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Abstract

Traditional agricultural drying methods have been a fundamental
part of crop post-processing, yet they are frequently characterized
by their labor-intensive nature and susceptibility to significant crop
losses due to inconsistent drying practices. This paper introduces
image-based drying crop predictive models designed to automate
and optimize the chili pepper drying process by continuously mon-
itoring the crops’ drying state. The proposed model leverages crop
images, weight measurements, and time data to accurately assess
the drying state of chili peppers. By systematically analyzing visual
characteristics and temporal weight changes, the model learns to
identify key indicators of the drying process. The performance of
the model, based on the ResNet architecture, achieved an MAE of
0.025, RMSE of 0.032, and R* score of 0.985. These results indicate
high precision in predicting the drying state, which can signifi-
cantly enhance the reliability and efficiency of the drying process.
These technologies provide continuous automatic monitoring and
enable the analysis of crop drying conditions using collected im-
age datasets and real-time adjustments, thereby enhancing the
efficiency of traditional, experience-based, laborious agricultural
drying operations.
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1 Introduction

Digital transformation empowers industries by incorporating dig-
ital processes and tools that increase efficiency and productivity.
Specifically, the rapid advancements in IoT (Internet of Things)
and Al (Artificial Intelligence) technologies have been pivotal in
deriving actionable insights from raw data, ultimately fostering
smart decision-making. These technologies enable machines and
systems to collect, process, and analyze vast amounts of data in
real-time, promoting a more informed and responsive approach to
various industrial tasks.

For instance, the agricultural machinery domain is also signifi-
cantly impacted by digital transformation. Traditional agricultural
practices, which heavily relied on manual labor and experiential
knowledge, are evolving into more sophisticated methods through
the integration of data analysis and automation. This transforma-
tion can greatly enhance productivity and reduce user inconve-
nience. Advanced technologies, such as sensors and data analytics,
are being integrated into existing agricultural equipment and sys-
tems. These advancements not only improve the efficiency and
productivity of agriculture but also reduce the labor intensity for
agricultural workers.

This study aims to develop an automated drying process for
agricultural crops, such as chili peppers, by continuously moni-
toring their drying conditions. Capsicum annuum L., commonly
known as chili pepper, belongs to the Solanaceae family and is
widely distributed in Asia, North America, Southern Europe, and
Africa. Fresh chili peppers have high moisture content, making
them highly susceptible to quality deterioration or spoilage post-
harvest. To address this issue, the drying process for agricultural
crops is essential to ensure safe storage. It is one of the oldest and
most widely used methods of food preservation, effectively extend-
ing the shelf life of chili peppers and maintaining their quality for
longer periods [14].

We focus on the digital transformation of agricultural crop dry-
ers, as crop drying is a time-consuming process that is difficult for
farmers to manage due to the dryers often being located far from
residential areas. To assist farmers through automated assessment
of drying conditions, several key considerations must be addressed.
Firstly, IoT devices should be provided to monitor the status infor-
mation of the dryer. we design smart agricultural dryers equipped
with IoT sensors and automated control systems that continuously
monitor and adjust drying conditions. By controlling temperature
and humidity, these advanced dryers ensure the optimal drying of
crops, enhancing quality and reducing post-harvest losses. Addi-
tionally, big data analytics can predict the best drying schedules
based on crop conditions, further optimizing the drying process.
This approach not only boosts productivity but also promotes the
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sustainability of agricultural practices by minimizing energy con-
sumption and conserving resources. Overall, these innovations
demonstrate how digital tools are revolutionizing agricultural ma-
chinery and contributing to more efficient and sustainable farming
practices [4].

Secondly, to provide users with the optimal drying conditions
and times, a method for assessing the drying status is necessary.
Currently, most chili peppers are dried using hot air drying methods,
a process that can alter the peppers’ color and texture, which are
critical quality parameters [7]. Manually identifying these changes
is time-consuming and labor-intensive. Recent research aims to
optimize the drying process through advanced techniques such
as machine learning, deep learning, simulation, and modeling [8].
Smart dryers have been proposed to automate the setting of drying
times and the control of temperature and humidity, maintaining
optimal drying conditions. These intelligent systems can adapt
to varying conditions, ensuring that the drying process is both
efficient and effective, while preserving the quality of the chili
peppers. The drying process involves reducing the moisture content
in the material. Typically, the moisture content of chili peppers
decreases from about 80% to 10% through drying, resulting in a
significant weight change [20]. However, accurately measuring the
weight of chili peppers during the drying process is challenging. It
is difficult to measure the weight accurately due to the wind and
vibrations caused by hot air drying inside the dryer, and it is also
time-consuming to take the peppers out of the dryer to measure
their weight directly. This challenge highlights the need for a non-
destructive method to monitor the drying process accurately.

