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Abstract

The global supply chain faces a critical challenge, with ap- proximately 1.3 billion tons of food wasted
annually. This issue forms a critical point of research that brings together a combination of reduc- tion of
expenses on transport which exaggerates prices, reduction of food wastage, and crucially, the reduction
of CO2 emissions to mitigate en- vironmental impact. Research has shown that the use of Dijkstra-based
shortest-path routing is effective for optimizing routes under a single ob- jective such as distance or cost.
However, traditional algorithms fail to account for real-time quality and biological urgency of perishable
cargo and the environmental impact associated with transportation, leading to scenarios where goods
arrive with a high fraction spoiled.

To address this gap, we propose the Autonomous Context Aware Rout-

ing (ACAR) framework, introducing a novelty named the Autonomous Policy Engine (APE) to perform
context-aware multi-objective decision- making . The proposed solution integrates predictive analytics
with rout- ing optimization and achieves high-precision cost prediction using a Ran- dom Forest model
with R? = 0.997, consistent with recent evidence that ensemble learning improves predictive logistics
accuracy. The ACAR framework unifies predicted cost, cargo degradation risk, and carbon emissions
within a single multi-objective control logic.

While ACAR has not yet been deployed in a physical setting, it has

been validated through Python-based simulations that emulate an au- tonomous decision-making layer for
robotic logistics. The observation of real-time decision behavior through complex scenarios demonstrates
the feasibility of embedding ACAR into robotic delivery systems and autonomous vehicle control stacks.

Keywords: Perishable Logistics, Multi-Objective Optimization, Ran- dom Forest, Green Supply Chain,
Autonomous Decision-Making, Robotics.
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LIST OF ABBREVIATIONS

ACAR Autonomous Context-Aware Routing
APE Autonomous Policy Engine

SBI Systemic Burden Index

CSBI Composite Systemic Burden Index

RF Random Forest

WSM Weighted Sum Model

CVR Computer Vision and Robotics

INR Indian Rupee

OBD On-Board Diagnostics

AV Autonomous Vehicle

1 Introduction
1.1 Background: The Complexity of Modern Cold Chains

A primary driver of annual food wastage is post-harvest logistical delay [5; 17]. For items such as
vaccines, dairy, and fresh produce, transit time is a biological constraint that directly determines spoilage
probability and safety compliance [1; 20]. Traditional logistics models fail because they treat perishable
cargo as static assets rather than biological entities with time-dependent constraints.

The ACAR framework fits in the era of “Cold Chain 4.0” for medical and perishable logistics. Labile
medical and hematological equipment can remain un- der safe conditions by integrating loT-enabled
monitoring and dynamic routing adjustment [12; 27]. This shifts operations from reactive logistics to
predictive intelligence of goods movement [15] and supports emerging market cold chains where
disruptions are common [23].

1.2 The Logistics Trilemma in Autonomous Systems

In autonomous navigation for logistics, decision-making must go beyond obstacle avoidance and include
the internal state of the cargo. A system that only seeks the cheapest route may inadvertently choose paths
with ambient temperatures, shocks, or vibrations that accelerate decay [20]. Therefore, routing must solve
a logistics trilemma: (i) economic cost, (ii) cargo quality preservation, and (iii) environmental impact [7;
19; 14].

1.3 Major Contributions

To address the limitations of static routing in perishable logistics[5;17], this paper introduces the
Autonomous Context-Aware Routing (ACAR) framework. Unlike traditional models that treat cargo as
passive, ACAR dynamically adjusts routes based on real-time biological degradation risks[1]. The specific
contributions of this work are fourfold:

1. Formulation of the Systemic Burden Index (SBI): We propose a novel, mathematically rigorous
multi-objective function that normalizes disparate logistical variables—financial cost, biological
degradation risk, and environmental impact (CO2emissions) into a single computable scalar. This provides
a quantifiable solution to the "logistics trilemma[7;20]."

AIJFR26024969 Volume 7, Issue 2 (March-April 2026) 2


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)

E-ISSN: 3048-7641 e Website: www.aijffr.com e Email: editor@aijfr.com

2. Integration of Predictive Analytics: We develop and validate a high-precision cost prediction engine
using ensemble learning (Random Forest with R? = 0.997), demonstrating its superiority over linear
models and Gradient Boosting for estimating dynamic logistical costs[30;31].

