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Abstract

The assessment of postharvest fruit quality under non-invasive and accurate methodologies plays a significant role in
enhancing sorting efficiency and loss minimization under precision agriculture. In this study, a deep learning framework is
introduced in which a light weight CNN (LW-CNN) and thermal imaging are combined for banana classification under four
distinct quality groups: fresh, ripe, overripe, and rotten. A specific set of 4336 thermal images was captured using a FLIR
ONE Gen 3 infrared camera operating under thermal-only mode under controlled ambient setups. The set was subjected to
balancing and augmentation procedures for better generalization capabilities, and the CNN was trained under such inputs
for the identification of thermal signatures corresponding to ripeness. The proposed model demonstrated a high level of
accuracy and robust performance in varied measures, marking its ability to distinguish effectively across all categories of
quality. Testing under a confusion matrix and a precision-recall curve also supported the effective performance of the clas-
sifier under differing confidence thresholds. These results encourage the combination of deep learning and thermal imaging
as a feasible, economically viable, and non-invasive real-time postharvest quality evaluation methodology. The proposed
methodology forms the basis for smart sorting infrastructure and decision-support systems under data-informed sustainable

postharvest management.
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Introduction

One of the greatest challenges of the world’s agri-food sec-
tor is ensuring fruit quality after it is harvested. Post-harvest
loss of fruits and vegetables in developing nations exceeds
45%, mainly caused by poor handling practices, delay in
quality assessment, and spoilage during transportation
and storage (FAO). The losses not only impose consider-
able economic losses on producers and distributors but also
exacerbate issues related to food security and environmental
strain due to the water, energy, and agricultural input losses.
Hence, the incorporation of smart sensing and artificial intel-
ligence (AI) technologies has gained increasing attention in
creating advanced post-harvest quality monitoring systems
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that facilitate sustainable practice in precision agriculture
(Wolfert et al., 2017; Zhang & Kovacs, 2012).

Conventional quality assessment techniques, including
visual grading, penetrometric firmness measurement, and
chemical analysis, are beset with numerous drawbacks: they
are invasive, time-consuming, operator-skill-dependent,
and poorly suited for high-throughput processing systems
(Nicolat et al., 2007, 2014). Their scalability is therefore
impaired, particularly in automated packaging lines or cold
chain distribution systems. Recent efforts have hence been
directed at integrating non-invasive imaging techniques
with machine learning algorithms to create intelligent and
real-time monitoring systems for post-harvest applications
(Lorente et al., 2012).

Among the different imaging techniques, thermal imag-
ing, or infrared thermography, has been attracting growing
interest since it can detect spatial temperature differences
associated with the physiological condition of agricultural
produce. Fruit radiates infrared energy proportional to its
surface temperature, which mirrors important biologi-
cal processes like transpiration, respiration, and internal
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moisture movement (Patras et al., 2010). These temperature
gradients are known to correlate with ripeness, spoilage, or
structural damage (e.g., bruising) (Melesse et al., 2022; Roy
et al., 2016). Compared to red—green—blue (RGB) imaging
and hyperspectral imaging, thermal cameras are less sensi-
tive to ambient lighting, require simpler setups, and offer
faster image acquisition times, making them more practical
for industrial and greenhouse applications (Jones, 2004).
Thermal imaging is a valuable non-invasive signal for the
characterization of fruit; however, its analysis has depended
conventionally on manual features and statistical measures.
The advent of deep learning and, in particular, CNNs has
transformed image classification endeavors by facilitating
the automatic learning of complex features from raw data
(Kamilaris & Prenafeta-Boldu, 2018; LeCun et al., 2015).

CNNss have found successful applications in plant disease
detection, assessment of fruit maturity, and surface defect
classification (Arakeri and Lakshmana 2016; Mohanty et al.,
2016). However, most of these models are computationally
demanding (e.g., VGGNet, ResNet), which limits their appli-
cation in real-time constrained agricultural environments
such as handheld grading stations or embedded IoT devices.
Moreover, banana-specific LW-CNNs for CPU-alone infer-
ence and operating threshold adaptation are little studied.
When compared with hyperspectral and RGB imaging, the
light-insensitive nature and monitoring of the ripening-
related physiological gradients make the use of thermal
imaging less sensitive. Recent studies confirm the increasing
relevance of thermal imaging in the tracking of fruit quality
(Chuquimarca et al., 2024, 2025; Zhang et al., 2018).

