Distribution of the target insect numbers for each side of the Night dataset; 
the number of HHs were binned with the bins size of four.

these charts, the orange bars are overlaid on the blue bars; the blue bars 
show the proportion of HHs in the original dataset that falls into each 
bin while the orange ones show the proportion of HHs in each set that 
falls in the bins. Therefore, comparing the overlay of the orange and 
blue bars indicates how accurately each set reflects the original dataset: 
the closer the bars are to each other, the better the set represents the 
original dataset.

Based on Fig.  8a, there is no guarantee to preserve the data distri-
bution of each side if the images are randomly split. To overcome this 
issue, we used stratified sampling based on the HH numbers. For this 
aim, the data was first divided into side1 and side2. Then, stratified 
sampling was applied to each side separately to split the data into 
training, validation, and test sets. Finally, the training sets of each side 
(training_side1 and training_side2) were combined to create the final 
training set. The same was done for the validation and test sets. Fig. 
8b, shows the strategy used for dataset splitting; it is obvious that this 
strategy could reflect the original dataset distribution to each set better 
than the random splitting. The same strategy was also used for the ‘Day’ 
and ‘All’ datasets.

In addition to the provided visual inspection, we statistically anal-
ysed the proposed splitting strategy and the Chi-Square Goodness of 
Fit test was selected for this purpose. This is a suitable test for cate-
gorical data to check if the frequency of the observed data matches the 
frequency of expected data, a higher 𝑝-value shows a higher degree of 
matches. For this test, the original dataset was considered as expected 
data, and each set was considered as observed data; moreover, each 
bin was considered as a category. The 𝑃 -value of this test for random 
splitting and the proposed strategy is reported in Fig.  8. Based on these 
two figures, it is obvious that the proposed strategy has a higher 𝑝-value 
for all sets compared to random splitting, indicating a stronger match.
6 
Fig. 8. Distribution of the target insect numbers on each side for training, validation 
and test sets with the corresponding 𝑝-value of chi-square goodness of fit test; a: random 
splitting, b: stratified-based splitting.

4.3. Evaluation metrics

Two different types of metrics were used to investigate the proposed 
model, including performance and implementation metrics.

4.3.1. Performance metrics
These are metrics that evaluate the accuracy of the DL model pre-

dictions. Since the proposed model has two different outputs, different 
metrics were utilized to evaluate their performance.

The counting output that aims to predict the number of HHs was 
evaluated by Mean Square Error (MSE), Mean Absolute Error (MAE), 
and 𝑅2. The MSE and MAE metrics measure the error between the 
actual number of insects on the image with the predicted one by the 
model, while 𝑅2 measures the degree of how well the predicted insect 
number matches the actual insect number. These three metrics are 
calculated as follows: 

𝑀𝑆𝐸 = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (1)

𝑀𝐴𝐸 = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (2)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
(3)

where 𝑛 is the number of input images, 𝑦𝑖 is the correct value, 𝑦̂𝑖 is the 
predicted value and 𝑦̄ is the mean of the correct value.

The segmentation output that creates a black-and-white image high-
lighting the target insect on the image was assessed using four differ-
ent metrics, Intersection over Union (IoU), Dice Similarity Coefficient 
(DSC), precision, and recall. IoU and DSC values measure the ratio of 
the overlap and similarity of the predicted mask and the actual mask; 
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IoU penalizes partial overlaps more than DSC, meaning that it is more 
sensitive to small mismatches (Müller et al., 2022).

Precision (P) and Recall (R) measure the accuracy of the model in 
classifying the pixels as black or white, considering their respective 
classes. Precision focuses on the ability of a model to minimize false 
positives by measuring the ratio of correct predicted positives (white 
pixels) to all predicted positives. Recall focuses on the ability of the 
model to minimize false negatives by calculating the ratio of correct 
positives to total actual positives. These metrics are calculated as 
follows: 
𝑃 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(4)

𝑅 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(5)

𝐼𝑜𝑈 = 𝑃 × 𝑅
𝑃 + 𝑅 − 𝑃 × 𝑅

= 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(6)

𝐷𝑆𝐶 = 2 × 𝑃 × 𝑅
𝑃 + 𝑅

= 2 × 𝑇𝑃
2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(7)

where 𝑇𝑃  is the number of true positives, 𝐹𝑃  is the number of false 
positives, and 𝐹𝑁 is the number of false negatives.

