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Transtfer Learning-Enabled System for Drone
Medicine Delivery Based on Spatio-Temporal
Remote Sensing Data in Edge Cloud Networks
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Ghulam Muhammad
and Huaming Wu

Abstract—These days, satellite remote sensing data is employed
for different drone applications. The main goal is to provide
imaginary information about electromagnetic locations and pat-
terns, along with insights into geolocations on Earth. The Inter-
net of Drone Things (IoDT) exploits remote sensing data to de-
liver medicine from source to destination. However, many existing
medicine delivery systems based on drones need longer execution
times and more efficiency in delivering medicine to the right desti-
nations. This paper presents transfer learning, which empowers a
spatiotemporal remote sensing data training system for medicine
delivery in edge cloud networks based on IoDT applications. The
objective is to deliver the medicine to the original destination with
the highest score and process all drone tasks based on their given
deadlines. We present the offloading spatiotemporal training and
scheduling (OSPTS) algorithm methodology that completes the
data collection process and medicine delivery in different locations.
Therefore, we solve the problem as a combinatorial problem and
find the optimal solution based on searching and convolutional
neural networks (CNN). Transfer learning and convolutional neu-
ral networks are sub-schemes of the OSPTS that train the remote
sensing data on edge nodes and point clouds for optimal medicine
delivery. Simulation results show that the OSPTS obtained the
highest score for medicine delivery in the correct position with less
processing time than existing systems.
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1. INTRODUCTION

RTIFICIAL intelligence (Al) has been gaining popular-
A ity to make systems more automatic and realistic with
boosted performance. Meanwhile, Al exhibits optimal perfor-
mance in spatiotemporal sequence prediction for various appli-
cations such as environmental monitoring, disaster management,
medicine delivery, drone flying, urban planning, and aircraft for
vegetation indices [1]. These applications generate remote sens-
ing data by connecting services to satellites and placing them in
geographical areas within networks. Many aircraft sensors are
mounted on different drones and offload and download remote
sensing data in collaborative learning from other satellites during
their journey at various locations and times [2]. Al algorithms
such as generative adversarial network can forecast patterns and
sequences in remote sensing data from apps based on historical
data and determine future events for various applications [3]. The
Internet of Drone Things (IoDT) is an emerging technology that
provides multiple services in different areas, including surveil-
lance, traffic anomaly detection in aerial videos, atmospheric
reviers, location searching, disaster relief, and food delivery [4],
[S].

During the pandemic, remote sensing data-enabled drone
medicine delivery systems were implemented in urban cities [6],
[7], [8], [9]. Deep learning and machine learning with com-
puter vision techniques are implemented to record and store the
sensing data of bean cultivation, parcel delivery, traffic flaws
for decision-making. IoDT drones have many remote sensing
applications, e.g., crops and others, which are implemented at the
edge and cloud nodes, similar to previous studies [10], [11], [12],
[13], [14], [15]. Historical data such as forest, weather, regional,
and flood risk are collected to predict paths, locations, and
times with different objectives. The data has different diversity,
e.g., location, time, video, images, and numeric data, which is
collected from different drone sensors, satellites, edge nodes,
and cloud nodes for remote sensing processing. Therefore, due
to their multi-feature, non-linear data, deep learning has boosted
the performance of applications to extract features with more
accuracy.
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TABLE I
EXISTING WORKS ON REMOTE SENSING APPLICATIONS

Paper Data Methods  Nodes  Objective Score
[1] Spatiotemporal DL Node Find Path X
[2] Fusion Spatio ML Node Min.Delay X
[3] Fusion Spatio TL Node Accuracy X
[4] Spatio-temporal DL Node Security X
[5], [6] Spatio Temporal ~ CNN Node Accuracy X
[6] Fusion Spatio TL Cloud  Accuracy X
[7] satellite remote CNN Node Time X
[8]-[10] Location Spatio ML Node Accuracy X
[11], [16]  Data ML Node Accuracy X
[12], [13]  Locations ML Node Accuracy X
[14], [15] Land Angles ML Node Accuracy X
[17], [18]  Fusion Images ML Node Accuracy X
[19] UAV RFL Node Accuracy X
[20] Spatio Temporal ~ RFL Node Accuracy X
Proposed  Fusion Many Many Many v

However, existing systems pose research challenges or ques-
tions. The paper addresses two main challenges. Firstly, the cur-
rent Al-enabled drone medicine delivery system only prioritizes
accuracy and neglects time, deadlines, and resource constraints
related to sensing nodes. Secondly, placing sensing nodes, such
as satellites and others, requires a more efficient application
approach.

In this paper, we solve the challenges above and suggest
enhancing spatiotemporal sequence prediction for medicine
delivery on the IoDT using transfer learning of convolutional
neural networks (CNN) with remote sensing data. We consider
the multi-modal remote sensing data with the spatio-temporal
features from IoDT and satellite nodes. We aim to improve the
delivery pattern and minimize the time for IoDT applications in
the proposed framework. Therefore, with the multi-constraint
problem, we formulate this problem combinatorially with con-
vex and concave optimization. The paper makes the following
contributions:

® We present enhanced spatiotemporal sequence prediction
for amedicine delivery framework on the IoDT using trans-
fer learning convolutional neural networks with remote
sensing data.

e For the combinatorial problem, we present the offload-
ing spatio-temporal training and scheduling (OSPTS) al-
gorithm methodology that completes the data collection
process and medicine delivery in different locations.

® We present transfer learning for training multi-modal spa-
tiotemporal remote sensing data in medicine delivery drone
applications.

® We show a technique to use an explainable convolutional
neural network to train remote sensing data for the best
pattern and sequence prediction for the IoDT application
requirements.

The paper is organized in the following way: Section II
is about related work. Section III defines the problem formu-
lation. Section IV defines the methodology. Section V is the
performance evaluation and result analysis. Section VI is the
conclusion and future work.

II. RELATED WORK

This section discusses spatio-temporal remote sensing data
for sequence and pattern prediction in drone applications across

various cases. The cases are crop and medicine delivery, where
the data is trained on deep learning and Al algorithms.