To fill this gap, in this research, we suggest a tailored
LW-CNN architecture designed to be optimized for fruit
classification using thermal images. The model architec-
ture was designed to have a trade-off between classification
accuracy and low computational expense to be deployed on
edge devices. The classification action is focused on the four
most important post-harvest fruit quality stages: fresh, ripe,
overripe, and rotten. Banana was selected as the trial crop
because of its worldwide commercial importance, climac-
teric nature of ripening, and susceptibility to post-harvest
spoilage (Arunima et al., 2024; Thompson et al., 2019).

A novel thermal image dataset was collected under con-
trolled conditions to train and test the CNN. Data were pre-
processed and augmented to improve generalization, and
class weights were employed to negate imbalance among
quality classes. Architectural design prioritizes low param-
eterization, shallow depth, and fast inference times to retain
applicability in low-resource environments prevalent in pre-
cision agriculture systems.

This study fills a big gap in the existing literature by
integrating the precision of thermal sensing and the effec-
tiveness of LW deep learning models to classify post-har-
vest fruit quality. The suggested framework aids real-time
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decision-making in smart post-harvest systems and is
aligned with the goals of precision agriculture by facilitat-
ing non-contact, automatic, and scalable quality assessment.

Methodology
Thermal Image Acquisition and Dataset Description

For the development of a non-destructive real-time method
for postharvest fruit quality evaluation, thermal images of
banana samples were obtained using a FLIR ONE Gen 3
thermal camera. The device operates in the long-wave infra-
red (LWIR) region (8—14 um) and possesses a native tem-
perature resolution of 160 X 120 pixels. The emissivity was
kept at 0.95, and the reflected temperature was calibrated for
ambient environmental conditions. The camera was given a
5-min pre-imaging warming-up routine, along with non-uni-
formity correction for the sake of ensuring readable consist-
encies. For the reduction of reflection and the achievement
of geometric standardization, a matte black background and
constant jig distance were employed. Although it possesses a
reduced sensitivity level in comparison with industrial-grade
sensors, the consumer-grade FLIR ONE Gen 3 offers a cost-
effective and LW alternative, making it a suitable option for
wide-scale applications in resource-restricted agricultural
settings (Raju & Chitra, 2024; Yang et al., 2024).

A total of 4336 thermal images were taken in a controlled
indoor environment where the room temperatures were
maintained between 22 and 22-25 °C to reduce external
thermal interference. Thermal imaging captures ripening
gradients and internal defects independently of orientation,
which explains the strong overall performance. However, in
practical settings, bananas appear in random orientations,
making viewpoint coverage necessary for deployment. In
this study, viewpoint labels were not stored, though orien-
tation robustness was partly addressed through augmenta-
tion (rotations, flips, and translations). Future datasets will
include viewpoint labels to enable detailed analysis of ori-
entation effects.

The fruits were methodically graded into four clearly
defined postharvest quality stages: fresh, ripe, overripe,
and rotten (Fig. 1). The ripening was done based on visual
observation, odor indicators, and expert opinion, according
to pre-established maturation standards for climacteric fruits
(Melesse et al., 2022; K et al. 2023).

All the thermal images were saved in JPEG format and
hierarchically arranged in subfolders according to their
respective categories. While trying to maintain the repre-
sentation across categories evenly balanced during model
development, an 80:20 stratified split was employed to sepa-
rate the dataset into training and validation sets.



Food and Bioprocess Technology (2025) 19:80

Page3of13 80

Data Processing

—| Data Acquisition |

128x128x1

|

= Lightweight CNN =

A .
e < "/ .

Fresh Ripe
— o .
JA
2 4
€
Overripe ~ Rotten

Fig. 1 Experimental setup for banana sorting using thermal imaging

Preprocessing and Data Augmentation

All images were resized to 128 X 128-pixel dimensions to
satisfy the input requirements of the convolutional neural
network. The pixel values were normalized to the [0,1] range
by dividing by 255.0, thereby normalizing thermal intensity
over the full dataset. Online data augmentation was applied
during training via Keras’s ImageDataGenerator to minimize
overfitting and encourage generalization. The augmentations
consisted of random + 15° rotations, horizontal flips, zoom
changes of + 10%, and translation of up to 10% in height and
width. These transformations simulate variability in position
and perspective, thus helping the model preserve robustness
against scale and orientation differences during deployment.
The training set was further normalized by using computed
class weights to counteract differences in the numbers of
samples over the quality categories (fresh, ripe, overripe,
rotten). Importantly, no methods of normalizing per-image
basis were applied, as global scaling was used to preserve
relative thermal gradients upon which a proper classifica-
tion is dependent. The validation set was processed simi-
larly; however, augmentation was not applied to ensure a fair
evaluation of how well a deployed model would perform.
These transformations were applied to simulate variability in
camera angle, positioning of fruits, and lighting, and thereby
enhance the generalization capacity of the CNN model. It

has already been determined in earlier studies that such aug-
mentation techniques could be efficient in boosting classi-
fication accuracy in postharvest image processing activities
(Shorten & Khoshgoftaar, 2019).