3. The Autonomous Policy Engine (APE): We introduce a dynamic weighting mechanism that shifts the
routing priority in real-time[16]. We empirically demonstrate "Path Elasticity,” where the algorithm
autonomously deviates from the shortest distance to prioritize biological safety margins when the cargo
is classified as highly perishable.

4. A Three-Layer Robotics Integration Architecture: We provide a blueprint for embedding the ACAR
framework into existing autonomous vehicle control stacks, detailing the perception, cognitive decision,
and execution layers necessary for closed-loop, human-independent route recalibration[22;26].

2 Literature Review

The optimization of perishable logistics represents a significant challenge in mod- ern supply chains due
to the biological sensitivity of cargo. Current research in this domain can be categorized into three primary
areas: predictive analytics, multi-objective optimization, and autonomous routing systems.

2.1 Predictive Analytics in Perishable Logistics

Predictive modeling is essential for estimating remaining shelf-life and risk dur- ing transit. Recent studies
show that machine learning ensembles, particularly Random Forest, offer superior precision in forecasting
supply chain variables compared to linear models [30; 31]. This aligns with statistical learning foun-
dations for ensemble methods [9]. Predictive intelligence supports a shift from reactive to proactive
logistics management [30; 15], which is critical for high- risk items such as vaccines and fresh dairy where
transit delays translate into biological loss [1; 23].

2.2 Multi-Objective Optimization and Sustainability

Traditional routing algorithms, most notably Dijkstra’s algorithm, primarily fo- cus on minimizing a single
objective such as cost or distance [18; 28]. Graph- based routing remains central to distribution networks
[4; 25]. However, modern green logistics requires integration of environmental and qualitative constraints
[19; 14; 24]. The logistics trilemma balancing economic expenditure, cargo qual- ity, and CO2 emissions
forms the core of sustainable route optimization [20]. Multi-objective approaches reveal hidden variables
like carbon footprints that are ignored in standard cost-minimization models [7].

Multi-criteria decision making (MCDM) and heuristic search are widely used to manage competing
objectives and uncertainty [8; 29]. In addition, carbon ac- counting can be strengthened using life-cycle
assessment principles, where pre- venting total spoilage may reduce the overall environmental burden
across the lifecycle [6].

2.3 Autonomous Systems and Policy Engines

The transition toward autonomous delivery systems necessitates decision-making frameworks beyond
obstacle avoidance [3; 16]. Autonomous vehicles must reroute based on real-time sensor data that
monitors cargo integrity [12]. Policy engines serve as the “brain” of these systems, enabling context-aware
adjustments with- out human intervention [16]. Despite progress, there remains a gap in frameworks that
integrate predictive cost engines with real-time biological priority weighting, which ACAR aims to bridge.
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3 Mathematical and Theoretical Framework
3.1 Theoretical Formulation: Systemic Burden Index (SBI)

To solve the trilemma of economic optimization, quality preservation, and envi- ronmental impact, we
propose a unitless objective function, the Systemic Burden Index (SBI). We normalize financial,
biological, and environmental variables into a single scalar W :

C Q E
W:aﬂ+6_&+ye—sr W

Cmux Qmux Emox

Where a is the Economic Priority Coefficient, f is the Biological/Quality Priority Coefficient, and y is the
Environmental/Sustainability Coefficient. This formulation is consistent with weighted multi-criteria
aggregation approaches used in supply chain risk and decision analysis [8].

4 Implementation and Data Architecture
4.1 Implementation Stack and Reproducibility

The study utilizes a dataset comprising 10,000 unique entries, implemented in Python 3.12. Machine
learning was conducted with Scikit-learn; route optimiza- tion was implemented using graph theory
representations with NetworkX [4]. Shortest path baselines used Dijkstra’s algorithm [18; 28]. Data
visualization was conducted using Matplotlib and Seaborn libraries.