Previous non-destructive methods have primarily used hyper-
spectral imaging to effectively monitor moisture content, but they
were limited by the high cost of equipment and the complexity
of data analysis. To address these challenges, this paper proposes
a model that uses a camera to predict the drying status of chili
peppers. The goal is to improve the efficiency of the drying process
by developing a model that evaluates the dryness of chili peppers
by predicting their weight using easily obtainable image data. By
capturing images of the chili peppers during the drying process, the
model can analyze visual cues to estimate their moisture content
and overall dryness. This approach eliminates the need for manual
weight measurements, reducing labor intensity and improving the
accuracy of the drying process. Additionally, it allows for continu-
ous monitoring and real-time adjustments, ensuring that the drying
conditions remain optimal throughout the process.

Methodology Overview: The model proposed in this paper uti-
lizes both image and time data of chili peppers comprehensively to
assess their drying state non-destructively. It employs cutting-edge
deep learning models, including CNN (Convolutional Neural Net-
work), ResNet (Residual Network), ViT (Vision Transformer), and
Swin Transformer, to capture visual features of the chili peppers,
such as size, color, and texture. By using one-hot encoded time
data, the model tracks temporal changes throughout the drying
process. The inclusion of time data led to significant performance
improvements across all models. Specifically, the R? score for CNN
improved from 0.885 to 0.973, for ResNet from 0.962 to 0.985. To
quantitatively monitor drying progress and determine the optimal
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endpoint, we introduce the concept of the rate of weight change, cal-
culated from weight changes before and after drying. When the rate
of weight change reaches a specific threshold, it signals the com-
pletion of drying, enabling automated control. Additionally, data
augmentation techniques are employed to enhance the model’s
generalization capabilities, ensuring recognition of chili pepper
features. Despite minimal performance improvements from data
augmentation, visualizations show its effectiveness in minimizing
background influence and focusing on the chili peppers.

In conclusion, integrating advanced digital technologies into
agricultural practices offers significant benefits in terms of effi-
ciency, productivity, and labor reduction. This study focuses on
leveraging these technologies to automate and optimize the drying
process of chili peppers, demonstrating the practical significance
and potential impact of digital transformation in agriculture.

2 Literature Review

2.1 Previous studies on Monitoring Crop Status

The accurate monitoring of crop moisture status is essential for
ensuring the quality and productivity of agricultural products. Pre-
vious research has shown that hyperspectral imaging and mul-
tivariate analysis provide non-destructive methods for assessing
the moisture content and other quality attributes of crops during
processing. The study by Jinlin Jiang [10], utilized near-infrared hy-
perspectral imaging combined with multivariate analysis to assess
the quality of chili peppers. This research demonstrated that hyper-
spectral imaging could effectively evaluate the moisture content
and other critical quality parameters of chili peppers without the
need for destructive testing methods. Arman Arefi [1] employed
visible and near-infrared (Vis-NIR) hyperspectral imaging along
with Gaussian process regression to monitor the quality attributes
of apple slices during drying. Arefi’s research underscored the
capability of hyperspectral imaging and advanced regression tech-
niques to provide real-time, accurate assessments of moisture levels,
thereby facilitating more efficient and effective drying processes.
Li et al. [12] and Liu et al. [13] are focused on non-destructive
methods for measuring moisture content in agricultural products,
specifically in leaves and paddy rice, using terahertz time-domain
spectroscopy (THz-TDS) and microwave sensing technology, re-
spectively. Each method allows for continuous monitoring without
damaging the samples, which is particularly advantageous in agri-
cultural applications where preserving the integrity of the product
is essential. However, both technologies face challenges in scaling
up for field use due to the complexity of the equipment and the
need for precise calibration, making it difficult to implement these
methods across large agricultural areas.

