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Article Info ABSTRACT

Article history: This study used smart packaging made from durian seed starch with butterfly
. . pea flower extract and applied the DenseNet121 deep learning model for real-

Accepted 22 April 2026 {ime quality classiﬁ(tatio[}l).l Colorimetric analysis reveall)ed a sigliﬁcant transition
from Hue ~92° to Hue ~289° as food quality deteriorated due to pH changes.
This study aimed to introduce a non-destructive vision-based classification
framework utilizing the DenseNet121 deep learning architecture to demonstrate
Keywords: its effectiveness as a real time food freshness monitor. The dataset was divided
mnto 70% training set, 209% validation set, and 109 test set to ensure robust model
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Dgl}seNetlll, ) development. Performance was evaluated using accuracy, precision, recall, and
FD(llg';tlal :‘Ilnage Analysis; F1 score. This methodology integrated physicochemical (pH) analysis with the

“dible film;

development of a DenseNet121 architecture based Deep Learning model to
classify food freshness phases. The results showed that edible films derived from
durian seed starch and butterfly pea flower extract were capable of being
indicators of food freshness. The dataset consisted of 160 images captured
during a 12day experiment, which was expanded using stochastic data
augmentation to improve model generalization. Computationally, the model
achieved convergence with a training accuracy of 96% with loss 0.14 and
achieved an internal testing accuracy of 0.94. Although testing on an external
dataset recorded an accuracy of 0.78 due to environmental variability. This study
proposes the first integration of durian seed starch based smart packaging with
DenseNetl21 architecture for automatic freshness classification of lempuk
durian, providing a new approach for continuous food quality monitoring.
These findings provide a quantitative basis for the application of applied
mathematics and computer vision in sustainable food logistics.

Food safety;
Smart packaging.
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1. INTRODUCTION

Classification of lempuk durian freshness is modeled as a functional mapping f which transforms high-
dimensional input tensors into a discrete label space.

This research uses the DenseNetl 21 model, where each layer [ receives input as a concatenation of features
from all previous layers x; = ([xq,..., X;—¢ ]) [1]. This mathematical formulation mitigates the vanishing
gradient problem and mmproves the propagation of low-level chromatic features, enabling high fidelity
classification even on limited image datasets. The development of colorimetric sensors from durian seed starch
shows promising potential, despite the lack of a standard framework to bridge the gap between organic color
changes and digital input models. This results in the potential loss of information during the feature extraction
process. To address this structured problem, the study was guided by 3 research questions, namely: how can
colorimetric sensor data from durian seed starch be formally represented in digital color space to optimize feature
extraction for deep learning models? what extent can the DenseNetl21 architecture maintain classification
stability during real ime pH monitoring amid dynamic color changes AE ?.

Therefore, this study aims to formalize the representation of colorimetric sensor data as high dimensional
tensor input (X € RNXIXJ*KY) [9]. N shows the number of samples. I X J presenting spatial resolution, and K =
3 is an RGB color channel. The classification task is defined f:x = y.

y €{cy,Cy, ... ,Cg} s aset of categorical freshness states (V1-V4). The DenseNet121 architecture acts as a
function f, which utilizes dense connectivity to extract chromatic features ¢(y) through non-linear
transformations. Food freshness classification from image-based sensors can be formulated as a functional
mapping problem. This study uses the DenseNet-121 architecture, which has been proven mathematically
efficient in feature propagation and parameter optimization through its dense connectivity [3]. Representing input
sensor data as a fourth order tensor, utilize deep neural operators to minimize the difference between predicted
and actual freshness states using categorical cross-entropy optimization.

Machine processing systems can collect parameters such as geometric shape, texture, and pixel details
mvisible to the human eye to non destructively monitor food processing and safety [4]. This research builds a
quantitative framework for the application of computer vision and applied mathematics in sustainable food
logistics.

