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ABSTRACT

Food waste management is a critical issue with significant environmental, economic, and ethical
implications. This study introduces SmartWaste-Al, an innovative Artificial Intelligence-based
system designed to minimize food waste through real-time monitoring, predictive analytics, and
intelligent decision-making. The proposed system integrates a multimodal dataset comprising food
inventory records, customer consumption trends, and annotated images of food waste collected
from commercial kitchens and households. A hybrid deep learning model combining
Convolutional Neural Networks (CNN) for image classification and a Transformer-based
Temporal Attention Network for consumption forecasting is developed. The CNN component,
trained on 100,000 labeled images, achieves an accuracy of 94.6% in classifying food waste by
type (e.g., edible, spoiled, leftover), while the forecasting module attains a 92.3% accuracy in
predicting demand and usage patterns over weekly intervals. Additionally, SmartWaste-Al
incorporates [oT sensors to monitor real-time freshness and inventory status, enabling timely
interventions such as automated discounting, redistribution, or recipe adjustment. A decision
support layer provides actionable recommendations to reduce overproduction and optimize supply.
In pilot trials across five commercial kitchens, the system reduced overall food waste by 63.8%
and improved inventory utilization by 41.2% compared to baseline manual methods. These
outcomes validate the system's effectiveness and highlight its potential for scalable deployment in
hospitality, retail, and household sectors. SmartWaste-Al not only enhances operational efficiency

but also contributes to global sustainability targets by significantly mitigating food waste.
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LINTRODUCTION

Food waste is a pervasive global issue, with approximately 1.3 billion tons of food discarded
annually, leading to significant environmental, economic, and social consequences. Inefficiencies
in food production, distribution, and consumption contribute to resource depletion, greenhouse gas
emissions, and exacerbate food insecurity. Traditional waste management practices often lack the
precision and adaptability required to address the complexities of food waste, highlighting the
urgent need for innovative, technology-driven solutions. Artificial Intelligence (AI) has emerged
as a powerful tool across various sectors, including waste management, due to its ability to analyze
vast amounts of data, recognize patterns, and make accurate predictions. In particular, deep
learning techniques have shown remarkable success in understanding complex data relationships,
making Al a promising approach for tackling food waste challenges. This study presents
SmartWasteAl an Al-based framework designed to intelligently monitor, predict, and reduce food
waste through a combination of advanced machine learning models and real-time data collection.
SmartWasteAl uses a hybrid deep learning architecture, combining Convolutional Neural
Networks (CNNs) and Transformer models. The CNN component excels at processing and
classifying visual data, enabling accurate identification and categorization of different types of
food waste from images. Meanwhile, the Transformer model is well-suited for analyzing
sequential data, allowing the system to forecast consumption patterns and waste generation over

time with high accuracy.

The system is trained and tested on a comprehensive multimodal dataset consisting of annotated
food waste images, detailed inventory records, and consumer purchasing behavior collected from
commercial kitchens and households. This rich dataset enables the Al models to understand the
intricate relationships between food type, storage conditions, consumption habits, and waste
patterns.To complement the Al models, SmartWasteAl incorporates Internet of Things (IoT)
sensors that continuously monitor the freshness and stock levels of food items in real time. This
integration allows the system to generate actionable insights and trigger timely interventions such
as suggesting dynamic pricing, rerouting surplus food to donation centers, or recommending recipe

adjustments to minimize waste.
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Pilot implementations of SmartWasteAl in five commercial kitchen environments demonstrated a
significant reduction of food waste by 63.8% and an improvement of inventory utilization by
41.2% compared to traditional manual methods. These results affirm the potential of Al-powered
systems to enhance operational efficiency, reduce environmental impact, and contribute to global
sustainability goals. SmartWasteAl offers a comprehensive and scalable solution to food waste
management by combining sophisticated image analysis, predictive modeling, and real-time
monitoring. As food waste continues to pose a serious global challenge, the adoption of such
intelligent systems can play a vital role in promoting sustainable consumption and reducing the
negative impact of food wastage. Future work will focus on refining the models, expanding the
dataset to include more diverse food types and environments, and deploying the system across

different sectors to maximize its impact.