These studies indicate that hyperspectral imaging, coupled with
sophisticated analytical techniques, holds the potential for enhanc-
ing the monitoring and management of crop moisture status in the
agricultural sector. Despite promising experimental results, several
challenges hinder the widespread adoption of these technologies.
Firstly, the high cost of hyperspectral and terahertz imaging equip-
ment remains a significant barrier, especially in settings with lim-
ited resources. Secondly, analyzing the complex data generated by
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these tools requires specialized knowledge and software, which
complicates their integration into routine monitoring processes.

2.2 Crops Drying Status Monitoring

To prevent excessive drying of crops and minimize the negative
impacts associated with the drying process, it is essential to dy-
namically control the drying conditions and monitor the crops in
real-time during the drying process [16]. Research has been con-
ducted to predict the optimal end point of drying using time as an
independent variable [2], but it is also crucial to consider the size
of the objects being dried. The drying time of fruits and vegetables
varies primarily based on size, with smaller objects, having less
moisture content, drying faster than larger ones [5].

The study by Topal et al. [21] proposes a model using an artificial
neural network to predict moisture content, drying rate, and mass
loss ratio in the freeze-drying process at various fruit thicknesses
and cabin pressures. While this method can predict with high accu-
racy, it may be challenging to apply to non-uniform thicknesses and
irregular shapes, potentially limiting its generalization. Recently,
studies have utilized computer vision to receive and monitor im-
ages in real-time during the drying process [17]. One such study
proposed a model to predict moisture content based on the shrink-
age observed in carrot slices. However, because this model predicts
shrinkage by comparing initial images with subsequent ones, the
accuracy of predictions can decrease due to changes in the position
or flipping of the crops during the drying process.

These studies illustrate the potential benefits and limitations of
integrating advanced digital technologies into the agricultural dry-
ing process. While the efficiency, productivity, and quality of dried
products can be significantly enhanced, considerations such as reli-
ability and practical applicability must be addressed. In particular,
some models may not fully account for important variables like crop
size and the effects of crop movement during the drying process.
To ensure these models are reliable and applicable in real-world
settings, it is vital to validate them across various environmen-
tal conditions. By understanding and mitigating these limitations,
the agricultural sector can better leverage these technologies for
improved sustainability and performance.

3 Methodology

3.1 Data Preparation and Analysis

3.1.1 Datasets. We collect data by removing peppers from the
dryer at regular intervals, photographing them, and measuring
their weight to visually analyze the pepper drying process and
quantitatively measure weight changes. Peppers are specifically
placed on 10 cm * 22 cm graph paper for consistency. Each session
involves weighing the peppers using an electronic scale. In total, we
photographed 698 pepper samples, each 21 times, resulting in 14,587
images and corresponding weight data after excluding outliers.
Throughout this process, peppers are photographed in their
natural state rather than being fixed in position on the graph paper.
This approach accommodates instances where peppers may shift
or overturn due to environmental factors like wind or movement
by workers in an operational pepper drying environment. Even
when photographing the same pepper repeatedly, we capture it
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from various angles, locations, or orientations (including horizontal

flipping).

3.1.2 Drying Characteristic Analysis. The most distinct character-
istic observed during the pepper drying process is the weight re-
duction due to moisture loss. This means that weight change can be
utilized to estimate moisture content. Monitoring weight changes
allows for assessing drying progress and determining the opti-
mal drying termination time. However, accurately measuring the
weight of peppers during the actual drying process presents sev-
eral challenges. Wind and vibrations inside the dryer can degrade
the accuracy of electronic scale measurements, and the method of
repeatedly removing the peppers from the dryer for weighing is
time-inefficient and cumbersome.

In situations where direct weight measurement is difficult, image-
based estimation emerges as a potential solution. This approach,
however, introduces the proportional relationship between object
size and actual weight is not always consistent. For instance, as
shown in Table 1(a), a smaller pepper might actual weight more
than a larger pepper. Moreover, as depicted in Table 1(b), although
the physical size of a pepper may remain constant during drying,
its weight can still decrease due to moisture loss.

