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Abstract— Food waste represents a critical global
challenge, with billions of tons of edible produce
discarded annually due to inefficient spoilage detection
and management systems. FoodCheck.Al is a full-stack
intelligent platform that addresses this problem through
a combination of real-time computer vision, machine
learning-based spoilage prediction, and a dynamic price
optimization engine. The system integrates a YOLO-
based object detection model with a ResNet-50
Convolutional Neural Network (CNN) to classify
produce freshness from image input. A logistic
regression model handles spoilage prediction for
packaged dairy products using sensor-simulated metrics
including pH level, bacterial load, days past expiry, and
storage temperature. Based on predicted spoilage
probability, a dynamic price engine automatically
recommends actions: sell at a calculated discount, donate
to food banks, or safely dispose. The backend is built with
Node.js/TypeScript and MongoDB, exposing RESTful
and WebSocket APIs for real-time video analysis. The
frontend, built with React and TypeScript, features an
admin dashboard with Al insights, geospatial analytics,
waste reduction charts, and rescue request management.
Results demonstrate that FoodCheck.Al achieves high
detection accuracy and significantly reduces food waste
through actionable, data-driven recommendations.

Index Terms— Food Spoilage Detection, Computer
Vision, YOLOVS, ResNet-50, Dynamic Pricing Engine,
Food Waste Reduction, FastAPI, React, MongoDB,
Machine Learning, Convolutional Neural Network, Food
Rescue.

[. INTRODUCTION

Food waste is one of the most pressing challenges of
our time. According to the Food and Agriculture
Organization (FAO), approximately one-third of all
food produced for human consumption globally is lost
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or wasted each year — roughly 1.3 billion tonnes. In
supermarkets and retail environments, a significant
portion of this waste arises from inability to accurately
detect spoilage in real time, suboptimal pricing
strategies near expiration dates, and poor coordination
with food rescue organizations.

Conventional approaches rely on manual inspection,
fixed sell-by labels, and periodic inventory checks —
methods that are labor-intensive, error-prone, and
reactive rather than predictive. As Al and computer
vision mature, there is an unprecedented opportunity
to automate spoilage detection, enable dynamic
pricing, and coordinate food rescue logistics at scale.

FoodCheck.Al is a full-stack intelligent food
management platform that addresses these limitations
through three tightly integrated subsystems: (1) a
computer vision pipeline for fresh produce analysis
using YOLO and CNN models, (2) a sensor-informed
logistic regression engine for packaged dairy spoilage
prediction, and (3) a dynamic price optimization and
rescue routing module backed by a RESTful API and
real-time WebSocket interface.

The key contributions of this work are:

* A dual-model computer vision pipeline combining
YOLOVS for object detection and ResNet-50 CNN
for freshness classification on a per-apple basis.

* A physics-informed spoilage prediction model for
dairy products using simulated pH, bacterial load,
and days-past-expiry as input features.

* A dynamic price engine that computes optimal
discount levels based on stock, demand, and shelf
life — and triggers donate or dispose actions when
safety thresholds are breached.
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* A full-stack platform with Node.js/TypeScript
backend, MongoDB data layer, and
React/TypeScript frontend with geospatial analytics
and rescue request management.

* A WhatsApp bot integration for real-time alerts to
food rescue personnel.

II. RELATED WORK

Prior work in food quality detection has largely
focused on single-modality approaches. Deep
learning-based  methods using CNNs have
demonstrated promising results for fruit freshness

Ref. Year Approach

[1] 2023 CNN Fruit Classification
[2] 2024 YOLO Produce Detection
[3] 2024 pH + Sensor Spoilage
[4] 2023 IoT + Food Monitoring
[5] 2024 Dynamic Pricing Models

FoodCheck.Al bridges these gaps by unifying
computer vision detection, spoilage prediction,
dynamic pricing, and food rescue routing in a single
deployable platform.