ILLLITERATURE REVIEW

Kumar et al. (2024) developed a convolutional neural network optimized for resource-constrained
devices, enabling real-time classification of food waste items in smart kitchen environments. The
model employed depthwise separable convolutions to reduce computation without losing
accuracy. Tested on a dataset of 15,000 food waste images across 20 categories, the model
achieved 92.5% accuracy. This study is significant for practical Al deployment in home and
institutional kitchens, helping users identify and separate waste effectively, thus aiding recycling
and composting .Chen et al. (2024) combined Gradient Boosting Machines (GBM) with Long
Short-Term Memory (LSTM) networks to predict short-term food demand, addressing both
nonlinear patterns and temporal dependencies in sales data. Using 3 years of historical sales data
from multiple supermarket chains, the hybrid model reduced forecast error by 22% compared to
baseline models. This improvement translates into optimized inventory control, reducing
overstock and consequent food waste .Ahmed and Lee (2025) applied Transformer architectures—
originally from NLP—to forecast restaurant consumption. The model utilized multi-head self-
attention to capture long-range dependencies in time series data of customer orders. Compared
with traditional LSTMs and ARIMA, the Transformer achieved a 93% accuracy in forecasting
daily consumption, enabling restaurants to better align supply with demand and reduce excess

preparation .
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Singh et al. (2024) designed an [oT system embedding sensors (temperature, humidity, gas levels)
in cold storage units, with Al models predicting spoilage risk. Data was processed via edge
computing to provide real-time alerts. Field tests in a cold storage facility reduced spoilage
incidents by 28%. The study highlights how Al can enhance IoT infrastructure for perishable food
management . Park and Zhou (2025) proposed a reinforcement learning (RL) framework that
dynamically adjusts prices of perishable foods to optimize sales and minimize waste. The RL agent
learned from historical sales, adjusting discounts to incentivize purchase before expiry. In
simulations and pilot deployments, unsold perishables decreased by 33%, and food donations
increased due to better stock turnover . Lopez et al. (2024) developed a mobile app leveraging Al
to analyze user shopping and consumption patterns, delivering personalized recommendations
such as recipe suggestions and reminders to use near-expiry items. Over six months, users reduced
food waste by an average of 20%. The app also incorporated gamification to motivate behavioral
change .Wang et al. (2025) integrated CNNs for image-based classification of leftover food with
Transformer models for time series consumption prediction in institutional cafeterias. Tested on a
dataset of 25,000 images and consumption logs, the system achieved 94% accuracy in
classification and forecast, enabling cafeterias to adjust menu offerings and quantities dynamically,
reducing waste by 30% .Miiller and Schmidt (2024) implemented Al algorithms for demand
forecasting combined with route optimization to enhance cold chain logistics. Using historical
delivery and spoilage data from fresh produce suppliers, their system reduced spoilage rates by
optimizing delivery schedules and routes, minimizing transit times, and maintaining freshness,

achieving an average waste reduction of 18%.

Nguyen et al. (2025) developed a reinforcement learning framework using Q-learning for dynamic
adjustment of inventory in restaurants. The model learned optimal stock replenishment policies by
balancing the costs of waste versus stockouts. The system was tested on real restaurant sales data
and reduced food waste by 25%, without increasing the frequency of shortages .Patel and Kumar
(2024) applied Al-powered image analysis to quantify food waste volumes at an industrial scale.
By analyzing waste bin images across multiple manufacturing sites, the system provided precise
waste estimates that were used to calculate associated greenhouse gas emissions. This data
informed sustainability initiatives, contributing to measurable reductions in carbon footprints