CNN Architecture Design and Rationale

CNN model design for thermal image classification requires
special care, as thermal images depict temperature gradients
rather than texture or color, and therefore, pretrained models
like MobileNetV2 or ResNet50 might not be as efficient.
Recent research demonstrates that small, custom CNNs that
learn to adapt to the particular nature of thermal data can
outperform traditional deep models, especially if computa-
tional expenses are a factor (Li et al., 2024b). The LW-CNN
model, which is tailored to thermal images, performed better
in classification than VGG16 on various datasets, thereby
emphasizing the merit of LW architectures optimized for
radiometric features instead of RGB patterns (Fulare et al.,
2023; Raju & Chitra, 2024). Additionally, techniques that
take advantage of edge information or parallel kernel pat-
terns have also shown improved performance in thermal
image feature extraction, i.e., edge-conditioned CNN and
parallel multiple kernel size networks (Lee et al., 2021; Li
et al., 2021). Such application-tailored or reduced archi-
tectures not only reduce the computational demands but

@ Springer



80 Page4of13

Food and Bioprocess Technology (2025) 19:80

also better represent the spatial and temperature-dependent
structures in thermal images, for which they are specifically
well-suited to applications like quality inspection or medical
diagnosis (Civilibal et al., 2023).

The architecture design included three convolutional
blocks characterized by progressively deeper filter sizes of
32, 64, and 128. Each block used a 3 X 3 convolutional kernel
followed by a rectified linear unit (ReLU) activation function
and a subsequent 2 X 2 max pooling operation. The feature
maps obtained from the last convolutional layer were then
flattened and fed through a dense layer consisting of 128
neurons. A dropout layer of rate 0.5 was employed to pre-
vent the risk of overfitting. The last output layer employed
softmax activation to provide probability scores for the four
quality classes. This minimal architecture was employed to
enhance accuracy along with inference speed so that the
model could be easily deployed on CPU-only embedded
hardware like Raspberry Pi and Jetson Nano. A schematic
diagram of the CNN is provided in Fig. 2.

Training Configuration

Training of the model was done with the Adam optimizer,
with an initial learning rate of 0.001. Training was done in
batches of size 32 for 10 epochs. To counter the impact of
class imbalance, a weighted categorical cross-entropy loss
function was employed. Class weights were computed from
the inverse frequency of occurrence of samples in each of
the classes present in the training dataset.

Two callback functions were utilized to achieve model
convergence optimization and overfitting prevention. Early
stopping with three-epoch patience was utilized, halting
training if accuracy on the validation set did not increase.
The ReduceLROnPlateau function was also utilized with
two-epoch patience and a factor of 0.5 to adaptively reduce
the learning rate when validation performance plateaued.

The training process was conducted on a stock Windows
11 notebook with an Intel Core i5 CPU and 16 GB of RAM,
with no utilization of GPU acceleration. Every experimental
training session was replicated three times for reliability.
The model with the best validation accuracy was used for
subsequent testing.

Evaluation Metrics and Visualization

The performance of the models was evaluated on the vali-
dation set with various measures of evaluation, such as
accuracy, precision, recall, and F1-score. To deal with class
imbalance, both macro-averaged and weighted-average val-
ues were reported. The misclassification patterns between
the four quality classes were also investigated by a confu-
sion matrix.
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Fig.2 Architecture of the custom CNN

For a more comprehensive performance evaluation,
receiver operating characteristic (ROC) curves and the
respective area under the curve (AUC) scores were com-
puted utilizing the One-vs-Rest (OvR) approach. This
approach is quite appropriate for multi-class classification
issues where one class is considered at a time (Behrisch
et al., 2018; Sharma & Jalal, 2021). Moreover, precision-
recall (PR) curves were plotted for each class to analyze the
sensitivity of the model at different threshold values. Fur-
thermore, a precision-confidence curve was constructed to
investigate the relationship between classification coverage
and prediction confidence. This investigation was utilized
to guide potential tuning of the classification threshold at
deployment time, based on the balance between false posi-
tives and false negatives desired.