4.3.2. Implementation metrics
As mentioned, the model was designed to be deployed at the edge 

on a resource-constrained MCU, therefore it should be evaluated based 
on some hardware-related factors to investigate its feasibility and effi-
ciency for real-world deployments. In this study, we evaluate the power 
consumption, the inference time, the model size, the peak memory 
usage, and the model complexity. Considering that the model should 
run on a battery-powered IoT device, power consumption is a critical 
factor affecting the device lifetime. Regarding the model complexity, 
the total number of multiplication and addition operations required for 
one prediction (known as MAC, e.g., Multiply-Accumulate) was used 
to assess the model complexity. This metric directly impacts inference 
time and subsequently the power consumption of the model.

4.4. Hyperparameters and training details

SemiY-Net was implemented using TensorFlow and Keras. The 
dataset was split into training, validation, and test sets as discussed in 
Section 4.2. Additionally, images and masks were resized to 320 × 320. 
We also benefited from a histogram equalization technique to improve 
the image contrast, which has a significant impact on the image 
analysis algorithm (Yoshimi et al., 2024). Since the model has two 
outputs, two different loss functions were used for the model training. 
For the counting part, MSE was used as the loss function. For the 
segmentation, BCE-Dice, which is the combination of Binary Cross 
Entropy (BCE) and Dice loss, was used as the loss function; BCE tries to 
minimize the pixel-wise differences while the Dice loss focuses on the 
overlap of the predicted and the true mask.

As described, a pre-trained MobileNetV2 was used in the Y-Net 
encoder part for feature extraction, while, we modified some layers 
of the encoder part to design the SemiY-Net. Therefore, the origi-
nal MobileNetV2 weights were loaded to the corresponding layers of 
the modified MobileNetV2 in the encoder of the SemiY-Net as initial 
weights, and then all layers of the modified MobileNetV2 were un-
frozen. This allows the layer weights to be fine-tuned and updated 
during the training phase to enhance the modified architecture capa-
bility in extracting important features more effectively. In addition, we 
adjusted the learning rate of the Adam optimizer to 0.0002, the epoch 
number to 500 and the batch size to 8 during the network training 
by exploring various values of these hyperparameters. Moreover, aug-
mentation techniques were applied on each batch during the training 
phase to reduce the overfitting and improve the model generalization. 
This technique creates new variations of the images by using random 
transformations. In this study, we applied rotation, horizontal and 
vertical flip, random brightness and contrast transformation for the 
augmentation method.
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5. Evaluation & discussion of the results

In this section, the proposed SemiY-Net model is evaluated and 
compared to other models from different aspects. For this aim, we 
trained several other models to compare our model performance with 
them including Y-Net, DeepLabV3+, YOLOV8n-det, YOLOV8n-seg, and 
our previous method (Kargar et al., 2024b). It should be noted that 
all the models perform the segmentation task except YOLOV8n-det and 
our previous method. YOLOV8n-det is a detection model that provides 
bounding boxes for objects as an output, while the segmentation models 
provide a mask output which is a pixel-wise prediction. For YOLO-
det, these metrics are computed based on bounding boxes of detected 
objects while, for the segmentation models, they are calculated based 
on pixel-wise predictions. For this reason, these values may not be 
directly comparable but still provide valuable insight into the models 
performance; however, the counting metrics are directly comparable. 
In addition to this, unlike segmentation models that use binary masks 
for the training phase, YOLOV8n-det used the bounding-box labels for 
the model training. Regarding our previous method, in this paper, we 
employed a modified version proposed in Section 5 of Almstedt et al. 
(2024). This method first utilizes an image processing technique to 
detect potential areas where HH reside, and then it crops those areas 
and applies a DL classification model for classification (i.e., HHs or 
non-HHs) and counting on the cropped images.

5.1. SemiY-Net evaluation

In this subsection, we investigate the impact of the segmentation 
output size on the model performance to find the best output size 
offering an optimal trade-off between the mentioned metrics, includ-
ing model accuracy and implementation metrics. Table  1 reports the 
proposed model performance based on different segmentation output 
sizes. As the table shows, all SemiY-Net models have the same peak 
memory usage at 900 kB. As expected, increasing the output size 
(i.e., from 20 × 20 to 160 × 160 px) directly affects and increases 
the MAC and inference time. Besides, it increases the segmentation 
accuracy, but it does not have a noticeable effect on the model size 
and counting metrics. Therefore, SemiY-Net-80 with the segmentation 
output size of 80 × 80 was selected as the optimal model since it 
has a reasonable balance between the accuracy performance metrics 
and the implementation metrics. Henceforth, in the remainder of the 
paper, SemiY-Net will be denoted as SemiY-Net-80, corresponding to 
the proposed model configured with a segmentation output size of 
80 × 80 px.