2. RESEARCH METHOD

This study implements a fine tuned DenseNetl21 architecture with a dense feature reuse mechanism to
classify colorimetric sensor images into eight food freshness states, which are validated through optimization of
the Categorical Cross Entropy loss function on the Python TensorFlow computing environment with tensor input
resolution be seen in equation (11)(12).

The model was trained with a multi class framework consisting of 8 categories (V1-V4 Fresh and V1-V4
Spoiled). In practical applications, the categories are combined into a binary classification (Fresh vs. Spoiled) to
provide a clear freshness indicator for users, be seen in equation (13).

The model was implemented using Python 3.9 and the TensorFlow 2.20.0 framework. Training was
performed on a CPU: Intel Core 19-14900K GPU: RTX 4060 TWIN EDGE OC 8GB RAM: TEAM Delta
DDRS5 82GB 6000Mhz with a fixed learning rate of 10™% and a batch size of 82.

The study used the Adam optimizer to minimize the categorical cross-entropy loss. All convolutional layers
of the pre-trained DenseNet-121 were frozen to prevent overfiting. This strategy ensures that the model
maintains strong low-level feature extraction capabilities while optimizing the final classification layer for specific
pH indicator patterns.

2.1. Research Design

This study used an integrated research design that combines laboratory experimental and computational
methods (Figure 1). An experimental approach was used to synthesize smart edible films from durian seed starch
and butterfly pea flower extract, while a computational approach was applied to develop a nondestructive
detection system. This mixed methods design was chosen because it allows correlation between the physical
properties of the material and digital visual data, thus converting qualitative color changes into quantitative
physical and chemical information.
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Figure 1. Research Flow Diagram

Based on the Figure 1, the study, which combines food innovation with deep learning technology, involves
mixing durian seed waste and butterfly pea flower extract into an edible film [5], [6]. The integration of
DenseNetl121 enables automatic and consistent image feature extraction, reducing the subjectivity common in
sensory testing and avoiding the destructive nature of traditional pH meter measurements. Digital film images
captured using a smartphone were digitized and modeled to build the dataset, the data is then processed using
the DenseNetl21 architecture through a rigorous training and evaluation phase [7]. To improve transparency
and reproducibility, the computational process is described in detail, including the image pre-processing stage,
the splitting of training and testing data, and the model training with hyperparameter optimization such as learning
rate, batch size and number of epochs.

Color change analysis 1s a visual indicator that has been widely used to trigger the film's response to pH
changes, in line with the informative role of smart packaging [8]. The use of a representative food model (lempuk
durian) and a controlled buffer solution system was chosen to maintain methodological focus and minimize
confounding variables, allowing for a more valid and in-depth analysis of the relationship between pH changes,
material response, and classification model performance.

The end result is an intelligent model capable of automatically and accurately classifying edible film quality.
This integration aims to create a practical and cost-effective non destructive quality control tool.

2.2. Data Source and Variables

The primary data source in this study was 4.200 digital images acquired using a smartphone camera from
edible film samples. Lighting variations were applied through data augmentation in the form of brightness and
contrast adjustments during model training, allowing DenseNetl21 to consistently extract color features even
when the images were captured in darker or brighter conditions.

Image capture was performed under controlled conditions using a closed imaging box to minimize the
influence of ambient light. The lighting source used a 10-watt white LED lamp positioned at a distance of +10
cm from the edible film surface, with the smartphone camera positioned fixed and perpendicular to the sample.
All images were captured without using a flash with consistent camera settings to ensure uniform image quality.
To ensure consistency, all images underwent preprocessing. This technique effectively reduces the model’s
dependence on absolute lighting intensity and focuses the learning process on the edible film intrinsic chromatic
characteristics.

