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Abstract—This study evaluates three classification scenarios:
image-based only, acoustic-based using Mel Frequency Cepstral
Coefficients (MFCC), and a combined multimodal CNN
architecture integrating both modalities. The experiments are
conducted on a relatively small dataset comprising only 230
samples. To mitigate the risk of overfitting arising from the limited
datasetsize, data augmentation is applied to both image and audio
data, with audio augmentation performed before the construction
of the MFCC spectrogram. Experimental results demonstrate that
the multimodal CNN with data augmentation achieves the best
performance, with precision, recall, and F1-score, respectively,
0.95, 0.94, and 0.94. These results indicate that augmenting both
image and audio data effectively enhances data diversity and
model robustness, significantly improving classification
performance. The findings confirm that combining
complementary feature representations from multiple modalities
with proper augmentation strategies substantially improves
audio-visual classification tasks.

Keywords—CNN; multimodal learning; melon ripeness
classification; image classification; acoustic classification; data
augmentation

1. INTRODUCTION

Accurate melon ripeness classification is crucial for melon
cultivation in Indonesia, as timely harvesting directly affects
fruit quality. Being a climacteric fruit, melons continue to ripen
after harvest, and their distribution is highly diverse, spanning
both domestic and international markets. Therefore, precise
classification is essential to ensure optimal harvest timing and
maintain quality throughout the supply chain. Accordingly, this
study aims to develop a nondestructive melon ripeness
classification technique based on CNN.

In recent years, advancements in deep learning techniques
have paved the way for innovative applications in agriculture,
including the classification of fruit ripeness and sweetness.
Melons, a widely cultivated and commercially valuable fruit,
come in various varieties with distinct characteristics.
However, due to differences in ripeness levels and sweetness,
determining the optimal harvest time can be challenging. This
challenge has led to the growing interest in nondestructive
techniquesto assessthese qualities. To ensure the study remains
focused, this research specifically examines two popular melon
varieties: Golden Apollo and Golden Alisha. These varieties are
widely cultivated and possess characteristics that make them
suitable for classification studies. Additionally, themelons used

in this research are assumed to be under controlled
environmental conditions, such as consistent greenhouse
settings (temperature, humidity, and light exposure) and
uniform nutritional treatments, ensuring minimal variation
caused by external factors.

The features explored in this study are limited to acoustic-
based and image-based features, as they have shown significant
potential in previous research for nondestructive classification
methods. Furthermore, the classification models are developed
using the Convolutional Neural Network (CNN) architecture,
which has demonstrated superior performance in image and
feature extraction tasks. This study prioritizes improving the
accuracy of the classification model, while considerations of
time and space complexity are beyond the primary scope. By
addressing these aspects, the study aims to push the boundaries
of existing research by investigating feature relevance,
visualizing feature extraction, and modifying CNN
architectures to combine acoustic and visual features. The
outcomes of this research are expected to contribute to more
accurate and efficient nondestructive methods for classifying
melon ripeness and sweetness, providing practical benefits to
the agricultural industry.

II. PREVIOUS RESEARCH

Previous research has consistently demonstrated the
effectiveness of Convolutional Neural Networks (CNNs) in
addressing classification tasks involving both acoustic and
visual features. For speech recognition, CNNs integrated into a
hybrid neural network-Hidden Markov Model (NN-HMM)
framework achieved an accuracy of 79.93%, surpassing
standard neural networks (77.05%) and Deep Belief Network-
pretrained models (79.5%) usingthe TIMIT dataset [ 1]. Further
studies confirmed CNN's superiority in reducing error rates by
6—-10% compared to Deep Neural Networks (DNN)-HMM
models [2]. Similarly, in phoneme classification using raw
audio signals, CNN achieved a significant improvement in
accuracy, reaching 67.88% compared to 38.91% with Multi-
Layer Perceptron (MLP) models [3]. In music onset detection,
CNN also outperformed Recurrent Neural Networks (RNNs),
achieving 91.7% accuracy compared to RNN’s 8§9.2% [4]. In
environmental sound classification, CNNs showed remarkable
performance, achieving 77.85% accuracy on the ESC-10
datasetand 49% on ESC-50, compared to 56% by Tensor Deep
Stacking Networks (TDSN) [5]. Another study on forest sound
classification, which included bird chirps and chainsaw noises,
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reported CNN achieving 85% accuracy using spectrogram
features [6]. CNN was further validated as the top-performing
model for construction noise classification, achieving 97%
accuracy with Mel-spectrograms, outperforming other models
such as Random Forest (93%), MLP (92%), k-NN (85%), and
SVM (84%) [7].