III. SYSTEM ARCHITECTURE

The FoodCheck.Al architecture follows a layered,
microservices-inspired  design comprising  four
primary tiers: the AI/ML inference layer, the backend
API layer, the data persistence layer, and the frontend
presentation layer.

A. AI/ML Inference Layer (FastAPI)

The inference layer is implemented as a Python
FastAPI service exposing three primary endpoints:

o /detect (POST): Accepts image uploads, runs
YOLOVS detection followed by ResNet-50
classification, and returns per-apple bounding boxes,
freshness predictions, simulated sensor data, and
pricing recommendations.

» /predict_milk spoilage (POST): Accepts a dairy
SKU identifier and returns spoilage probability,
logistic regression outputs, and pricing action via the
milk price engine.

* /ws/video (WebSocket): Real-time video stream
processing — clients stream base64-encoded frames
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classification in controlled laboratory settings [1].
However, these approaches often lack real-time
inference capability or integration with downstream
pricing and logistics systems.

YOLO-based architectures have been applied to
produce detection in retail environments with good
accuracy [2], but existing implementations rarely
couple detection with spoilage-level classification at
the individual item level. Sensor-based approaches
using pH and ethylene measurements have shown
effectiveness for dairy and gas-permeable packaging
[3], but typically require dedicated hardware.

Limitation
Lab-only, no pricing integration
No spoilage classification
Requires dedicated hardware
No CV integration

No spoilage prediction

and receive detection results asynchronously with
sub-second latency.

B. Backend API Layer (Node.js / TypeScript)

The backend is built with Express.js on Node.js with
TypeScript for type safety. It manages user
authentication (JWT-based), product inventory CRUD
operations, rescue request lifecycle management, and
dashboard analytics. Key controllers include:

» productController: Handles product registration,
expiration tracking, and at-risk flagging.

» rescueController: Manages rescue request creation,
assignment to rescue personnel, and status updates.

* dashboardController: Aggregates waste metrics, Al
insights, and category distribution for visualization.

C. Data Layer (MongoDB)

MongoDB is used as the primary datastore. The
Product schema captures product metadata (name,
SKU, category), inventory fields (quantitylnStock,
expirationDate,  shelfLife), Al-enriched fields
(predictedExpirationDate, predictedSaleRate, atRisk),
and rescue lifecycle state (rescueStatus € {none, price-
reduction, food-bank-alert, employee-discount, final-
sale}).

D. Frontend (React / TypeScript)
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The frontend is a Vite-powered React application
featuring an AdminDashboard with real-time Al
insights cards, a GeoChart for geospatial rescue
routing, a WasteReductionAnalytics panel with time-
series charts, an ImagePrediction component for live
camera-based  spoilage  detection, and a
CategoryDistributionCard for inventory analytics.

IV. METHODOLOGY

A. Produce Spoilage Detection — Computer Vision
Pipeline

For fresh produce (apples), the system employs a two-
stage computer vision pipeline:

Stage 1 — Object Detection (YOLOVS): A custom-
trained YOLOv8 model (yolo apple.pt) detects
individual apple instances in an image frame. The
model operates at a confidence threshold of 0.5 for
static image inference and 0.2 for real-time video to
maximize recall in dynamic conditions. For each
detected bounding box, the model returns coordinates
(x1,y1,x2,y2).

Stage 2 — Freshness Classification (ResNet-50
CNN): Each detected apple crop is extracted and
passed through a fine-tuned ResNet-50 model. The
final fully-connected layers are replaced with a binary
classification head:

fc — Linear(2048, 128) — ReLU — Linear(128, 1) —
Sigmoid

A prediction score p > 0.8 classifies the apple as
'rottenapples'; otherwise it is classified as 'freshapples'.
This threshold was selected to minimize false
negatives (undetected rotten produce).

Input images are normalized with ImageNet mean
[0.485, 0.456, 0.406] and std [0.229, 0.224, 0.225] and
resized to 224x224 pixels.

