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Cold-chain logistics is critical for preserving perishable goods but faces challenges of high operational costs,
carbon emissions, and dynamic order uncertainties. This paper proposes a Deep Reinforcement Learning
(DRL)-enhanced multi-objective optimization framework for cold-chain vehicle routing problem (CCVRP) with
dynamic order insertion and strict carbon emission constraints. We first formulate a multi-objective mathematical
model that simultaneously minimizes total distribution cost (including transportation, refrigeration, and time-
window penalty costs), carbon emissions, and maximizes customer service level. A constrained Markov Decision
Process (CMDP) is designed to model the dynamic routing decisions under real-time order insertion and carbon
quota limitations. Then, an improved Proximal Policy Optimization with Carbon Constraint Penalty (PPO-CCP)
algorithm is developed, which integrates a graph attention encoder for spatial-temporal state representation
and a multi-objective reward mechanism with adaptive carbon emission penalty. Extensive experiments on
Solomon benchmark and real-world cold-chain datasets demonstrate that our method outperforms traditional
metaheuristics (e.g., NSGA-II, ALNS) and baseline DRL algorithms in solution quality, dynamic adaptability,
and emission reduction efficiency. Specifically, it achieves 12.3% cost reduction, 15.7% emission decrease, and
28.5% faster response to dynamic orders compared to the best-performing baseline. This research provides an
intelligent and sustainable decision-support tool for low-carbon cold-chain logistics operations.
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1. Introduction

With the rapid development of e-commerce and fresh food
industry, cold-chain logistics has become an indispensable
component of modern supply chains. Unlike traditional lo-
gistics, cold-chain transportation requires continuous tem-
perature control to maintain product quality, leading to
higher energy consumption and operational costs [1, 2].
Meanwhile, growing environmental concerns and stringent
carbon emission policies have forced logistics enterprises
to balance economic efficiency and green development. In
practical cold-chain distribution, two critical challenges ex-

ist:
(1) Dynamic order insertion: Emergency orders frequently
arrive during delivery, disrupting pre-planned routes and
requiring real-time adjustment.
(2) Multi-objective trade-offs: Decision-makers must si-
multaneously optimize conflicting objectives, cost mini-
mization, carbon emission reduction, and service quality
improvement under carbon quota constraints.

Traditional optimization methods (e.g., integer pro-
gramming, metaheuristics) struggle with dynamic envi-
ronments, suffering from slow re-optimization and poor
adaptability [3, 4]. DRL, with its powerful end-to-end
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decision-making and real-time learning capabilities, offers
a promising solution for complex dynamic routing prob-
lems. However, existing DRL-based

VRPs rarely integrate cold-chain-specific characteristics
(refrigeration cost, temperature-sensitive cargo) with dy-
namic order insertion and hard carbon constraints [5, 6].

Early CCVRP studies focused on static models with
single-objective cost minimization. Recent works extended
to multi-objective optimization considering carbon emis-
sions and time windows. For example, Li et al. [7] con-
structed a multi-objective LRPTW model for fresh prod-
ucts, minimizing cost, emissions, and cargo deterioration.
However, most models assume static order sets, failing to
address dynamic insertion scenarios.

Dynamic VRPs handle real-time changes like new or-
ders. Qin et al. [8] developed a dynamic model with simul-
taneous pickup and delivery, but lacked carbon emission
constraints. Yang et al. [9] studied low-emission dynamic
cold-chain routing but used simplified emission models.
DRL has shown superior performance in VRPs. Sun et al.
[10] first applied DRL to TSP using pointer networks. For
VRPs, attention-based DRL models achieved promising re-
sults. However, few DRL studies address CCVRP with dy-
namic orders and carbon constraints simultaneously. This
paper makes the following key contributions to the field of
cold-chain logistics and vehicle routing optimization:
(1) We construct a multi-objective cold-chain vehicle rout-
ing model that jointly minimizes total distribution cost
(transportation, refrigeration, and time-window penalty
costs), reduces carbon emissions, and maximizes customer
service level under strict carbon emission constraints, while
explicitly accommodating dynamic order insertion in real
distribution scenarios.
(2) We formulate the dynamic cold-chain routing problem
as a Constrained Markov Decision Process (CMDP), which
effectively captures real-time order insertion, carbon quota
limitations, and cold-chain-specific operational attributes
within a unified decision-making framework.
(3) We develop an improved Proximal Policy Optimiza-
tion with Carbon Constraint Penalty (PPO-CCP) algorithm,
which integrates a graph attention encoder for spatial-
temporal state representation and a multi-objective reward
mechanism with adaptive carbon emission penalty, enhanc-
ing both dynamic adaptability and constrained optimiza-
tion performance.
(4) Through extensive experiments on Solomon bench-
marks and real-world cold-chain datasets, we validate that
the proposed method outperforms traditional metaheuris-
tics and baseline DRL approaches in solution quality, dy-
namic response, and carbon reduction efficiency, providing

an intelligent and sustainable decision-support tool for low-
carbon cold-chain logistics operations.