For model building, linear regression was used as a baseline model and per- formed poorly with the
following results:

Linear Regression Results

MAE: 27107.86971171724

RMSE: 31624.072864687478

R2: 0.10878971090139367

A Random Forest algorithm was then applied with the following parameters:

rf = RandomForestRegressor( n_estimators=200, max_depth=15, random_state=42, n_jobs=-1)

Random Forest Results

MAE: 849.2838168626078

RMSE: 1692.8621002957907

R2: 0.9974461948870925

A Gradient Boosting Regressor was also evaluated:

gbr = GradientBoostingRegressor( n_estimators=300, learning_rate=0.05, max_depth=5,
random_state=42)

Gradient Boosting Results
MAE: 1236.8216691478824
RMSE: 1871.4673516406767
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R2: 0.9968788898353725

Comparison of the results of the models:

The comparative analysis indicates that the Random Forest model achieved superior performance, with a
Mean Absolute Error (MAE) of 849.28 INR. Random Forest performance is consistent with literature
demonstrating strong generalization for complex logistics prediction tasks [30; 31]. Ensemble learning
properties and bias-variance tradeoffs are grounded in statistical learning theory [9].

Table 2: Comparison of the results of the models

Model MAE RMSE R2
Linear Regression 27107.869712 31624.072865 0.108790
Random Forest 849.283817 1692.862100 0.997446

Gradient Boosting 1236.82166%9 1871.467352 0.996879

The exceptionally high R? value (0.997) observed in the Random Forest model is acknowledged. This
occurs because the simulated dataset relies heavily on deterministic underlying physics and financial
contracts (e.g., fixed transit rates per km, standardized refrigeration energy costs), with stochastic elements
such as traffic delays acting only as minor perturbations. We confirmed the absence of data leakage
through strict temporal splitting and feature ablation, consistent with established statistical learning
evaluation practices [9; 11]. Future real-world physical datasets are expected to yield lower, more realistic
RZvariances as unobserved environmental variables increase [31].

4.2 Hyperparameter Selection

Hyperparameters for Random Forest and Gradient Boosting were selected via grid-search. This process is
related to established hyperparameter optimization methods, including random search strategies that can
improve efficiency under high-dimensional hyperparameter spaces [2].

4.3 Methodology

Figure 1 summarizes the operational workflow of the ACAR framework, from manifest ingestion to route
selection and decision execution.

’lnput: Cargo Manifest & Dataset

Contex
Autonomous Policy Engine Predictive Cost EngineRandom Forest Regressor (R?> = 0.997)

1 Normalized Layer L
SBI Ohective Functiony — (4 - Cost) + (f - Qual) + (y - COz)

‘ Multi-Obiective Granh Edege Weights = Smart Weight

|

Dijkstra’s AlgorithmPathfinding on Gauw smart

Fp(imized Perishable Route ]

Fig. 1: Operational Workflow of the ACAR Framework
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4.4 Feature Engineering and Preprocessing

From the dataset, additional derived features were engineered to support Equa- tion 1. These features
include delay ratio to represent spoilage risk and shelf- utilization to measure remaining biological margin,
as recommended in logistics feature engineering studies [11]. Shelf-life prediction models motivate
biologically grounded risk features [1].

Shelf-Life Utilization is computed as:

Transit _Time_hours ¢ )

Shelf — Utilization = {

Max Allowable Time hours

This metric is fundamental to the framework given that perishable quality degrades non-linearly over time,
necessitating the deployment of autonomous systems capable of dynamic, human-independent decision
recalibration[15; 16].

| 1.Manifest Input |

2 RF Cost Prediction

v

3.Normalization

!

4_APE Weighting

v

5. SBI Calculation

v
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Fig. 2: The ACAR Operational Pipeline: From Manifest to Execution

Figure 2 illustrates the eight-stage operational workflow of ACAR, from man- ifest input to robotic
execution.

During robot execution, the robot considers the internal cargo state; 10T sensors detect vulnerabilities and
support rerouting decisions to mitigate spoilage [12; 27]. The robot uses the Systemic Burden Index (SBI)
to decide when to tolerate higher financial costs to preserve quality without human intervention [16].

5 Experimental Results and Comparative Analysis

To ensure robustness and reproducibility, the dataset of 10,000 records was parti- tioned using an 80-20
train-test split. Model stability was evaluated using 5-fold cross-validation to reduce variance bias,
consistent with recommended predictive modeling practice [9].