This image data serves as the main input for the DenseNetl21 Deep Learning model to recognize the
characteristics of visual materials [7]. The dataset consists of digital images capturing the chromatic response of
smart biodegradable films used as active packaging for lempuk durian samples during storage period. To address
labeling concerns, this study defines eight distinct classes derived from the interaction between four film
formulations and two critical freshness states. Labeling criteria for Day 0 (Fresh) and Day 12 (Rotten) were
established based on the critical chromatic transition threshold of an anthocyanin based smart indicator and the
onset of mold. Quantitatively, this transition is validated by a significant shift in the hue angle (h°), moving from
the yellow green region (= 92°) in the initial state to the purple-blue region (= 289°) as the quality deteriorates
[9]. This transformation reflects the chemical kinetics of anthocyanin extract in response to pH changes in the
packaging, primarily driven by the accumulation of organic acids during the degradation of the[10]. These
findings are consistent with [11], which reported that the shelf-life stability of durian-based products typically
reaches a critical limit between Days 10 and 12. In the absence of direct microbial quantification, this study used
chronological storage and objective colorimetric shifts to serve as indicators of spoilage. We acknowledge this as
a limitation therefore, the generalizability of the model is specifically tailored to detect pH-induced chromatic
kinetics, and its real-world application should be interpreted in the context of this chemical visual marker.

This transition serves as a representation of the chemical breakdown of lempuk durian, thereby changing
the pH of the film environment. Each image is formalized as an input tensor (X € R*200X150X150X3Y y55hing
these specific chromatic variables into a high dimensional feature space for automated classification.
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2.3. Data Collection Procedure

The data collection procedure was carried out through a hybrid experimental approach that integrates
physical material testing with systematic digital data acquisition. The process begins with the synthesis of edible
films using a solution molding method with a dehydrator at 55°C for 150 minutes, which is then followed by
physical and chemical characterization at two different locations.

Applied directly to lempuk durian, storage conditions were modified to accelerate dynamic changes in the
material's quality. This study created a humid microenvironment by inserting wet cotton into the storage
container. This increased humidity effectively triggered changes in the lempuk durian and edible film more
rapidly. Edible films were stored under laboratory conditions at an ambient temperature of 30 °C. These
conditions were chosen to simulate the standard storage environment for lempuk durian.

‘While accelerated degradation protocols provide a controlled framework for kinetic observations, the lack
of microbiological validation may limit the generalizability of findings to real world storage conditions.

The model detected visual indicators of edible film degradation on day 12, determined through
macroscopic observation, which showed the appearance of mycelium and spore pigmentation on the sample
surface. These visual characteristics, according to [12] definitive signs of damage by fungi that distinguish it from
purely chemical degradation. Consequently, models should be viewed as reliable indicators within predetermined
experimental parameters. The use of colorimetric parameters and the appearance of visual mycelium was chosen
because these parameters can represent the threshold of consumer acceptance of food freshness. Future research
should integrate microbiological quantification to further calibrate model sensitivity to diverse microbial
populations in uncontrolled environments.

During the 12-day observation period, visual changes and food quality degradation were periodically
documented to capture each phase transition of the material. A total of 4.200 digital images were collected,
maintaining standardized focal lengths and light intensities to minimize bias in the data set. This approach to
accelerating reactions through humidity modification allowed the researchers to obtain a broad spectrum of data,
ranging from "Fresh" to "Spoiled" conditions, which were then used as the basis for training the DenseNetl 21
deep learning architecture. The details of the edible film variations are adapted from several previous studies
[13], [14], [15] the mixture 1s as follows:

Table 1. Edible Film Mix Variations (Recipe Edible Film)

Variation Durian Seed Cassava flour ~ Water  Gelatin Glycerol Butterfly Pea
Flour Extract
Vi1 1.8¢g 12¢ 70 % 2g 3 mL 3 mL
V2 3.6g 102 ¢ 70 % 2¢g 3 mL 3 mL
V3 72¢ 6.6¢g 70 % 2g 3 mL 3 mL
V4 10.8 g 3g 70 % 2g 3 mL 3 mL

2.4. Analytical Methods or Algorithms

These four mechanical parameters are important indicators in determining the durability of the durian seed
starch matrix during the storage period of lempuk durian.