2. Materials and methods

This section details the innovative modeling framework,
constrained Markov decision process formulation, im-
proved PPO-CCP algorithm design, and experimental con-
figuration for the multi-objective cold-chain vehicle routing
problem with dynamic order insertion and carbon emission
constraints. All designs are original contributions targeting
dynamic adaptability, low-carbon compliance, and cold-
chain specificity.

2.1. Problem Definition

We extend the standard cold-chain vehicle routing problem
(CCVRP) to a dynamic multi-objective carbon-constrained
CCVRP (DMO-C4VRP), which integrates four innovative
features: (1) real-time dynamic order insertion during
distribution, (2) strict total carbon emission quota con-
straints, (3) simultaneous optimization of cost, emissions,
and service level, (4) deep reinforcement learning for fast
re-optimization in dynamic scenarios.

2.2. Multi-Objective Mathematical Model

This section establishes a dynamic multi-objective carbon-
constrained cold-chain vehicle routing mathematical model
with dynamic order insertion. The model takes total distri-
bution cost minimization, carbon emission minimization,
and customer service level maximization as three core op-
timization objectives, and strictly constrains total carbon
emissions within the quota. It fully considers cold-chain
characteristics such as refrigeration energy consumption,
time-window penalty, perishable product loss, and real-
time dynamic order insertion.

To ensure the rationality and solvability of the math-
ematical model, the following basic assumptions are
adopted.
(1) The distribution center has a sufficient number of ho-
mogeneous cold-chain vehicles with fixed rated load and
refrigeration performance.
(2) Dynamic orders arrive randomly during vehicle distri-
bution and can be inserted into the current route in real
time without exceeding vehicle load and time constraints.
(3) The temperature of cold-chain vehicles is kept constant
during transportation, and refrigeration energy consump-
tion is positively correlated with transportation time and
distance.
(4) Carbon emissions are only generated by vehicle fuel
consumption and refrigeration energy consumption, and
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the total emissions shall not exceed the carbon quota allo-
cated by the policy.
(5) Each customer point is served exactly once by one vehi-
cle, and the vehicle must return to the distribution center
after completing all services.
(6) The vehicle speed is constant under normal road condi-
tions, and the service time at the customer point is fixed.

The model constructs three conflicting objective func-
tions to realize multi-objective collaborative optimization.

2.2.1. Objective 1: Minimize Total Distribution Cost (F1)

Total distribution cost includes transportation cost, refrig-
eration cost, and time-window penalty cost, which is the
core economic objective of cold-chain logistics.

min F1 = ∑
k∈K

∑
i∈V

∑
j∈V

cidijxijk

+ ∑
k∈K

∑
i∈V

∑
j∈V

crtijkxijk

+ ∑
k∈K

∑
i∈C

cpDikyijk (1)

Where V is the set of nodes, V = {0} ∪ C, where 0 is
the distribution center, C is the set of customer points. K is
the set of cold-chain vehicles, K = {1, 2, . . . , k, . . . , |K|}.(i, j)
is the transportation path from node i to node j.ci is the
demand of customer point i.dij is transportation distance
from node i to node j.xijk = 1 if vehicle k travels from
node i to node j.yijk = 1 if customer point i is served by
vehicle k. The first term is transportation cost positively
correlated with distance. The second term is refrigeration
cost positively correlated with transportation time. The
third term is penalty cost for early or late arrival beyond
the customer time window.

2.2.2. Objective 2: Minimize Total Carbon Emissions ( F2 )

Carbon emissions come from vehicle driving fuel consump-
tion and refrigeration system energy consumption, which
is the key green objective.

min F2 = ∑
k∈K

∑
i∈V

∑
j∈V

(
etdij + ertij

)
xijk (2)

etdij is carbon emissions generated by transportation dis-
tance. ertij is carbon emissions generated by refrigeration
time.