Moreover, to evaluate the impact of the added counting part on 
a segmentation-based model (U-Net), the proposed SemiY-Net without 
the counting part was assessed, where the counting was performed by 
applying a simple blob detection algorithm to the segmentation output. 
The results are reported in the last row of Table  1. In comparison with 
SemiY-Net, the results show that adding the counting part leads to a 
lower than 5% reduction in segmentation accuracy. At the same time, 
it significantly improves the counting performance by decreasing MSE 
from 8.8 to 1.3. For the SemiY-Net without counting part, which used a 
blob detection algorithm for insect counting, the counting error rate is 
higher than the others. The reason is that when the overlap rate among 
the objects (i.e., insects) is high, the blob detection algorithms cannot 
accurately distinguish between objects and thus consider them as one 
object, increasing error. In terms of peak memory usage, the footprint 
of the counting part is less than 300 kB (see Block 6 in Fig.  4), thus the 
peak memory usage of the whole model is 900 kB, the same as SemiY-
Net. Besides, the added counting part increases the DL model size by 
about 100 kB and MAC by approximately 9 million, leading to around 
a 20 ms rise in the inference time. Therefore, these costs allow the 
proposed SemiY-Net model to perform the counting more accurately in 
addition to the segmentation, which is necessary for insect monitoring 
applications.
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Table 1
SemiY-Net evaluation based on different segmentation output resolutions on the test set of the ‘Night’ dataset.
 Model Segmentation metrics Counting metrics Efficiency metrics
 DSC IoU P R MSE MAE 𝑅2 Size MAC Peak mem. Inf. time 
 (%) (%) (%) (%) (kB) (M) usage (kB) (s)  
 SemiY-Net-160 86.42 76.09 84.60 88.43 1.52 0.83 0.97 967 273 900 2.95  
 SemiY-Net-80 84.69 73.45 83.21 86.38 1.32 0.78 0.97 964 258 900 2.6  
 SemiY-Net-40 79.33 65.74 77.75 81.07 1.52 0.84 0.97 960 247 900 2.47  
 SemiY-Net-20 62.38 45.33 60.89 64.09 1.55 0.83 0.97 943 225 900 2.28  
 SemiY-Net-80 87.97 78.52 87.19 88.77 8.77 1.36 0.82 863 249 900 2.58  
 w/o-countinga  
a Since the counting part was removed from the model, the counting was performed using a simple blob detection algorithm applied to the segmentation output.
Moreover, we trained the proposed semiY-Net from scratch, without 
loading the pretrained weights to the modified MobilenetV2 as the 
initial weights in the encoder part. As expected, loading pretrained 
weights helped the model to better extract the features, leading to 
around a five percent increase in DSC and a 1.6-fold reduction in MSE. 
To further investigate the potential impact of removing the pretrained 
layers of the MobileNetV2, we implemented another version of the Y-
Net in which only the MobileNetV2 layers were modified based on 
the steps described in Section 3.2.1. Results showed that modifying 
the MobileNetV2 part only in the Y-Net led to a lower than 6 percent 
reduction in segmentation accuracy, but did not significantly affect 
the counting performance. Moreover, the peak memory usage of the 
entire model was decreased to about 3.2 MB, while the original Y-Net 
was around 4.8 MB. Although this shows a 1.6 MB reduction in peak 
memory usage, it is still higher than 1 MB of the available memory on 
the MCU.