In visual-based tasks, CNN also excelled. For traffic sign
and light classification using RGB-D image features, CNNs
achieved 93.33% accuracy [8]. In fruit image classification,
CNN achieved an impressive 98.88% accuracy on a dataset
comprising 55,244 images of 81 fruit categories using a pure
CNN architecture with seven layers and global average pooling
[9]. For large-scale image classification, CNN architectures
such as GoogleNet and ResNet achieved an accuracy of
83.12% on the ImageNet dataset, consistingof'1.2 million high-
resolution images across 1,000 categories [10]. These studies
consistently highlight the capability of CNNs in extracting
relevant features, improving classification accuracy, and
outperforming traditional machine learning approaches. These
findings suggest that CNNs hold great potential for application
in challenging tasks like the classification of melon ripeness
and sweetness using acoustic and visual features.

Previous studies have demonstrated that multimodal fusion,
particularly the integration of acoustic and visual features
within CNN-based frameworks, can outperform unimodal
approaches by leveraging complementary temporal and spatial
information. Such strategies have been successfully applied to
domains including environmental event detection [11], human
activityrecognition[12]and[13],and objectclassification[14],
resulting in improved robustness and classification accuracy.
Nevertheless, despite the effectiveness of audio—visual fusion
in these fields, no existing studies have explored its application
to melon ripeness and sweetness classification. This research,
therefore, addresses a clear gap in the literature by extending
established multimodal CNN paradigms to agricultural quality
assessment through the jointexploitation ofacoustic and visual
cues.

III. METHODS

In this study, we used CNN as our deep leaming
architecture to construct a model for melon ripeness
classification. In this section, a briefexplanation of all methods
used in this research is provided.

A. CNN Architecture

CNN is a deep learning architecture specifically designed
for processing data with a grid-like topology, such as images
and time-series data. It is characterized by its ability to
automatically extract relevant features from raw data through
layers of convolution and pooling operations. The convolution
layers apply filters to the input data, capturing spatial
hierarchies and patterns such as edges, textures, and more
complex features in deeper layers. Pooling layers, on the other
hand, reduce the spatial dimensions of the data, making the
model computationally efficient while preserving the most
critical information. CNN typically includes several main
components: convolutional layers, activation functions (e.g,
ReLU), pooling layers, fully connected layers, and an output
layer with a softmax or sigmoid function for classification
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tasks. Advanced CNN architectures often integrate additional
mechanisms, such as dropout for regularization or batch
normalization to accelerate training.

Convolutional Neural Networks (CNNs) are a type of feed-
forward neural network designed to process visual data. In
CNNs, individual neurons are arranged to respond to
overlapping regions within a visual area [15]. CNNs are
hierarchical networks composed of multiple convolutional
layers and subsampling (pooling) layers. The architecture can
be varied by adjusting the number and type of convolutional
and pooling layers. The convolutional layer operates based on
parameters such as the size and number of feature maps, kernel
size, skipping factors, and connection tables. A kernel slides
across the input image, capturing spatial features, while
skippingfactors determine how many pixels are skipped during
this operation. The output map size is calculated using a
specific formula. Each map in a layer connects to several maps
in the previous layer, and neurons in the same map may share
weights.

INPUT
22

Convautions Sutsamplng Convoksons  Subsamping

Fig. 1. CNN main architecture [16].

The CNN algorithm consists of two main stages:
convolution and subsampling (pooling). For example, in the
MNIST dataset architecture (Fig. 1), a grayscale image with
dimensions 32x32 pixels is processed through two pairs of
convolution and pooling layers, followed by two fully
connected layers. Key steps include:

1) First convolution layer: Six 5x5 kernels produce six
feature maps of 28x28 pixels using stride 1 and a valid mode
(no padding).

2) Firstpooling layer: Reduces the feature maps to 14x14
pixels with a subsampling factor of 2.

3) Second convolution layer: Sixteen 5x5 kemels create 16
feature maps, every 10x10 pixels.

4) Second pooling layer: Further reduces the feature maps
to 5x5 pixels.

5) Fully connected layers: The final pooling layer outputs
connect to 120 neurons, followed by 84 neurons, and finally to
10 output neurons representing the classification categories.

6) Activation functions: Non-linear activation functions
(e.g., Tanh, Sigmoid, or ReLU) are applied between
convolution and pooling layers, as well as between the fully
connected layers.

This hierarchical structure allows CNNs to automatically
extractand learnrelevant features from raw input data, making
them highly effective for tasks such as image recognition and
classification.