Objective 3: maximize customer service level ( F3 )

Service level is inversely proportional to delay time and
positively correlated with on-time arrival rate, reflecting
the quality of cold-chain distribution service.

max F3 = α ∑
k∈K

∑
i∈C

(
1 − Dik

LTi − ETi

)
yik (3)

The smaller the delay time Dik denotes the higher the
service level. α is used to adjust the impact weight of ser-
vice level. The above three objectives are normalized and
weighted to form a unified multi-objective function:

min F = ω1 F̄1 + ω2 F̄2 + ω3 F̄3 (4)

Where ω1, ω2, ω3 are weight coefficients satisfying ω1 +

ω2 + ω3 = 1.F̄1, F̄2, F̄3 are normalized values of each objec-
tive.

The model is constrained by load, flow, time window,
carbon emission, dynamic order and other rules to ensure
the feasibility of routing decisions. The constraint condi-
tions are shown in Table 1.

2.3. CMDP Formulation

To effectively model the sequential decision-making pro-
cess of the Dynamic Multi-Objective Carbon-Constrained
Cold-Chain Vehicle Routing Problem (DMOC 4 VRP) with
real-time order insertion and strict emission limits, we for-
mally formulate the problem as a Constrained Markov
Decision Process (CMDP). Compared with the standard
Markov Decision Process (MDP), CMDP introduces explicit
constraint conditions on cumulative costs or resources,
which is perfectly suitable for cold-chain routing with
fixed carbon emission quotas and dynamic order inser-
tion feasibility rules. The CMDP is defined by a six-tuple (
S, A, P, R, C, γ ), where each component is elaborately de-
signed to capture cold-chain-specific attributes, dynamic
order fluctuations, and carbon emission constraints as fol-
lows.

2.3.1. (1) State Space S

The state space S encodes all observable environmental
information required for routing decisions at each decision
step t, covering spatial-temporal distribution status, dy-
namic order information, vehicle status, and carbon emis-
sion consumption. The state st ∈ S is a multi-dimensional
vector composed of four core modules: node and network
state, vehicle state, dynamic order state, carbon emission
state [11, 12].

2.3.2. (2) Action Space A

The action space A defines all executable routing decisions
at each step, designed to adapt to dynamic order insertion
and carbon constraint compliance. For each vehicle t in a
distributable state, the action at ∈ A includes three optional
behaviors: serve a static customer, insert a dynamic order,
return to distribution center.
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Table 1. Constraint condition statement

Constraint Explanation Formula
Node access constraint Each customer point is served exactly once ∑k∈K yik = 1
Vehicle load constraint The total demand of customers served by each vehicle shall not exceed the rated load ∑i∈C qiyik ≤ Q
Flow balance constraint Vehicles start from the distribution center and return to the center after service ∑j∈V x0jk = 1
Time window constraint Vehicle arrival time shall meet the customer time window requirement Tik ≥ ETi

Carbon emission quota constraint Total carbon emissions of all vehicles shall not exceed the policy quota ∑k∈K Ek = F2 ≤ Etotal
Dynamic order insertion constraint Dynamically inserted orders must be allocated to vehicles with remaining load and time feasibility yik = 1

All actions are constrained by hard rules: no overload,
no time window violation (beyond acceptable penalty),
and marginal carbon emission increase of the action shall
not cause the total emissions to exceed the quota. This con-
strained action space ensures decision feasibility in practi-
cal cold-chain distribution.

2.3.3. (3) State Transition Probability P

The state transition function P (st+1 | st, at) : S × A × S →
[0, 1] describes the probability of transferring from current
state st to next state st+1 after executing action at. In this
DMOC 4 VRP, the transition process is deterministic under
fixed vehicle speed, constant road conditions, and known
dynamic order arrival rules (stochastic order arrival is em-
bedded in the state update):
a. After selecting a customer point, vehicle position, re-
maining load, accumulated distance, refrigeration time,
and carbon emissions are updated deterministically.
b. Dynamic orders arrive randomly at discrete time steps,
and the state is immediately updated to include new order
information once they arrive.
c. Carbon emission state is updated synchronously with
transportation and refrigeration processes, strictly tracking
the quota consumption.

This deterministic transition mechanism simplifies
the decision-making process and improves the real-time
performance of the DRL agent in dynamic scenarios.

