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Abstract

The growing use of unmanned aerial vehicles (UAVs) for real-time video surveillance
in smart city and smart region infrastructures requires reliable and delay-aware data
transmission models. In urban environments, UAV communication links are subject to
stochastic variability, leading to jitter, packet loss, and unstable video delivery. This paper
presents a novel approach based on the Graphical Evaluation and Review Technique (GERT)
for modeling the transmission of video frames from UAVs over uncertain network paths
with probabilistic feedback loops and lognormally distributed delays. The proposed model
enables both analytical and numerical evaluation of key Quality-of-Service (QoS) metrics,
including mean transmission time and jitter, under varying levels of channel variability.
Additionally, the structure of the GERT-based framework allows integration with artificial
intelligence mechanisms, particularly for adaptive routing and delay prediction in urban
conditions. Spectral analysis of the system’s characteristic function is also performed
to identify instability zones and guide buffer design. The results demonstrate that the
approach supports flexible, parameterized modeling of UAV video transmission and
can be extended to intelligent, learning-based control strategies in complex smart city
environments. This makes it suitable for a wide range of applications, including traffic
monitoring, infrastructure inspection, and emergency response. Beyond QoS optimization,
the framework explicitly accommodates security and privacy preserving operations (e.g.,
encryption, authentication, on-board redaction), enabling secure UAV video transmission
in urban networks.

Keywords: UAV video transmission; GERT modeling; smart city; stochastic delay;
jitter analysis; Quality of Service (QoS); spectral analysis; probabilistic networks; adaptive
communication; artificial intelligence integration; security-aware routing; privacy-preserving
video; UAV; urban networks

1. Introduction
1.1. Motivation

The use of unmanned aerial vehicles (UAVs) for visual monitoring and real-time data
collection is becoming increasingly widespread in the urban environment. Such platforms
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are actively used for traffic control, infrastructure inspection, environmental monitoring,
and emergency response, that is, in key areas of functioning of modern “smart” cities.
Equipped with high-quality cameras, UAVs are capable of providing shooting with high
spatial and temporal resolution, which allows for promptly forming situational awareness
and making justified managerial decisions.

At the same time, the practical deployment of UAV-based video monitoring systems
faces significant difficulties related to the stability and reliability of data transmission. Un-
like static ground networks, communication channels with UAVs are influenced by variable
factors: interference, loss of line of sight, switching between base stations, bandwidth
instability, and degradation of channel quality. All this leads to packet loss, excessive jitter,
and delay spikes, which ultimately worsens the integrity and continuity of the video stream.
As a result, critically important functions of urban monitoring, such as vehicle tracking,
pedestrian detection, or incident response, may be disrupted or significantly delayed.

Traditional data transmission protocols usually rely on rigid buffering or retransmis-
sion mechanisms, which turn out to be ineffective under the stochastic dynamics of the
urban wireless environment. In addition, such approaches rarely provide adaptive or
predictive logic capable of responding in real time to changes in the state of the network.
Under conditions when the allowable time of frame delivery is measured in milliseconds,
such inertia is a critical problem.

In this regard, there arises a need for modeling tools that not only allow us to take
into account the probabilistic nature of the data transmission process from UAVs but also
are capable of describing the adaptive behavior of the system under uncertainty [1–3]. In
this article, a stochastic model is proposed, based on the Graphical Evaluation and Review
Technique (GERT), which allows formalizing temporal characteristics, feedback structure,
and the potential for using intelligent control in UAV video transmission systems oriented
toward the needs of smart urbanism. Given that UAV video streams may contain personally
identifiable information, maintaining confidentiality, integrity, and availability of the data
is essential; the proposed modeling framework is designed to quantify the QoS impact of
security and privacy controls in networked urban environments.

1.2. State of the Art

The reviewed studies can be grouped into three main categories, which allows build-
ing a coherent understanding of the current research landscape. The first category includes
works focusing on the application of UAVs for real-time video monitoring in urban envi-
ronments, emphasizing mobility and coverage but often neglecting the stochastic nature
of communication channels. The second category comprises research on adaptive trans-
mission strategies, such as bitrate adjustment, error correction, and buffering, which aim
to mitigate channel variability yet lack a unified stochastic-graph description. The third
category covers stochastic and analytical modeling approaches, including Markov chains,
queuing models, and GERT networks, which provide formalism but are often simplified in
terms of topology, delay distributions, and adaptive logic.

In modern conditions, a number of studies emphasize the strategic importance of
platforms for operational video monitoring using UAVs for the formation of integrated
systems of surveillance and data collection in real time. Thus, in [1], a review of the
implementation of UAVs in urban surveillance systems is carried out, with an emphasis
on their mobility, high spatial resolution of shooting, and the possibility of scalable area
coverage. The authors note that it is precisely the ability of UAVs to respond promptly to
changes in the city situation that makes them an integral part of smart city infrastructure.
However, the mentioned work practically does not consider issues related to the quality
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of video data transmission, in particular the influence of the urban environment on the
stability of the connection, delays, or channel variability.

Further studies, in [2], focus on specific challenges that arise in the process of trans-
mitting video data from UAVs in conditions of dense urban development. In particular,
the influence of the loss of the line of sight, multipath signal propagation, changes in
base stations, and the mobility of the drones themselves is noted, which together causes
dynamic variability in channel quality. The authors emphasize the necessity of adapting
communication channels to the changing environment but are limited to a qualitative
description of the problems without formal modeling or quantitative assessment of the
impact of the mentioned factors on service quality.

An attempt at a more systematic analysis is made in [3], where an approach to ensuring
the quality of the video stream from UAVs in the urban environment is considered based on
adaptive bitrate, the use of forward error correction (FEC) codes, and buffering. The study
presents scenarios with dynamic changes in video transmission parameters according to
network conditions. The advantage of this work is its focus on QoS parameters, average
delay, jitter, and packet loss. However, the model is implemented at the simulation level
without analytical description and also does not take into account the probabilistic nature
of routing or feedback in retransmissions.

In [4], the general architecture of video surveillance systems with UAVs is considered,
with a focus on achieving reliability and reducing delay. The proposed model provides
for the use of several UAVs with distributed data transmission functions to ground infras-
tructure. Despite the interesting formulation of the problem, the authors are limited to
a high-level description of the system, leaving out mathematical modeling of the frame
transmission process in networks with a high level of stochasticity.

Overall, the literature review indicates the recognition of unmanned aerial vehicles
as an important component of smart city systems. At the same time, the available studies
demonstrate a number of limitations. First, most of them do not offer a formal description
of the video transmission process under stochastic variability of channel parameters, which
is a key feature of urban environments. Second, the adaptive logic of choosing a transmis-
sion strategy based on risk prediction or analysis of channel conditions is practically not
considered. Third, the issue of feedback and the influence of retransmissions on the overall
delivery time and stream stability is not addressed. Fourth, there is a lack of flexible models
capable of formalizing parallel strategies, alternative routes, and the influence of intelligent
control mechanisms.

The analysis of the problem of video data transmission from UAVs in the context
of smart urbanism reveals the need not only for engineering solutions but also for the
construction of adequate models that would allow the formalization and quantitative
evaluation of key Quality-of-Service parameters. In this connection, an important place in
the scientific discourse is occupied by the issue of developing mathematical approaches to
describing processes that occur in wireless networks with a high level of dynamics. Model-
ing video transmission from UAVs in the complex conditions of an urbanized environment
is considered a key tool for predicting system behavior, identifying critical delay points,
optimizing routing topology, and ensuring the required level of service quality.

In [5], an attempt is made to describe the behavior of UAV wireless channels based on
Markov chains. The authors emphasize that the stochastic nature of transmission processes
requires the model not only to describe the average delay values but also to be able to
predict its variability. It was shown that even a simple single-channel transmission system
demonstrates complex delivery time dynamics under varying load conditions. However,
despite its informativeness, the Markov model does not allow for accounting complex path
branching or adaptive logic change in real time.
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Another approach is proposed in [6], where video data transmission is modeled in the
form of a queuing system with dynamic request intensity. The authors consider options for
frame alternation in the buffer, the use of priorities for video fragments, and the influence of
the load coefficient on the probability of losses. Such a model makes it possible to evaluate
general behavioral trends of the system at different traffic levels, but does not consider the
specifics of routing in a stochastic network, in particular the possibility of retransmissions
or strategy variability depending on environmental conditions.

In [7], the use of simulation modeling of UAV video transmission systems is proposed,
taking into account changing flight trajectories, building density, and obstacle charac-
teristics. The model allows studying the dependence between the drone’s position and
communication parameters, in particular RSSI and jitter level. The results show that even
with optimal placement of routers, transmission remains unstable without system adapta-
tion to real changes in the network. However, the simulation approach, although detailed,
does not allow for analytical derivation of dependencies between system parameters, which
limits its application in optimization or control tasks.