We defined Table I to describe the existing studies with data,
methods, applications, nodes, objectives, and limitations. We
utilised various abbreviations, including machine learning (ML),
deep learning (DL), reinforcement learning (RL), and transfer
learning (TL), in conjunction with uncrewed aerial vehicles
(UAV5s) in their studies. The work in [1] presents a forecast-
ing vegetation and used deep learning and Al algorithms for
sequence and pattern detection based on spatiotemporal remote
sensing data in nodes. However, this work only discusses the
abstraction level of the spatiotemporal remote sensing data for
applications. The collaborative transfer learning for data fusion
of spatiotemporal data with land cover for different applications
is investigated in [2]. The data fusion is trained in the collab-
orative nodes for land cover changes applications. However,
collaborative schemes with resource constraints are unsuitable
because they require large amounts of data for training drones.

The adaptive spatiotemporal data fusion-enabled generative
adversarial network is suggested in [3]. The goal is to optimize
the data fusion pattern and sequence for remote sensing data
for drone applications. The anomaly detection in spatial and
temporal traffic data patterns based on transfer and unsupervised
learning for drone applications is discussed in [4]. Both known
and unknown anomalies are identified for both data and services
in the network. These studies [5], [6] extended the previous work
and proposed the STOPPAGE and secure river spatiotempo-
ral measuring for water calculation based on spatio temporal
distribution, detection, and detection in distributed lands data.
The land data is collected from remote sensing and placed at
different levels with cloud computing. This work [7] suggested
bean cultivation based on drone technology and satellite remote
sensing data that consisted of stochastic spatial and temporal
constraints for applications. However, the suggested CNN with
the fixed gradient vanishes the scheme and needs more accuracy
with nonlinear data.

These studies [8], [9], [10], [11], [12], [13], [16] presented
applications for air pollution, parcel, traffic, pasture, forest crop,
small object and soil in different trajectory locations, cropland
change detection and time-based on remote sensory data from
edge cloud satellites. Cropland change detection in remote sens-
ing is hindered by spatial heterogeneity and temporal noise,
leading to misaligned representations and erroneous change
identification has been investigated. These studies suggested
deep learning with different machine learning algorithms to train
both supervised and unsupervised data to detect the optimal
sequence pattern for data collection. The main objective of these
studies was to collect images from different locations with their
applications and design an accurate pattern for drones in the
spatiotemporal spaces of given networks.

The flood, regional monitoring, flood risk, australian torrential
event catelog and medicine delivery drone applications based
on remote sensing data are presented in [14], [15], [17], [18].
The primary goal of these studies is to deliver medicine to
flood-prone areas, torrential event catelog, determined flood
risk in regional monitoring where image data is collected from
satellites in real-time. All the studies presented different meth-
ods above. For instance, the remote sensing spatial-temporal
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scheme (RMSTS) for drone applications, the remote sens-
ing drone delivery scheme (RMSDDS), and the remote sens-
ing spatial-temporal transfer learning (RSSTTL). The primary
objective was to achieve the highest score and deliver the
medicine to the designated locations using the same informa-
tion. However, these works should have considered the time
factor more widely. These studies [19], [20] suggested that
machine learning and reinforcement learning enabled remote
sensing data collection and scheduling into different states to
increase reward scores and improve the accuracy based on the
score for UAV. Traditional light field (LF) image quality as-
sessment (IQA) methods have primarily relied on full-reference
(FR) or reduced-reference (RR) models, where pristine or par-
tial reference information is required to measure distortions;
however, such approaches, including PSNR, SSIM, and their
LF-oriented extensions, are often impractical in real-world sce-
narios where reference images are unavailable. To overcome
this limitation, blind image quality assessment (BIQA) tech-
niques have been widely developed for natural 2D images,
using either handcrafted statistical features (e.g., BRISQUE,
NIQE, CORNIA) or deep learning-based feature extraction to
capture perceptual distortions, though these methods are not
directly applicable to LF data due to its additional angular
and depth dimensions. Recent LF-IQA studies have attempted
to incorporate spatial-angular consistency, disparity maps, and
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Transfer learning-enabled system for drone medicine delivery based on SpatioTemporal remote sensing data in edge cloud networks.

epipolar plane images (EPIs) to better model perceptual quality,
but most existing approaches still depend on reference data
or overlook the joint structural and perceptual characteristics
of LF images. To address these challenges, Chai et al. [21]
proposed a blind LF quality evaluator that leverages group-based
representations and multiple plane-oriented perceptual fea-
tures, effectively bridging the gap between conventional BIQA
techniques and the unique requirements of LF image quality
assessment.

To the best of our knowledge, the transfer learning and
explainable CNN-enabled drone medicine delivery using spa-
tiotemporal data from real-time satellite images in an edge cloud
has not been studied yet. In this paper, we aim to improve
medicine delivery by achieving a higher execution ratio and a
higher success rate in the proposed system.

III. PROPOSED PLANT DISEASE DETECTION SYSTEM

We present the spatiotemporal framework comprising dif-
ferent processing mechanisms, e.g., application, management,
and node, as illustrated in Fig. 1. We consider the many parcel
delivery applications A that consist of different workflow tasks
and have precedence constraints on workflows.

We consider three nodes: local drones, edge nodes, and cloud
nodes. The local drone is directly connected to the edge nodes
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TABLE IT

SYMBOL NOTATIONS
Symbol | Description
A All drone applications
\% Total number of tasks of drone application a
v Particular drone application task
Vg Data of drone task v
R Collection of remote sensing data
Sr Spatio of remote sensing data
T Temporal data
tr Temporal of remote sensing data
U Remote sensing for tasks
C Collection of cloud computing
c Particular cloud node
€c Resource of cloud node
Ce Speed of cloud node
K Collection of Edge computing
k Particular edge node
€k Resource of edge node
Ck speed of edge node
M Collection of drone devices
m distinct drone node
€m Resource of drone node
Cm Speed of drone node
W(d,m,k,c] | Transfer learning on different nodes
P Total number of parameters
L Total number of layers

for parcel delivery, allowing it to access real-time and updated
satellite and spatial data. We demonstrate decision analysis at all
nodes, including local drone applications that make offloading
decisions and result analysis, edge nodes that make training
decisions based on collected data, and the cloud layer that makes
aggregation decisions using gradient training from edge cloud.
We updated the satellite real-time values at the edge nodes for
the drone application. The local edge nodes trained the pattern
of different drone data at run-time based on convolutional neural
networks and explained their decision at the softmax layer. The
edge nodes trained the local model using a gradient, in which
the source and destination patterns of the drones are trained with
higher efficiency. The transfer learning is integrated between
edge nodes and cloud computing for the gradient aggregation
and sends back the aggregated model to the edge nodes. The
optimal results are shared with the drone applications after the
completion of the workflow process.