The foundation of Convolutional Neural Networks (CNNs)
lies in the architecture of Neural Networks (NNs). However,
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CNNs have three main advantages over traditional NNs: sparse
connectivity, parameter sharing, and equivariance, which make
them more efficient and effective for processing structured
data, especially images.

e Sparse Connectivity: unlike traditional NNs, CNNs only
connect a neuron to a small region of the input (called a
receptive field). This sparse connectivity significantly
reduces the number of parameters to train.

e Parameter Sharing: the same set of weights (or filters) is
applied across the entire input. This parameter sharing
allows CNNs to detect the same feature (e.g., edges,
corners) regardless of its position in the input. As a
result, the model becomes more efficientin terms of
memory and computation, and it can generalize better to
unseen data.

e Equivariance: CNNs exhibit equivariance to translation,
meaning that a shift in the input (e.g., moving an object
in an image) results in a corresponding shift in the
feature map output. This property makes CNNs robust
to variations in object positions, which is crucial for
tasks like image recognition.

These three properties collectively allow CNNs to
efficiently handle high-dimensional data like images, reduce
overfitting, and achieve better performance in tasks involving
spatial or temporal patterns.

B. Spectrogram Image

Although CNN architecture comes in various forms, the
most notable and successful is the 2D-CNN architecture. For
image data, which is already represented as a two-dimensional
matrix, CNN-2D can be applied directly. However, this differs
fromacousticdata, whoserepresentation is typically in the form
of a one-dimensional vector (1-D). A common approach for
classifying audio data using CNN-2D is to convert the audio
data into a spectrogram. A spectrogram is an image that depicts
the magnitude (intensity) of different frequencies over time.
This spectrogram image is then used as a Deep Acoustic
Feature (DAF) input for the 2D-CNN architecture. The process
of creating a spectrogram involves the following steps:

1) Segmenting audio data: The audio data is divided into
smaller overlapping chunks. For example, if an audio sample
hasasize of 1x7, withan overlapof 1 sampleand a chunk width
of 3 samples, the data is split accordingly.

2) Frequency decomposition using FFT: Assumingthat a
sound consists of various frequencies, each chunk is
transformed using the Fast Fourier Transform (FFT). FFT
extracts the frequency components of each chunk of audio at
different time intervals, converting the data from the time-
amplitude domain to the frequency-time domain.

3) Creating afrequency matrix: For instance, if each chunk
isdecomposed into 100 frequency components, each chunk will
have 100 values. With 3 chunks, the results will result in a
matrix of size 100 rows x 3 columns.

4) Mapping matrix to pixels: Each cell in the matrix is
represented as a pixel with a specific color. The colors are
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assigned using a predefined threshold, where higher values are
represented with brighter colors.

5) Generatingthe spectrogram image: The spectrogram is
represented as an image, where the color of each pixel reflects
the intensity of a frequency at a specific time. A pixel in the
spectrogram at row i, column j represents the intensity of sound
at the i-th frequency and the s-time range. Fig. 2 shows an
example of a spectrogram from audio data.

6) Inputto CNN-2D architecture: Since the spectrogram is
a 2D grid of data (image), it can directly be used as input to a
2D-CNN architecture.
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Fig.2. Spectrogram image [17].

C. Mel Frequency Cepstral Coefficients (MFCC)

In addition to spectrograms, Deep Acoustic Features (DAF)
can use Mel Frequency Cepstral Coefficients (MFCC) as input.
The detailed MFCC extraction process involves the following
steps [18]:

1) Frame blocking (Fig. 3): Audio signals are divided into
overlapping frames to prevent information loss at frame
transitions.

frame1 ‘ frame 3

frame 5 lframe 7 ‘ ‘

frame 4

frameﬁ‘ ‘

‘ frame 2

Fig.3. Frame blocking procedures [18].

2) Windowing: A filter is applied to each frame to
minimize distortion between frame blocks. This is done by
multiplying each frame's data with a selected windowing

504|Page

www.ljacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

formula, commonly the Hamming window, due to its
computational efficiency and effective filtering properties. The
Hamming window equation is Eq. (1):
W(n) = 0,54 — 0,46 cos (% ) (1)
Variable descriptions

e W(n) the value of the Hamming window at the n-th
sample

e nthesample index within a frame, where n=0, 1,2, ...,
N-1

e N the total number of samples in one frame (window
length)

3) Fast Fourier Transform (FFT) is applied to the
windowed frames, calculating the Discrete Fourier Transform
(DFT), which outputs complex numbers. The real and
imaginary components are calculated as Eq. (2) and Eq. (3):

Real X[k] = Yt x[i]cos (vaki) 2)

Imaginary X[k] = — YN 1x[i]sin (vaki) 3)
Variable description
e Real X[k] the real part of the DFT output at index k

e Imaginary X[k] the imaginary part of the DFT output
atindex k

e x[i] The input signal sample at time index i (windowed
signal)

e | time-domainsample index, where i=0, [, 2,..., N—1

e k frequency bin index of the DFT output

e N total number of samples in one frame (FFT size)