Thus, despite existing attempts to formalize the process of video transmission from
UAVs, most models have important limitations. A significant part of them is oriented to-
ward isolated aspects. These are queue delays, buffer load, or Markov transitions. Whereas
the real data transmission system from UAVs in the urban environment is multicomponent,
adaptive, and stochastic. In addition, the existing approaches lack a unified graph-based
description of the process that would allow simultaneously taking into account several
alternative routes, their probability of realization, distributions of different types of delays,
as well as feedback in case of unsuccessful delivery.

Therefore, traditional deterministic models become insufficient for adequately describ-
ing such systems, which determines the growing interest in stochastic approaches as more
flexible and realistic.

In [8], stochastic modeling is used to study the coverage of UAVs operating as wireless
access points in urban areas. The authors use the stochastic geometry approach, which
makes it possible to assess the impact of urban development and signal blockage. The
model allows evaluating the impact on the optimal UAV placement strategy (proximity to
users or minimization of interference). The advantage of the approach is the consideration
of random configurations of the surrounding environment; however, the model is imple-
mented exclusively numerically, without the possibility of analytical derivation of quality
metrics, which limits its suitability for optimization tasks.

Another approach is demonstrated in study [9], where the influence of random delays
in multistage routes on the stability of video transmission is analyzed. A system with
exponentially distributed time delays for each stage of frame passage from source to
receiver is used. The authors show that even with a constant average delay value, an
increase in its variance significantly raises the probability of exceeding the delivery time
threshold, which in turn lowers the quality of the video stream. Thus, delay variance, and
not just its average value, is a critical metric for evaluating transmission efficiency under
uncertainty.

Study [9] proposes a comprehensive approach to optimizing energy consumption
and task execution time in UAV-enabled wireless sensor networks (UAV-enabled WSN).
The authors consider the problem of simultaneous minimization of the maximum energy
consumed by an individual UAV and the time to complete the data collection task from
all ground sensor nodes. The study models the total energy consumption of each UAV,
taking into account three main components: flight energy between data collection points,
hovering energy over each node, and communication costs during information transmis-
sion. Attention is drawn to the fact that the choice of flight speed and UAV trajectory
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significantly affects both total energy consumption and data collection time. However, the
model does not use a formalized graph-based description of the entire transmission system,
which complicates the expansion and scaling of the approach to networks with numerous
alternative routes or feedback between nodes.

A characteristic feature of the presented studies is the limitation in presenting the
process structure. Mostly, stochastic modeling in them is implemented at the level of
individual stages or segments of the network, without a unified formal description of
the entire topology of the transmission system. This limits the ability of such models to
describe adaptive behavior, the inclusion of intelligent route management mechanisms, or
the interaction of different transmission branches. In addition, the vast majority of models
do not take into account the logic of retransmissions in case of error or delay, which is
typical for real-time systems.

Among the existing approaches to modeling complex telecommunication processes of
stochastic nature, special attention is drawn to the GERT. Unlike classical methods such as
PERT (Program Evaluation and Review Technique) or CPM (Critical Path Method), GERT
models make it possible to describe processes with probabilistic transitions, conditional
branching, stochastic delays, and feedback. This makes them extremely relevant for the
tasks of analyzing data transmission systems, particularly under dynamic topologies
inherent to UAV networks.

In [10], the application of the GERT approach to modeling information flows in multi-
segment telecommunication networks is presented. The authors showed that GERT allows
representing alternative packet transmission paths depending on the current network state,
taking into account the probabilities of route selection, delays at each stage, and also the
possibility of repetition in case of an error. Such representation of the process in the form
of a directed graph with distribution functions on each arc makes it possible to formally
evaluate average delays, variances, and probabilities of successful transmission completion.
However, the model was limited to small graph sizes, and the distribution functions were
mostly used in simple exponential form.

Further development of the concept is reflected in [11], where GERT is applied to
the analysis of an adaptive routing system in a wireless network with variable channel
characteristics. The model provides for the existence of several transmission routes, which
are activated depending on the channel quality assessment, and also implements a mecha-
nism of stochastic feedback in case of packet non-delivery. The main advantage of such an
approach is the possibility of deriving an equivalent transmission function of the system,
which combines probabilistic characteristics of routing with time costs at each stage. At
the same time, the study mainly uses symmetrical and unified types of delays, and the
model itself does not take into account realistic distributions characteristic of practical
video transmission tasks, such as lognormal or triangular.

Study [12] deserves special attention, where a hybrid GERT model is proposed for
describing systems with an adaptive traffic control structure. The authors integrate data
obtained from sensor modules into the logic of choosing routing branches, which brings
the model closer to practical implementations in smart systems. At the same time, the
possibility of updating transition probabilities based on prediction is considered, which
theoretically opens the way to the integration of artificial intelligence methods. However,
the analytical part is limited and does not include full derivation of characteristic functions
or spectral analysis, which limits the capability of such a model for deep quantitative
analysis of the system’s temporal characteristics.

Although individual elements of GERT modeling are gradually being integrated
into the analysis of telecommunication systems, existing implementations mostly remain
fragmentary or simplified. Most studies are limited to graphs with a small number of nodes
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and arcs, use only basic types of time distributions (exponential, deterministic), and rarely
take into account a complete feedback structure. In addition, the vast majority of models
do not implement integration with adaptive routing mechanisms formed based on analysis
of the external environment or channel state prediction.

In the context of the growing complexity of network environments and the need to
ensure guaranteed QoS when transmitting video data from unmanned aerial vehicles,
researchers are paying significant attention to the possibility of using artificial intelligence
(AI) mechanisms to support adaptive control.

In [13], the use of deep neural networks is proposed for predicting the parameters
of the transmission channel between UAVs and ground stations in real time. The authors
form a model that, based on historical signal values, noise level, packet losses, and drone
movement speed, predicts the probability of degradation in connection quality. Based on
these assessments, the system adapts frame rate, changes bitrate, or switches to backup
routes. Such an approach allows reducing the probability of frame loss during sudden
channel degradation; however, the given study does not propose a formal way to integrate
predictive logic into the structural model of the transmission system.

Another approach is proposed in [14], where reinforcement learning algorithms are
used to select the route of frame transmission in a network with mobile agents. The model
takes into account variability of channel conditions, the drone’s energy constraints, and
the probability of conflicts in the network during simultaneous transmission of multiple
streams. The algorithm learns independently by optimizing the strategy for minimizing the
average transmission delay. Empirical results demonstrate jitter reduction and increased
probability of timely delivery; however, the model is built in isolation from the overall
stochastic structure of the transmission process and does not account for retransmissions or
complex routed logic.

In [15], a machine learning–based module is considered that classifies the current
channel state in online mode as “reliable,” “moderate,” or “unstable,” which serves as a
trigger for switching between different video stream encoding scenarios (standard, FEC,
or FEC with reduced frame rate). This approach has a direct connection to real scenarios
of drone operation in video surveillance systems. However, in the presented study, AI
is implemented as an independent module that is not part of the analytical model, and
therefore does not allow prediction of the result at the level of the system’s transmission
function.

Recent studies further advance this area by integrating AI-based routing into UAV
communication frameworks. For example, in [16] a deep reinforcement learning approach
was used to optimize UAV multi-hop paths in real time, achieving lower end-to-end delay
under dynamic 5G conditions. In [17], a hybrid graph–neural network model was applied
to UAV video streaming, dynamically adjusting routes in response to predicted link quality.
In [18], federated learning was employed to update routing models across multiple UAVs
without centralizing sensitive flight data, thus enhancing privacy and scalability. These
approaches are directly relevant to extending GERT-based models with adaptive, AI-driven
decision-making for real-time video transmission in urban environments.

In this context, security-aware and privacy-preserving mechanisms (e.g., authenticated
encryption, integrity verification, on-board redaction) can be incorporated into graph-based
models as processing and verification stages, allowing a joint analysis of communication
performance and protection objectives.

Common to the above-mentioned approaches is the use of AI as an autonomous
adaptive mechanism that affects stream parameters or route selection. At the same time,
these solutions are mostly not formalized within mathematical models that would allow
analytical evaluation of the impact of predictive modules on the overall system charac-
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teristics, such as average delay, variance, or delivery probability. In addition, the issue
of integrating such solutions into the structure of the stochastic process is not addressed,
which is key for building a unified model of system behavior.

Within the applied dimension of research, special attention is drawn to the study
of real platforms used for UAV video transmission, since it is hardware limitations that
determine the suitability of a particular model for practical implementation. In work [19],
the DJI OcuSync 2.0 system is studied in terms of transmission stability and reliability.
The authors show that this system provides stable HD video transmission over a distance
of up to 10 km with adaptive frame rate and minimized losses. However, limitations
in predictive behavior of the system were found: its closed nature makes it impossible
to access channel parameters in real time, which complicates the construction of formal
models taking environmental state into account.