This computational framework focuses on utilizing deep learning convolutional neural network (CNN)
heterogeneous visual characteristics of edible films, such as color lines, surface textures, and structural defects to
predict film properties and freshness of lempuk durian with the following steps [16], [17]:

a. Dataset Preparation: To ensure the objectivity of the model, Undersampling technique was used to balance
the amount of image data in the “Fresh” and “Spoiled” categories across the four edible film variations.
b. Data Division: The dataset is divided systematically in the dataset pre-processing, namely 70% for training,

20% for validation, and 10% for testing.

Overall Data Split Proportion Class-wise Data Distribution (Stratified)
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Figure 2. Data Division
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d.

Image Augmentation: To improve the model's generalization capabilities, the training data underwent
extensive augmentation, including pixel normalization, rotation up to 30°, horizontal/vertical shift, shear,
zoom, and horizontal image flip. Augmentation parameters include high-degree rotation (60°), aggressive
spatial shift (0.35), and wide brightness fluctuations (0.6 - 1.4). The transformations ensure that the
DenseNet-121 architecture prioritizes the intrinsic chromatic transitions of the anthocyanin-based
indicators over extrinsic noise, such as lighting inconsistencies and varying camera perspectives.
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Figure 3. Augmentation Effect on Label V4 Fresh

Modeling: The edible film classification system uses DenseNetl21. The DenseNetl21 architecture was
implemented as the baseline model for transfer learning in the edible film classification task. In this study,
all layers in the base model were frozen to retain the features learned from the ImageNet dataset. This
decision was made due to the limited size of the research dataset, and using all parameters for re-fitting risks
overfitting. Initial testing using fine-tuning methods resulted 1n significant divergence between training and
validation accuracy. Therefore, the frozen configuration was chosen to maintain model stability and ensure
better generalization on the test data. This model was implemented by setting the input size to 150 x 150,
according to the specifications in Table 3. All layers in the baseline model were set as non trainable to retain
the features learned from the ImageNet dataset. On top of the baseline model, Global Average Pooling
and Batch Normalization layers were added to efficiently process features. Next, a fully-connected layer was
built consisting of one Dense layer with 256 neurons using ReLU activation, and a Dropout (0.4) layer to
prevent overfitting. The final layer used a Softmax activation function with 8 neurons, adjusted to the
number of target classification classes. The model was drilled using the Adam optimizer and the Categorical
Cross Entropy loss function. After 37 the model got its best results with accuracy 969% and loss 0.14 because
it implemented 3 callbacks (Best Weights, Early Stopping, Reduce LR) so the model knows its best limits.
Additionally, the Adam optimizer trains on the data, allowing several parameters to be adjusted during the
model training process. After training, the model with the highest accuracy is selected for use in classifying
edible films. Details of the modeling steps are shown in Table 3.

Table 2. Model Hyper parameters

Hyperparameter Value
Pre-trained DenseNetl21
Input Shape 150 x 150
Layer Global Average Pooling, Batch Normalization
Dense, Activation 256, ReLU
Dropout 0,4
Dense, Activation 8, Softmax
Optimizer Adam
Loss function Categorical Cross Entropy
Epoch 100

Training Optimization

The traming process 1s managed using model checkpoint to store optimal weights, early stopping
to prevent overfitting, and reduce 0o (LR) to stabilize convergence when plateaus occur. The
color change in smart food packaging during storage, in color analysis this 1s called the total color
difference AE.
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f.  Three color coordinates of the film were determined under controlled conditions, including L = lightness,

a = greenness-redness, and b = blueness-yellowness. The total color difference (AZF) was calculated using
the following formula [9], [18].