All performance metrics were calculated with Scikit-learn
version 1.4, while training history visualization, precision-
recall (PR) curves, and receiver operating characteristic
(ROC) curves visualization were done with Matplotlib.
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Results and Discussion
Model Learning Behavior

The training dynamics throughout the model training pro-
cess reflect an optimally developed and stable process. As
can be seen in Fig. 3, through the accuracy and loss curves,
the training and validation accuracy consistently increased
across the epochs, ultimately converging at around 97%,
with the corresponding loss values displaying an equivalent
decrease. The minimal divergence between training and vali-
dation curves suggests strong generalization capability and
limited overfitting. This performance reflects the combined
effectiveness of dropout regularization, dynamic learning
rate scheduling, early stopping, and real-time data augmen-
tation applied during the training phase.

Surprisingly, the model recorded high accuracy with-
out GPU acceleration, a testament to its LW architecture.
Recent studies indicate that small CNNs optimized for ther-
mal image classification record phenomenal accuracy in
fruit quality evaluation, even when applied to CPU-targeted
or resource-constrained systems. For example, fine-tuned
CNN models have achieved as much as 98% accuracy in
bruise detection and classification in strawberries based
on thermal images, outperforming more computationally
demanding pretrained models and showing their promise for
real-time on-site postharvest quality monitoring (Guo et al.,
2022). Similarly, transfer learning with compact models like
SqueezeNet has enabled quick and accurate classification of
a number of fruit varieties from thermal images with over
96% top-1 accuracy and constrained training time, but again
supporting the potential for edge deployment (Mishra et al.,
2020). Furthermore, multimodal deep learning frameworks
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Fig.3 Comparison of training and validation performance across epochs

that fuse thermal imaging with additional information
sources have also demonstrated potential, precisely attain-
ing high accuracy in variety discrimination of pineapple
and physicochemical change tracking for quality (Mohd Ali
et al., 2023). Field evaluations determine that CNNs, even
the resource-efficient ones, are being more utilized for exter-
nal fruit quality inspection with various imaging modalities
and outperform traditional machine learning approaches in
general (Chuquimarca et al., 2024; Naranjo-Torres et al.,
2020). These findings affirm the viability of implementing
thermal CNNs on embedded or edge devices for intelligent,
resource-aware fruit quality monitoring in agricultural envi-
ronments (Chuquimarca et al., 2024; Mishra et al., 2020).

Confusion Matrix Analysis

The confusion matrix in Fig. 4 gives an overall picture of
the model’s classification performance for the four quality
stages considered. Each class, fresh, ripe, overripe, and rot-
ten, records a high true positive detection rate with only
small misclassifications between neighboring stages. The
predominance of the principal diagonal of the matrix is
an assurance that the model can effectively differentiate
between various stages of ripeness and spoilage, even in the
presence of thermal profile transitional overlaps.

Most misclassifications were observed between the ripe
and overripe classes, a finding that mirrors their near physi-
ological similarities and incremental differences in thermal
features. This is a trend to be expected in postharvest imag-
ing, where differentiation between ripeness stages tends
to be nonlinear and may encompass overlapping features,
e.g., slight temperature increments in line with increased
respiration. Despite this, overall classification accuracy was

Training vs Validation Loss
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Fig.4 Confusion matrix for
multi-class fruit classification
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still very high for all classes, hence further reaffirming the = Table 1 Classification performance metrics for banana sorting
model’s featur.e eXtraCt_lon Vlabl.hty_' Heading level Precision Recall F1-score
The confusion matrix also vindicates the efficacy of the
class-balancing approach taken in training. The compara-  Fresh 1.00 1.00 1.00
tively balanced spread of accurate predictions, despite the  Ripe 0.99 0.98 0.98
dataset’s moderate class imbalance, shows that the model ~ Overripe 0.96 0.98 0.97
did not overfit to the more prominent categories. This find-  Rotten 0.98 0.98 0.98
ing validates the use of weighted loss functions and strati- ~ Accuracy - - 0.97
fied sampling for multi-class classification tasks with fruits, =~ Macro avg 0.98 0.98 0.98
especially in limited data scenarios. Weighted avg 0.99 0.99 0.99

Furthermore, the novelty of class distinction in the con-
fusion matrix illustrates the strength of thermal imaging in
picking up underlying physiological variation that would
not be apparent from visual features alone. This is a fur-
ther argument for the applicability of thermal convolutional
networks to real-time assessment of postharvest produce in
real-world use.