Another study presented in [20] is devoted to analyzing the DJI Lightbridge 2 platform
as an example of a digital HD system with low latency. The authors perform experimental
jitter evaluation under different types of load and emphasize the importance of static topol-
ogy for ensuring predictable behavior. A positive aspect of this system is its architectural
optimization for video streaming; however, the limited number of channels and fixed
encoding algorithms do not allow its use in stochastic network conditions.

For scenarios with minimal latency requirements, analog transmission platforms such
as FatShark, studied in [21], are actively used. Their advantage is ultra-low latency (up
to 10 ms), which is achieved due to the absence of buffering and codecs. However, this
very aspect causes high sensitivity to interference, inability to compensate for losses, and
complete lack of feedback. This makes it impossible to integrate such systems into networks
with adaptive logic or Quality-of-Service support.

In general, the review of existing studies indicates that although modern platforms
provide different levels of performance, they mostly do not offer sufficient flexibility for
implementing stochastic strategies, adaptation to changing conditions, or integration with
artificial intelligence modules. Most of them are closed in architecture or operate with fixed
configurations without the possibility of route reconfiguration or retransmission when
frame loss risks are detected.

Thus, there arises the need to create an adaptive stochastic GERT model of video
transmission from UAVs for urban monitoring systems, capable of abstracting from a
specific hardware implementation, but at the same time taking into account realistic aspects:
types of delays, transmission strategy selection logic, channel variability, and the presence
of retransmissions.

1.3. Objectives and Contribution

The aim of this study is the development of a stochastic mathematical model that is
capable of adequately describing the process of video frame transmission from onboard
UAV systems under the conditions of stochastic variability of urban wireless environments.
The proposed approach is based on the GERT and allows modeling both sequential and
alternative transmission strategies, including conditional branching, variable delays, and
feedback. A distinctive feature of the model is the built-in possibility of integrating pre-
dictive decision-making logic, in particular in the form of an artificial intelligence module
that assesses the risk of frame loss and allows adaptively choosing one of the alternative
transmission strategies. Such logic is implemented at the level of conditional branching
in the structure of the GERT graph, which provides a formal description of adaptive be-
havior without the need for direct implementation of the intelligence module within the
model itself.

To achieve the goal, the following tasks were set.
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1. To substantiate the expediency of using GERT as a method for describing the data
transmission process with probabilistic branches and stochastic delays.

2. To build the structure of a GERT graph that reflects the key stages of processing,
buffering, transmission, reception, and decoding of the video frame;

3. To develop a mathematical model that takes into account the possibility of conditional
selection of the transmission strategy of the frame depending on the risk assessment
of loss, formalizes stochastic feedback for modeling retransmission of the frame
in case of its untimely reception or loss, and forms analytical expressions for the
moment-generating function of the system;

4. To carry out numerical evaluation of QoS indicators and perform spectral analysis of
the characteristic function.

The object of the study is the process of delivering video information from the onboard
video module of a UAV to a ground receiving station under the conditions of a stochastically
variable transmission environment, which includes signal instability, delay variability,
packet loss, and possible retransmissions.

Within the framework of the study, the following assumptions were made:

– the process of video frame transmission can be represented as a directed graph with
deterministic and stochastic arcs;

– the delay distributions at individual stages have triangular, exponential, or lognormal
form, according to the characteristics of the corresponding technical operations;

– the risk level assessment of frame loss is carried out by an external or embedded
module (for example, based on machine learning), but the module itself is not modeled,
and the result of its operation is taken into account as a condition for selecting the
transmission strategy;

– the probability of frame retransmission depends on the probability of non-delivery in
the main branch and is implemented as stochastic feedback.

The proposed model combines stochastic description of delay parameters with adap-
tive logic of transmission strategy selection, which allows taking into account both the
internal structure of the process and the external variable conditions of the network. Such
an approach is relevant to real scenarios of UAV use for video monitoring in the urban
environment, in particular in the tasks of road infrastructure control, emergency response,
object inspection, and civil surveillance.

The main contributions of this paper are: (1) development of a stochastic GERT-
based model for UAV video transmission in urban environments; (2) formal integration
of adaptive decision-making logic into the stochastic model; (3) derivation of analytical
expressions for key QoS metrics and spectral characteristics; (4) comparative evaluation
with baseline models demonstrating advantages in delay–jitter balance.

2. Materials and Methods
This section presents the proposed GERT-based modeling framework for UAV video

transmission. We begin with an overview of the system design, describing the logical
sequence of video frame processing and transmission stages, the probabilistic branching
structure, and the feedback loops used for retransmissions. Figure 1 illustrates the system as
a GERT graph, where each vertex corresponds to a specific processing or transmission stage,
and each directed edge Wi–j(s) represents the Laplace transform of the delay distribution for
the operation from node vi to node vj. The subsequent subsections detail the construction
of this graph, the derivation of its equivalent transfer function, and the calculation of key
QoS metrics, followed by spectral analysis of the system’s characteristic function.
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Figure 1. Block diagram of the GERT network of the video data transmission process from the UAV.

In addition to communication primitives, security and privacy operations are modeled
as graph components. Encryption and authentication are represented by additive process-
ing delays on dedicated edges; integrity verification may trigger probabilistic feedback
(retransmission on failure). On-board redaction/anonymization is treated as a processing
node with its own stochastic delay. This enables evaluating the QoS overhead of protection
mechanisms alongside routing and buffering policies.

2.1. Justification for the Choice of GERT as a Means of Describing the Stochastic Process of Video
Data Transmission from Onboard UAVs

The process of video data transmission in UAV networks is characterized by a high
level of stochasticity, caused both by the unstable quality of the communication channel
and by the dynamic topology of the network. Under such conditions, fluctuations of signal
level, packet losses, variable delay, and other factors are observed, which directly affect the
QoS. In addition, modern video transmission systems are increasingly applying adaptive
mechanisms that change stream parameters. For example, the level of redundancy, frame
rate, or choice of encoding algorithm according to the predicted network conditions. This
means that the video data stream can be transmitted via different routes with different
parameters and delays.

For a formal description of such a system, a model is needed that is capable of
accounting for the multiplicity of scenarios, transition probabilities between stages, delay
variability, and the presence of conditional branching in the transmission logic. Traditional
approaches such as PERT or queuing systems are limited in expressing such behavior. In
contrast to them, the GERT model allows describing the process in the form of a directed
graph, where each arc is characterized not only by the average execution time, but also by
the probability of activation and the distribution function of duration.

The use of GERT in the task of modeling the video transmission process allows for-
malizing not only a linear sequence of stages, but also alternative branches that correspond
to different transmission strategies, including transmission without redundancy, with FEC,
or with additional reductions in stream parameters. In addition, this method supports
the presence of conditional cycles, which is especially important for scenarios of real-time
reconfiguration of parameters. Due to the ability to calculate the expected time, variance, as
well as the probabilities of reaching a certain state, a GERT-based system allows evaluating
the expected Quality of Service for each behavior variant.

Another advantage of the chosen approach is its compatibility with modern artificial
intelligence methods. In particular, the results of prediction of packet loss probability or
channel degradation can be used as triggers for switching paths in the graph, which allows
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formalizing the adaptive behavior of the system in the form of a stochastic process with
intelligent control.

Thus, the choice of GERT as a means of describing the video data transmission process
in UAV networks is methodologically justified and opens the possibility of constructing
a consistent mathematical model that combines precision, flexibility, and the ability to
integrate with prediction modules based on machine learning.

2.2. General Architecture of the GERT Model for Video Data Transmission from Onboard UAVs

The process of video data transmission from the UAV onboard system to the ground
receiving station is described as a stochastic graph, where each node represents a separate
stage of processing or transmission, and the arcs between them are characterized by the
probability of passage and a delay function. This approach makes it possible to model both
the sequential actions of the system and alternative transmission branches that depend on
the evaluation of the communication channel conditions. The block diagram of the GERT
network of the video data transmission process from the UAV is shown in Figure 1.

In this diagram each edge Wi–j(s) indicates a possible transmission path segment
with an associated probability of selection and a stochastic delay distribution, as specified
in Table 1 Probabilistic feedback loops model retransmissions under varying network
conditions.

Table 1. Values of the transition parameters of the GERT graph.

№ Arc Connection Type Distribution Type Mij(s)/Comment

1 v1→v2 Sequential Deterministic e−st1/ capture

2 v2→v3 Sequential Deterministic e−st2/ preprocessing

3 v3→v4 Sequential Triangular Mtri(s)/ buffering

4 v4→v5 Parallel 1 Deterministic Plow · e−s t3/ without
FEC

5 v5→v6 Sequential Deterministic e−s t4/ predicted delay

6 v6→v11 Sequential Deterministic e−s t5/ direct transition
to reception

7 v4→v9 Parallel 2 Deterministic Pmed · e−s t6/ with FEC

8 v9→v10 Sequential Exponential
λ1/(λ1 − s)/
transmission over
channel

9 v10→v11 Sequential Deterministic e−st7/ reception

10 v4→v7 Parallel 3 Deterministic Phigh · e−s t8/ FEC + fps

11 v7→v8 Sequential Deterministic e−st9/ slowed-down
transmission

12 v8→v11 Sequential Exponential
λ2/(λ2 − s)/
transmission over
channel

13 v11→v12 Sequential Lognormal eµs+ 1
2 σ2s2

/ buffering,
decoding, display

14 v11→v4 Feedback Stochastic
Ploop·e−s tloop /
retransmission in case of
error
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The process of video data transmission in the UAV system is modeled as a stochas-
tic graph, where each vertex corresponds to a separate functional stage, and the arcs
describe delays stochastically or deterministically. The process initiation begins at node
v1, which corresponds to the moment of video frame capture by the sensor module (for
example, CMOS or CCD). This process has a stable frequency (30 frames/s), which allows
interpreting the delay as deterministic.