AE=\[(L* — L)?*+ (a* — a)2 + (b* + b)? ()

g. Classifier Performance Metrics
Accuracy 1s the number of correct prediction proposals. The formula for calculating accuracy can
be seen in equation (5).
A TP+ TN
A = TP Y TN+ FP + FN

Precision is a suggestion for the number of relevant text documents controlled among all text documents
selected by the system. The precision formula can be seen in equation (6).
TP

. . R 6
Precision TP+ FP (6)

Recall is the proportion of the number of controlled relevant text documents, indicating how many positive

cases were correctly detected by the model. The recall formula can be expressed as (7).

Recall = —F )
= TP Y FN

False Positive Rate (FPR) is used to measure how often a model incorrectly classifies negative data as

)

positive. The FPR formula can be seen in equation (8).

_FP
" FP+TN

F1 score. This metric is the most widely used member of the parametric F-measure family, used to assess

FPR 8)

classification performance. The F1 score is defined as the harmonic mean of precision and recall and has
the following form:
Precision .Recall

F1=2 )
Precision + Recall

AUC is used to measure the model's ability to differentiate (discriminate) between positive and negative
classes as a whole, without relying on a specific threshold value. The recall formula can be expressed as

(10).
L= TPR, + TPR
AUC = ) (FPRiyy = FPR) ———— (10)
i=1

To optimize the parameters of the DenseNetl 21 model (8), this study uses the Categorical Cross-Entropy
(CCE) loss function. This function measures the discrepancy between the probability distribution predicted
by the model and the actual labels (ground truth). Mathematically, CCE is defined as follows:

C
LO == ) 4 logG) (1
i=1

The input images are mathematically represented as a fourth-order tensor, This tensor representation
allows the DenseNet-121 architecture to perform high-dimensional feature extraction through
convolutional operators.

(X € RN><1><]><K) (12)
Classification Framework and Class Definition, through a functional aggregation, where:
vy = {1(Fresh), fy e (cl,cz,c3,c4)}
~ |0(Spoiled), f§ € (cq1,¢cq,C3,C)
The classification performance of the DenseNetl21 model was evaluated using a confusion matrix to
binarobtain key performance indicators. In this study, True Positives (TP) represent samples correctly

classified as ' Spoiled' (degraded), while True Negatives (TN) indicate samples accurately identified as
Fresh'. Conversely, False Positives (FP) refer to 'Fresh' samples incorrectly labeled as 'Spoiled', and False

(13)
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Negatives (FN) indicate 'Spoiled” samples incorrectly classified as 'Tresh'. Based on the experimental results
shown in Figure 6, the model achieved a perfect diagonal distribution with zero values for FP and FN,
resulting in non-absolute accuracy, F1 score, and ROC-AUC of less than 1.0. These results demonstrate
potential applications in differentiating food quality across all types of plastic food packaging.

2.5. Analytical Methods or Algorithms

The implementation of this research was supported by a combination of standard physical instruments and
computational software. Digital image acquisition was performed using a high-resolution smartphone camera as
the primary sensor to capture visual changes in the samples. For the computational phase, the system was
developed using the Python programming language. Deep learning libraries, including TensorFlow, were used
for model construction and training. Image processing and augmentation were performed using OpenCV and
Pillow, while data visualization and statistical evaluation (Classification Report, Confusion Matrix, and training
graphs) were executed using Matplotlib and Scikit-learn.

3. RESULT AND ANALYSIS
3.1. Densenet121 Model

Table 3 shows the implementation of the pre-trained architecture with a good hyperparameter
configuration, including the Adam optimizer and the Categorical Cross Entropy loss function. The applied
training strategy involves the use of Global Average Pooling and Batch Normalization layers, which have proven
very effective in extracting important features from 150 x 150 pixel inputs. Figure 6 shows that significant
performance improvements occur in the early epochs and reach convergence before the 30th epoch. The training
and validation accuracy values are close to 969 with very small loss value of 0.14. The use of a Dense layer with
256 neurons and a Dropout 0.4 regularization technique significantly contributes to the model's ability to achieve
high stability and prevent the risk of overfitting. DenseNetl121 achieves high accuracy on small datasets [19].