The nextstep in this stage is to compute X[k] the magnitude
of the FFT. The magnitude of a complex number is calculated
from its real and imaginary components using Eq. (4):

X[k] = \/Real X[k]? + Imaginary X[k]?> (4)

4) Mel-Frequency Wrapping, human perception of sound
frequency is linear for frequencies < 1000 Hz, but logarithmic
for higher frequencies. This relationship, represented by the
mel-frequency scale, is expressed as Eq. (5):

F,

m

_ {2595 * 10g1o(1+22), Fy, > 1000
Ry, Fyy, < 1000
Mel-frequency wrapping, then performed using Eq. (6):
X; = log,o(Zk=o X (o). H;(k)) (6)

Variable descriptions

&)

e F..1, the frequency value measured on the Mel scale,
which represents the perceived frequency by the human
auditory system.
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e F,,, frequency value measured in Hertz (Hz),
representing the actual or linear frequency of the signal.

e X;, frequency wrapping value of the i-th filter

e i, filter index, where i=1,2,...,n, and n is the total
number of filters

e X(k), magnitude value of the frequency component at
index k

e H;(k), amplitude (height) of the i-th triangular filter at
frequency index &

e k,Frequency index, where k=0, 1,2,...,N—1
e N, total number of frequency magnitude bins

5) Cepstrum Calculation, in this final step, the mel-
frequency is converted into the time domain using the Discrete
Cosine Transform (DCT), Eq. (7):

j(i-1)
;=M X; cos (¢ 12 % (7)

Variable descriptions

e (j,j-th cepstral coefficient

e j, Cepstral coefficientindex, wherej=1,2,...,the desired
number of coefficients, for audio classification, we use
maximum j=40

e M, number of Mel filter banks. On these study, we used
64 Mel filters

e X;, The Mel-frequency wrapping value at frequency
index i, where i=1,2,...,n. The n, we set it similar to the
number of M

In this study, acoustic data were used for Mel-Frequency
Cepstral Coefficients (MFCC).

IV. DArtA

A. New Dataset Acquisition

From 11th May 2021, the procedure for obtaining new
sample data has begun at the Agro Technology Park (ATP)
Cikarawang. The melon data acquired is from the Golden
Alisha melon variety. In general, the morphological shape of
the Golden Alisha tends to be round, has a smooth skin texture,
and has a bright golden yellow colour. In data acquisition, four
different days after planting (DAP),class47 DAPon 11th May,
53 DAP (17th May), 60 DAP (24th May) and 67 DAP (30th
May). There were 12 melons used as samples. From each
measured sample, five acoustic data and image data were
obtained, respectively. So that when the data acquisition is
completed, 60 pieces of data will be obtained for each different
DAP and in total, it was hoped that 240 pieces of data would be
obtained in all. In the greenhouse as the data location, there are
four melon planting lines, each planting position has a different
lightintensity (Fig.4). Based on these conditions,in orderto be
sufficiently representative, the measured melons were spread
over four different plantinglines. Twelve melons that were used
as samples were spread out three each in each planting lane.
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Fig. 4. Planting lines at greenhouse, ATP Cikarawang.

The tools used and measurement scenarios in data
acquisition procedures are:

e Samsung A20 Smartphone camera, with 30 cm portrait
distance, 3:4 dimension ratio, and 2.4x zoom aspect,
with an image resolution of 3096x4128 pixels.

e Flux meter to measure light intensity during capturing
data.

Some results of data acquisition procedures are shown in
Fig. 5.

« data HST 47, 53, 60 dan 67 dengan kamera A20
2

g . 3096x4128 pixels

* data HST 47, 53, 60 dan 67 dengan kamera Deep Real Sense

Fig. 5.

Some data acquisition results.

As a result of the acquisition, finally obtained a dataset for
ripeness classification are 230 acoustic knock (audio) and
image data packets from 4 classes of DAP (47, 53, 60, and 67).
Audio datain .m4a format, Image data used smartphone camera
with dimensions of 3096x4128 pixels, Image data used Intel
RealSense Depth camera with dimensions of 640x480 pixels.
The proportion of data in each class is 55 records. The total
amount of data is only 230 pieces of data and not 240 pieces of
data because the acoustic data of a melon with ID 4 has been
picked before 67 DAP and declared lost.

The dataset used in this study is relatively small (230
samples), which raises concerns about potential overfitting,
particularly when employing deep CNN architectures. To
mitigate this risk, data augmentation techniques were applied,
includingrotations, scaling, and flips, to artificially increase the
diversity of training samples. These measures help ensure that
the reported performance reflects the model’s true capability
rather than overfitting to the limited dataset.