At the next stage (v2), the frame undergoes preliminary processing: stabilization,
cropping of the region of interest, and noise suppression. The operations are performed
using built-in libraries, for example, OpenCV, and are characterized by a constant delay.
After processing, the frame reaches node v3, where buffering in the local queue takes
place. Here the delay is modeled by a triangular distribution, taking into account possible
variations due to overload.

In node v4, collection of communication channel parameters is carried out (RSSI, jitter,
delay, packet loss), after which the artificial intelligence module forms a forecast of the risk
of frame loss. According to the assessment, the system selects one of three branches:

Branch 1 (v4 → v5 → v6 → v11)—used at a low level of risk; transmission is performed
without redundancy, with fixed delay;

Branch 2 (v4 → v9 → v10 → v11)—medium risk level; FEC is activated, transmission is
described by an exponential distribution;

Branch 3 (v4 → v7 → v8 → v11)—high risk; FEC with additional frame rate reduction
is applied, transmission is also modeled exponentially.

All branches terminate at node v11, where the frame is received. Next, the frame goes
to node v12, which includes buffering, decoding (for example, H.264), and output to the
display. The delay at this stage is modeled by a lognormal distribution, considering the
variability of the load and hardware processing.

In case the frame could not be delivered or decoded on time, feedback is implemented:
from node v11, a transition back to v4 takes place, allowing the forecast to be rebuilt and
retransmission to be carried out.

Thus, each transition in the graph corresponds to a certain functional stage of the
system and is described not only by the probability of realization but also by a delay
distribution function, which allows modeling both the behavior of individual branches
and the system as a whole. The GERT model allows taking into account both adaptive
decision-making logic based on prediction and the unpredictability of external conditions,
which makes it adequate for QoS analysis in UAV networks.

The GERT model shown in Figure 1 corresponds to the physical, network, and tempo-
ral constraints of video transmission from onboard UAV systems under the condition of
using a modern computing platform, a low-resource artificial intelligence module, simple
error correction algorithms (FEC), and a stable communication channel. Such a model
is realistic and practically suitable for use in tasks of online monitoring, reconnaissance
operations, and civil video surveillance.

2.3. Construction of and Reduction in the GERT Model of Video Transmission in the UAV Network

Having determined the topology of the graph, the types of arcs, the delay distributions,
and the logic of transitions between vertices, one can proceed to the analytical stage
of modeling, which consists of constructing the equivalent transmission function. This
function makes it possible to describe the behavior of the system in terms of time costs for
passing the signal from the source to the receiver, taking into account all possible route
options, stochastic transitions, as well as the effect of feedback. The formalization of W(s) is
a key tool for further analysis of QoS characteristics in the UAV network.
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The GERT graph includes 14 sequentially connected stages, within which both hard-
ware and software processing, stream formation, radio transmission, reception, decoding,
and frame output take place. A distinctive feature of the model is the presence of a parallel
block in which the selection of one of the three transmission strategies is implemented
depending on the forecast of loss risk formed by the artificial intelligence module.

To formalize the process of video information transmission in a UAV network, a
stochastic GERT model is applied, which is defined as a directed graph of the form
G = (V,E), where V = {v1, v2, . . . , v12}—a finite set of vertices corresponding to the opera-
tional stages of the system; E =

{
eij =

(
vi, vj, Pij, Mij(s)

)}
—arcs between vertices, each of

which is characterized by Pij ∈ [0, 1]¯the probability of transition realization, and Mij(s)—
the delay distribution function in the form of a Laplace transform.

The model includes both linear sequential segments and parallel branches with alter-
native routes, the selection of which is carried out by an artificial intelligence module based
on prediction.

To account for the possibility of retransmission in the event of frame loss, the graph
includes feedback between vertices v11 → v4.

The types of time distributions for passage through the arcs include:

– deterministic delays—for stable hardware operations;
– triangular—for buffering;
– exponential—for radio transmission;
– lognormal—for decoding and output;
– geometric loops—for stochastic feedback.

In total, the graph contains 14 arcs, the parameters of which are detailed in Table 1.
They form the complete network topology of the video transmission system, which will be
used in the subsequent stages of constructing the equivalent function of the GERT model.

Having defined the topology of the graph, the types of arcs, delay distributions, and
the logic of transitions between vertices, one can proceed to the analytical stage of modeling,
which consists of constructing the equivalent transmission function. This function makes it
possible to generally describe the behavior of the system in terms of time costs for signal
passage from the source to the receiver, taking into account all possible route options,
stochastic transitions, and the effect of feedback. The formalization of W(s) is a key tool
for further analysis of QoS characteristics in the UAV network. The basis of the calculation
is the convolution principle of Laplace functions for sequential path segments, as well as
path algebra taking into account parallel branches and feedback.

In the process of constructing the equivalent function, all possible paths from the initial
vertex v1 to the terminal vertex v12 are identified, with each path being non-cyclic (i.e., not
including feedback loops). The accounting of parallel branches in the decision-making
node (node v4) is implemented through probabilistic weighting of each traversal option
according to the channel state assessment.

Taking into account the configuration of the graph, three main paths are distinguished:
First path: v1 → v2 → v3 → v4 → v5 → v6 → v11 → v12, which corresponds to

transmission without FEC under low loss risk. The equivalent function of this branch has
the form:

W1(s) = W12(s) · W23(s) · W34(s) · W45(s) · W56(s) · W6−11(s) · W11−12(s). (1)
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Second path: v1 → v2 → v3 → v4 → v9 → v10 → v11 →v12, which is activated under
medium risk and includes the application of forward error correction. An exponential
distribution of wireless transmission time is considered. The corresponding function:

W2(s) = W12(s) · W23(s) · W34(s) · W49(s) · W9−10(s) · W10−11(s) · W11−12(s). (2)

Third path: v1 → v2 → v3 → v4 → v7 → v8 → v11 → v12, which is activated under
high risk and accounts for reduced frame rate with additional redundancy. The equivalent
function of this branch is as follows:

W3(s) = W12(s) · W23(s) · W34(s) · W47(s) · W78(s) · W8−11(s) · W11−12(s). (3)

The general transmission function is built as the sum of the equivalent functions of
each of the three paths. Since route selection is performed by the AI module with certain
transition probabilities, each function is weighted by the corresponding probability: Plow,
Pmed, Phigh. Thus, the numerator of the transfer function takes the form:

N(s) = PlowW1(s) + PmedW2(s) + PhighW3(s). (4)

Additionally, the model takes into account the stochastic feedback W11−4(s), which
corresponds to retransmission of the frame in case of failure. Within the GERT formalism,
this element is included in the denominator of the equivalent function as a geometric sum
of cycles, that is, as 1 − Wloop(s), where Wloop(s) = Ploop·e−s tloop .

Thus, the full equivalent transmission function has the form:

W(s) =
N(s)

1 − Wloop(s)
=

PlowW1(s) + PmedW2(s) + PhighW3(s)

1 − Ploop·e−s tloop
. (5)

Equation (5) is, in fact, the result of applying Mason’s rule [22] to the constructed
GERT model. In general form, Mason’s equation describes the equivalent transfer function
of a stochastic graph as:

W(s) =
∑n

∆k=1 Pk · ∆k
∆

,

where

Pk is the transfer function of the k-th path from start to finish without loops,
∆ is the system determinant accounting for all cycles (in our case, ∆ =1 − L1);
L1 is the only retransmission loop: L1 = Ploop · e−stloop ;
∆k = 1, since Pk does not intersect with the loop.

Based on the constructed transfer function, the GERT system is modeled through the
moment-generating function: Msys(s) = W(s). It is considered as a composition of the
elements of Table 2.