DenseNet121: Accuracy DenseNet121: Loss

— loss
W - val_loss

— acouracy
val_accuracy

0 10 2 2 40 0 10 2 2 4

Figure 4. Hyperparameter Table And Model Performance Graph

Comparison of Original Data vs Augmented Data (Over 30 Epochs)

Number of Physical Files (Original Data on Drive Total Image Variations Seen by the Model (30 Epochs)

Figure 5. Performance And Configuration of the Classiﬁcaﬁon Model

Applying data augmentation improves accuracy by 94% by expanding the variability of texture features in
the feature space. This prevents the model from overfitting to background details (figure 7). The application of
augmentation during the training process successfully increased the variety of images learned by the model to 420
virtual 1images per class. This representation provides a more balanced and comprehensive database for the
model to recognize feature patterns from each sample.
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Confusion Matrix. DenseNet121

&

Figure 6. Confusion Matrix Model DenseNet121

All values fall along the main diagonal with no misclassification errors in Figure 8, The proposed model
achieves an overall accuracy of 0.94, with an average precision and Fl-score of 0.96 and 0.93, respectively. The
drop 1n accuracy on external testing to 0.78 confirms that the model still faces challenges in generalizing features
to more varied real-world conditions.

The observational variance in the V1 Fresh class recall (0.50) and V3 Fresh class precision (0.67).
Consistency indicates that the model is highly effective in minimizing prediction errors [20]. The low accuracy
on external data (0.78) indicates the model's sensitivity to domain shifts due to lighting variations. Final validation
using a Confusion Matrix confirmed the model's excellent accuracy on the test data [21].

precision recall fl-score support

V1 FRESH 1.00 0.50 9.67 2
V1 SPOILED 1.00 1.00 1.00 2
V2 FRESH 1.00 1.00 1.00 2
V2 SPOILED 1.00 1.00 1.00 2
V3 FRESH 0.67 1.00 0.80 2
V3 SPOILED 1.00 1.00 1.00 2
V4 FRESH 1.00 1.00 1.00 2
V4 SPOILED 1.00 1.00 1.00 2
accuracy 0.94 16
macro avg 0.96 0.94 0.93 16
weighted avg 0.96 0.94 0.93 16

Figure 7. Clasification report for model

Detailed analysis of individual class performance (figure 9) ROC-AUC shows that the DenseNet121 model
is very robust in distinguishing degraded color features [22], which indicates that the model has a clear “feature
distance” between feasible and infeasible conditions, making it more tolerant to small lighting disturbances in
real-world environments. The model uses an 8 class softmax activation corresponding to 4 film formulations (V1-
V4) and 2 freshness conditions fresh and spoiled. For analytical clarity in this study, the 8 classes were combined
into a binary outcome fresh vs spoiled to demonstrate the model's utility in food safety monitoring. This multiclass
approach 1s critical for capturing the subtle chromatic kinetics of the anthocyanin-based indicator. For practical
implementation, these high dimensional states are mapped to a binary output can be seen in equation (13).

=== RESUME K-FOLD ===

Mean ACcCuracy : B.9862
standard Deviation : 8.8797
Mean Loss : 8.3515
5td Loss T B.2296

Figure 8. Resume K-Fold

Performance of DenseNet-121 949% accuracy is due to clear class separability through contrasting clusters
of AE values, with data augmentation strictly applied after dataset splitting to prevent overfitting. To ensure validity
and strict scientific standards, 5-fold cross validation testing has been conducted and resulted in an average
accuracy of 0.9062 with a standard deviation of 0.0797 (figure 10). The decrease in accuracy in external validation
to 0.78 is a generalization limitation caused by environmental light interference and differences in mobile camera
sensors, so color calibration steps are needed in the future to reduce the performance gap. Along with the large
value of AE indicates that the increase in confidence of the deep learning architecture model i1s effective in
extracting discriminatory features from changes in color intensity to determine the quality of food products in
real time and non destructively, which is in line with the findings [23].
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This phenomenon confirms that the current model is still in the potential development stage and requires
color normalization techniques or more extensive data augmentation to achieve robustness outside of laboratory
conditions. The use of DenseNetl21 is supported by literature demonstrating its superiority in handling limited
datasets through deeper feature integration without redundant parameters [1]. This feature reuse characteristic
allows the model to handle texture variations in greater detail than other conventional deep learning architectures
[24], while ensuring the algorithm's efficiency when operating on the Android platform.