The preliminary task of the drone application is to offload
parcel data from the source to the destination, where location
data about the destination is collected from remote sensing
nodes. Therefore, there are many scenarios of remote sensing
data, such as data collection from satellites and processing
them for location searching, parcel delivery, and surveillance.
Therefore, for each workflow, we discuss the various scenarios
based on remote sensing data in our framework. All workflow
applications consist of dependent tasks, meaning each task
depends on the previous tasks. In this framework, the process
involves a sequential delivery of medicine through IoDT.

‘We consider the combinatorial problem; therefore, offloading
and scheduling are the key methods. In offloading, all the parcels
are initialized and delivered to the destinations. The offloading
method is implemented at the drone application layer, where the
decision is made whether data processing is to be offloaded. This

decision concerns data sharing and training, where local drone
devices have limitations due to resource constraints and cannot
run and train on Big Data locally. We employed an explainable
CNN architecture at the softmax layer to train the drone delivery
data with satellite inputs. The explainability was ensured by
integrating post-hoc interpretation methods to highlight how
the model makes decisions. Specifically, we generated attention
maps and feature activation visualizations (e.g., Grad-CAM and
saliency maps) to identify the spatiotemporal features most
relevant to drone path planning. These visualisations clearly
demonstrate which critical regions in the satellite images influ-
enced the CNN during the decision-making process for medicine
delivery. For example, areas such as road networks, open fields,
and no-fly zones were highlighted as dominant features.

A. Problem Formulation

Table IT defines the mathematical notations of the problem
formulation. We consider the A number of workflow appli-
cations in the proposed framework, e.g., A ={a =1,... A}.
Each workflow application consisted of tasks and tuples, e.g.,
a={v,e,d,...,V,E, D}, where V is the workflow tasks, E is
the number of communication points between tasks, and D is
the original and shared data of the tasks. We collected spatiotem-
poral information from various sources, including location and
destination-related data, as well as remote sensing data such as
edges and clouds. We consider D multi-source data fusion in
our framework, where d is the distinct data for the particular
source for drone application. We consider different sources of
information providers, e.g., S, where each piece of information
is embedded in the cloud and edge nodes and represented by s,
l, t, and d tuples. We defined the notations as follows: s is the
source, [ is the location, ¢ is the time series temporal, and d is
the data.

B. Mathematical Problem Formulation

Mathematically, we formulate the research problem as fol-
lows. Let V' be the set of tasks, M local drone devices, K
edge nodes, and R cloud nodes. Parameters: ¢,, e,,, 7, are com-
pute workloads (cycles) for local/edge/cloud phases of task v;
Uy, d,y are upload/download bits; (,,, (x, (, are fixed service
rates (cycles/s); Upmi, Upmsr, Down, i, Down,y,, are link ca-
pacities (bits/s); D,, is the deadline of v. Decision variables:
Toms Yok, Zor € {0, 1} (assignment), with . + . + 2,. = 1;
auxiliary routing binaries w™*, and w™" indicate an offload
path m—k or m—r for task v; o, € {0,1} flags whether v
offloads (edge or cloud). Scheduling variables S}, C, represent
start/finish times of each phase e € {loc, up, rem, down}; C,, is
the final completion time. Big-M denotes a sufficiently large
constant.

We determine the initial drone processing time to start tasks
on the local drone devices in the following way:

Local = Z Z Tom Cci, @)

veV meM m
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which determines the local processing time contribution across
all drone tasks. Each x,,,,, selects the device m that executes v’s
local phase.

We determine the offloading time as follows.

m d’u
Offload = > [ > wmfk<Up o Downmk>

veV LmeM keK
+ 3 ol (gpe * Do) | @
vmr Down,y,,
meM reR

which determines the upload/download time on the selected
wireless links. The bilinear coupling between where the task was
local (m) and where it executes remotely (k or r) is captured by
the binaries w (linearized below).

We collect the edge sensing data from different edge nodes
and execute it in the following way:

Edge = > > yvk 3)
veV keK

which determines remote processing at edge nodes.
We collect the remote sensing data from different cloud nodes
and execute it in the following way:

Remote = Z Z Zor 7’ 4)
veV reR T

which determines remote processing at cloud nodes.
We determined the per-task phase timing and precedence in
the following way:

Cloe — gloe ng— 5)
m
u
CUP = % 4 Zwmk Up 2 me (6)
C;em _ Srem + Z yvk + Z Zur Sdown Cir)em’
(7)
Cdown Sdown +Z w™ dy 4 w™r dy .
”mk Down,, YT D own g,

m,r

(®)

We determined the total time for all tasks in the following way
(with local-only vs. offloaded completion gated by o,):

0w = > Yok, 00 = Yz, 0y €{0,1},
k T
C, < C*™ L M(1-o0,), C, < C4+ Mo,
Time =» C,, Cy,>0. 9)
veV

We assume the score is the reward when all tasks are executed
under their deadlines:

sv€{0,1}, C,<D,+M(1~s,), Score=)» s,

veV
(10)

which activates s, = 1 only if task v completes by its deadline
D,.