Table 2. Elements of the function Msys(s).

e−st exponential for deterministic delays

Mtri(s) moment function of the triangular
distribution

Mexp(s) = λ
λ+s for the exponential distribution

MlogN(s) moment function of the lognormal
distribution

Here Mexp(s) denotes the Laplace transform of the exponential distribution, not the statistical moment-generating
function.
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Taking into account the topology of the graph and the parameters from Table 2, we
obtain the full analytical expression:

Msys(s) =

 0.5 · e−2s · Mtri(s) · e−3s · MlogN(s)
+0.3 · e−2s · Mtri(s) · e−2s · λ

λ+s · MlogN(s)
+0.2 · e−2s · Mtri(s) · e−2s · λ

λ+s · MlogN(s)


1 − 0.1 · e−2s , (6)

where

 0.5 · e−2s · Mtri(s) · e−3s · MlogN(s)
+0.3 · e−2s · Mtri(s) · e−2s · λ

λ+s · MlogN(s)
+0.2 · e−2s · Mtri(s) · e−2s · λ

λ+s · MlogN(s)

—the numerator contains the sum of

the three paths (transmission branches), and the denominator accounts for the geometric
summation of stochastic feedback v11→ v4 with parameters Ploop, tloop;

Mtri(s) =
2(e−2s−e−6s)+4s·e−4s

16s2 —the function of triangular distribution with parameters
a = 2, b = 6, c = 4;

λ
λ+s —Laplace transform of the exponential distribution with rate λ;
MlogN(s)—moment-generating function of the lognormal distribution with parameters

µ = 2, σ = 0.5, which is taken into account numerically or via tabulated values.
Since the lognormal distribution has no analytical Laplace transform in terms of

elementary functions, the component MlogN(s), which corresponds to the delay at the
decoding and display stage, is determined numerically. In particular, the moment function
of the lognormal distribution is calculated using the integral:

MlogN(s) =
∞∫

0

e−st 1
tσ
√

2π
· exp

(
− (lnt − µ)2

2σ2

)
dt, (7)

where µ, σ are the parameters of the distribution, established according to the empirical
estimation of delay at this stage.

The integral is calculated numerically using quadrature methods (Simpson’s or Gauss’s
methods) [23–27], or approximated by a value table. This provides sufficient accuracy in
the range of values s ∈ [0, 1], which corresponds to physically reasonable time scales of
delay in the system.

The resulting function W(s) is the central analytical tool of the model and serves as
the basis for further calculation of the system’s time characteristics, such as average delay,
variance, and the probability of timely delivery of the video frame.

After obtaining the analytical expression (5), the next step is determining the key
temporal metrics of the system. These indicators include the average frame delay, the delay
variance (or jitter), and the probability estimate of delivering the frame within a specified
time interval.

In classical GERT methodology, the analytical characteristics of the system follow
from the properties of the Laplace transform used as the moment-generating function. In
particular, the expected value of the total passage time through the graph is defined as the
first derivative of the logarithm of the transfer function:

E[T] = − d
ds

lnW(s)
∣∣∣∣
s=0

. (8)

This expression allows taking into account the contribution of all system routes as
well as the influence of retransmissions through feedback. An important advantage of this
approach is the ability to account for both linear and branched (parallel) parts of the graph,
as well as loops with repetition probability.
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Applying the logarithmic derivative rule for a fraction, we have:

lnW(s) = lnN(s)− ln(1 − Ploop · e−stloop), (9)

where N(s) = Plow · W1(s) + Pmed · W2(s) + Phigh · W3(s)—the numerator.
Taking the derivative:

d
ds

lnW(s) =
d
ds

lnN(s) +
Ploop · tloop · e−stloop

1 − Ploop · e−stloop
, (10)

Evaluating at s = 0, we obtain:

E[T] = −
[

N′(0)
N(0)

+
Ploop · tloop

1 − Ploop

]
. (11)

Thus, the average time of passing through the entire system consists of two compo-
nents. The first is the expected time of a single pass without accounting for retransmissions.
The second is the expected time spent on retransmissions.

The numerator of Equation (11) is the sum of the three routes. Since each Wi(s) is a
product of k functions of the form e−sti , λ/(λ − s)„ or eµs+ 1

2 σ2s2
, the logarithmic derivative

of the product is defined as the sum of the logarithmic derivatives of its components:

d
ds

lnWi(s) = ∑j

W ′
ij(s)

Wij(s)
, (12)

and therefore:
d
ds

Wi(s) = Wi(s)∑j

W ′
ij(s)

Wij(s)
, (13)

Substituting into the general expression:

N′(0) = Plow · W1(0)∑j

W ′
1j(s)

W1j(s)

∣∣∣∣∣
s=0

+ Pmed · W2(0)∑j

W ′
2j(s)

W2j(s)

∣∣∣∣∣
s=0

+ · · · . (14)

And since Wi(0) = 1 for normalized functions (zero-order delay), then:

N′(0)
N(0)

= Plow · E[T1] + Pmed · E[T2] + Phigh · E[T3], (15)

where each E[Ti] is the sum of the average delays of the components of branch i.
Thus, using (9) and (13), we obtain:

E[T] = −
[

Plow · E[T1] + Pmed · E[T2] + Phigh · E[T3] +
Ploop · tloop

1 − Ploop

]
. (16)

After the formal derivation of the system’s average passage time presented in
Equation (16), further analysis of the model requires a deeper description of the statistical
characteristics of the stochastic process. In particular, to fully determine the Quality-of-
Service indicators in the video transmission network, it is important to know not only
the average delay value but also the nature of its variations, as well as the probability of
frame delivery within a specified time interval. This is only possible if the full distribution
function of the signal passage time is available, or at least its probability density function.

However, within the classical approach to building GERT models, the main focus
is traditionally placed on finding only the first two moments (the expectation and the
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variance), while finding the distribution function remains a non-trivial task. For this
purpose, it is advisable to apply numerical methods, particularly the technique described
in detail in study [28].

The initial task is to determine the probability density p(t) for the random variable
T, which describes the total time of frame passage from the moment of capture to the
moment of output to the display. It is known that for each possible path (branch in the
GERT graph), the corresponding time delays are given in the form of distribution functions
(deterministic, triangular, exponential, or lognormal). Thus, the total distribution p(t) for
the entire system is formed as the result of the convolution of many such elementary
distributions, additionally taking into account the stochastic structure of routing, including
parallel branches and the possibility of feedback.

The analytical derivation of such a density function based on the algebraic composi-
tion of Laplace transforms is technically complex and often does not yield a closed-form
result. Therefore, the use of numerical methods of distribution function recovery based on
characteristic functions is appropriate.

As known from [26,27], the characteristic function of the random variable T is de-
fined as:

χ(C) = E[eiCT ] =
∫ ∞

0
eiCt p(t)dt. (17)

This expression is in fact the direct Fourier transform of the probability density. Ac-
cordingly, the density p(t) can be recovered using the inverse Fourier transform:

p(t) =
1

2π

∫ ∞

−∞
e−iCtχ(C)dC. (18)

In the context of the GERT model, the characteristic function χ(C) is constructed based
on the transfer function W(s) by formally substituting s = iC. In this case, each branch
of the graph contributes to the overall product in accordance with the composition rule
of Laplace transforms in a branched system. In particular, for a sequential connection
of stages, the product of transforms is used. For parallel branches, it is a weighted sum
considering transition probabilities, while loops are implemented through a geometric
series of the corresponding type.

Since the direct implementation of the Fourier integral over an infinite interval is
not possible, its approximation is applied over a finite segment C ∈ [−L, L], where L is
chosen considering the characteristic scale of the function. To improve convergence and
computational stability, a smoothing multiplier e−αC2

, is introduced into the integrand,
which provides exponential decay at the boundaries of the interval:

χs(C) = χ(C) · e−αC2
. (19)

p(t) ≈ 1
2π

∫ L

−L
e−iCtχs(C)dC. (20)

An approximate value of the integral is found using a numerical method—for example,
the trapezoidal rule or Simpson’s formula [25]:

p(tk) ≈
(

1
2π

)
∑N

j=1 wj · Re
[

χ
(
Cj
)
· e−iCjtk · e−αCj

2
]

, (21)

where p(tk) is the density evaluated on a discrete time grid tk = k·∆t within the area of
interest;

wj are the weights of the quadrature scheme, depending on the chosen interpolation
method;
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Cj are the nodes of a uniform grid on the interval [−L; L].
It is important to emphasize that the values of the characteristic function χ(Cj) are

computed at each point Cj through analytical or tabular Laplace transforms defined for
each arc in the GERT graph. If a certain branch has a complex or tabular distribution, its
characteristic function can be approximated numerically using the Lagrange method, as
described in [29,30].

The transmission time variance, which is a key metric for jitter analysis, is determined as:

Var[T] = − d2

ds2 lnW(s)
∣∣∣∣
s=0

− (E[T])2. (22)

For the practical implementation of computations, the functional forms of each element
Wij(s), which correspond to specific transitions in the graph, must be known. Each partial
function Wij(s) represents the product of the delay functions for the transitions along
the corresponding path. Considering that most stages are described by deterministic or
exponential distributions, the overall forms of such products also remain exponential
or rational.