5.2. Performance metrics

Table  2 reports the models’ performance in terms of their accuracy 
in counting and segmentation of the insect. The YOLOv8n-det has the 
best performance for both metrics; however, as mentioned, this model 
is a detection model and the output is bounding boxes. In terms of 
counting, the high level of 𝑅2 for all models indicates a good match 
between the actual and the predicted number of insects. The proposed 
SemiY-Net outperforms our previous method in insect counting since 
the previous one depends on an image processing technique which 
is negatively impacted by the insect overlap, as discussed in Almst-
edt et al. (2024). In terms of segmentation, apart from YOLOv8n-det 
which is a detection model, YOLOv8n-seg has the highest performance 
followed by the Y-Net. DeepLabV3+, despite having large numbers 
of parameters (about 11.9 million), does not show comparable per-
formance compared to Y-Net, YOLOv8n-det, and YOLOv8-seg with 
approximately 5.5, 3 and 3.3 million parameters, respectively. The 
proposed SemiY-Net achieved a DSC of 85%, an IoU of 73%, a precision 
of 83% and a recall of 86% which is less than others, but it only has 
0.75 million parameters which is 7 times less than Y-Net, 4 times less 
than YOLOv8n-seg/det, and 16 times less than DeepLabV3+. This is a 
critical factor since the model parameters directly impact the model 
size. Therefore, we partially trade off accuracy to be able to implement 
the model on MCU. This highlights that there is a cost to implement DL 
models at the edge on resource-constrained MCUs (Diab and Rodriguez-
Villegas, 2022; Svoboda et al., 2022). Apart from reducing the model 
parameters in the proposed model, we also utilized post-training quan-
tization to convert parameters data type from original float32 to
int8. In this way, parameters with 32-bit precision converted to 8-bit 
integer numbers led to around 3 times reduction in model size from 2.8 
to 0.94 MB. However, this improvement in model size came at a cost 
and led to less than a 1% reduction in segmentation metrics and less 
than a 0.05 increase in counting error.
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Fig. 9. Comparison of models size (y-axis), peak memory usage (x-axis) and MAC 
(bubbles size); green region illustrates an area in which a model can be implemented 
on the MCU.

5.3. Implementation metrics

Fig.  9 shows the models’ peak memory usage vs. the models’ size 
along with complexity (MAC) represented by the bubbles size. The 
green area in the figure highlights the regions in which a model 
can be implemented on the MCU (e.g., 1 MB of RAM and 2 MB of 
flash storage). It is obvious that only the proposed SemiY-Net can 
run on the MCU, with a peak memory usage of 0.88 MB and a size 
of 0.94 MB. The figure clearly depicts the amount of compression 
from Y-Net to SemiY-Net; a 5.3-fold reduction in peak memory usage, 
decreasing from 4.69 to 0.88 MB, and a 5.9-fold reduction in model 
size, decreasing from 5.55 to 0.94 MB. For other models, the peak 
memory usage of YOLOV8n-det, YOLOV8n-seg, and DeepLabV3+ are 
1.17, 1.34, and 26.56, respectively. In terms of model size, YOLOV8n-
det and YOLOV8n-seg are 2.96 and 3.22 MB while it is 11.70 MB for 
DeepLabV3+. Note that we did not show DeepLabV3+ in the figure 
for better visualization since its values are relatively large compared to 
other models. In terms of the models’ complexity (which is reported by 
the MAC and shown by the size of the bubbles in the figure) the pro-
posed SemiY-Net has about 258 million MAC which is approximately 
4, 6, 28, and 57 times less than YOLOV8n-det, YOLOV8n-seg, Y-Net, 
and DeepLabV3+, respectively. This reduction in MAC is important 
since it directly affects inference time and power consumption. A 
higher MAC means more calculations that require more clock cycles to 
complete. This increases the inference time and results in higher power 
consumption.

5.4. Power consumption and inference time on MCU

Based on the results presented, the only model that can be suc-
cessfully implemented on MCUs is SemiY-Net. In this subsection, we 
implement the proposed SemiY-Net model on an MCU-based OpenMV 