Even if image-based estimation models can predict weight, this
weight data is insufficient to assess the dryness of peppers. The
primary reason is that the final weight of peppers varies depending
on their size, so drying cannot be terminated simply upon reaching
a specific weight. To address this issue, this paper utilizes the char-
acteristic of the rate of weight change. The rate of weight change
represents the current weight relative to the initial weight and is
calculated as follows:

W
Y = current (1)
Winitial

Where Wp1ia represents the initial weight of the pepper, Weyrrent
is the current weight, and Y is the rate of weight change. The rate
of weight change starts at a value of 1 during the pre-drying stage,
as shown in Table 1(b). This value continuously decreases to values
like 0.86, 0.73, and so on, as the pepper drying process progresses.
The rate of weight change offers a straightforward understanding of
the drying progress through numerical values alone. According to
research, the weight of peppers decreases by approximately 80-85%
after drying [18]. Therefore, a rate of weight change between 0.15
and 0.20 can be used as a threshold to indicate that the peppers
are fully dried. This criterion simplifies the determination of the
appropriate endpoint for the drying process of peppers.

Fig. 1 shows the overall process for predicting the drying state
of chili peppers, using both image and time data as inputs. The
image data is preprocessed and fed into a feature extractor, which
generates a feature map capturing the peppers’ characteristics.
This map is then converted into a 1D vector for further analysis.
Simultaneously, the time data is encoded into a vector format using
one-hot encoding. These two vectors are then combined and fed
into a fully connected layer that analyzes them to predict the rate
of weight change. This allows the model to predict the drying state
and determine the optimal drying endpoint.
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Table 1: Images and weights of actual peppers

(a) Different peppers (b) Same pepper during drying (0, 3, 6 hours)
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Figure 1: The process of predicting the drying state of chili peppers using image and time data

3.1.3 Data Preprocessing. Image preprocessing is essential for en-
hancing model training efficiency and achieving consistent results.
The first step involves resizing all images to a standard size of
224x224. This reduces image processing time and improves com-
putational efficiency. Next, the images are normalized using the
mean and standard deviation of the ImageNet dataset [19], ensuring
uniform brightness and color distribution. This allows the model
to learn the characteristics of the images more effectively, without
bias towards specific pixel values. Finally, image augmentation tech-
niques such as flipping, translation, and rotation are employed to
expand the dataset. This increased data diversity allows the model
to accurately recognize objects in various environments, particu-
larly enhancing object visibility and minimizing the impact of the
background. All these methods contribute to the model’s ability to
focus more effectively on the objects within the images.

To capture the time-dependent changes in the drying process,
this study utilizes both image data and the elapsed drying time as
features for the model. Pepper data were collected every 1 hour and
30 minutes throughout the drying process. To effectively represent
this time-series data for the model, we employed one-hot encoding.
Here, each time interval is transformed into a unique vector of 21
elements. Within this vector, the element corresponding to the spe-
cific time point is set to 1, while all others remain 0. This approach
allows the model to clearly distinguish between different drying
stages and precisely analyze the pepper drying state over time.

3.2 Moisture State Prediction Model

This study utilizes four state-of-the-art deep learning models—CNN,
ResNet, ViT, and Swin Transformer—to predict the drying process
of peppers. The purpose of this research is to assess the drying state



Image-Based Predictive Model to Optimize Drying Endpoints in the Chili Pepper Drying Process

of peppers using each model and to compare their performances to
identify the optimal one. All models receive the same input data,
consisting of images of peppers with a pixel size of 224x224 and
one-hot encoded time vectors that represent the elapsed drying
time. These models output a continuous rate of weight change,
ranging from 0 to 1, to quantitatively represent the drying process.

3.2.1 Convolution-Based Models : CNN and ResNet. CNNs are
widely used in image processing and classification tasks, effectively
leveraging the spatial structure of images [11]. In this study, we
employ a CNN model with three convolutional layers that extract
key image features such as color changes and surface textures. This
model excels at capturing these features, which are vital for accu-
rately predicting the drying process of peppers. However, training
deep CNN architectures can be challenging due to the vanishing gra-
dient problem. To overcome this, we utilize a pre-trained ResNet50
model, as detailed in He et al. [9], which includes residual connec-
tions that facilitate the training of deep networks. This ResNet50
model is fine-tuned to specifically learn features relevant to the
drying of peppers. The image features extracted by both the CNN
and ResNet models are transformed into a one-dimensional vector.
These vector is then combined with a time vector and fed into a
fully connected layer for prediction.