We explicitly capture resource contention and non-overlap
(combinatorial structure) in the following manner. For any two
distinct tasks v # w assigned to the same compute or link
resource, one must precede the other:

LocalCPU(m) :

gloc > loc  gloc ~, ~loc bL c {0 1}
EdgeCPU(k) :

Srem > Crem’ Slru?m > C;em Mbvwk:’ ka c {0 1}

CloudCPU(r) :
Srem > Crem Srem > Crem bc G {0 1}
Uplink(m—k,r) :

Sgp > C’E}P - (1 - bvw[) Szli)p 2 CEP - vwl)»

Downlink(m<#k,r) :

SU > O M1 bD,), S > O D,
(1D

where ¢ indexes a specific link; each pair of tasks sharing a re-
source gets a binary order variable b. These constraints ensure no
overlaps and explicitly model contention. The routing binaries
linearize the coupling between local and remote choices:

k
wvmmk Z Tym + Yok — 1

€ {0,1}.
(12)

We consider the objective functions as a combinatorial problem
that (i) maximizes rewarded completions and (ii) minimizes
total completion time. The maximization is determined in the

following way:
max Z Su)

which determines the maximum score during offloading and
scheduling. We consider the minimization function as a convex
(linear) objective on the continuous relaxation; we determined
it in the following way (used either as Stage-2 given (13), or
jointly via (-scalarization):

mmZC’v,maxﬁZSU— 1-0

veV

mk p mk
Wymk < ZTym, Wymk < Yok

mr
wvmr S Lym, S Zury wvmr Z Loym, + Zyr — 17

13)

Cy
N 1|.
; maxy Dy €0, ]
(14)

which optimizes the total time of applications while preserving
the primary goal of meeting deadlines.
a) Justification of the combinatorial structure and con-
vex/concave aspects:
¢ The interdependencies arise from (a) precedence (8), (b)
exclusive use of shared CPUs and links (11), and (c)
coupled routing/placement (12). These yield integer (bi-
nary) decisions and disjunctive constraints, hence a mixed-
integer linear program (MILP).

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on March 10,2026 at 02:51:08 UTC from IEEE Xplore. Restrictions apply.



424 IEEE TRANSACTIONS ON CLOUD COMPUTING, VOL. 14, NO. 1, JANUARY-MARCH 2026

e The score objective Y s, is linear (both convex and con-
cave). Maximizing it is a concave optimization over the
continuous relaxation, but integrality makes the overall
problem combinatorial.

e The time objective Y C, is linear; together with linear
precedence and non-overlap (via big-A/), the continuous
relaxation is aconvex polyhedron. Thus, the convex proper-
ties are exploited in bounding/relaxation, while integrality
enforces combinatorial scheduling.

° Cy €y Ty Uy dy
The terms and U5 Down

[t are linear because
rates are fixed parameters. If one wishes to model band-
width sharing or DVFS (rate as a decision), the result-
ing time = work/rate becomes convex; it can be handled
via piecewise-linear convex approximations or SOCP, and
plugged into (8) unchanged in spirit.

All symbols used above are now explicitly defined, overlap-
ping tasks are prevented, link/CPU contention is enforced, and
deadlines/scores are encoded with indicator binaries providing
arigorous optimisation framework consistent with the proposed
formulation.

IV. PROPOSED OSPTS ALGORITHM-BASED METHODOLOGY

This paper presents the OSPTS algorithm-based methodol-
ogy, which is designed to optimize drone-assisted applications
through the integration of three essential schemes: offloading,
training, and scheduling. The methodology addresses the grow-
ing need for efficient computation and intelligent decision-
making in drone ecosystems, particularly in domains such
as medicine delivery, surveillance, environmental monitoring,
and disaster management. To achieve this, we formulate the
scheduling and offloading process as a combinatorial optimiza-
tion problem, where the primary objective is to determine an
optimal allocation of resources across heterogeneous nodes
while meeting stringent quality of service requirements. The
solution is obtained by leveraging advanced search techniques
and convolutional neural networks (CNNs), which play a crucial
role in analyzing the large-scale data collected by drones and
in informing scheduling decisions with predictive intelligence.
Furthermore, the OSPTS methodology is systematically divided
into distinct phases, where each phase is carefully defined to
capture a particular aspect of drone operations: the offload-
ing phase ensures efficient utilization of edge, fog, and cloud
nodes; the training phase incorporates transfer learning and
model updates for accuracy improvements; and the scheduling
phase applies knapsack-based optimization to balance profit,
deadlines, and resource constraints. We define the OSPTS
algorithm methodology with all schemes in the following
subsections.

A. Drone Task Initiation and Offloading Scheme

The proposed Drone Task Initiation and Dynamic Offloading
Scheme ensures that computationally intensive tasks generated
by drones are executed efficiently through the dynamic selection
of local, edge, or cloud execution. Initially, each drone task
v € V is characterized by its computation demand 6,,, execution
deadline 9,, and data size s,. The scheme first estimates the

local execution time 7"'°°? for processing the task on the drone
using (1). For potential offloading, the algorithm dynamically
evaluates all available edge nodes k € K and cloud servers
¢ € C by considering their respective communication band-
widths (, resource availability R, and network latencies L. For
each edge node, the offloading delay Tg}’,;f tead i computed as
the sum of the transmission time 27 and the computation time

%, while the overall cost is determined through a weighted

function Costy, = aLedge(k) + ﬁTvoéflO“d, where o and 3
control the balance between latency sen,sitivity and computation
efficiency. Similarly, for cloud servers, the offloading delay
T,,?f;f tead and cost Cost, . are calculated by incorporating (.,
Reioud(€), and Lejoua(c). The scheme dynamically compares
these costs across all edge and cloud options, selects the node
with the minimum cost, and updates its available resources
after allocation. Finally, a local versus offloading trade-off is
applied: if the local execution time 7°°®! is lower than the
minimum offloading cost, the task is executed directly on the
drone; otherwise, it is offloaded to the best-selected edge or
cloud node. In this way, the offloading scheme not only bal-
ances latency, bandwidth, and computational resources but also
ensures that drones adaptively decide the most suitable execution
environment for each task under dynamic network and resource
conditions.