V. PROPOSED METHODS

In the case of classifying melons using two types of data:
acoustic data from tapping the melon and image data of the
melon, the following procedure is proposed for combining
features from both data types. The integration is performed by
merging the MFCC spectrogram values with the feature map
values derived from the output of the last layer in the feature
extraction stage (illustrated in Fig. 6, stage 2, represented by the
rightmost purple neurons).

Challengesin Combining Spectrogram and Feature Maps to
merge spectrogram and feature map data include:
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e Dimensional Mismatch: The dimension of the
spectrogram may vary for different acoustic data
samples. Additionally, the spectrogram's dimensions
may not match the dimensions of the feature maps.

e Value Range Differences: The value range (or domain)
of the spectrogram will differ from that of the feature
maps.

DEEP FEATURE EXTRACTION

Fig. 6. Proposed method scheme.

Proposed Solutions to address these challenges, processed
as these following steps. Combination Procedure - the
procedure for combining the features is outlined in the diagram
in Fig. 6. The value of the spectrogram, whose different
dimensions can be combined by adding them with the trained
weights. The vector of the combined feature G from the
spectrogram S with weight A1,combined with the feature maps
F with weight A2, can then be formulated using Eq. (8). This
method is obtained by performing feature concatenation within
a flatten layer, which allows the model to integrate information
from both sources effectively before passing it to subsequent
layers.

G(,j) = A1(i, Dx S, j) + A2(i, DxF (i, j) + b0 (8)

The weighted summation step runs after aligning the
spectrogram’s dimensions and normalizing its value range; it is
combined with the feature map values by performing a
weighted summation. Furthermore, the values of Al and A2 are
trained usingthe feed-forward and backpropagation approaches
to determine the correct values. As for b0, it is the bias value.

VI. EXPERIMENTS

A. Experimental Scenario

This section presents various experimental results
conducted on this study. The CNN architecture used is
illustrated in Fig. 7.

MixPoolinglD
onvolation 203
daxPooling Ty

Convolution 2D
MaxPoaling2D

M

Convolution 20

[

Elock 3:
&4 {33} coan
Relu
MuxPoolmg (2.2}

Tock i: Biock 1 Block 4:
32 3x3) coav 32 ECERE) cony Diense (64) + el
Relu Relu Dyopout (0.5)
MixPooling (2.2) MasPoaling (2.2) Dhemse (11+ Sa

Fig. 7. CNN architecture on experiment.

In this study, there are three main experiment scenarios: (1)
image-based only, (2) acoustic-based only using MFCC
features, and (3) a combined multimodal CNN architecture.
Data augmentation is applied to both image and audio data in
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all scenarios. Augmentation of the audio data is applied before
the MFCC spectrogram is constructed.

From a preliminary study, especially for acoustic-based
classification model was investigated by comparing four
experimental scenarios. The first scenario employed a CNN
with Mel Spectrogram features and achieved moderate
performance, with a precisionof 0.62, recall of 0.55, F1-score
of 0.55, and accuracy of 0.55. The second scenario utilized a
CNN with MFCC Spectrogram features, which resulted in a
consistent performance improvement, reaching a precision of
0.72,a recall 0f 0.65, an F1-score of 0.64, and an accuracy of
0.65. The third scenario incorporated data augmentation into
the Mel Spectrogram-based CNN. However, this configuration
did not yield a significant performance gain, as the accuracy
remained at 0.55. In contrast, the fourth scenario, which
combined a CNN with MFCC Spectrogram features and data
augmentation, demonstrated a substantial improvement across
all evaluation metrics. This approach achieved the highest
precision (0.82), recall (0.80), F1-score (0.80), and accuracy
(0.80) among all tested configurations. Based on these
comparative results, it can be concluded that MFCC-based
representations augmented through data augmentation provide
a more robust and discriminative characterization of acoustic
patterns. Consequently, the CNN with MFCC Spectrogram and
data augmentation configuration is identified as the most
effective approach and is therefore adopted as the baseline
model in this study.

The hardware and software specifications used for this
study are as follows:

e Hardware Environment Processor AMD Ryzen 9
5900HX (16 CPUs, 3.3 GHz) with Radeon Graphics.
Intel Quad Core 17-4700HQ with a clock speed of 2.4
GHz, 16GB DDRSY, and an SSD with 1 TB capacity.

e Software Environment and Supporting Applications:
Operating System: Windows 11 Home Single Language
64-bit (Version 10.0, Build 26100). Python 3.7 and the
Keras library with TensorFlow backend. Anaconda with
Jupyter Notebook environment.