Classification intelligence resides within the DenseNet121 deep learning model and not 1n specific sensor
hardware, the system can be deployed across a wide range of storage environments using standard mobile devices,
minimizing the need for specialized infrastructure [25].

Real world implementation must overcome several critical obstacles. First, regulatory compliance regarding
the migration of durian seed starch components into food matrices must be rigorously validated against food
safety standards. Second, accessibility to various industrial environments, such as lighting conditions and
packaging textures, remains a challenge. A strong focus on data augmentation is essential to ensure model
generalizability. Finally, the cost effectiveness of this approach is supported by a waste to value model, which
significantly lowers production costs compared to synthetic electrochemical sensors, making it an economically
viable pathway for large scale supply chain transparency and food waste reduction [26].

3.2. External Validation and Generalization Analysis

To assess the models promising performance in non laboratory environments, an external validation was
conducted using a disjoint dataset. The external validation yielded an overall accuracy of 0.7875, with a weighted
average precision of 0.8362 and a macro-average Fl-score of 0.7832, as detailed in Figure 10.

precision recall fl-score support

V1 FRESH 9.9091 1.0000 0.9524 10
V1 SPOILED 0.7692 1.0000 0.8696 10
V2 FRESH 1.0000 0.6000 0.7500 10
V2 SPOILED 09.5263 1.0000 0.6897 10
V3 FRESH 1.0000 0.7000 0.8235 10
V3 SPOILED 1.0000 0.7000 0.8235 10
V4 FRESH 9.8182 ©.9000 0.8571 10
V4 SPOILED 0.6667 0.4000 0.5000 10
accuracy 0.7875 80
macro avg 0.8362 ©.7875 0.7832 80
weighted avg 0.8362 0.7875 0.7832 80

Figure 9. Classification reports for external data models

The decrease in performance from 0.94 (test set) to 0.78 (external set) provides a realistic measure of the
model's generalization limits. Since the proposed system relies heavily on chromatic information reflected by AE
values, even small illumination inconsistencies can distort color perception. Furthermore, the model exhibits
sensitivity to chromatic noise under uncontrolled environmental conditions, indicating promising performance
outside standard laboratory settings.

Notably, while the model maintained a perfect recall (1.0000) for V1 Fresh and V1 Spoiled, it encountered
significant challenges in the V4 Spoiled category, which recorded a recall of 0.4 and an F1 score of 0.5. These
results indicate that environmental variances such as fluctuating light intensities and varying camera sensor
qualities affect the extraction of subtle anthocyanin color transitions in specific {ilm formulations.

3.3. Computing The Color Difference

A drastic color change on day 12 from black (Hue ™ 90°) to deep blue purple (Hue ~288°) in table 5. The
significant negative b* value at the end of storage indicates that the anthocyanin sensor has reached its blue color
saturation point, effectively masking the yellow background of the durian pulp sample.

Changes in pH during storage affect the stability of the anthocyanin structure, which functions as a color
indicator in edible films. This structural transformation results in color changes measured as variations in AE
values. Previous studies have shown that anthocyanin-based indicators have high sensitivity to changes in pH and
volatile compounds, and show a positive correlation between indicator color changes and food degradation
parameters [27], [28]. This is what causes the AE value in the V2 variation to reach a number above 10, which
according to international standards 1s the limit of color change that 1s very easily recognized directly by the human
eye [29], [30]. A higher AE value indicates a clearer difference in indicator color between freshness levels, thus
increasing the separation of features between classes and classification accuracy.