Class-Wise Performance

The per-class precision, recall, and F1-scores in Table 1 indi-
cate the strong classification power of the proposed custom
CNN. The fresh class achieved perfect precision, recall, and
F1-score, indicating that this class contains a highly dis-
tinctive thermal signature that the model was consistently
able to recognize. The ripe, overripe, and rotten classes also
scored high F1-scores of 0.98, 0.97, and 0.98, respectively.
The results show that the model can distinguish between the
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subtle ripening phases and rot, despite their identical thermal
properties. A macro-averaged F1-score of 0.98, along with a
weighted average of 0.99, confirms that the model performed
optimally overall across all the classes, despite the existence
of a slight imbalance in the dataset.

These findings are comparable to benchmark studies of
deep learning-based fruit quality prediction using RGB and
hyperspectral imaging modalities (Nicolai et al., 2007).
Unlike RGB imaging, which is inherently sensitive to ambi-
ent lighting conditions and visual noise, thermal imaging
provides more stable input data across various environ-
mental conditions. The inherent resilience demonstrated
within this research most likely contributed importantly to
the stable performance observed at all ripeness levels, thus
emphasizing the advantages of using infrared thermal data
for real-time purposes in postharvest operations.
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In addition, thermal-specific convolutional neural net-
works have performed more effectively compared to gen-
eral architectures borrowed from pre-trained RGB models
like ResNet or MobileNet. This is because they can exploit
domain-specific thermal characteristics, i.e., emissivity
patterns, localized thermal signatures, and temperature gra-
dients, not addressed by conventional RGB-based models
(Lee et al. 2017; Rivadeneira et al., 2020). Current research
strengthens the use of domain-specific models that purpose-
fully employ these characteristics, leading to superior detec-
tion and classification performance on varied agricultural
and industrial thermal imaging tasks.

Apart from the adaptation of architectural components,
domain separation methods distinguishing between shared
and exclusive characteristics of thermal and RGB modalities
have become effective tools for encouraging model generali-
zation, especially under data-sparse conditions (Cho et al.,
2025; Shi et al., 2024). These approaches boost the repre-
sentational capacity of models by retaining modality-specific
information while facilitating transfer learning from large
RGB datasets. Likewise, unsupervised and semi-supervised
approaches such as CycleGAN-based super-resolution,
domain adaptation, and style transfer networks have shown
encouraging outcomes in bridging the gap between unla-
beled thermal datasets and labeled RGB datasets (Li et al.,
2024a). The approaches enable knowledge transfer, enhance
segmentation and detection performance, and resolve the
scarcity of annotated thermal datasets (Rivadeneira et al.,
2022). The body of evidence stresses the need for develop-
ing architectures with special responses to the characteristics
of thermal images, rather than merely adopting RGB-based
models, as required for attaining state-of-the-art results in
thermal vision-related tasks. In postharvest fruit classifica-
tion, such targeted development not only increases accuracy

Fig.5 ROC curves for multi-

but also guarantees robustness and real-world applicability
(Kim et al., 2021).

ROC and AUC Analysis

The receiver operating characteristic (ROC) curves in Fig. 5
illustrate excellent class separability, with all four classes of
fruit quality having an area under the curve (AUC) measure
of 1.00. These near-perfect outcomes attest to the model
learning very distinctive thermal features specific to each
class, therefore being able to separate well even slight phys-
iological differences among banana samples at different
stages of ripeness.

The AUC values also reveal a consistently low false-
positive rate across all classes. This is especially important
in real-world applications like automated sorting or grad-
ing because the errors in classification could result in post-
harvest loss, mislabeling of products, or reduced consumer
confidence in product quality. The high AUC performance
across all thresholds indicates that the model is not sensitive
to constrained decision boundaries but rather demonstrates
robust generalization in the entire decision space.

Similar AUC values have been seen in state-of-the-art
fruit quality assessment systems that employed thermal
or hyperspectral imaging modalities. For example, earlier
research on apples, grapes, and tomatoes has attained AUC
values of well over 0.95, which are typically indicative of
state-of-the-art performance for agricultural image classifi-
cation problems (Zhang et al., 2024).

In general, the AUC and ROC values show that the pro-
posed CNN not only achieves high accuracy but also is
threshold-independent across a wide range of classification
thresholds. This is critical for practical applications where
models are expected to operate under varying conditions
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and tolerance for errors. The findings show how the model
is poised to be incorporated into Al-based quality control in
postharvest processing and precision agriculture pipelines.