A. Kargar et al. Computers and Electronics in Agriculture 236 (2025) 110378 
Table 2
Mean and 95% Confidence Interval (CI) of the accuracy metrics of the proposed SemiY-Net in comparison with other models for test set of the ‘Night’ dataset.
 Model Segmentation metrics Counting metrics  
 DSC IoU P R MSE MAE 𝑅2 Params 
 (%) (%) (%) (%) (M)  
 SemiY-Net 84.69 73.45 83.21 86.38 1.32 0.78 0.97 0.75  
 (84.48,84.90) (73.14,73.76) (82.36,84.07) (85.35,87.41) (1.13,1.50) (0.73,0.83) (0.97,0.98)  
 Y-Net 92.34 85.78 91.63 92.94 1.1 0.78 0.96 5.54  
 (92.29,92.38) (85.70,85.86) (91.38,91.88) (92.69,93.18) (0.98,1.22) (0.74,0.81) (0.96,0.97)  
 Our previous – – – – 21.62 2.72 0.69 –  
 method (Kargar et al., 2024b; Almstedt et al., 2024) – – – – (19.10,24.13) (2.56,2.88) (0.67,0.71)  
 YOLOv8n-seg 94.80 90.12 94.56 94.80 – – – 3.26  
 (94.56,95.04) (89.68,90.55) (94.68,95.42) (94.10,95.03) – – –  
 YOLOv8n-deta 96.00 92.32 97.33 94.72 0.72 0.37 0.99 3.01  
 (95.83,96.18) (92.00,92.64) (97.07,97.60) (94.38,95.07) (0.62,0.83) (0.35,0.40) (0.99,0.99)  
 DeepLabV3+ 89.46 80.97 93.8 80.81 – – – 11.85  
 (89.38,89.53) (80.85,81.09) (93.44,94.15) (80.24,81.37) – – –  
a This is a detection model, while others are segmentation models.
board.1 This is a board based on the STM32H7 ARM Cortex M7 proces-
sor with a built-in camera which is specifically designed for machine 
vision tasks and can be programmed with MicroPython. As mentioned, 
the proposed SemiY-Net model was implemented using TensorFlow and 
then trained on the dataset. Afterwards, the trained model was exported 
as a TensorFlow Lite (tflite) model, a compatible format for the board 
to load the model. A MicroPython script was developed to handle all 
the processes including image capturing, applying the DL model on the 
captured image, as well as data saving and transferring. Since the model 
input size is 320 × 320, the board was adjusted to capture RGB images 
with this size. In an operation time, after the booting phase, the device 
captures an image, then the captured image is fed to the SemiY-Net 
model, and the results are saved on the memory. Afterwards, the results 
including the captured image, mask and number of estimated insects 
are transferred via Wi-Fi to a nearby workstation. This is an optional 
step that we followed to collect the dataset. In a real-life deployment, 
the transfer of the decision over a long range radio technology would be 
enough (Almstedt et al., 2024). Finally, the device goes into deep sleep 
mode until the next operation cycle to reduce the power consumption of 
the overall system. Fig.  10 shows the current consumption of the board 
over one cycle of the operation time. The starting point of each stage is 
shown by a vertical line and also the average elapsed time is reported 
in this figure. Around 44% of one operation time accounted for system 
booting, while the proposed SemiY-Net inference time is 2.6 s which 
is 24% of the operation time. The image capturing and results saving 
phases only needed 0.2 s. Finally, the data transfer phase needed 3.25 s 
which is around 30% of the total time; it is worth mentioning that in 
this phase, a significant amount of time (and power consumption) is 
associated with the Wi-Fi connection.

Moreover, Fig.  11 illustrates the energy consumption of each phase 
separately. This figure shows that the proposed DL model consumed 
the highest proportion of the energy at 4.9 J while the boot and data 
transfer phase consumed 3.2 and 4.2 J respectively. Although the boot 
and data transfer stages have the highest elapsed time, the DL model 
consumes more energy during running than the others due to higher 
current consumption. The average current consumption of the boot and 
transferring are 156 mA and 275 mA, respectively, while it is 409 mA 
for the DL phase. This fact clearly demonstrates the impact that DL 
models have on energy consumption in battery-powered edge-based 
devices.

5.5. ‘Night’, ‘Day’, and ‘All’ datasets

The performance of the proposed SemiY-Net is investigated on each 
dataset introduced in Section 4.1, including the ‘Day’, ‘Night’, and ‘All’. 

1 https://openmv.io/products/openmv-cam-h7-plus.
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Fig. 10. Current consumption of the proposed SemiY-Net in an operation time.

Fig. 11. Energy consumption of the proposed SemiY-Net in joules for an operation 
time.

The segmentation and counting performances are shown in Fig.  12. 
These bar charts indicate that the model has the best performance 
on the ‘Night’ dataset, while the ‘Day’ one achieved the lowest per-
formance among these three datasets. These results support the idea 
that taking images at night improves image processing performance in 
this task (Kargar et al., 2024b). Fig.  6 compares two samples of the 
‘Day’ and ‘Night’ datasets. It is obvious that the ‘Day’ image has a more 
complex background around the trap surface (e.g., trees and leaves) 
while the ‘Night’ one has a simple black background around the trap 
surface. Therefore, the impact of other sources of light is minimized, 
resulting in simpler images which facilitate the model training.

https://openmv.io/products/openmv-cam-h7-plus
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Fig. 12. The proposed SemiY-Net model performance on the ‘Night’, ‘Day’, and ‘All’ 
datasets.

Moreover, the ‘All’ dataset, which is the combination of the ‘Day’ 
and ‘Night’ datasets, has better performance compared to the ‘Day’ 
dataset. This shows that the model trains better when there are more 
samples in the dataset; The ‘All’ dataset has two times more images 
than the ‘Day’ dataset. In addition to this, it has a lower performance 
compared to the ‘Night’ dataset since it has images from the ‘Day’ with 
a more complex background.