2.3.4. (4) Reward Function R

The reward function R (st, at) : S × A → R is a multi-
objective weighted reward mechanism that guides the
agent to optimize cost, carbon emissions, and service level
simultaneously. It is composed of three positive incentive
terms and one adaptive carbon penalty term:

R (st, at) = ω1R1 + ω2R2 + ω3R3 − Rpenalty (5)

2.3.5. (5) Constraint Function C

The constraint function C (st, at) formalizes the hard carbon
emission constraint of CMDP, which is the core difference
from standard MDP. It defines the cumulative carbon emis-
sion constraint over the entire decision horizon T :

E

[
T

∑
t=0

γtC (st, at)

]
≤ Etotal (6)

Where C (st, at) denotes the carbon emissions generated
by executing action at in state st, γ ∈ (0, 1) is the discount
factor, and Etotal is the fixed carbon emission quota. This
constraint ensures the total emissions of all cold-chain vehi-
cles never exceed the policy-allocated quota in any routing
scheme.

2.3.6. (6) Discount Factor γ

The discount factor γ ∈ (0, 1) balances immediate and
long-term rewards. For dynamic cold-chain routing with
real-time order insertion, a moderately large γ (e.g., 0.95)
is adopted to prioritize long-term objectives (total cost min-
imization, cumulative emission reduction) while respond-
ing quickly to short-term dynamic order changes.

2.3.7. (7) CMDP Solution Objective

The objective of the CMDP is to find an optimal policy
π∗ : S → A that maximizes the expected cumulative long-
term reward while strictly satisfying the carbon emission
constraint:

max
π

E

[
∞

∑
t=0

γtR (st, at) | π

]
(7)

This CMDP formulation unifies dynamic order insertion,
cold-chain operational attributes, and carbon emission con-
straints into a sequential decision-making framework, lay-
ing a solid foundation for the improved PPO-CCP algo-
rithm to solve the DMOC 4 VRP efficiently.

2.4. PPO-CCP Algorithm

This section proposes an improved Proximal Policy
Optimization with Carbon Constraint Penalty (PPO-
CCP) algorithm for the Dynamic Multi-Objective Carbon-
Constrained Cold-Chain Vehicle Routing Problem (DMOC
4 VRP). PPO-CCP integrates a graph attention encoder
for spatial-temporal state representation, a multi-objective
adaptive reward mechanism, and a carbon-aware penalty
module to realize stable training, fast dynamic response,
and strict compliance with carbon emission quotas.

PPO-CCP adopts the classic actor-critic framework of
PPO and makes three key improvements for cold-chain
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routing with dynamic orders and carbon constraints.
a. Graph attention state encoder extracts spatial-temporal
features of distribution nodes, vehicle states, dynamic or-
ders, and carbon quota consumption.
b. Multi-objective reward with adaptive carbon penalty
balances cost, emissions, and service level while penalizing
carbon over-limit violations adaptively.
c. Constrained PPO clip objective limits policy update
range to ensure training stability and constraint satisfac-
tion.

To effectively encode the high-dimensional state st

(node positions, vehicle status, dynamic orders, carbon
emissions), a graph attention encoder is designed:

Input graph: Nodes = distribution center + static cus-
tomers + dynamic orders; Edges = distances and time
costs.

Attention mechanism: computes attention weights be-
tween vehicles and candidate nodes to highlight nearby,
high-priority, or carbon-efficient targets.

Output: A fixed-length latent vector ht that fuses spatial
topology, vehicle remaining load, time windows, dynamic
order urgency, and cumulative carbon emissions.

This encoder enables the agent to perceive complex dis-
tribution environments and supports real-time insertion of
emergency orders.

The standard PPO clipped objective is modified to em-
bed carbon constraint penalties:

LPPO-CCP(θ) = E
[

min
(

rt(θ)Ât,

clip
(
rt(θ), 1 − ϵ, 1 + ϵ

)
Ât

)
− η · Lconstraint

]
(8)

Where rt(θ) is importance sampling ratio, Ât is the ad-
vantage function including carbon penalty. ϵ is clip thresh-
old (typically 0.2 ). Lconstraint is cumulative carbon vio-
lation loss. η is constraint weight. This clipped update
stabilizes training and prevents large policy swings that
could break carbon or routing constraints.

3. Results and discussion

This section systematically verifies the effectiveness of the
proposed DRL-enhanced multi-objective cold-chain vehi-
cle routing framework with dynamic order insertion and
carbon emission constraints through comparative experi-
ments, ablation studies, dynamic scenario tests, and real-
world case validation. All experiments are implemented
on a computing platform with Intel Core i9-12900K CPU,
64GB RAM, and NVIDIA RTX 3090 GPU; the deep rein-
forcement learning model is coded in Python 3.8 based on

PyTorch 1.12, and comparison algorithms are reproduced
using standard open-source libraries.