Precision-Recall and Confidence Threshold Analysis

The precision-recall (PR) curves in Fig. 6 provide a more
realistic description of the model's classification perfor-
mance under class-imbalanced conditions. The Fresh class
exhibits high precision across the full range of complete
recall, which means that the model accurately detects Fresh
samples with low false positives, irrespective of the decision
threshold used.

Conversely, the ripe class portrays monotonically decreas-
ing precision at a growing recall. This is likely caused by
thermal overlap with the overripe class, with continuous
physiological attributes and identical surface temperature
profiles. The overripe class possesses the most variability in
precision-recall performance due to its intermediate thermal
characteristics that share attributes with the ripe and rotten
classes, thus causing the difficulty in establishing decision
boundaries. Concurrently, the rotten class features a steep
and smooth PR curve, which shows the model’s ability to
detect advanced decay at high precision and low false-pos-
itive rates. Such behavior is particularly of interest in post-
harvest quality control, where not detecting rotten produce
can result in drastic economic losses, batch contamination,
or product recalls.

These PR trends are in agreement with the latest
advancement in fruit defect detection literature, which
shows that thermal imaging combined with deep learning
detects late degradation stages more accurately than early
ripening since there is higher temperature contrast in rot-
ting tissues (Zhang et al., 2024). The results confirm that

Fig.6 Precision-recall curves

the proposed CNN architecture achieves consistent clas-
sification across all quality stages, with especially strong
performance in the detection of commercially important
conditions such as spoilage.

Figure 7 depicts the correlation between model confi-
dence and classification precision. As expected, elevated
confidence thresholds are associated with a rise in classifica-
tion precision, reaching values nearing 1.0 when the model’s
predicted confidence surpasses 0.90. This observation sug-
gests that the model’s predictions made with high confidence
are nearly always accurate, underscoring its dependability
within rigorous decision limits.

But this accuracy gain is achieved at the expense of
reduced recall, revealing the inherent trade-off between
classification confidence and sample coverage. Lowering the
confidence threshold boosts coverage but is accompanied by
more false positives, which may be undesirable in certain
operational environments. For instance, in automatic reject
systems of rotten fruit and vegetables, minimization of false
positives is crucial to avoid rejecting good ones. On the other
hand, in upstream sorting operations or quality assessment
applications, recall maximization guarantees that all defec-
tive products are identified.

Tuning the threshold to values ranging from 0.75 to 0.85
appears to find an effective balance between precision and
recall, thus an effective compromise for real-time use cases.
The observation is aligned with previous studies on fruit
defect detection using convolutional neural networks, where
the use of adaptive thresholding improved the model’s reli-
ability, especially in edge Al environments and embedded
vision systems (Cong et al., 2025). These findings justify
the application of confidence-based threshold tuning and
probabilistic filtering as core techniques for performance
enhancement in operational postharvest classification setups.
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Fig.7 Relationship between
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Table2 Average test results comparing the baseline CNN and the
proposed LW-CNN model

Model Accuracy  Precision  Recall ~ Fl-score
CNN-baseline 0.876 0.972 0.969 0.970
Proposed LW-CNN  ~0.97 ~0.99 ~0.99  ~0.99

Comparative Analysis

The proposed thermal classification system based on con-
volutional neural networks (CNN) offers several advantages
over conventional postharvest monitoring practices, includ-
ing those based on RGB imaging and transfer learning-
based models. To numerically evaluate these advantages, a
baseline CNN model without thermal-specific architectural
designs was also trained on the same data. The baseline
model achieved an average accuracy of 87.6%, precision of
97.2%, recall of 96.9%, and F1-score of 97.0% (see Table 2).
In comparison, the proposed LW-CNN achieved around 97%
accuracy and a weighted F1-score of around 0.99, thus dem-
onstrating the performance gains through task-specific archi-
tectural design and thermal-specific optimization.

The proposed CNN-based thermal classification model
has many advantages over conventional postharvest monitor-
ing systems, including RGB imaging and transfer learning-
based models. While RGB-based systems are widely used in
the commercial grading of fruit, they can be affected by vari-
able lighting conditions, surface gloss, and limited ability
to detect underlying physiological processes. These issues
restrict their use in detecting spoilage at early stages or small
ripening variations (Lu et al., 2022; Patel et al., 2012). In
contrast, thermal imaging is a non-invasive method that
records physiologically meaningful heat signatures related

0.65

T

075 080 085 090 095

Confidence

0.70

to respiration, evaporation of water, and microbial activity.
It enables earlier and more sensitive detection of posthar-
vest changes and hence has an advantage over surface-reliant
imaging methods (Roy et al., 2016).