We design a dynamic offloading algorithm based on socket
programming rules, where all local drones are connected to
servers that act as edge nodes and cloud nodes located at different
sites for distributed task execution. The proposed scheme en-
ables drones to process customer, parcel, source, destination, and
delivery data locally while establishing connections with remote
edge and cloud servers for tasks that require higher computa-
tional power or global coordination. For example, in a medicine
delivery scenario, the drone initially determines the local pro-
cessing time 7°°* using (1) and evaluates whether offloading is

beneficial by computing the transmission delay % and execution

delay % at each candidate node. Unlike static schemes, the

proposed dynamic offloading approach continuously evaluates
multiple edge and cloud servers based on resource availability,
network latency, and task deadlines. A cost function, C'ost =
a X Latency + B x Of floadingTime, is used to compare all
possible options, and the server (edge or cloud) with the mini-
mum cost and sufficient resources is selected as the execution
node. If no remote server can provide a better response time than
local execution, the drone completes the task locally; otherwise,
it offloads to the optimal edge or cloud server. In this way, the
offloading decision O f floading[v, m, d] is no longer limited to
a binary wait-or-execute state. Instead, it represents an adaptive
strategy that dynamically allocates tasks to the most efficient
execution environment. After each offloading decision, server
resources are updated to reflect current availability, ensuring
that subsequent tasks are scheduled reasonably and efficiently.
Thus, Algorithm 1 not only supports real-time socket-based
connectivity between drones and servers but also minimizes
overall latency, balances load across distributed resources, and
ensures reliable and timely medicine delivery through adaptive
task scheduling in Internet of Drone Things (IoDT) networks.
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Algorithm 1: Drone Task Initiation and Dynamic Offload-
ing Scheme (OSPTS).

Algorithm 2: Transfer Learning Training, Aggregation, and
Explainability Based on CNN Among Drone Edge Cloud.

1: Input: V (set of tasks), D (drones), C' (cloud servers),
K (edge nodes), M (available resources)

2: Output: Offloading decisions and execution results

3: Initialize resource availability: Reqge (k). Reioud(c)

4: Initialize latency parameters: Legge (k). Leioud(C)

5: for each task v € V do

6: Collect task requirements: computation demand 6,,

deadline ¢, data size s,

7:  Estimate local drone processing time 7°“* using (1)
8: Initialize best_node < null, min_cost < oo
9: for each edge node £ € K do
10: Compute Tg(iﬂoad =&+ m
11: Compute overall cost:
Costy ; = aLegge (k) + ﬂTﬂ,ﬂoad
12: if Cost, ; < min_cost and R4 (k) sufficient
then
13: best_node < edge(k), min_cost <— Cost, i,
14: end if
15: end for
16: for each cloud server ¢ € C' do
17: Compute Tg4 toed = =+ #“d(c)
18: Compute overall cost:
COStU,c = O‘Lcloud(c) + /BTg,J;fload
19: if Cost, . < min_cost then
20: best_node < cloud(c), min_cost <— Cost, .
21: end if
22: end for
23: if o < min_cost then
24: Execute task v locally on drone
25: else
26: Offload task v to best_node
27: Update Regge/croua(best_node) after allocation
28: end if
29: end for
30: End

B. Transfer Learning Training and Aggregation Based on
CNN Among Drone Edge Cloud

In our system, we collect remote sensing data related to
lands, locations, and drone positions from different satellites
attached to edge and cloud nodes. Therefore, remote sensing
data is crucial for completing the goal of drone tasks in medicine
delivery, from source to destination. We utilize various remote
sensing data sources and employ a transfer learning strategy to
connect all servers, enabling them to collect and train data for
drone medicine delivery tasks.

For transfer learning, we connect all nodes using socket
programming, ensuring that all nodes share the same operating
system and interoperability to support the execution of task
bytecode and compiled code. The decision node, added to the
edge node, gathers trained and checked data from various nodes
to make decisions about scheduling and predicting the best
order for delivering medicines throughout the system. Transfer

1: Offloading[v, m, d]
2: Initialize pre-trained CNN model weights
W[7 R’ D? m7 C’ k]
3: Load pre-trained CNN model at local devices
4: Establish a socket connection among nodes
5: Apply convolutional layers on sensing data and drone
inputs
6: Initialize new weights W'
7: Load new dataset D, R for all tasks
8: Fine-tune the aggregated model on datasets D and R
using backpropagation
9: Extract spatio-temporal features for decision-making
10: Apply Grad-CAM at the CNN softmax function to
visualize critical regions influencing delivery
11: Generate saliency maps for feature importance validation
12: Share trained temporal and spatial dataset among nodes
C,K,and M
13: Call knapsack scheduling Algorithm 3 with all
components
14: Update weights W and W using gradient descent
15: return Fine-tuned and explainable CNN model V', D,
and R with visualization outputs

learning enabled nodes to train, test, and validate data based on
an explainable CNN.

Algorithm 2 determines the training of spatial-temporal data
on different nodes and combines them to form the aggregated
node. The model trains temporal, spatial, and drone task data
based on specific criteria, with each node applying CNN layers
locally. Communication between nodes is maintained through
socket protocols, as described in steps 1-5. After fine-tuning
with backpropagation, we introduce explainability at the CNN
softmax layer. Specifically, Grad-CAM is applied to highlight
the critical spatio-temporal regions in satellite and drone data
that influence decision-making (e.g., road networks, no-fly
zones, and open fields). Saliency maps are also generated to
validate feature importance and visually explain how the CNN
prioritises input data during training. These visualisations ensure
the interpretability of the model’s decisions. The trained and
explainable model is then shared among nodes, and the knapsack
scheduling algorithm is applied to optimise scheduling scores
and minimise processing time. Finally, all model weights are
updated using gradient descent (steps 10-14). The algorithm
thus provides both performance efficiency and transparency in
drone delivery applications.

C. Knapsack Scheduling

We present the adaptive knapsack scheduling algorithm to
schedule tasks across different nodes, aiming to complete all
tasks as shown in Algorithm 3. In this algorithm, we explicitly
formulate the scheduling of tasks as a knapsack-based opti-
mization problem, where each task v € V must be assigned
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to a computing node (m, k,c¢) under strict resource and tim-
ing constraints. For each task, we define the profit function
profit(v, m, k, ¢) as the accuracy gain or computational ben-
efit achieved when the task is executed on node (m,k,c),
particularly considering improvements obtained from transfer
learning models trained on similar data, while the cost function
cost(v, m, k, ¢) represents the required consumption of hetero-
geneous resources such as CPU cycles, memory, bandwidth,
and energy. The scheduling objective is therefore to maximize
the overall gain-to-cost ratio, subject to the knapsack capac-
ity constraints ) _y, cost(v,m,k,c) < €y 1, for all nodes,
where €, 1. denotes the available capacity of resources on
each node. For every task, the algorithm evaluates whether it
can be feasibly placed on a node without violating deadline
constraints 7, and residual resource budgets. If so, it com-
putes the combined scheduling score as Score(v,m,k,c) =
pmm(v’m’k’ig({ )Tfn {f;}mOdElm”“'c) , where fr; denotes the accu-
racy or performance gain achieved through transfer learning on
dataset D,, with the available pre-trained model model,, j,... The
task is then mapped to the node that maximizes this score, and
the resource capacity of the selected node is updated accordingly
to reflect the consumed resources. If no feasible node exists for
a task due to either capacity exhaustion or deadline violation,
the task is offloaded to the cloud as a backup mechanism to
ensure reliability. This integrated approach simultaneously con-
siders task offloading, transfer learning benefits, and scheduling
constraints, thereby transforming the resource allocation prob-
lem into a well-defined combinatorial knapsack optimization
problem that explicitly accounts for deadlines, heterogeneous
resource limits, and learning-based execution gains.