3. Results
3.1. Simulation Setup and Parameterization

To evaluate the Quality of Service of the UAV video transmission system, numerical
modeling was conducted based on the GERT model using parameters that describe the
variability of delays in the network. The study considered three scenarios with different
values of the lognormal distribution’s spread parameter (σ):

Scenario A (σ = 0.7), Scenario B (σ = 0.8), Scenario C (σ = 0.9).
The model parameters correspond to the data from Table 1 and have the following

values:

– triangular distribution: a = 2, b = 6, c = 4;
– exponential distribution: λ = 0.6;
– lognormal distribution: µ = [3.0; 3.3; 3.5], σ = [0.7; 0.8; 0.9];
– path probabilities: Plow = 0.6, Pmed = 0.3, Phigh = 0.1;
– feedback parameters: Ploop = 0.05, tloop = 0.05 microseconds (µs).

These path-selection probabilities were derived from empirical observations reported
in recent UAV video streaming experiments over heterogeneous 4G/5G networks in urban
environments [17,18]. The values reflect typical proportions of low-, medium-, and high-
quality channel selections observed in practice.

For the numerical implementation of the inverse Fourier transform, the following
settings were used:

– frequency range: C ∈ [−20; 20];
– frequency grid step: ∆C = 0.13;
– smoothing parameter: α = 0.1;
– time interval: tk ∈ [0.5; 80] with step ∆t = 0.13 ms.

The smoothing factor was determined through preliminary simulation trials to ensure
stable numerical inversion and accurate reconstruction of time-domain QoS metrics. Its
value is within the range recommended in established Laplace/Fourier inversion meth-
ods [18], and it balances numerical stability with fidelity of peak delay and jitter estimation
for the UAV transmission scenarios studied.
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3.2. Results of the Numerical Experiment

The obtained numerical and analytical values of the expected delay E[T], as well as
the jitter J, are presented in Table 3.

Table 3. QoS metrics and GERT scenario parameters.

Scenario µ σ
E[T]_Numerical

(µs)
E[T]_Cutoff

(µs)
E[T]_Analytic

(µs)
Jitter
(µs)

Scenario A 3.0 0.7 19.7 23.9 36.8 1154.51

Scenario B 3.3 0.8 16.8 20.9 49.1 713.44

Scenario C 3.5 0.9 16.0 20.2 62.0 507.18

The values in Table 3 were recalculated using a normalized inverse Fourier–Laplace
transformation, ensuring that Msystem(0) = 1 and that the recovered p(t) integrates to unity.
As a result, the numerical mean delays obtained from inversion (E[T]_numerical correspond
to the expected end-to-end delays for the complete GERT model with probabilistic feedback
loops and all fixed delay components included.

For the tested scenarios, the numerical mean delays range from 16.0 µs to 19.0 µs, with
jitter values of approximately 8.2–8.4 µs. These values are smaller than the analytical means
because the inversion-based results reflect the central mass of the delay distribution, while
the analytical values incorporate the expected total delay including long-tail contributions
from the feedback mechanism. This methodological difference explains the remaining
discrepancy between E[T]_numerical and E[T]_analytic, which is consistent across scenarios
and does not indicate a modeling error.

Based on the results of the modeling, a consistent increase in the analytical expected
value of delay time was observed from 36.8 µs (σ = 0.7) to 62.0 µs (σ = 0.9) with an increase
in the spread parameter σ. This indicates a deterioration in the average video frame delivery
time as the variability of delays in the communication channel increases.

At the same time, a decrease in jitter value was observed with the increase in σ from
1154.51 µs (σ = 0.7) to 507.18 µs (σ = 0.9). This trend is explained by the fact that with
higher values of σ, the delay distribution becomes wider, but the probability of sharp peak
variations in delay time decreases.

Figure 2 shows the probability density curves p(t) for the considered scenarios.

 

Figure 2. Probability density plot p(t) for the considered scenarios. The dashed vertical lines indicate
the expected frame delivery time (E[T]_analytic) for each scenario.
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Figure 2 illustrates the probability density p(t) of frame delivery time for the three
GERT model scenarios under consideration. From the graph curves, it is evident that as
the parameter σ of the lognormal distribution increases (which corresponds to greater
variability in the communication channel), the peak of the density p(t) decreases, and the
distribution itself becomes wider and shifts to the right. This indicates an increase in the
average delivery time of frames and a reduction in the probability of sharp peak delays,
which in practice means better predictability of the communication channel behavior.

In the context of UAV video transmission, such behavior is important for systems that
use real-time transmission protocols, such as RTP (Real-time Transport Protocol), RTSP
(Real-Time Streaming Protocol), or SRTP (Secure Real-time Transport Protocol) [31]. In
particular, UAVs used in video surveillance systems, emergency monitoring, search and
rescue missions, or military operations may employ equipment such as DJI Lightbridge
video transmission modules, Connex-type digital HD video systems, or analog low-latency
FPV systems [29]. For such systems, video transmission stability, reduction in delay vari-
ability, and ensuring high Quality of Service are critically important. In this case, selecting
an appropriate GERT model scenario allows predicting and improving the behavior of real
UAV video transmission systems, thereby enhancing task performance quality under real
stochastic influences and unstable communication channels.

The cumulative distribution function plot (Figure 3) confirms the results of the probabil-
ity densities. This figure shows the cumulative distribution functions F(t) (CDF, Cumulative
Distribution Function) for the three GERT model scenarios under study, each characterized
by different values of the spread parameter (σ).

Figure 3. Cumulative distribution function plot.

The analysis of the plot makes it possible to estimate the probability of UAV video
frame delivery within a specified time threshold. From the dependencies shown in the
graph, it is clearly visible that with an increase in the σ parameter, the distribution function
shifts to the right, which corresponds to an increase in the average frame delivery time.

For example, in Scenario A (σ = 0.7), the system reaches a delivery probability of 0.9 at
approximately 50 µs. Meanwhile, in Scenario B (σ = 0.8), the same 0.9 probability level is
reached at 58–60 µs, and in Scenario C (σ = 0.9), this time is even greater—about 68–70 µs.
This means that increasing channel variability (higher σ) leads to a longer time required to
achieve a high delivery guarantee level.

From a practical point of view, these results are especially important for UAVs perform-
ing critical missions (e.g., search-and-rescue operations, reconnaissance missions, military
operations, or monitoring of critical infrastructure), where timely video data delivery is
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a decisive factor. In such conditions, the selection of transmission parameters and com-
munication channel settings must consider the balance between average delivery time,
probability of on-time delivery, and variability (jitter). Thus, Scenario A, characterized by
the lowest σ value, provides the fastest system response, although it has greater delivery
variability. In contrast, Scenario C (highest σ) ensures lower variability but significantly
higher average delivery time.

Therefore, when using real UAV video transmission systems such as DJI Lightbridge,
Connex ProSight, or analog FPV systems with low latency (e.g., FatShark) [32,33], the
configuration scenario should be carefully selected depending on the specific task and the
requirements for transmission speed and stability.

Figure 4 shows the dependence of the frame delivery probability on the parameter σ

for given threshold times (20, 40, and 60 µs).

Figure 4. Graphs of the probability of frame delivery within the specified threshold times (20, 40, and
60 µs) as a function of the σ parameter.

The graph (Figure 4) shows three curves corresponding to three threshold delivery
time intervals: up to 20 µs, up to 40 µs, and up to 60 µs.

The analysis of this graph allows for several important conclusions.
In the first case—the probability of delivery within 20 µs. For all values of σ, the

probabilities of frame delivery within the specified threshold are quite low (less than
0.2–0.3), which indicates the unsuitability of the analyzed system configuration for tasks
with very strict time constraints, where delivery in less than 20 µs is critical.

In the second case—the probability of delivery within 40 µs. Here, the probability of
delivering a video frame within 40 µs remains moderately high (around 0.5–0.7) across all
scenarios. However, a moderate decrease in probability is observed as σ increases (from 0.7
at σ = 0.7 to approximately 0.55 at σ = 0.9). This suggests that with increasing variability in
delivery time, the likelihood of reliably meeting timing constraints worsens.

In the third case—the probability of delivery within 60 µs. For the more delay-tolerant
threshold of 60 µs, the probability of on-time delivery is quite high (from 0.85 to 0.95).
However, even here, there is a noticeable trend of decreasing probability with an increase
in σ. In particular, the probability of timely delivery decreases from nearly 0.95 at σ = 0.7 to
about 0.85 at σ = 0.9.
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From a practical standpoint, the results of this graph are especially relevant for UAV
applications with moderate requirements for response time and video transmission quality,
for example, in civil monitoring, aerial photography, agricultural field control, or environ-
mental condition monitoring. For systems such as DJI Mavic with OcuSync technology or
professional Connex ProSight systems, where some tolerance to delays is acceptable [34],
the obtained results will assist in selecting rational operating parameters that ensure high
probability of timely data delivery. The graph (Figure 4) provides a clear visual assess-
ment of the effectiveness of video transmission systems depending on the chosen model
parameters and equipment settings, which is important in the design and operation of real
UAV systems.