Table 3 compares a lightweight thermal-only CNN
architecture against conventional RGB and hyperspectral
approaches. For the scope of the four-class validation set,
our proposed architecture achieved 97% accuracy, macro-
F1=0.9962, weighted-F1 =0.9963, macro-AUC = 1.000,
and macro-mAP =0.999, which indicates the mean average
precision calculated from class-wise precision-recall curves.
More recent explorations employing RGB technology have
shown robust accuracies when challenged by controlled
lighting, whereas hyperspectral methods display respectable
performance but rely upon higher-order, multi-band sensor
technologies. The thermal setting, however, continually
offers higher, threshold-conscious performance by a variety
of metrics, based solely upon a single inexpensive camera
and desktop CPU-only inference, and so implies practical
scalability toward applications in postharvest sortation.
Because datasets and protocols differ from experiment to
experiment, these comparisons are indicative, not direct con-
tests; however, our results underscore the promise of thermal
imaging in discerning ripening-related physiological gradi-
ents based upon a lightweight, compact CNN.

Compared to state-of-the-art pre-trained models such as
MobileNetV?2, EfficientNet-Lite, and ResNet50 fine-tuned
for natural RGB image classification, the designed LW-CNN
used in this study achieved similar accuracy at a significantly
lower computational cost. The pre-trained models contain
redundant parameters and require extensive fine-tuning to
adapt to thermal or agricultural domain-specific data. Recent
research has shown that compact, task-oriented CNNs tai-
lored to thermal images can outperform transfer learning
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Table 3 Comparison of banana ripeness classification approaches

Study/source Imaging modality Task/classes Metrics
Proposed LW-CNN Thermal imaging Ripeness (4 classes) Accuracy; macro-F1; Weighted-F1; macro-AUC; macro-mAP
Arunima et al., 2024 RGB imaging Ripeness (4 classes) Accuracy
Shuprajhaa et al., 2023 RGB imaging Ripeness (4 stages) Accuracy; precision; recall; F1
Zhang et al., 2024 RGB imaging Ripeness classification: 7 Accuracy
(coarse)/14 (fine) stages

S etal., 2022 Combined Grading/quality evaluation Accuracy; F1

RGB + hyper-

spectral imag-
ing (visible-near
infrared)

Wang et al., 2023 Hyperspectral imag-
ing (visible-near
infrared range)

Hespeler et al., 2021 Thermal imaging Classification task

Quality/composition analysis

Performance varied by model and trait; no single accuracy
metric provided

Accuracy

techniques in fruit bruise detection, decay classification, and
spoilage prediction (Yadav & Tandan, 2025; Zhang et al.,
2018).

Also, the model described in this study was designed to
run on CPU platforms alone, making it compatible with low-
power devices and ready for real-time application in the field
or supply-chain settings, regardless of high-end GPU avail-
ability. This kind of hardware optimality is especially useful
in smallholder farm setups, mobile postharvest testing units,
and off-grid storage warehouses where computing capacity
could be constrained. Previous applications of edge Al in
agriculture have demonstrated the same benefits, especially
in disease detection, yield estimation, and maturity classifi-
cation using LW neural networks (Ariza-Sentfs et al., 2024).

Another key benefit of the proposed approach is its inter-
pretability and integrability. The reduced model architecture
enhances the model’s usability in more integrated digital
twins and IoT ecosystems. This makes it straightforward
to integrate real-time classification outcomes in predictive
analytics systems, decision-support systems, and intelligent
alert systems. The described features are in line with modern
trends in postharvest automation, which increasingly seek to
incorporate Al-powered sensing technologies directly into
infrastructure to enable quality monitoring, traceability, and
automatic sorting (Wolfert et al., 2017).

Contribution to Postharvest Digitalization

The suggested thermal classification model based on CNN
contributes to the further digitalization of postharvest qual-
ity control following the principles of Industry 4.0. It offers
a viable and scalable solution to real-time fruit quality analy-
sis for postharvest quality control towards enabling automa-
tion, traceability, and data-driven decision-making, smart
agriculture, and digital food systems’ fundamental pillars.

@ Springer

As agri-food supply chains worldwide compete on higher
efficiency, transparency, and sustainability, the coupling of
Al with sensor-based technologies is growing in importance
(Rose & Chilvers, 2018).