For scheduling, we consider a heterogeneous computing envi-
ronment that includes drones, edge nodes, and cloud servers, and
we sort out all available nodes based on their residual capacities
and suitability for task execution. Each task is evaluated against
these nodes to identify the best allocation option that meets the
required quality of service (QoS) constraints during the delivery
of medicine from source to destination. The primary objectives
of this scheduling process are to maximize the overall scheduling
score by considering both profit and transfer learning gain, to
minimize the processing and response time of tasks, and to
reduce the overall resource consumption during execution. In ac-
cordance with Algorithm 3, steps 1 to 10 correspond to the evalu-
ation phase, where tasks are matched with candidate nodes based
on the knapsack constraints, ensuring that capacity, deadline, and
resource limitations are respected. The algorithm then iteratively
assigns tasks to the most suitable nodes until the available task set
is depleted. Steps 11 to 16 represent the termination phase, where
unscheduled tasks (v = 0) are either offloaded to the cloud as a
backup option or discarded if infeasible, thus guaranteeing that
no pending tasks remain without consideration. This approach
ensures efficient task placement across drones, edge, and cloud
nodes, optimizing both performance and energy efficiency in
critical medicine delivery applications.

V. PERFORMANCE EVALUATION

We integrated the proposed system, which is based on differ-
ent programming languages, into the performance evaluation.

Algorithm 3: Knapsack-Based Offloading, Transfer Learn-
ing, and Scheduling of Tasks.

Require: Task set V' = {vy, va,...,v,}, Node set
C, K, M, resource capacities €,, j ., deadlines 7}, data D,
Ensure: Optimal assignment of all tasks to computing nodes
1: Define Knapsack Problem:
2: For each task v € V/, define:

profit(v, m, k, ¢) = accuracy transfer learning offloading
cost(v, m, k, ¢) = resource usage (CPU and more)

3: Knapsack capacity constraint for each node (m, k, ¢):

Z cost(v,m, k,c) < € ke
veV
4:forv € V do
5: Initialize BestScore + —oo, BestNode + )
6 forme M,k € K,ce Cdo
7 if cost(v,m, k, ¢) <epm .. and deadline(v) <T,
then
8: Compute transfer learning gain:

gain(v, m, ka C) = fTL (D1)7 moczelm,,k,c)

9: Compute scheduling score;
10: Score(v,m,k,c) =
profit(v,m,k,c)+gain(v,m,k,c) .
cost(v,m,k,c) ’

11: if Score(v, m, k,c) > BestScore then
12: BestScore < Score(v,m, k,c)

13: BestNode + (m, k, c)

14: end if

15: end if

16: end for

17:  if BestNode # () then

18: Assign task v to BestNode

19: Update resource capacity:

€BestNode < €BestNode — COSt(U, BeStNOde)

20: else

21: Offload task v to cloud (backup option)
22: end if

23: end for

We analyzed and defined the different datasets with differ-
ent values. The simulation environment is configured based
on different parameters such as languages, runtime, operat-
ing system, simulation time, repetition, and others, as shown
in Table III.

There are many simulation parameters configured in the
simulation. However, we mention only beneficial parameters
in Table III. The simulation was implemented in Java, Python,
and C on an x86 platform. We employed 20,000 drones to de-
liver 20,000 parcels to 200,000 customers using a client—server
socket-based communication framework. Each drone was mod-
eled as a flying UAV carrying up to 3 kg of medicine packages.
The simulation ran for 5 hours, with each experiment repeated
10 times to ensure consistency and statistical reliability of the
results. The most relevant simulation parameters are summarised
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TABLE III
SIMULATION PARAMETERS
Notation Description
Languages JAVA, Python, C
Platform X86
Drone Type Flying Drone
Simulation time 5 hours
Repetition 10 times
Medicine Packages 3KG
Socket Client Server
Drones 20000
Parcels 20,000
Customers 20,0000

in Table III, while other configurations (e.g., environmental
factors, network variations) were kept constant to isolate the
effect of our optimisation approach. These choices were made
to strike a balance between computational cost and realistic
drone delivery scenarios, enabling fair comparisons with exist-
ing baseline methods. By optimizing offloading time, scheduling
time, and training accuracy, and validating performance through
the delivery success rate, our approach achieves the highest
score when parcels are delivered successfully from source to
destination, demonstrating its superiority in both computational
efficiency and practical applicability.

A. Spatial Temporal Datasets

In this paper, we consider and analyze different kinds of
datasets, e.g., drone medicine delivery data, customer sender and
receiver data, package data, and drone information. However,
time and spatial location data are collected from different nodes,
e.g., edges and point clouds, on various satellites. The point
cloud collects the sender and receiver images used within the
drone application for medicine delivery from the source to the
destination.

Table IV presents the remote sensing datasets commonly used
for drone-based applications, including their resolution, sample
size, and preprocessing methods. Aerial and satellite imagery
differ in temporal dynamics, with aerial images providing static
high-resolution frames and satellite imagery offering dynamic
coverage at daily or weekly intervals. LIDAR captures dense 3D
point clouds, which undergo noise removal and down-sampling
to improve efficiency. Hyperspectral and thermal datasets pro-
vide complementary spectral and temperature features, which
are preprocessed through band selection, normalisation, and
calibration. Radar-based data (SAR and GPR) contribute both
surface and sub-surface information, filtered and aligned for
clarity. To enable robust model training, multi-modal data are
fused through spatial and temporal alignment. Imagery is geo-
referenced with LiDAR point clouds, while hyperspectral and
thermal features are co-registered using pixel-level alignment.
Radar data are integrated via coordinate transformation, en-
suring that features across modalities correspond to the exact
spatial locations. This fusion provides a comprehensive dataset
for drone-based sensing and decision-making.