Figure 5 illustrates the inverse dependence of jitter on σ. The significant reduction in
jitter as σ increases highlights the potential for improving stability (reducing the spread of
delivery time values), although at the cost of increased average transmission time.

Figure 5. Graph of jitter dependence on σ.

Analyzing this graph, we observe a clear trend of decreasing jitter with an increase in
the σ parameter. Thus, for the value σ = 0.7, the jitter is approximately 1154 µs, and at σ

= 0.9 this indicator decreases by more than half, to a value of about 507 µs. This effect is
explained by the fact that with an increase in the value of σ the distribution of delay time
becomes wider, which leads to a reduction in sharp peak fluctuations of frame delivery
time, thus reducing the overall variability of data transmission.

From a practical point of view, the value of jitter is a key parameter that affects the
quality and stability of streaming video transmission. High jitter (as in the case of σ = 0.7)
can cause problems with video smoothness, such as interruptions, delays, frame loss, or
synchronization disruption. On the contrary, lower jitter (σ = 0.9) means a more stable and
predictable video stream, although it is accompanied by an increase in average delivery
time, as confirmed by the previous graphs (Figures 3 and 4).

These results acquire particular significance for practical scenarios where it is impor-
tant to maintain a balance between video frame transmission speed and stream quality
stability. For example, in video surveillance systems using modern digital video transmis-
sion technologies, such as DJI OcuSync 2.0, DJI Lightbridge, Connex ProSight HD video
transmission systems or analog low-latency FPV transmitters [29], choosing a rational σ
allows avoiding undesirable artifacts and delays in the video stream.
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Thus, the obtained results illustrate the importance of correct selection of equipment
operating parameters and transmission settings in systems where required video quality
and stability of transmission are critical factors, particularly in such responsible fields as
operational monitoring, search and rescue operations, emergency monitoring of objects or
military UAV applications.

For a deeper analysis of the behavior of the stochastic system of video data transmis-
sion from the UAV, the characteristic function Msystem(iC) was computed, which plays a
key role in modeling the temporal characteristics of the data transmission network. The
table provides discrete values of this function for a wide frequency range C ∈ [−30; 30].
It should be noted that for numerical computation of probability densities p(t) and distribu-
tion functions F(t), the frequency range C ∈ [−20; 20] was used, which is sufficient for
accurate approximation of the inverse Fourier transform. At the same time, for separate
spectral analysis of the system’s characteristic function Msystem(iC) and building its table,
the range was extended to C ∈ [−30; 30], which allows identifying the function’s behavior
at high frequencies, including decay, phase transitions and spectral maxima. Part of the
research results (30 values) of Msystem(iC) is presented in Table 4.

The conducted analysis of the obtained numerical data allows drawing the following
conclusions.

The values of the real part Re[M(iC)] illustrate that the characteristic function tends to
be symmetric with respect to zero (symmetry of the characteristic function), which corre-
sponds to the theoretical properties of stochastic processes described by the GERT model.

The absolute values Abs[M(iC)] gradually increase from the edges of the frequency
range toward the central region, which confirms the presence of dominant low-frequency
components. This indicates that the system tends to accumulate delays within a certain
frequency range, which is important in the design of video transmission systems where
delay accumulation must be minimized.

The imaginary part Im[M(iC)] demonstrates significant phase oscillations, especially
at the edges of the frequency range. This indicates a significant dependence of the trans-
mission process on stochastic variations and phase shifts, which can affect the stability and
synchronization of the video stream.

From a practical point of view, these results are important for the development of real-
time data transmission protocols, such as RTP, RTSP, or SRTP, which are used in modern
UAV video communication systems. The presence of clearly defined phase and amplitude
characteristics allows for precise tuning of buffering and error correction parameters in
such systems as DJI OcuSync, Connex ProSight, or analog FPV systems, thereby ensuring
maximum video transmission quality with minimal time delays.

Summarizing the results of the numerical experiment and spectral analysis, it can be
concluded that Scenario B (σ = 0.8) provides the best compromise between stability, speed,
and frame delivery probability in the UAV video transmission system. Although Scenario
A demonstrates the lowest average delivery time, it is accompanied by excessively high
jitter, which can lead to critical synchronization failures or frame loss in real-time modes.
Scenario C, on the contrary, is characterized by low variability but has too high an average
delay value, which limits its use in systems with operational response requirements.

Scenario B allows achieving a high probability of video frame delivery within 60 µs
(≈90–95%) under an acceptable level of jitter (~713 µs), which corresponds to the require-
ments of most modern video transmission protocols (RTP, RTSP, SRTP) and hardware
platforms (DJI OcuSync, Connex ProSight, FatShark HDZero). From a practical point of
view, this scenario is suitable for civil monitoring, environmental control, agro-analysis,
as well as emergency response tasks where it is important to maintain a balance between
speed and reliability of information delivery.
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Table 4. Part of the research results (30 values) of Msystem(iC).

C Re[M(iC)] Im[M(iC)] Abs[M(iC)]

−1.65275 0.000212 0.000218 0.000304

−1.55259 0.00038 7.31 × 10−05 0.000387

−1.45242 0.000456 −0.00019 0.000495

−1.35225 0.000364 −0.00053 0.000645

−1.25209 4.14 × 10−05 −0.00087 0.000868

−1.15192 −0.00059 −0.00107 0.001224

−1.05175 −0.00161 −0.00086 0.001823

−0.95159 −0.00281 0.000379 0.002835

−0.85142 −0.00303 0.003339 0.004512

−0.75125 0.000318 0.007209 0.007216

−0.65109 0.009127 0.006889 0.011435

−0.55092 0.016565 −0.00645 0.017775

−0.45075 −0.00159 −0.02743 0.027479

−0.35058 −0.05092 0.008569 0.051633

−0.25042 0.083323 0.159237 0.17972

−0.15025 0.737843 −0.65708 0.98801

−0.05008 −10.6359 −2.0641 10.83432

0.050083 −10.6359 2.064101 10.83432

0.15025 0.737843 0.657079 0.98801

0.250417 0.083323 −0.15924 0.17972

0.350584 −0.05092 −0.00857 0.051633

0.450751 −0.00159 0.027433 0.027479

0.550918 0.016565 0.006446 0.017775

0.651085 0.009127 −0.00689 0.011435

0.751252 0.000318 −0.00721 0.007216

0.851419 −0.00303 −0.00334 0.004512

0.951586 −0.00281 −0.00038 0.002835

1.051753 −0.00161 0.000865 0.001823

1.15192 −0.00059 0.001073 0.001224

In view of the presented numerical and analytical results, the further discussion will
focus on interpreting the identified patterns in terms of the impact of network parameters
on Quality of Service, as well as the potential for adaptive control of the video transmission
system using intelligent route selection mechanisms. In addition, it is appropriate to
consider the limitations of the constructed model, options for its improvement, and the
possibilities of integration with real network stack scenarios in UAVs of various purposes.

3.3. Results of Comparative Study of the Developed Mathematical Model of Video Transmission
from UAVs for Urban Monitoring Systems

To evaluate the effectiveness of the proposed GERT model, a comparative study
was conducted with other approaches traditionally used for modeling multimedia data
transmission processes in telecommunication systems, particularly in the UAV context. The
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analysis includes the classical queuing model (M/M/1) [35], the discrete-event simulation
model (Simulation) [7], and the Markov model of transmission under stochastic losses
(Markov) [5,36].

The first stage of comparison is based on the analysis of two key Quality-of-Service
parameters: average delay and jitter. In the corresponding graph (Figure 6), all six models
are shown in the “delay–jitter” space with overlaid zones of acceptable values.

 
Figure 6. Comparison results of transmission models with QoS zone visualization.

The zone marked in green represents the acceptable range. In this range, the delay
does not exceed 55 µs, and the jitter is limited to 800 µs. The yellow zone reflects the
marginally acceptable indicators, where the delay reaches 65 µs and the jitter 1000 µs.

The analysis showed that only the GERT (B) model confidently falls within the accept-
able range, providing both low average delay and a moderate level of jitter. The GERT (C)
model, as well as the Simulation model, are located within the acceptable QoS, but do not
satisfy the stricter delay requirements. All other models (GERT (A), Queueing, and Markov)
demonstrate excessive jitter or delay and, accordingly, do not meet the requirements of
modern real-time video services.

On the second graph (Figure 7), a comparison of the models is presented according to
an integral indicator—the probability of timely video frame delivery.

It was found that the GERT (C) model demonstrates the highest result (0.95), while
GERT (B) also ensures a high probability (0.93). For GERT (A), this indicator is 0.89, which
exceeds the value for queuing and Markov models. The Simulation model shows a slightly
lower, but still acceptable delivery probability—0.88. Meanwhile, the traditional queuing
model (Queueing) demonstrates the lowest efficiency by this criterion—0.78.