The system enhances operational responsiveness in the
supply chain through early detection of fruit quality dete-
rioration, particularly during fruit transition to overripe or
spoiled stages. This anticipatory insight allows producers
and logistics personnel to perform preemptive sorting, dedi-
cated routing, and flexible cold storage practices, thus pre-
venting deterioration from spreading across an entire batch.
These characteristics are particularly important in climac-
teric fruits like bananas, tomatoes, and peaches, which expe-
rience pronounced physiological changes following harvest
and account for the majority of the world's postharvest losses
(Hodges et al., 2011; FAO).

The addition of thermal imaging adds a novel dimension
of physiological sensing beyond the traditional RGB-based
inspection approaches. Unlike RGB imaging, which is lim-
ited to the evaluation of surface color and texture, thermal
imaging identifies concealed evidence of inner biological
activity, such as elevated respiration rates, moisture loss,
and incipient microbial growth. Such markers are prognos-
tic of spoilage and enable preemptive action before defects
become visible. Furthermore, thermal sensors are also insen-
sitive to varying light conditions and are well adapted to
hygiene-critical applications like cold storage and automated
packaging lines (Roy et al., 2016).

When integrated within IoT platforms or digital twin sys-
tems, the system can evolve from a classification tool into
a predictive engine, whereby future quality states can be
predicted from time-series sensor data. Current research has
shown that integration of Al-powered sensing with real-time
monitoring platforms has a profound impact on enhancing
cold chain management, decision-making accuracy, and
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reducing food rejection at downstream distribution and retail
nodes (Verdouw et al., 2016).

From a broader vision of policy and sustainability, this
approach is consistent with United Nations Sustainable
Development Goal (SDG) 12.3, which aims to reduce food
waste worldwide by half by the year 2030. The model’s con-
sistency with cost-effective thermal imaging technology,
publicly available software libraries, and CPU-only operat-
ing environments enhances its usability for deployment in
decentralized contexts. This enhances the accessibility of
smallholder farmers, cooperatives, and processors in low-
and middle-income nations, thus ensuring an equal distri-
bution of digital postharvest technologies and reducing the
digital divide. Through the integration of low-cost sensing,
advanced analytics, and plug-and-play solutions, this initia-
tive plays a key role in creating smarter and more resilient
food systems.

Conclusion

This study presents a novel and efficient convolutional
neural network (CNN) approach based on thermal imag-
ing technology for non-invasive and real-time evaluation of
postharvest fruit quality. Employing bananas as a typical
example of climacteric fruit, the proposed system excellently
classified samples into four main quality phases: fresh, ripe,
overripe, and rotten, with high accuracy, robustness against
class imbalance, and computational efficiency. Using ther-
mal imaging as the main sensing modality, the proposed
approach takes advantage of temperature-related physiologi-
cal markers of ripening and spoilage, which are more resist-
ant to external illumination conditions and surface noise
compared to traditional RGB-based approaches.

One of the key contributions of this work is the design
of a task-focused, thermally efficient CNN architecture cus-
tom-built for deployment on CPU-only hardware, thereby
obviating the need for high-end GPUs. This feature ensures
applicability under resource-constrained environments, such
as small-scale agricultural farms, distributed cold store facil-
ities, and mobile inspection systems for postharvest assess-
ment. This proof-of-concept addressed single fruits; indus-
trial scalability will require segmentation and tracking of
bunches on conveyors. The lean design of the model enables
scalability, integration within IoT frameworks, and possible
extension to prediction digital twin models, thereby provid-
ing a pathway to more sophisticated, data-driven postharvest
management systems aligning with Industry 4.0 ideas.

Future efforts will scale up the suggested framework to
cover more types of fruits and vegetables, evaluate its per-
formance on actual fruit storage and distribution areas, and
incorporate temporal streams of data to enable predictive

analytics and remaining shelf-life estimation. The consumer-
grade FLIR ONE Gen 3 device and controlled indoor set-
ting limit generalization. Deployment claims are restricted
to controlled lab scenarios. Future work will test conveyor-
based acquisition, multiple cultivars, and variable ambient
conditions. Moreover, current research endeavors to fuse
thermal data with other non-destructive sensing modalities
and to create advanced domain adaptation methods that will
further boost accuracy and generalizability. These guidelines
will underpin the function of intelligent, Al-driven sensing
systems as key enablers for smarter, more durable, and equi-
table food systems. As a conclusion, this research illustrates
an efficient, large-scale, and significant method of modern-
izing postharvest quality inspection using contemporary
technology, thereby ensuring a firm basis for prospective
advancement in precision agriculture and sustainable food
supply chains.
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