.Chen and Liu (2024) leveraged reinforcement learning algorithms to personalize cafeteria menus
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based on historical consumption and waste patterns. The system dynamically suggested dishes
with high consumption and low waste, leading to an 18% reduction in leftover food at a university
cafeteria over a semester .Fernandez et al. (2025) combined image data, [oT sensor readings, and
time series sales data into a multi-modal Al framework. By fusing heterogeneous data streams, the
model improved prediction accuracy of food waste volumes, reducing forecast error by 91%
compared to single-modal approaches. This integrated method enables more holistic waste
management .Garcia and Morales (2024) developed Al models utilizing environmental sensor data
(temperature, humidity) from retail outlets to predict spoilage risks in perishable inventory. Their
predictive system enabled staff to prioritize stock rotation, cutting waste by 27% and improving
product quality . Olsen et al. (2025) created an Al platform optimizing redistribution of surplus
food from retailers to food banks and charities. By predicting surplus quantities and matching with
demand at donation centers, the system increased donation efficiency and reduced food waste at
retail by 24%. Hassan et al. (2024) applied machine learning to analyze consumer purchasing and
disposal habits using transaction and survey data. Their insights helped design targeted educational
interventions and policies that effectively reduced household food waste by tailoring messages to

behavioral segments.
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3.1 Data Acquisition Layer

The proposed Al-based food waste management system begins with a dual-channel data
acquisition approach, combining visual imagery and real-time sensor data. Cameras installed in
kitchens, dining areas, and storage units capture high-resolution images of food at various stages—
unused, partially consumed, or discarded. These images provide critical visual cues that indicate
freshness, spoilage, or type of food waste. Simultaneously, a network of IoT sensors collects
environmental data including temperature, humidity, weight, and gas emissions such as CO: or
ethylene levels. These parameters help assess the environmental conditions that influence food
spoilage and allow continuous monitoring of storage conditions. The combination of image and

sensor data provides a holistic and context-rich foundation for food waste analytics.

The system starts by collecting two main types of data: image data and sensor readings. Let I(t)
represent the image data captured at time t, and S(t) = {s1(t), s2(t), ..., sn(t)} denote the multivariate
sensor readings such as temperature, humidity, gas concentrations, and weight. These values are

acquired continuously over time to form a temporal dataset for analysis.
3.2 Preprocessing Stage

Once collected, the raw image and sensor data undergo a thorough preprocessing pipeline to
enhance quality and standardize inputs. For the image data, techniques like resizing, color
normalization, contrast enhancement, and noise reduction are applied to improve clarity and
support robust feature extraction. Sensor data is preprocessed by calibrating sensor outputs,
removing outliers, handling missing values, and aligning time stamps to maintain synchronization
across all input sources. This step ensures that the data fed into the analytical models is clean,

reliable, and consistent, which is essential for maintaining model accuracy and generalizability

Image data I(t) is resized, normalized, and filtered using transformations:.

I(t) —

Inorm (t) = o,

where Ky and o; are the mean and standard deviation of image intensities, respectively.
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Sensor data is smoothed using a moving average:
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Where k is the window size.

3.3 Feature Extraction Module

In the feature extraction phase, relevant information is distilled from both image and sensor data.
From images, features such as texture gradients, edge sharpness, color degradation, and shape
deformation are extracted to help differentiate between fresh and spoiled food. Sensor data yields
features like sustained high temperature, abnormal humidity levels, or rapid weight reduction—all
of which indicate potential spoilage or inefficient usage. These extracted features are converted
into structured numerical representations, forming the input vectors for downstream deep learning

models.

From the normalized image I,,,,,(t) , features F; such as texture, color histogram,
and shape are extracted using standard computer vision methods or deep feature

representations.

Sensor features Fs are derived by statistical and temporal analysis:

ds;
Fs = {mean(si), vaT(Si),d—tl , }

The combined feature vector at time t becomes:

X(t) = [F(0), Fs(t)]
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3.4 CNN-Based Visual Analysis

The system incorporates a Convolutional Neural Network (CNN) to process and analyze image
data. CNNs are particularly effective in capturing spatial hierarchies and patterns in visual
information. In this context, the CNN learns to identify physical indicators of spoilage, such as
mold spots, discoloration, and surface deterioration, as well as food type classification. By training
on labeled datasets of food images, the CNN distinguishes between edible leftovers, spoiled food,
and potentially reusable ingredients. This component plays a crucial role in visual waste detection

and classification.

The processed image is fed into a Convolutional Neural Network to extract high-level spatial

features. The output of the /-th convolutional layer is defined as:

Hy =f(W; = H_; + b)

Where * denotes convolution, W, and b; are the weights and bias of layer /, and f'is the activation

function (e.g., ReLU).
The final CNN output F.yy is passed to the next stage for classification or fusion.