The obtained results indicate the advantages of the GERT approach in providing both
adaptability and predictability under conditions of stochastic dynamics of communication
channels. This is especially relevant in the context of smart cities, where UAVs operate
under changing topology, interference, and loads. The use of a graph-based representation
with variable routing logic makes it possible to achieve a better balance between delay
indicators, variation, and delivery reliability compared to linear or discrete modeling
schemes.
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Figure 7. Comparison of models by QoS delivery metric.

4. Discussion
The use of a stochastic approach based on GERT graphs made it possible not only to

reproduce the temporal structure of the video data transmission process in UAV networks,
but also to identify important patterns regarding the influence of model parameters on
Quality of Service.

The QoS results are consistent with trends observed in previous studies on video
transmission from UAVs over heterogeneous networks. For example, the trade-offs between
delay and jitter observed in our simulations are consistent with the findings in [3] for
adaptive bitrate streaming and [4] for multi-hop UAV communication channels, while
the delivery probability trends are consistent with the models described in [8] for urban
hotspot scenarios. Compared to queueing theory models and pure Markov models, the
proposed GERT-based structure provides a clearer representation of conditional branches
and feedback loops, enabling detailed spectral analysis that is absent in most related works.

At the core of the study was not only the construction of numerical characteristics, but
also a conceptual understanding of how changes in channel variability or routing structure
affect system properties. What deserves special attention is that the GERT model allows
maintaining analytical transparency even when stochastic feedback and adaptive routing
logic are introduced. Such flexibility of the model opens possibilities for including both
empirical and learning-based predictive parameters, making it a convenient platform for
modeling intelligent transmission systems.

The integration of spectral analysis into the study provided an additional dimension
for understanding system behavior, which is traditionally inaccessible in classical time-
domain models.

The behavior of the system’s characteristic function in the frequency domain made it
possible to assess buffering potential, possible delay fluctuations, and to identify dominant
instability regions. This approach is particularly important when developing adaptive
algorithms that must respond not only to average values but also to the structure of
temporal variations. It is worth noting that the computation of characteristic functions in
the complex plane can serve not only as a tool for reconstructing the probability density
but also as a diagnostic instrument for identifying frequency regions at risk of critical
fluctuations.
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Within the proposed approach, the model was built on a number of assumptions,
in particular, regarding the independence of transitions, the constancy of route selection
probabilities, and the stationarity of the characteristics at each stage. In real-world condi-
tions, these assumptions may be violated, indicating the need for further model adaptation.
Specifically, for practical tasks such as multi-channel transmission, collective routing, mixed-
type traffic loads, or dynamic network reconfiguration, it will be appropriate to transition
to models with temporal or topological learning. This may include integrating the model
with deep learning methods that evaluate channel quality in real time or optimize route
selection based on multi-criteria metrics.

Although the GERT formalism is mathematically sophisticated, its integration into
practical UAV communication systems can follow a hybrid workflow. The full analytical
computation, including equivalent transfer function derivation and spectral analysis, can
be performed offline during the design and pre-deployment phases. From this, simplified
decision algorithms and lookup tables are generated, which require only basic arithmetic
operations during real-time operation on-board UAVs or within traffic management sys-
tems. This approach ensures that the real-time computational burden remains low while
preserving the benefits of the GERT-based analysis. For a graph with N nodes and E
edges, the offline computation of the equivalent transfer function using Mason’s rule scales
as O(N3), which is computationally feasible for networks of practical size. The online
decision-making process operates in O(P) per decision, where P is the number of alterna-
tive paths, typically small in UAV transmission scenarios, enabling integration even into
resource-constrained UAV platforms.

While the proposed GERT-based model has been validated through analytical deriva-
tions and simulation experiments, it has not yet been tested in a live UAV network deploy-
ment. This approach is intentional: simulation modeling enables a comprehensive analysis
of system behavior under a wide range of conditions, including rare or extreme scenarios,
without the logistical and financial constraints of field tests. Moreover, it facilitates parame-
ter tuning and identification of bottlenecks prior to implementation. The selection of model
parameters was informed by experimental results reported in the literature for UAV video
transmission over 4G/5G networks in urban areas, which improves the applicability of the
findings to real systems. Future work will involve conducting dedicated UAV flight tests in
urban environments to collect empirical data, compare it against model predictions, and
refine the framework accordingly.

Thus, the results of the conducted modeling confirm the adequacy of the applied
approach, while also revealing directions for further improvement. The most promising de-
velopment appears to be the evolution of hybrid methodologies that combine the stochastic
descriptive power of GERT graphs with the adaptability of learning algorithms, as well as
the extension of the model to systems with dynamic topology, which corresponds to the
real-world dynamics of modern UAV networks.

The “artificial intelligence module” referred to in the model design serves as a pre-
dictive layer for estimating link quality metrics such as packet loss probability and delay
variation. In the present prototype, the module is implemented as a lightweight feedfor-
ward neural network with one hidden layer (16 neurons) and ReLU activation, trained on
datasets generated from simulation runs under diverse UAV trajectories, channel states,
and traffic loads. The simulation parameters were calibrated using experimental results
from published studies on 4G/5G UAV communications. In operation, the module updates
its predictions once per video frame group (GOP), corresponding to approximately 0.5–1 s
in typical UAV streaming scenarios, enabling timely adaptation without imposing excessive
computational load on the UAV platform.
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From a security and privacy perspective, the model supports “what-if” analysis of
protection mechanisms: the overhead of authenticated encryption, the effect of integrity-
check failures, and the latency added by on-board redaction can be parameterized as
graph operations and evaluated jointly with path-selection strategies. The spectral analysis
further indicates stability margins under bursty losses that may arise from interference or
adversarial conditions, informing resilient buffer and policy design.

5. Conclusions
A stochastic model of video frame transmission from UAVs based on the GERT

graph technique was proposed and analyzed in the study. Special attention was given to
modeling the adaptive behavior of the system under conditions of stochastic variability in
the urban wireless environment. Unlike classical queueing models or Markov processes,
the proposed approach provides both formal analytical computability and flexible inclusion
of alternative transmission strategies, stochastic feedback, and delay distributions with
different characteristics.

The results of the numerical analysis and comparison with baseline models showed
that the GERT model, particularly Scenario B, provides a compromise between Quality-of-
Service indicators: a high probability of timely frame delivery (~93%), a moderate level
of jitter (~713 µs), and an acceptable average delay (~49 µs). All these characteristics
are critically important for real-time applications. The conducted spectral analysis of the
model’s characteristic function also confirmed the approach’s ability to accurately reflect
the temporal variability of the transmission process and can be used to identify zones of
potential system instability.

A key contribution of this work is the formal inclusion of adaptive decision-making
logic into the structure of the stochastic model, which makes it possible to combine theo-
retical accuracy with practical applicability. Although the implementation of an artificial
intelligence module is not directly provided within the model, the structure allows it to be
easily integrated as a risk assessment source for conditional branching. This opens the way
for the creation of hybrid models based on GERT with AI components.

From an applied perspective, the model can be used as a tool for evaluation and opti-
mization of UAV-based video monitoring systems in urban environments. The flexibility of
its structure allows the approach to be adapted to various areas of application, from traffic
monitoring and emergency response to the control of critical infrastructure facilities.

At the same time, several limitations should be noted. The current version of the
model is based on fixed transition probabilities and does not include dynamic feedback
from intelligent agents. The graph structure is constrained to ensure computability, and the
model focuses primarily on the transmission of a single frame rather than a continuous
video stream. Future studies plan to expand the approach to time-dependent topologies,
implement integration with real-time AI forecasting, and test the model’s effectiveness
using real-world telecommunication traces.

In practical UAV video surveillance applications, the proposed GERT-based frame-
work can be integrated into real-time traffic management and communication control
software. Continuous video streams can be handled by segmenting them into sequential
frame groups, with each group modeled as an independent transmission event while
preserving inter-frame dependencies via buffer management. This enables the model
to dynamically adjust routing and buffering strategies based on instantaneous channel
state. The integration with AI feedback mechanisms can be realized by embedding a
predictive module, such as a lightweight recurrent neural network or gradient boosting
model, trained on recent network telemetry to forecast short-term delay distributions. The
predicted metrics are then fed back into the GERT parameter set in real time, allowing
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adaptive optimization of path selection and loop probabilities under rapidly changing
urban network conditions.

Thus, the proposed stochastic model based on the GERT graph is a promising tool
for the formalized description and evaluation of video transmission quality from UAVs
in smart city environments. It combines the advantages of analytical accuracy, flexible
architecture, and practical applicability, forming a foundation for further integration with
adaptive and intelligent control systems.

Practically, the GERT-based framework can operate as a security- and privacy-
aware communication module for UAV video: continuous streams are handled as suc-
cessive frame groups with buffer management; real-time AI feedback can update path-
selection and feedback probabilities using link-quality and risk/trust estimates; and cryp-
tographic/authentication and redaction stages are modeled explicitly to balance protection
requirements with QoS targets in dynamic urban networks.
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