B. Experimental Results

This section presents the results of the classification
experiments based on three different input modalities: image-
based CNN, acoustic-based CNN, and multimodal CNN
combining both image and audio features. The performance of
each scenario is evaluated using precision, recall, and F1-score
for each ripeness class (DAP47, DAP53, DAP60, and DAP67),
as shown in Fig. 8- Fig. 10.

precision recall fil-score support

DAP47 1.00 8.75 0.86 20
DAP53 0.69 1.00 .82 20
DAP60 0.89 0.80 .84 20

DAP67 1.00 0.90 0.95 20
accuracy 0.86 80
macro avg 0.89 .86 .87 80
weighted avg 0.89 0.86 0.87 80

Fig. 8. Image-based CNN scenario result.
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precision recall fl-score  support
DADPA7 .88 0.70 8.78 20
DAP53 8.63 0.85 0.72 20
DAP60 8.89 0.85 9.87 20
DAP67 0.89 ©.80 ©.84 20
accuracy 9.80 80
macro avg 0.82 0.80 9.86 80
weighted avg 9.82 0.80 9.80 80
Fig. 9. Acoustic-based CNN scenario result.
Classification Report:
precision recall fl-score support
DAPA4T 8.95 1.00 8.98 20
DAP53 1.00 0.75 0.86 20
DAP60 0.83 1.00 0.91 20
DAP67 1.00 1.00 1.0 20
accuracy 0.94 80
macro avg .95 0.94 0.94 80
weighted avg 0.95 0.94 0.94 80

Fig. 10. Multimodal CNN scenario result.

TABLE. EXPERIMENTAL RESULT SUMMARY
Scenario Prec. Rec. F1-score Acc.
Image-Based CNN 0.89 0.86 0.87 0.86
Acoustic-Based CNN 0.82 0.80 0.80 0.80
Multimodal CNN 0.95 0.94 0.94 0.94

Evaluation Metrics

O 094 094 0.94
- - 0.86 0.86
0.g 0.82 0.8 na 08
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

Rec., Acc

Prec Fl-score
Image Based CNN ® Acoustic Based CNN | Multimodals CNN

0.87

Fig. 11. Evaluation metrics.

For image-based CNN scenarios (Fig. 8), the model
achieved an overall accuracy of 86%. The highest performance
was observed inthe DAP67 and DAP47 classes, with F1 -scores
of 0.86 and 0.86, respectively. However, the model struggled
with class DAP53, which obtained a relatively low F1 -score of
0.72.This indicates that visual features alone, while generally
effective, may be insufficient for distinguishing between the
earlier ripeness stages where external appearance changes are
subtler.

On the other hand, the acoustic-based CNN scenario
(Fig. 9) yielded a slightly lower overall accuracy of 80%. The
best-performing classes were DAP60 and DAP67, with FI1-
scores of 0.87 and 0.84, respectively. Class DAP53 again
presented the most difficulty, with an F1-score of just 0.72.
These results suggest that audio features extracted from tapping
sounds can represent internal fruit characteristics but may still
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be ambiguous for similar ripeness levels, especially between
DAP47 and DAPS3.

Furthermore, for the last scenario, multimodal CNN
(Fig. 10), which integrates both image and audio features,
achieved the best overall performance with an accuracy of 94%
and a macro-average Fl-score of 0.94. All classes showed
strong and balanced results, with F1-scores above 0.90,
including DAP53, which previously had the lowest
performance in other scenarios. The fusion of visual and
acoustic information enabled the model to capture both external
and internal cues associated with fruit ripeness, resulting in
significantly improved classification performance.

In summary (Table I and Fig. 11), the multimodal CNN
approach outperforms single-modality models, confirming that
combining complementary features from different domains can
enhance the accuracy and robustness of ripeness classification
systems. This finding supports the potential of multimodal
learning in agricultural quality assessment tasks, especially
when the classification target involves subtle, multi-
dimensional characteristics.

VII. DISCUSSION

In this section, further discussion will be providedregarding
the experimental results obtained. It includes confusion matrix
analysis for all scenarios. At the end of this chapter, a statistical
analysis of the experimental results is also conducted.

The confusion matrices presented in Fig. 11 to Fig. 13
illustrate the classification performance of three different CNN
models using image data, acoustic data, and a multimodal
fusion of both modalities. These matrices provide deeper
insights intohowwell eachmodel is ableto distinguish between
the fourripenessstagesofmelon: DAP47, DAP53,DAP60,and
DAP67.