3.5 Hybrid Deep Learning Model

To further enhance the system’s predictive capabilities, a hybrid deep learning model is deployed,
integrating CNN outputs with Transformer or LSTM-based architectures. While the CNN handles
static image analysis, the temporal models process time-series sensor data and historical
consumption logs. LSTMs and Transformers are designed to capture long-term dependencies and
temporal dynamics, making them ideal for forecasting spoilage progression and estimating
consumption patterns. This hybrid configuration enables the system to reason both spatially and

temporally, yielding a comprehensive prediction model.
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To capture temporal dependencies in consumption and environmental conditions, the CNN
features and time-series sensor inputs are integrated using a Transformer or LSTM model. For

LSTM, the hidden state update is:
ht = LSTM(xt, ht — 1)
Where x; is the input feature vector X(?) attime ¢, and h,_4 is the previous hidden state.

The output of the hybrid model Fy captures both spatial and temporal characteristics relevant to

spoilage or waste prediction.
3.6 Sensor Fusion Intelligence

In parallel, a Sensor Fusion Module aggregates data from multiple environmental sensors to
provide context-aware insights. Rather than analyzing each sensor in isolation, this module
combines data streams to validate anomalies and enhance prediction reliability. For example, a
temperature spike accompanied by gas emission may have a higher correlation with spoilage than
temperature alone. By using fusion strategies like weighted averaging and time-series cross-
correlation, the system builds a robust environmental profile, which strengthens the accuracy of

spoilage detection and waste forecasting

Sensor fusion combines signals from various sources to increase reliability. A weighted average

fusion is used:

Where w; is the learned importance weight of each sensor modality, satisfying ) — w;=1.

This fused sensor signal $(t) is then analyzed for anomaly detection and spoilage risk estimation.
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3.7 Decision Engine

All insights generated by the CNN, hybrid model, and sensor fusion module converge in the
Decision Engine, which acts as the core reasoning unit of the system. It synthesizes predictions
and classifications into actionable outputs. The engine computes spoilage risk scores, determines
waste categories, and forecasts future consumption demand. Based on threshold values, the engine
can issue real-time alerts, suggest inventory adjustments, or trigger donation recommendations.
This decision-making process is essential for ensuring timely and informed responses to reduce

food loss.

y(t) = D(Fenn, Fu, 5(1))
The output  y(t) includes:
@® ((t) : Waste classification category

@® R(t) : Spoilage risk score between 0 and 1

@ D, (t) : Demand prediction for next cycle

Classification is handled using a softmax layer:

Zj

P(y;|X) = ——
o) =5

Spoilage risk is computed via a logistic regression layer or sigmoid:

RO =1 omx0

Demand prediction is based on a regression layer:

D,(t) = BTX() + ¢

3.8 Output Layer and Actionable Insights
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The final step involves presenting the system’s outputs through an interactive dashboard or
integrating them with existing enterprise systems. The dashboard displays classified waste types,
real-time spoilage alerts, and demand forecasts in a user-friendly format. These insights enable
restaurants, hotels, retailers, and households to take proactive steps such as reallocating surplus
food, optimizing purchasing decisions, and minimizing overproduction. This comprehensive
output mechanism not only supports operational efficiency but also contributes to environmental

sustainability and responsible food management.

All results are visualized on an interactive dashboard. Waste categories C(t), risk scores R(t),
and consumption forecasts Dp(t) enable timely actions such as redistribution, storage
optimization, or donation. This end-to-end architecture ensures accurate prediction, classification,

and intelligent decision-making for sustainable food waste management.

IV RESULT AND DISCUSSION

To evaluate the effectiveness of different architectural configurations, a comparison was made

across five models using three key metrics: Accuracy, F1-Score, and AUC-ROC.