Hyperparameters for Random Forest and Gradient Boosting were selected through grid search and
informed by general hyperparameter optimization prin- ciples [2]. Performance metrics including MAE,
RMSE, and coefficient of deter- mination (R?) were computed on the held-out test set.
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The high R? value (0.997) observed in the Random Forest model was ex- amined for potential overfitting
by comparing training and testing errors. The small variance between folds suggests stable generalization
performance rather than memorization.

To evaluate routing impact, comparative experiments were conducted be- tween:

. Traditional Dijkstra shortest-path routing [18; 28]
. Cost-minimization-only routing
. ACAR multi-objective optimization routing (SBI-based)

Results indicate that ACAR reduces SBI by over 50% in high-perishability scenarios while preserving
acceptable economic trade-offs. Multi-objective con- sistency is aligned with heuristic and decision-
theoretic approaches in logistics optimization [8; 29].

Importantly, ACAR's advantage does not merely stem from being multi-objective, but from its dynamic
elasticity.Compared to a static multi-objective baseline—where alpha, beta, and gamma remain fixed
regardless of cargo state, as seen in traditional heuristic multi-objective approaches [7; 29]—ACAR's
Autonomous Policy Engine (APE) achieved a superior reduction in total spoilage events. It dynamically
re-weighted beta (biological priority) only when critical degradation thresholds were approached, thereby
conserving financial resources during non-criticaltransit phases without violating the logistics trilemma
[20].

5.1 Sensitivity Analysis: Path Elasticity

When the path is dynamic, and when the quality coefficient () is greater than 0.65, the route diverges
from the shortest-distance path and shifts toward a route with greater biological safety margin. This
elasticity reflects the policy-driven multi-objective behavior argued in sustainable route optimization [7].
Below are the steps of the Autonomous Policy Engine (APE) and SBI com- putation, which function as
the decision core of ACAR:

1. Define PolicyMap P = {High : (0.2, 0.7, 0.1), Med : (0.4, 0.4, 0.2), Low :
(0.7,0.1,0.2)}

2. (o, B, y) « P [M.Perishability]

3. C < RandomForest(D, V)

4, Q « (M.TransitTime/M.TotalLife) x 10*

5. E <« D x EmissionFactor[V ]

6. return W= (a-C)+ (6- Q) + (y - E)

The coefficient weights in the Policy Map P(e.g alpha=0.2, beta=0.7, gamma=0.1 for High Perishability)
were not selected arbitrarily. They were derived using principles of multi-criteria decision-making
(MCDM) adapted for supply chain risk [8]. For 'High Perishability’, biological preservation (beta=0.7)
overwhelmingly dominates financial cost (alpha=0.2) and emissions (gamma=0.1) because the financial
penalty of total cargo loss (e.g.spoiled vaccines or high-grade dairy) far exceeds nominal transport margins
[1; 17].
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5.2 Multi-Corridor Validation and Statistical Consistency

Table 3: Table 1. Multi-Corridor Validation and Statistical Consistency

Case Route Cargo Time Saved SBI Red.
1 Pune — Patna Milk 9.4 Hrs 52.1%
p Delhi — Mumbai Veg. 11.2 Hrs 48.5%
3 Ben. — Kol. Seafood 14.8 Hrs 55.2%
6 Robotics Integration Architecture
6.1 Robotics Integration and Autonomous Execution Framework

The ACAR framework is designed as a high-level decision intelligence layer within an autonomous
delivery architecture. Rather than replacing robotic navi- gation systems, ACAR operates as a supervisory
optimization engine interfacing with existing autonomous vehicle control stacks. This design aligns with
widely adopted robotics systems principles [22] and probabilistic autonomy concepts [26].