The AE value is used as the main indicator of color changes in edible films based on butterfly pea extract,
where AE > 3 indicates color changes that begin to be visually visible and AE > 8 indicates significant color
changes related to a decrease in the quality of lempuk durian.
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Table 3. Color changes of smart biodegradable film packaging as packaging for
lempuk durian samples during storage

Varians Day L a” b* C H AE Edible Film

V1 0 (Control)  49.720001 0.04 543 543 89,580,002 0

4 45.230000 -0.43 497 499 94,949,997 4.54

8 45.220001 -0.21 495 496 92,410,004 4.53

12 46.220001 0.36 -2.30 232 278,970,001 8.49
V2 0 (Control)  45.450001 -0.15 397 397 92,190,002 0

4 39.689999 -0.50 3.12 316 99,080,002 5.83

8 39.070000 -0.47 297  3.00 99,070,000 6.47

12 41.619999 0.81 -2.36 249 288,950,012 7.46

V3 0 (Control)  38.919998 -0.33 4.10 412 94,660,004 0

4 36.540001 0.05 3.87  3.87 89,260,002 242

8 36.330002 -0.96 2.67 284 109,860,001 3.03

12 50.570000 2.94 -10.48  10.88 285,679,993  18.87
V4 0 (Control)  36.900002 -0.33 5.16  5.17 93,699,997 0

4 38.590000 -1.18 558  5.69 101,480,003 1.92

8 43.369999 -1.52 236 281 122,760,002 7.15

12 55.750000 0.14 0.91 0.92 80,970,001 19.33

Rt I T YT TR Y

The system using DenseNet121 is capable of extracting high level chromatic spatial features, thus enabling
the detection of subtle color changes invisible to the human eye or simple gas sensors at a low cost [31].

The model performance in this study has been quantitatively benchmarked against current literature. The
decrease in accuracy on external data aligns with the domain shift challenge identified [32] as a major challenge
in field conditions. Nevertheless, the use of DenseNet121 proved effective in recognizing early mold texture, as
validated [38], but with the advantage of parameter efficiency for mobile devices. This integration of smart durian
seed packaging and Al reinforces the trend of adaptive and lightweight digital food inspection systems, as
developed [33].

The DenseNet-121 implementation showed a validation accuracy of 0.94, indicating the strong potential of
this architecture in capturing anthocyanin chromatic transitions (h° ~ 92° — = 289°). Smartphone based food
classification can achieve high precision, although it is heavily influenced by color space and lighting [34]. While
these laboratory results are promising, the model's reliability remains limited by the experimental parameters and
the dunan seed matrix used. Several limitations of the study need to be critically evaluated. First, the limited size
of the primary dataset results in a reliance on augmentation to achieve model convergence. Second, the use of a
proxy lab
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eling approach based on storage days. Finally, there is a generalization gap, with accuracy dropping from
0.94 to 0.78 1n external testing. This 0.16 decrease 1s primarily due to environmental noise and lighting variance,
which are major obstacles to digital image analysis [34][35]. This model is at risk of failure under extreme lighting
conditions or varying sensor calibrations. Therefore, while practical for SMBs, future widespread adoption
requires the development of color normalization algorithms to mitigate the dependence on ambient light.

4. CONCLUSION

This study demonstrates the potential of DenseNet-121 in classifying the freshness of lempuk durian using
a smartphone-based anthocyanin indicator. training accuracy of 969 with a loss of 0.14 and a testing accuracy of
0.94. However, a performance drop to 0.78 during external testing indicates a generalization gap caused by
lighting variance. Its current reliability is limited by standard illumination and a variety of laboratory trained data.
Further research is needed to develop a larger, microbiologically validated dataset to improve the model's
robustness before full commercial implementation. Nevertheless, these results provide an important quantitative
foundation for the development of lightweight and adaptive food monitoring technologies.
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