Table V shows the data delivery dataset of drones from source
to destination with different parameters. The drone number
D is defined in the datasets. We exploited the 25000 drone

V=1000 Spatial Temporal Location and
504 Training
V=1000
V=000 V=1000
15 A
<
o
b
10 A
54
0 . . . .
& P 0‘9 G
6;2 ng‘) QS‘\(_)O Qé;é
Comparing Methods

Fig. 2. Static offloading score medicine delivery based on point edge cloud.

numbers with V' = 25000 number of tasks in the dataset and
implementation.

Table VI presents the data package size, along with details of
the customer, consumer, and receiver. It also shows the type of
drone carrying the medicine, along with the original information
needed to reach accurate locations while traveling through the
network.

B. Result Analysis and Discussion

In this paper, we implement different baseline approaches
as state-of-the-art comparison methods and propose schemes.
For instance, RMSTS (remote sensing spatial-temporal scheme)
[14] for drone data related to regional monitoring and appli-
cations, RMSDDS (remote sensing drone or different delivery
scheme and monitoring schemes) flood risk on remote sensing
data but application could be the drone and differents [15],
and RSSTTL [17], [18] australian toreential event catalog and
wheat growth monitoring. We assigned the different names to
the baseline approaches and assumed them, they have used the
data of remote sensing with the drone and applications.

Static offloading demonstrates that we schedule all tasks
based on the available values of training data and computing
nodes, and execute tasks within the given deadlines.

Fig. 2 shows the performance of local processing drone
tasks related to medicine packages, sender, and receiver data
without including real-time location and time in the network.
We determined the local processing time based on the initial
registration of the medicine within the local IoDT application,
utilising socket programming, which recorded data related to
the parcel, sender, and receiver, along with the provided in-
formation. Initially, we experimented with 2000 drone tasks
for medicine delivery during simulation, e.g., V' = 2000. We
determined the score best based on the prediction sequence
for meeting the deadline for task completion, and executed all
tasks with a success ratio during execution. Fig. 2 shows that
OSPTS scored higher than RMSTS, RMSDDS, and RSSTTL.
The primary reason is that we trained the remote sensing data on
different edge nodes and point clouds simultaneously to enhance
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TABLE IV
TYPES OF REMOTE SENSING DATA FOR DRONE APPLICATIONS WITH RESOLUTION AND PREPROCESSING
Dataset Type Example Modality Spatial Resolution Temporal Resolution Sample Size Preprocessing Steps
Imager Aerial Imagery 5-30 cm/pixel Static 10k+ images | Geo-referencing, normalization
gery Satellite Imagery 0.3-10 m/pixel Dynamic (daily/weekly) | 50k+ images Cloud removal, resampling
LiDAR 3D Point Clouds cm-level accuracy Static SM+ points Noise removal, down-sampling
Hyperspectral Spectral Signature 5-30 m/pixel, 200+ bands Static 2k+ cubes Band selection, normalization
Thermal Temperature Distribution 10-50 cm/pixel Static 8k+ frames Calibration, denoising
Radar Synthetic Aperture Radar (SAR) 1-10 m/pixel Dynamic (hours—days) 20k+ images | Speckle filtering, normalization
Ground Penetrating Radar (GPR) Sub-surface cm-level Static 1k+ profiles Signal filtering, alignment
TABLE V
DRONE LOCATIONS AND POINTS FOR MEDICINE DELIVERY
50 1
i i V=25000
Drone Location (X, Y) | Points (X, Y) Trained Data of Edge and Point Cloud w'
Drone 1 Source (10, 20) 40 1
Destination (50, 60)
Drone 2 Source (15, 25) ¢ | V=i
Destination (45, 55) 3
Drone 3 Source (20, 30) V=25000 VS0
rone Destination (40, 50) 201
B I e e T e T e T
35 V=2000
) O & o ~
Workflow Tasks from Source To & 3© f,Oo ‘56
30 =t s 3 < S @
Destination with Completion <
25 4 Medicine Delivery Methods
V=2000 V=2000
G 201 Fig. 4. Updated training remote sensing data and higher score medicine
V=2000 ; .
15 4 delivery based on point edge cloud.
10 A
54
0 T T T T . .. . .
& & & & good paths to get the optimal score for medicine delivery in
< S
& & & & networks.
" Fig. 4 sh he runtim f rem nsin n
Comyruring Mathods g-4s ows't eru t. le updaFe of ren ote se sing data and
scheduling during medicine delivery with the highest score
Fig.3. Dynamic offloading score medicine delivery based on point edge cloud. prediction. The drone path is updated with the path of medicine

the accuracy and score of drone medicine delivery, with optimal
spatial sequence prediction from source to destination. Training
different remote sensing on other nodes with more specifications
is more optimal as compared to a point cloud. Existing studies
have only trained data based on point cloud remote sensing
data, resulting in fewer scores when tasks were not met, or the
completion ratio was low during execution.

Offloading means that the drone application initiates the task
of delivering medicine from a specific location to the desti-
nation. In dynamic offloading, remote sensing nodes, such as
point cloud and fog nodes, collect data along different paths,
allowing drones to navigate with less processing time and higher
accuracy of completion without any harm. Fig. 3 shows that
OSPTS scored higher than RMSTS, RMSDDS, and RSSTTL.
The primary reason is that we trained the remote sensing data
on different edge nodes and point clouds simultaneously to
enhance the accuracy and score of drone medicine delivery, with
optimal spatial sequence prediction from source to destination.
The training on different cloud and edge nodes aggregated
on the decision node, where dynamic data generated many

delivery in the baseline model W. In contrast, the updated model
W' has the optimal path and optimises the score more than
the previous model. Fig. 4 shows that OSPTS scored higher
than RMSTS, RMSDDS, and RSSTTL. The primary reason is
that we trained the remote sensing data on different edge nodes
and point clouds simultaneously to enhance the accuracy and
score of drone medicine delivery, with optimal spatial sequence
prediction from source to destination.