6.2 System Architecture

The proposed robotic integration follows a three-layer architecture:
1. Perception Layer:

. IoT temperature sensors [12]

. Humidity monitors [12]

. On-Board Diagnostics (OBD) systems

. GPS localization modules

2. Cognitive Decision Layer (ACAR + APE):

. Predictive Cost Engine (Random Forest) [30; 31]
. Shelf-Life Utilization Estimator [1; 11]

. Carbon Estimation Module [14; 24]

. Systemic Burden Index (SBI) Optimizer [8; 7]
3. Execution Layer:

. Route Replanning Module [13]

. Dynamic Path Switching Interface

. Autonomous Vehicle Controller [22]

The Autonomous Policy Engine (APE) continuously updates the weight- ing coefficients (a, £, ) based
on perishability class and sensor input [16]. When

degradation thresholds approach critical levels, the framework triggers re-optimization through dynamic
graph recomputation [4; 13].

6.3 Control Loop Formulation

The decision-making loop can be expressed as:

. Sensor acquisition [12; 27]

. State update of cargo condition [26]
. Recalculation of SBI [8]
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. Path elasticity evaluation [7]
. Route execution update [22; 13]

This closed-loop mechanism enables adaptive rerouting without requiring human intervention.

Although physical robotic deployment remains future work, the framework has been validated in
simulated dynamic environments where route switching was triggered under varying perishability stress
conditions.

From a computational complexity perspective, the dynamic re-weighting of the graph necessitates periodic
recalculation of the shortest path. Standard Dijkstra's algorithm, implemented with a priority queue,
operates at a time complexity of O (V log V + E) [18; 28]. Because the logistics graph (G) for a regional
delivery network is relatively sparse and bounded (V < 1000 nodes) [4], the cognitive layer can recompute
the optimal path in sub millisecond timeframes. This ensures that the ACAR control loop is
computationally lightweight and viable for deployment on edge-computing hardware constrained by the
power limits of autonomous vehicles [13; 22].

6.4 Carbon Visibility: A Green Logistics Implementation

Experimental observations demonstrate that ACAR exhibits adaptive prioriti- zation under constrained
conditions. When complete cargo degradation is immi- nent, the framework dynamically rebalances the
SBI coefficients, permitting a temporary increase in carbon emissions to preserve biological integrity [20;
7].

This behavior does not contradict environmental objectives; instead, it re- flects lifecycle-oriented
sustainability logic. From a life-cycle assessment perspec- tive, preventing full spoilage may result in
lower cumulative environmental im- pact than replacing discarded goods [6]. Such adaptive trade-offs
illustrate the decision-making elasticity embedded within APE, enabling context-aware route selection
beyond static shortest-path paradigms [16]. Thus, the framework iden- tifies the true “greenest” path by
preventing total product loss (see Fig. 3).

ATION FOR CARGO: Cheese
Metric BEFORE Al (Standard Cost-Min) AFTER Al (Smart Multi-Objective)
Bengaluru — Indore  Bengalury — Chandigarh — Indore

2644369 3633031

5348 hrs

176,20 kg (Revealad) 158560 kg (Optimized)

Physical Route Comparison: Standard vs. Smart Al

== Old Path (Blind to CO2)
New Path (Eco-Aware)

Indore

Ahmedabad Hyderabad

Patna

Ranchi

Mumbai
Bengaluru Kolkata

Pune
Jaipur

BRBEIS war,

Ghennai

Raipur

Bhopal
Nagpur

Chandigarh
Delhi

Fig. 3: Comparison of the standard route with the Al smart route
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Fig.3 illustrates a distinct operational paradox encountered during the transport of high sensitivity cargo
(Cheese) from Bengaluru to Indore. While the standard cost-minimization algorithm identified a direct
route (Red Line) with significantly lower financial costs (26,448.69 INR) and nominal CO, emissions
(176.80 kg), this path failed to meet the requisite cold-chain integrity standards, posing a 100% spoilage
risk. Consequently, the ACAR framework’s Autonomous Policy Engine (APE) enforced a strict biological
constraint, rerouting the shipment through Chandigarh (Green Line). This deviation, while mathematically
suboptimal in terms of immediate expenditure (36,330.31 INR) and distance, was identified as the global
optimum because it secured access to necessary re- frigerated transit corridors, thereby preserving the
cargo’s biological viability.