3.2.2 Alention-Based Models : ViT and Swin Transformer. The re-
cent advent of attention-based models like ViT [6] and Swin Trans-
former [15] presents an alternative approach to image processing
that diverges from traditional CNN methods, by effectively analyz-
ing complex visual patterns and relationships. ViT divides images
into multiple patches and applies a self-attention mechanism to
each, comprehensively understanding the context of the entire im-
age. Notably, ViT utilizes a class token that captures global image
information. This class token, along with the extracted features, is
then combined with temporal data and fed into a fully connected
layer for prediction. On the other hand, the Swin Transformer intro-
duces hierarchical modifications to the ViT structure, allowing for
the simultaneous learning of both local and global image features. In
this study, we leverage pre-trained versions of these models, namely
vit_base_patch16_224 and swin_base_patch4_window7_224, and
fine-tune them for feature extraction. After feature extraction, the
Swin Transformer performs global pooling to summarize the fea-
tures before combining them with temporal data and feeding them
into a fully connected layer for prediction.

4 Experiments and Results

In this chapter, we compare the performance of four deep learn-
ing models—CNN, ResNet, ViT, and Swin Transformer— used to
predict the drying process of peppers. Furthermore, we investigate
the impact of using elapsed time data and the effectiveness of data
augmentation techniques. Finally, we select the model that demon-
strates the highest performance and conduct a comparative analysis
between the actual pepper drying data and the model’s predictions.

4.1 Setup

Model training was conducted using the PyTorch framework, incor-
porating techniques such as learning rate decay and early stopping
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to prevent overfitting. The Adam optimizer was used during train-
ing, and MSE (Mean Squared Error) served as the loss function.
Twenty percent of the total dataset was reserved for validation,
and training was terminated early if no improvement in validation
performance was observed. To evaluate model performance, met-
rics such as MSE, MAE (Mean Absolute Error), RMSE (Root Mean
Squared Error), and the R? score (R-squared) were utilized.

4.2 Data Preparation

Pepper data are randomly divided into three sets for training, vali-
dation, and testing. However, a typical random splitting approach
can distribute data points from the same pepper across different
sets (training, validation, test). This can lead to information leak-
age, where the model is tested on data from peppers it has already
seen during training. To address this issue, we group data points
from each pepper object together at all time points. Each group
is then assigned a unique object ID. Subsequently, the data split
is performed based on these object IDs. This approach prevents
information leakage and ensures the model generalizes better to
unseen peppers. The ratio of train, validation, and test sets is set to
6:2:2. The training set is used for model training, the validation set
for tuning hyperparameters and implementing early stopping to
prevent overfitting, and finally, the test set is used to evaluate the
model’s performance.

4.3 Results

431 Model Performance Comparison. Table 2 presents a compari-
son of the performance of four deep learning models using metrics
such as MSE, MAE, RMSE, and R? score. Among these models,
ResNet and Swin Transformer demonstrated superior performance
compared to the others.

Table 2: Performance metrics for models

Model MSE MAE RMSE R?
CNN 0.001 0.033 0.043 0973

ResNet 0.001 0.025 0.032 0.985
ViT 0.002 0.035 0.046 0.970

Swin Transformer 0.001 0.025  0.033  0.985

ResNet’s very deep neural network structure effectively learned
complex features of pepper images, and its residual connections
further enhanced training stability, resulting in the lowest MAE and
RMSE and the highest R? score among all models. This high R? score
indicates a strong positive correlation between the predicted and
actual drying processes. Swin Transformer overcame the limitations
of ViT by utilizing a hierarchical structure to efficiently learn both
local and global patterns. This approach captured diverse levels
of image features, thereby increasing the accuracy in analyzing
the dryness of peppers. Conversely, while CNN is proficient at
recognizing spatial features of images, it underperforms in complex
pattern recognition, resulting in relatively higher MAE and RMSE
scores. On the other hand, ViT excels at recognizing global patterns
in images but may struggle with learning finer details, leading to
lower performance compared to other models. This highlights ViT’s
weakness in recognizing local patterns.
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