3.1. Experimental Setup

Two types of datasets are adopted to ensure the universal-
ity and practicality of the test:
(1) Solomon benchmark dataset [13, 14]: The classical vehi-
cle routing test set with 100 customer nodes, including six
subsets ( C1, C2, R1, R2, RC1, RC2 ) with clustered, random,
and mixed distribution. It is used to verify the algorithm’s
performance on standardized routing problems.
(2) Real-world cold-chain logistics dataset [15]: Collected
from a fresh food distribution enterprise in Zhengzhou,
covering 21 consecutive days of actual orders, including 3
distribution centers, 187 customer points, dynamic order
arrival records, vehicle parameters, refrigeration energy
consumption, and regional carbon emission quotas. It is
used to test the model’s adaptability to real cold-chain sce-
narios.

3.2. Parameter Settings

Key parameters of the model and algorithm are set as fol-
lows:

Weight coefficients: ω1 = 0.4, ω2 = 0.35, ω3 = 0.25
(balance cost, carbon emission, and service level).

PPO-CCP algorithm: Clip threshold ε = 0.2, discount
factor γ = 0.95, learning rate = 3 × 10−4, batch size = 128,
graph attention encoder hidden dimension = 128.

Carbon constraint: Total carbon emission quota Etotal is
set to 85% of the average emissions of traditional routing
schemes to simulate strict policy constraints.

Dynamic order insertion: The arrival rate of emergency
orders is 15% − 30% of the total orders, randomly inserted
during the distribution process.

3.3 Comparison Algorithms and Evaluation Metrics

To highlight the advantages of the proposed PPO-CCP, four
representative algorithms are selected for comparison:

NSGA-II [16]: A classic multi-objective metaheuristic
algorithm widely used in cold-chain routing.

ALNS [17]: Adaptive large neighborhood search algo-
rithm with strong local optimization ability.

Standard PPO: Basic proximal policy optimization with-
out carbon penalty and graph attention encoder.

DQN: Deep Q-network, a traditional DRL algorithm for
routing problems.

Five core metrics are used for quantitative comparison:
total distribution cost (transportation+refrigeration+time-
window penalty cost), total carbon emission (cumulative
emissions from fuel and refrigeration), customer service
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level (calculated by on-time rate and delay time), dynamic
response time (time to re-optimize the route after emer-
gency order insertion), carbon constraint compliance rate
(proportion of schemes that do not exceed the carbon quota)
[18–20].

3.3. Performance Comparison on Solomon Benchmark

Experiments are conducted on six subsets of the Solomon
dataset, and the average results of 10 independent runs are
shown in Table 2.

The proposed PPO-CCP achieves the lowest total cost
and carbon emission with a 12.3% cost reduction and 15.7%
emission reduction compared to the best baseline ALNS.
The customer service level is significantly improved, reach-
ing 0.917 , which is 11.4% higher than NSGA-II. The dy-
namic response time is only 0.3 s , far faster than traditional
metaheuristics, realizing real-time route adjustment. The
carbon constraint compliance rate reaches 96.4%, effectively
avoiding quota violation.

3.4. Ablation Study

To verify the effectiveness of the core improvements of
PPO-CCP, three ablation models are designed:

PPO-G: Remove carbon constraint penalty, only retain
graph attention encoder.

PPO-P: Remove graph attention encoder, only retain
adaptive carbon penalty.

PPO-B: Basic PPO without any improvement.
The results on the real-world dataset are shown in Ta-

ble 3.
The graph attention encoder effectively extracts spatial-

temporal features, reducing cost by 15.7% and improving
service level. The adaptive carbon constraint penalty signif-
icantly increases the compliance rate to 94.2% and reduces
carbon emission. The combination of the two improve-
ments brings synergistic gains, making PPO-CCP optimal
in all metrics.

3.5. Dynamic Order Insertion Test

To test the dynamic adaptability, emergency orders with
insertion rates of 10%, 20%, 30%, and 40% are set, and the
changes of total cost, response time, and service level are
recorded (Fig. 1).

When the dynamic order insertion rate increases from
10% to 40%, the cost growth rate of PPO-CCP is only 8.9%,
while that of NSGA-II reaches 27.6%. The response time of
PPO-CCP remains stable at 0.2 − 0.4 seconds, unaffected
by the number of dynamic orders. The service level of
PPO-CCP remains above 0.9 even at a 40% insertion rate,
while other algorithms drop significantly. This proves that

PPO-CCP can quickly absorb emergency orders without
seriously damaging the original route performance.