The time in Fig. 5 shows when the first processing starts for
drone tasks, and trained data is downloaded from the decision
node to find the best timing and sequence pattern for delivering
medicine in the network with the highest score and the least
amount of time spent on it. Fig. 5 shows the spatial-temporal
training of data across different statuses, including initially
loaded datasets and updated, dynamic datasets for medicine
delivery from source to destination. The trained data has an
optimal path, a sequence of source and destination patterns,
and accurate information about locations across different geo-
distributed areas. This helps drones navigate with a higher
score ratio and less processing time, as shown in Fig. 5. Fig. 5
shows that OSPTS scored higher than RMSTS, RMSDDS, and
RSSTTL. The main reason is that we trained the remote sensing
data on different edge nodes and point clouds together to improve
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TABLE VI
DRONE MEDICINE DELIVERY DETAILS

Customer | Consumer/Provider | Medicine Package Size | Drone Type | Source-Destination

Consumer Small Quadcopter Source: (10, 20)
John Destination: (50, 60)

Provider Large Octocopter Source: (15, 25)
Destination: (45, 55)

Alice Consumer Medium Hexacopter Source: (20, 30)
Destination: (40, 50)
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Fig. 5. Initial processing time and offloading time.
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processing time and the drone medicine delivery score, with
optimal spatial sequence prediction from source to destination.

Fig. 6 establishes the initial processing duration, where drone
assignments commence their execution, and processed data is
downloaded from the decision node to determine the optimal
temporal and sequential patterns for medicine delivery, aiming
for the highest score and reduced execution time within the
network. The spatial-temporal training depicted in Fig. 6 encom-
passes various states, locally trained data, and updated point and
cloud datasets, tailored for medicine delivery from the source
to the destination. The trained data encapsulates the optimal
path, sequential pattern of source and destination, and precise
location information across diverse geographically distributed
areas, aiding drones in navigation with a superior score ratio

Bl OSPTS
B RMSTS
s RMSDDS
s RSSTTL

204

10 4

Transfer Learning Sequence Prediction Time (Minutes)
8
|

V=25000 V=25000 V=25000 V=25000

Number of loDT Drone Tasks

Fig. 7. Knapsack transfer learning scheduling for trained CNN-based IoDT
task execution.

and decreased processing time, as depicted in Fig. 6. Notably,
Fig. 6 illustrates that OSPTS outperformed RMSTS, RMSDDS,
and RSSTTL. This superiority stems from training on remote
sensing data across different edge nodes and integrating point
clouds, thereby enhancing processing time and the score of drone
medicine delivery through optimal spatiotemporal sequence
prediction from source to destination. The point cloud and edge
data exploited transfer learning and shared their updated weights
with a more accurate, optimal sequence pattern across different
spatiotemporal data for drone applications.

We suggest knapsack scheduling, where all nodes execute
the drone IoDT based on their resource availability, train the
spatial-temporal data using a CNN, and share the results with
the decision-aggregation node for final execution. Every node
downloaded the trained model from the aggregated node for
scheduling and executed all drone task jobs with the minimum
processing time and highest score, as shown in Fig. 7. Whereas
Fig. 7 demonstrates the superior performance of OSPTS over
RMSTS, RMSDDS, and RSSTTL. This benefit comes from
training remote sensing data across different edge nodes and
combining point clouds. This reduces processing time and en-
hances the efficiency of drone medicine delivery by predicting
the optimal spatial and temporal sequence from the source to the
destination. Leveraging transfer learning, the point cloud and
edge data collaboratively share their updated weights, resulting
in a more accurate and optimal sequence pattern that incorpo-
rates various spatial-temporal data for drone applications.
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VI. CONCLUSION AND FUTURE WORK

This paper examines the use of drone technology for effi-
cient medicine delivery across diverse locations by leveraging
spatiotemporal remote sensing data collected from satellites,
point cloud sources, and edge nodes. We introduced a Transfer
Learning-enhanced spatiotemporal remote sensing training sys-
tem integrated with the OSPTS algorithm to optimize medicine
delivery tasks within the Internet of Drone Things framework.
By modeling the problem as a combinatorial optimization
challenge, the system utilizes search algorithms, CNNs, and
transfer learning to improve data collection, task scheduling,
and delivery efficiency. Simulation outcomes confirm that the
proposed approach achieves higher delivery success rates, re-
duced processing times, and improved overall performance
compared to existing methods. Despite these promising results,
the system is subject to several limitations. Beyond the issues
of service availability, resource costs, and security risks previ-
ously mentioned, there are additional constraints that must be
acknowledged. Environmental factors such as adverse weather
conditions (e.g., heavy rain, wind, or storms) can significantly
impair drone performance and reliability. Moreover, the large-
scale deployment of drone-based healthcare systems raises con-
cerns about data privacy and confidentiality, particularly when
handling sensitive medical information. Energy consumption,
battery limitations, and air traffic management further represent
operational challenges that were not fully addressed in this
work.

Future work will focus on addressing these limitations by
incorporating stronger security protocols and privacy-preserving
mechanisms to protect sensitive medical and delivery data.
To enhance operational resilience, future extensions will ex-
plore adaptive models that account for environmental variabil-
ity and uncertain weather conditions. Additionally, we aim
to integrate energy-efficient scheduling policies and battery
optimization techniques to extend drone flight time and cov-
erage. On the computational side, refining the data training
process through federated learning and edge-cloud collabora-
tion will further reduce latency and resource overhead. Lastly,
developing standardized regulatory frameworks for large-scale
drone deployment in healthcare logistics remains an open and
vital area for future exploration. Overall, this work provides
a foundation for advancing intelligent, secure, and resilient
medicine delivery systems using drones, while highlighting
critical areas where continued research is essential for real-world
implementation.

DATA STATEMENTS

We have utilised various types of datasets, includ-
ing remote sensing, drones, point clouds, and edge
data. The drone datasets can be found here: https:

/Iwww.kaggle.com/datasets/dasmehdixtr/drone-dataset-uav
and https://www.esri.com/en-us/arcgis/products/arcgis-
reality/resources/sample-drone-datasets.
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