Fig. 12 shows the confusion matrix for the image-based
CNN model, which demonstrates relatively strong performance
overall. The model perfectly classified the DAP53 and DAP67
classes, while DAP47 was correctly predicted in 15 out of 20
cases, with 5 samples misclassified as DAP53. Class DAP60
showed a minor confusion with DAPS53, as 4 samples were
misclassified. This suggests that while image-based features are
effective in capturing external ripeness characteristics, early
ripeness stages such as DAP47 still tend to overlap visually
with neighboring classes like DAPS3.

Image Based

- 20.0
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5
% 15 H 0 0 - 17.5
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15.0
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o

DAP4 DAP53 DAPGD DAPST
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Fig. 12. Image-based CNN confusion matrix.
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Acoustic Based
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Fig. 13. Acoustic-based CNN confusion matrix.

Multimodal
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DAPS3 DAP4T

DAPED

DAPBT

DAPAT DAP53 DAP&0 DAPE7

Predicted

Fig. 14. Multimodal CNN confusion matrix.

In contrast, the acoustic-based CNN model with MFCC
features and augmentation (Fig. 13) exhibited slightly lower
precision across several classes. Class DAP47 was correctly
identified 14 times but misclassified 6 times as DAP53.
Similarly, DAP53 had 17 correct predictions, while the
remaining 3 samples were confused with DAP47, DAP60, and
DAP67. Notably, even DAP67, which was generally easy to
classify, showed minor confusion in this setting. These results
indicate that while acoustic features enriched with
augmentation improve general robustness, they still present
challenges in precisely distinguishing between classes with
similar internal acoustic signatures, such as DAP47 and
DAPS3.

The most significant improvement is evident in Fig. 14,
representing the multimodal CNN model that combines both
image and audio features. This model achieves near-perfect
classification: all samples from DAP47, DAP60, and DAP67
were classified correctly, while only one sample from DAP53
was misclassified as DAP47 and fouras DAP60. The confusion
in DAP53 remains the only notable weakness, which is
consistent across models and suggests that this class may lie at
a transitional pointin both acoustic and visual characteristics.
One notable difficulty during data acquisition was that the
greenhouse was located near a rural road frequently used by
vehicles. Consequently, acoustic recordings were often
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contaminated with environmental noise, which likely
contributed to the relatively lower performance of the acoustic-
based model. This issue also affected the multimodal model,
particularly in classifying samples from DAP53, where the
presence of background noise and overlapping features made
accurate classification more challenging. Despite this, the
multimodal model achieved the best overall balance across all
classes, demonstrating that fusing external (image) and interal
(acoustic) cues significantly enhances the model's ability to
discriminate between subtle ripeness stages.

In summary, the results affirm that while single-modality
models (image-only or audio-only) are capable of capturing
certain class characteristics, their performance is limited by the
inherent ambiguities in either visual or auditory features alone.
The multimodal CNN approach standsout as themost effective,
offering a holistic representation of fruit ripeness and
minimizing inter-class confusion. This supports the hypothesis
that multimodal learning is highly beneficial for tasks requiring
fine-grained classification, particularly in agricultural
applications where the features are complex and multi-
dimensional.

VIII. STATISTICAL ANALYSIS

This section presents a statistical analysis of the
experimental results, with a particular focuson accuracy values.
Statistical significance of performance differences among the
three classifiers was evaluated using pairwise McNemar’s tests
on the same test samples. In addition, 95% confidence intervals
and variance of accuracy were reported to assess the reliability
and stability of the models.

The statistical analysis of the experimental results begins
with the computation of the Standard Error (SE) and the
Confidence Interval (CI). SE represents the magnitude of the
samplingerror of the accuracy estimate, indicating the extent to
which the observed accuracy obtained fromthe test sample may
deviate from the true performance on the broader data
population. A smaller SE indicates a more stable and reliable
performance estimate. CI provides a range within which the
true model performance is expected to lie ata given confidence
level (commonly 95%). The CI enables a more cautious
interpretation of performance metrics, particularly for small
datasets, as it reflects the lower and upper bounds of the
possible performance values [ 19]. The formulations of SE and
CI are presented in Eq. (9) and Eq. (10). In this analysis, the
variance is also computed. The variance is used to measure the
degree of variability or instability of the model performance
across test data or multiple experimental runs, Eq. (11).