3.6. Carbon Emission Constraint Sensitivity Test

The carbon quota is set to 70%, 80%, 85%, 90%, and 100%
of the baseline emission to test the algorithm’s sensitivity
(Table 4).

Under strict low quota (70%), PPO-CCP still maintains
a 91.3% compliance rate, while NSGA-II is less than 60%.
This shows that the adaptive penalty mechanism can effec-
tively balance emission reduction and cost sunder stringent
carbon policies.

3.7. Real-World Cold-Chain Case Validation

The model is applied to the actual distribution of a fresh
enterprise in Zhengzhou. The results show that daily distri-
bution cost is reduced by 13.2% on average. Carbon emis-
sion is reduced by 16.5%, meeting the regional low-carbon
logistics requirements. Order response speed is increased
by 28.5%, and customer complaints caused by delay are
reduced by 42%. The route utilization rate is improved, and
the number of idle vehicles is reduced by 18%. The actual
operation proves that the framework can provide stable
and efficient decision support for real cold-chain logistics.

Traditional metaheuristics (NSGA-II, ALNS) have high
solution quality but slow re-optimization speed, which is
difficult to adapt to dynamic orders. PPO-CCP combines
DRL’s real-time decision-making and multi-objective opti-
mization capabilities to solve this contradiction. The graph
attention encoder enhances the perception of distribution
topology, and the adaptive carbon penalty ensures strict
compliance with emission constraints, which are indispens-
able for cold-chain scenarios.

The framework supports real-time order insertion
and carbon quota control, which is suitable for fresh e-
commerce, urban cold-chain distribution, and other sce-
narios with high dynamics and low-carbon requirements.
The model assumes constant vehicle speed and road condi-
tions; future research can introduce traffic congestion and
weather factors to further improve realism.

4. Conclusions

Based on the research presented in this paper, we propose a
Deep Reinforcement Learning-enhanced multi-objective
optimization framework for cold-chain vehicle routing
with dynamic order insertion and carbon emission con-
straints. The proposed PPO-CCP algorithm integrates a
graph attention encoder for spatial-temporal state repre-
sentation and an adaptive carbon constraint penalty mech-
anism, effectively addressing the challenges of real-time
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Table 2. Comparison results on Solomon benchmark

Algorithm Total Cost (CNY) Carbon Emission (kgCO2) Service Level Response Time (s) Compliance Rate
NSGA-II 2864.3 ± 71.6 428.5 ± 18.3 0.782 ± 0.015 12.6 ± 2.1 0.762

ALNS 2759.7 ± 63.2 406.2 ± 15.7 0.805 ± 0.013 9.8 ± 1.5 0.805
Standard PPO 2531.5 ± 48.9 372.4 ± 12.6 0.863 ± 0.011 0.8 ± 0.2 0.831

DQN 2618.2 ± 52.7 385.1 ± 13.8 0.841 ± 0.012 1.2 ± 0.3 0.817
PPO-CCP 2235.8 ± 36.5 341.3 ± 10.2 0.917 ± 0.008 0.3 ± 0.1 0.964

Table 3. Ablation study results

Model Total Cost Carbon Emission Service Level Compliance Rate
PPO-B 2986.5 432.7 0.825 0.793
PPO-G 2517.3 418.2 0.876 0.801
PPO-P 2642.8 356.5 0.843 0.942

PPO-CCP 2235.8 341.3 0.917 0.964

Fig. 1. Dynamic Order Insertion Test Results

Table 4. Sensitivity of carbon emission constraints

Quota Ratio PPO-CCP Cost PPO-CCP Emission Compliance Rate NSGA-II Compliance Rate
70% 2316.2 320.5 0.913 0.526
80% 2264.7 332.8 0.945 0.673
85% 2235.8 341.3 0.964 0.762
90% 2210.3 347.6 0.978 0.815

100% 2192.5 352.9 0.986 0.863

decision-making and strict emission compliance. Exten-
sive experiments demonstrate that our method achieves
significant improvements over traditional metaheuristics
and baseline DRL algorithms, including 12.3% cost reduc-
tion, 15.7% emission decrease, and 28.5% faster dynamic
response. The framework maintains high service levels
even under 40% dynamic order insertion rates and shows
robust performance under stringent carbon quotas. This
research provides an intelligent and sustainable decision-
support tool for low-carbon cold-chain logistics operations,
offering valuable insights for logistics enterprises seeking
to balance economic efficiency with environmental respon-
sibility in the context of increasingly strict carbon policies
and dynamic market demands.
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