B. Dairy Spoilage Prediction — Logistic Regression
Model

For packaged dairy (milk), the system uses a logistic
regression model operating on three simulated sensor
features:

P(spoiled) = o(wi-days + w2'pH + ws-bacterial load +
b)

where o is the sigmoid function, wi = 0.5 (days past
expiry), w2 = —1.0 (pH level), ws = 0.8 (bacterial load
in log CFU/mL), and b = —5.0. These weights encode
the known microbial dynamics of dairy spoilage:
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increasing bacterial load and decreasing pH are
primary spoilage indicators [3].

Sensor data is simulated deterministically per SKU
using MDS5-seeded random generation, enabling
reproducible results per product type across test
scenarios.

C. Dynamic Price Engine

The price engine operates on outputs from both the CV
pipeline and dairy model. For produce:

* Fresh apples (prediction = freshapples): Discount 0%
if days_to_clear stock < estimated_shelf life;
escalating discount up to 30% as shelf life shortens
below 3 days.

* Rotten apples (prediction = rottenapples): Donate if
ethylene ppm < 7.0; Dump if ethylene_ppm > 7.0.

For dairy:

* Sell at full price if prediction = fresh, days_to_expiry
> 0, pH > threshold, and bacterial load < threshold.

* Donate if days to expiry <2 and stock exceeds two
days of sales velocity.

* Dump if expired, predicted spoiled, or sensor
thresholds breached.

V. IMPLEMENTATION
A. AI/ML Stack

The inference service is implemented in Python 3.10+
using FastAPI for async HTTP and WebSocket
handling, PyTorch for model inference, Ultralytics
YOLOvVS8 for object detection, OpenCV for image
preprocessing, and PIL/Pillow for image format
conversion. Models are loaded at startup and shared
across requests. A WebSocket connection manager
handles concurrent client connections with automatic
disconnection cleanup.

B. Backend Stack

The backend uses Node.js 18+ with TypeScript,
Express.js, Mongoose ODM, and JSON Web Tokens
for authentication. The whatsapp bot module (bot.ts,
handlers.ts) integrates with WhatsApp Business API
to send spoilage alerts and rescue notifications to
registered personnel. The seed.ts script populates
development databases with realistic product and food
bank fixtures.

C. Frontend Stack
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The frontend is built with React 18, TypeScript, Vite,
and Tailwind CSS. Key components include
AdminDashboard.tsx (overall layout and state
management), ImagePrediction.tsx (camera capture
and API call for live detection), AllnsightsCard.tsx
(aggregated Al recommendations),
WasteReductionAnalytics.tsx (Recharts-based waste
trend charts), and GeoChart.tsx (geospatial food bank
routing visualization).

D. Route Optimization

The system integrates Google Maps Distance Matrix
API to compute optimal routing from store locations
to nearby NGOs/food banks for donated produce. The
/rescue/route endpoint accepts a source location and
returns ranked food bank destinations by driving
distance and estimated arrival time.

VI. RESULTS AND EVALUATION

A. Object Detection Accuracy

The YOLOvVS8 model was trained on a custom apple dataset with fresh and rotten class annotations. The ResNet-50

classifier was fine-tuned using transfer learning. Detection performance across test conditions:

Condition Precision
Controlled (studio) 0.94
Retail shelf simulation 0.89
Low-light environment 0.82
Crowded basket (overlap) 0.87

B. Dairy Spoilage Prediction

Recall F1-Score
0.91 0.925
0.86 0.875
0.79 0.805
0.83 0.850

The logistic regression model was evaluated on simulated sensor data spanning the full range of SKU-specific spoilage

profiles:
SKU Accuracy Precision Recall
whole milk 1gal 88.4% 87.2% 89.1%
skim_milk 1gal 91.2% 90.5% 91.8%
lowfat milk 1gal 90.6% 89.9% 91.2%
uht milk Iqt 94.1% 93.7% 94.5%

C. Real-Time Performance

WebSocket video inference was tested on 720p frames at 30 fps client side. The system maintains average end-to-end
latency of ~85 ms per frame on CPU, sufficient for near-real-time retail feedback without GPU hardware requirements.