Cl=p +196 x SE (10)
Var(p) oy ) (11)

- n
Variable descriptions
e SE, Standard Error

e (I, Confidence Interval
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e Var, variance
« p,denotes the accuracy value
« n,denotes the number of test samples

e 196 is the constant corresponding to the 95%
confidence level

TABLE II. STABILITY LEVEL OF CLASSIFICATION
Scenario Acc. Var. SE CI
Image-Based CNN 0.86 0.00148 0.039 [0.79,0.94]
Acoustic-Based CNN 0.80 0.00200 0.045 [0.71,0.89]
Multimodal CNN 0.94 0.00073 0.027 [0.88,0.99]

Based on the variance, SE, and Cl values shown in Table I,
the multimodal CNN exhibits the most stable and reliable
performance. It achieves the lowest variance (0.00073) and SE
(0.027), along with the narrowest CI range, indicating more
consistent performance across test samples. Therefore,
multimodal CNN can be considered the best-performing and
most reliable model among the evaluated approaches. In
contrast, the acoustic-based CNN shows the highest variance
and SE, suggesting greater performance variability and lower
stability. Pairwise, statistical significance between classifiers
was assessed using McNemar’s test [20] on the same test
samples with continuity correction. Pairwise comparisons were
conducted between the multimodal model and each unimodal
baseline (image-based and acoustic-based) compute using
Eq. (12) and data in Table III. In McNemar’s test, ny; andn,,
denote the number of discordant pairs where only one classifier
produces a correct prediction, and the continuity-corrected chi-
square statistic is computed to assess the significance of
performance differences. If the Chi-Square x2.

2
2 _ (no1—740)
X' = (12)
No1+7N10
TABLE III. SAMPLES WITH FALSE PREDICTION
Scenario Samples with false prediction

DAP47 03, DAP47_7, DAP47_12, DAP47 18,
DAP47_19

DAP60_03, DAP60 08, DAPG0_17, DAPG0_19
DAP67_06, DAP67 11

DAP47 02, DAP47 05, DAP47 09,
DAP47_14, DAP47_19, DAP47 20
DAP53_02, DAP53_08, DAP53_15
DAP60_01, DAP60_04, DAPG0_17
DAP67_03, DAP67_08, DAP67_12, DAP67_17

Image-Based CNN

Acoustic-Based CNN

Multimodal CNN DAP53_02, DAP53_11,DAP53_15,

DAP53_17, DAP53_18

The McNemar test statistic was compared with the chi-
square critical value of 3.84 (df = 1, a = 0.05) to assess
statistical significance. For the comparison between the
Multimodal CNN and the Image-based CNN, ny, =
11 denotes samples misclassified by the image-based model
but correctly classified by the multimodal model, while n,, =
5 denotes samples correctly classified by the image-based
model but misclassified by the multimodal model. The resulting
test statistic is x?=1.56, which is lower than the critical value
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(3.84). In contrast, for the comparison between the Multimodal
CNN and the Acoustic-based CNN, ny; = 14 and n,, = 3,
yielding a test statistic of x?=5.88, which exceeds the critical
value. These results indicate that the multimodal CNN
significantly outperforms the acoustic-based CNN. whereasthe
improvement over the image-based CNN is not statistically
significant. Nevertheless, it achieved an accuracy 8% higher
than the image-based model.

IX. CONCLUSION

This study evaluated three different scenarios for audio-
visual classification: image-based only, acoustic-based using
MFCC features, and a combined multimodal CNN architecture.
In all scenarios, data augmentation was applied to both image
and audio data, with audio augmentation performed prior to the
construction of the MFCC spectrogram.

The experimental results demonstrate that the multimodal
approach, which integrates both image and acoustic features,
consistently outperforms the single-modality models.
Specifically, the multimodal CNN with data augmentation
achieved the highest performance across all evaluation metrics,
confirming the effectiveness of combining complementary
feature representations. Furthermore, applying data
augmentation on both modalities contributed to improved
model generalization and robustness, highlighting the
importance of augmentation strategies in multimodal learning
tasks.

Based on statistical analysis, the multimodal CNN achieved
the highest accuracy (0.94), outperforming the image-based
CNN (0.86) and acoustic-based CNN (0.80). The 95%
confidence interval of the multimodal model ([0.88, 0.99]) is
narrower than those of the unimodal models, indicating higher
reliability. Furthermore, the variance of the multimodal CNN
(0.00073) is lower than that of the image-based (0.00148) and
acoustic-based (0.00200) models, demonstrating more stable
performance. Pairwise McNemar’s tests indicate that the
performance improvement of the Multimodal CNN over the
acoustic-based CNN is statistically significant (p < 0.05),
whereas the improvement over the image-based CNN is not
statistically significant.

Overall, the findings suggest that leveraging multimodal
data with appropriate augmentation techniques is a promising
direction for improving classification accuracy in audio-visual
applications. Future work may explore more advanced fusion
techniquesand augmentation methodsto further enhance model
performance.

Limitations and Future Work: The current study is limited
by the small datasetsize, controlled greenhouse conditions that
do not reflect natural variability, and the lack of external
validation. Future research should focus on collecting larger
and more diverse datasets under real-world conditions to
improve model generalizability and robustness.
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