5.6. Discussion

Comparing DSC and IoU values of SemiY-Net shows that the DSC 
is approximately 10% higher than IoU, meaning that the model is less 
able to detect object (HHs) boundaries since the IoU metric is more 
sensitive to small mismatches, as discussed in Section 4.3. When it 
comes to insect monitoring, precision at boundaries is not as critical 
as it is in some other applications such as medical imaging, since the 
main objective is to detect and count insects to track their population 
trend in the orchards. Based on this fact, we proposed to decrease the 
output segmentation size from 320 × 320 to 80 × 80 in SemiY-Net. By 
doing so, we were able to simplify the model by removing the first skip 
layer and the last two blocks of the Y-Net which have the highest peak 
memory usage among the skip layers and the blocks, respectively. In 
addition to RAM usage reduction, this helps us to reduce the inference 
time and the power consumption, which are critical factors for battery-
powered IoT-based devices that should be deployed in remote areas 
with limitations in power resources.

In terms of the battery lifetime of such a device, our analysis 
revealed that the current consumption of the device in sleep mode is 
a critical factor since the device would be in this mode for almost the 
whole day. The average operation time of the device is approximately 
11 s (see Fig.  10), considering that the device operates two times a day, 
the device would be in sleep mode for almost the entire day except 
those 22 s of its operation time. The average current consumption 
in operation time is approximately 255 mA resulting in 1.6 mAh 
consumption per day. For the sleep time, if the current consumption 
is 7 mA (for the device in Kargar et al. (2024b)), the consumption 
would be approximately 168 mAh which is 107 times more than 
the operation time consumption. For a device with a 5 Ah battery 
capacity, the battery lifetime would be around 29 days. But if we 
decrease the sleep mode consumption to 1 mA, the battery lifetime 
would be 196 days. This analysis clearly shows the impact of such 
device consumption during sleep mode. Note that this is a theoretical 
estimation and several factors, such as battery self-discharge, affect the 
battery lifetime. Moreover, since such devices are deployed outdoors, 
we can use solar panels to recharge the battery as discussed in Kargar 
et al. (2024b).

Moreover, Some examples of the proposed model output are shown 
in Fig.  13. In this figure, the first column is the input image, the second 
one is the actual mask, and the third one is the detailed model output 
in which the true positive, false positive, and false negative pixels are 
represented by green, red, and blue colours. This figure shows three 
10 
Fig. 13. Samples of SemiY-Net outputs; first column is the images, the second column 
is the true mask, and the third column is the detailed model output (Green: TP, Red: 
FP, Blue: FN).

images with three different rates of overlap between insects, from low 
to high. It is obvious that a higher rate of overlap increases the overall 
error; therefore, it is suggested to replace the trap more regularly and 
at shorter intervals, especially in the peak season. Besides, most of the 
unrecognized HHs were related to non-adult HHs and to HHs that were 
stuck on their sides; since the frequency of these occurrences was not 
sufficiently high in the dataset, the model has not yet been trained well 
to distinguish them.

In terms of adaptability, the insect of interest in this study is a 
relatively large insect, meaning that the 320 × 320 resolution of the 
input image is acceptable for detecting and identifying the insect. For 
smaller insects, resizing the input image to 320 × 320 px could lead to 
removing their important features during image downscaling. By using 
image tiling which splits a high-resolution image into smaller tiles or 
patches (e.g., 320 × 320 px) instead of downscaling to reduce the input 
size no feature elimination would occur during the pre-processing. 
Therefore, the model could be adapted for even smaller insects through 
the use of image tiling. However, it increases the processing time and 
consequently the energy consumption required since the model should 
run on each tile separately.

6. Conclusions & future work

This study presents a SemiY-Net which is a super tiny deep-learning 
model for insect segmentation and counting on images. The proposed 
model was optimized to be implemented on resource-constrained hard-
ware such as MCUs with up to 1 MB of RAM memory and 2 MB of 
flash storage. This enables battery-powered IoT-based edge devices to 
use low-power and low-cost MCUs as their processors to count and 
segment insects in remote orchards suffering from a lack of reliable 
Internet access and power resources. The target insect of this study 
was Halyomorpha halys and an image dataset was created from the real 
world to train and evaluate the proposed model.
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A future focus will be on improving the robustness of the model to 
low-frequency samples in the dataset to enhance its accuracy.
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