This decision-making process directly validates the ”Carbon Visibility” con- cept, where environmental
impact is treated as a dynamic rather than static variable. As noted in the analysis of ”Green Logistics
Implementation,” the framework demonstrated the capacity to accept a nine-fold increase in CO>
emissions (1,585.60 kg) to access specialized infrastructure . This seeming con- tradiction—accepting
higher emissions to ensure delivery—resolves the logistics trilemma by prioritizing the prevention of total
food wastage over the superficial minimization of transit emissions. Thus, the ”Smart Path” represents a
holistic sustainability model where the prevention of systemic resource loss justifies the calculated
increase in specific carbon output.

7 Conclusion and Future Scope

7.1 Synthesis of Contributions and Key Findings
This study successfully engineered and validated the Autonomous Context-Aware Routing (ACAR)
framework, representing a significant shift from reactive cold-chain management to proactive,
biologically-aware autonomous logistics[15]. The primary contribution is the mathematical formalization
and implementation of the Systemic Burden Index (SBI), which successfully balances the competing
demands of economic efficiency, cargo quality, and environmental sustainability, directly addressing the
logistics trilemma[20;7].

The presentation of our results confirms the efficacy of this approach across sever
dimensions:
. Predictive Superiority: Our evaluation demonstrated that ensemble methods, specifically the
Random Forest regressor, achieved exceptional accuracy in cost prediction (R?= 0.997, MAE =
849.28 INR), significantly outperforming baseline linear regression and Gradient Boosting models[30].
This robust predictive layer is crucial for the reliability of the downstream routing decisions.
. Demonstrable Routing Improvements: Comparative experiments revealed that ACAR reduces
the overall systemic burden by over 50% in high-perishability scenarios compared to traditional Dijkstra’s
shortest-path algorithms[18;28]. For instance, in multi-corridor validations, the framework achieved SBI
reductions ranging from 48.5% to 55.2%, translating to substantial preservation of biological value.
. Validation of the ""Smart Path™ Paradox: A key theoretical and practical contribution is the
empirical validation of dynamic environmental trade-offs. As illustrated in our "Green Logistics
Implementation™ scenario, the framework successfully identified instances where accepting a nominal
increase in immediate CO> emissions (to access specialized refrigerated infrastructure) prevented 100%
cargo spoilage. This redefines "green logistics™ from superficial emission minimization to holistic
lifecycle resource preservation[6].
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Ultimately, this work establishes a foundational architecture for next-generation autonomous delivery
vehicles. By embedding biological state awareness directly into the routing intelligence, it transforms
perishable cargo from a passive asset into an active decision variable, moving beyond simple obstacle
avoidance to encompass comprehensive, cargo-sensitive decision intelligence [16; 22; 26].

7.2 Limitations Future Research Directions

While the ACAR framework successfully demonstrates the viability of biological state-awareness in
autonomous logistics, this study acknowledges certain limitations that define our future research
trajectory. Currently, the framework relies on centralized processing and has been validated within a
Python-based simulated robotic environment.

Moving forward, our research will expand across three primary computing and  systemic domains:

1. Algorithmic Advancements in Dynamic Graphs: Future iterations will explore the integration of
Deep Reinforcement Learning (DRL) and Graph Neural Networks (GNNs). While the current framework
utilizes a Random Forest engine combined with Dijkstra’s algorithm, GNNs could allow the Autonomous
Policy Engine (APE) to continuously learn and predict state changes across highly volatile, non-euclidean
logistics networks in real-time, significantly reducing the computational overhead of continuous graph
recomputation.

2. Edge Computing and loT Integration: To bridge the gap between simulation and physical
deployment, future work will focus on decentralized architecture. By transitioning the cognitive decision
layer to an Edge Computing paradigm, loT temperature and vibration sensors can process the Systemic
Burden Index (SBI) locally on the vehicle's On-Board Diagnostics (OBD) system. This will eliminate
cloud-latency dependencies, which is critical for the microsecond decision-making required in
autonomous driving [12; 27].

3. Multi-Agent Fleet Coordination: The current formulation optimizes routing for a single
autonomous entity. Subsequent research will extend the ACAR framework to multi-agent systems,
enabling swarm intelligence where a fleet of autonomous vehicles can cooperatively share cold-chain
infrastructure, dynamically swap cargo based on predicted expiration rates, and collaboratively minimize
the aggregate carbon footprint across regional distribution networks[21].
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