Processing Stage
Base64 decode + OpenCV read
YOLOVS detection (CPU)
ResNet-50 per crop (avg 2 apples)
Price engine + response JSON

Total round-trip (WebSocket)
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Avg. Latency (ms)
8 ms
42 ms
28 ms
7 ms

~85 ms
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D. Waste Reduction Impact

In simulated 30-day retail scenarios, FoodCheck.Al's
dynamic pricing and rescue routing reduced estimated
waste volume by 34% compared to a static pricing
baseline, primarily by triggering price reductions 2—4
days before expiry and routing surplus stock to food
banks before crossing the safety threshold.

VII. SECURITY ARCHITECTURE

The platform addresses several security and data
integrity concerns:

* Authentication: JWT-based token authentication on
all protected backend routes. Tokens are short-lived
with refresh support.

* Activity Logging: Critical operations (rescue alerts,
emergency routing) are logged with SHA-256 hash
chaining for tamper-evident audit trails.

* Anomaly Detection: A moving-average monitor
detects abnormal access patterns and excessive API
requests, temporarily blocking suspicious clients.

* Input Validation: All uploaded images are validated
for MIME type and size before inference. Pydantic
models enforce schema validation on all API inputs.

* Data Privacy: Camera frames processed via
WebSocket are not persisted. Location data is
processed in-memory and not stored beyond the
request lifecycle.

VIII. DISCUSSION

A. Strengths

FoodCheck.AI demonstrates that a practical,
deployable food waste reduction system can be built
by combining commodity hardware (smartphone
cameras), open-source models (YOLOv8, ResNet-
50), and cloud-accessible APIs. The modular
architecture decouples inference (Python/FastAPI)
from business logic (Node.js/TypeScript), enabling
independent scaling of each layer.

B. Limitations

The current CV pipeline is trained on apple data only;
generalization to other produce categories requires
additional labeled training data and model fine-tuning.
The dairy spoilage model relies on simulated sensor
data rather than real IoT sensor integration, which may
reduce accuracy in production deployments. Ethylene
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and pH sensor integration remains a future hardware
dependency.

C. Scalability

The stateless FastAPI inference service is horizontally
scalable behind a load balancer. MongoDB's flexible
document model accommodates diverse product
categories without schema migration. The React
frontend's component-based architecture supports
incremental feature additions without full rewrites.

IX. FUTURE SCOPE

* Multi-Produce Support: Extend the CV pipeline to
cover vegetables, bakery, and meat categories using
expanded training datasets.

* Real Sensor Integration: Replace simulated sensor
data with actual IoT pH and ethylene sensors (e.g.,
MQ-3 gas sensor arrays) deployed on smart shelving
units.

* Reinforcement Learning Pricing: Replace the rule-
based price engine with a reinforcement learning
agent that learns optimal discount strategies from
historical sales data.

* Mobile Application: Develop a React Native
companion app for store staff to conduct shelf
inspections with live camera-based detection.

* Blockchain Traceability: Integrate blockchain-based
product traceability to enable full supply chain
visibility from farm to consumer.

X. CONCLUSION

This paper presented FoodCheck.Al, an integrated
intelligent food spoilage detection and waste reduction
platform. By combining YOLOvVS object detection
with ResNet-50 freshness classification, logistic
regression dairy spoilage prediction, and a dynamic
price engine, the system enables real-time, actionable
recommendations for produce and dairy management.
Experimental evaluation demonstrates high detection
accuracy, sub-100ms inference latency for live video,
and estimated 34% waste reduction in simulated retail
scenarios. The full-stack architecture — spanning
Python/FastAPI  inference, = Node.js/TypeScript
backend, MongoDB data layer, and React frontend —
provides a production-ready foundation for intelligent
food waste management in retail environments.
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