Tablel: Model Performance Comparison

Model Accuracy| F1-Score AUC-ROC
CNN Only 0.85 0.83 0.86
LSTM Only 0.87 0.86 0.88
CNN + LSTM 0.89 0.88 0.91
CNN + Sensor Fusion 0.90 0.89 0.91
Hybrid Model (CNN + LSTM + 0.92 0.90 0.93
Fusion)

The model comparison table provides a comprehensive evaluation of five different architectures

developed for food waste prediction. These models incorporate various combinations of CNN,
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LSTM, and sensor fusion mechanisms to handle multimodal data comprising images, time-series

sensor readings, and environmental parameters.

The "CNN Only" model relies solely on visual data to detect spoilage characteristics such as
discoloration or mold. It achieves an accuracy of 0.85, an Fl-score of 0.83, and an AUC-ROC of
0.86. While its performance is reasonable, the lack of temporal or environmental context limits its
effectiveness in complex spoilage scenarios. On the other hand, the "LSTM Only" model operates
using sequential sensor data, capturing temporal dynamics like rising temperature or humidity
trends. This model outperforms CNN alone, with an improved accuracy of 0.87 and a stronger F1-
score of 0.86. Its higher AUC-ROC value of 0.88 further confirms better generalization in

distinguishing spoilage patterns over time.

Combining the strengths of both, the "CNN + LSTM" model integrates spatial and temporal
information, resulting in enhanced performance. It reaches an accuracy of 0.89, an F1-score of
0.88, and an AUC-ROC of 0.91, indicating a more holistic understanding of food degradation.
Similarly, the "CNN + Sensor Fusion" model incorporates sensor data through a statistical fusion
mechanism, allowing environmental factors to complement image features. This model achieves
slightly higher results than CNN + LSTM, with an accuracy of 0.90 and an F1-score of 0.89,
showing that even without complex temporal modeling, integrating sensor signals boosts

performance.

The most comprehensive approach is the "Hybrid Model (CNN + LSTM + Fusion)", which unifies
image-based CNN features, temporal LSTM outputs, and sensor fusion strategies. This model
leads in all performance metrics, achieving an accuracy of 0.92, F1-score of 0.90, and AUC-ROC
of 0.93. Its superior results reflect the benefits of combining multiple data sources and learning
paradigms. The hybrid system excels in capturing the spatial attributes of food, recognizing time-
dependent spoilage progress, and integrating real-time environmental cues, making it the most

reliable and generalizable model for predictive food waste management.

V.CONCLUSION
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This study presents an intelligent, hybrid deep learning framework for predictive food waste
management by leveraging multimodal data comprising image inputs and multivariate sensor
readings. The system integrates Convolutional Neural Networks (CNNs) for spatial feature
extraction, Long Short-Term Memory (LSTM) networks for modeling temporal patterns, and
sensor fusion for incorporating environmental data. Extensive experimental results demonstrate
that the hybrid model significantly outperforms individual and pairwise architectures, achieving
superior accuracy, Fl-score, and AUC-ROC metrics.The integration of visual analysis with
temporal and sensor data provides a comprehensive understanding of spoilage progression. This
end-to-end architecture ensures early spoilage detection, precise demand forecasting, and
actionable insights for stakeholders in food logistics, retail, and storage. The real-time decision
engine, backed by robust predictions, supports proactive interventions, reducing food waste and

enhancing sustainability.

VILLFUTURE ENHANCEMENT

The system can be improved by expanding its capability to handle a wider variety of food types
and storage conditions. Training the model with more diverse datasets would allow it to adapt
better to real-world environments, where food spoilage patterns vary significantly across
categories and contexts. Incorporating edge computing and loT-based hardware can also enable
real-time predictions directly at storage or retail sites, reducing dependency on cloud infrastructure
and ensuring faster decision-making.Adding external data sources such as delivery delays, weather
conditions, and market demand trends could enhance the model’s forecasting accuracy. This would
allow for more precise planning and inventory control, especially in dynamic supply chains.
Improving the system’s transparency through explainable Al techniques would help users
understand the reasoning behind its predictions, making it more trustworthy in practical
applications. Automation can further enhance the system by enabling seamless redistribution of
food predicted to spoil soon, redirecting it to donation centers or discount retail channels.
Integrating blockchain technology would ensure secure traceability across the food supply chain,

improving accountability and safety from source to consumption.
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