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Abstract: Deep Reinforcement Learning (DRL) has become very popular for computer vision (CV), solving mostly visually
complex environments with decision making and dynamic adaption to different situations. This article provides an
introduction to the basic concepts of deep reinforcement learning with a special focus on their applications in computer vision
tasks, including challenging problems and emerging solutions. It reviews various DRL algorithms such as Q-learning, policy

gradient methods, and Actor-Critic models, explaining much of the modifications that are done to make it work on high-
dimensional visual problems. Different applications of DRL in major CV applications like object detection, image
segmentation, target tracking and image generation are reviewed to demonstrate the power as well as limitations of DRL in
practice. More importantly, the novel paradigms such as hierarchical policy learning, adaptive reward design multi-task
reinforcement learning and domain adaptation can be viewed as promising premises to improve model efficiency and
generalizability in multiple scenarios. Finally, this paper mentions a few of the existing challenges like computational power
cost and sample efficiency; as well as future paths for enhancing that can widen devout reinforcement learning in computer
vision. Through this comprehensive overview, we aim to shed light on the promising synergies between DRL and CV, while

identifying key areas for future research and application.
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Q-learning.

1 INTRODUCTION

Reinforcement Learning (RL) is a type of machine
learning where an agent learns the best possible actions to
take by interacting with the environment in order to maximize
cumulative rewards over time. DRL, which combines deep
learning and reinforcement learning, enables an agent to solve
high-dimensional problems using the power of deep neural
networks[1]. In the field of computer vision, many complex
tasks—such as object tracking, autonomous driving, and
robotic manipulation—require sequential decision-making,
adaptability to dynamic conditions, and real-time
performance. DRL is uniquely suited to address these
challenges by enabling continuous learning and strategy
optimization as the environment changes, making it a
significant area of research in modern Al applications. This
paper aims to provide a comprehensive overview of the
foundational concepts, applications, challenges, and
innovations of DRL in the CV domain, ultimately guiding
future research and development in the field.

2 FOUNDATIONS OF DEEP
REINFORCEMENT LEARNING

2.1 CORE FRAMEWORK OF RL

The basic framework of reinforcement learning (RL)
can be represented by a Markov Decision Process (MDP),
which consists of state (S), action (A), reward (R), and
transition probability (P)[2]. At each time step, the agent
selects an action @+ € Ain state s+ € 5 and determines the
probability distribution of action (I based on policy 7(a | s).
The environment then provides a reward "'t+1 and moves to
the next state t+1. The goal of reinforcement learning is to
learn the opti;nal policy 7" by maximizing the cumulative

R = Z 'Yt'rt+1

reward =0 , where 7 is the discount factor,
controlling the impact of future rewards on current decisions.
This core framework is widely applied for learning optimal
strategies in dynamic environments.
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2.2 COMBINING DEEP LEARNING WITH RL

Deep learning, with its capability of extracting complex
features through deep neural networks (DNNSs)[3], has
enabled the development of deep reinforcement learning ,
enhancing RL’s applicability in complex visual tasks[4]. For
example, in Deep Q-Networks (DQN), convolutional neural
networks (CNNSs) process image inputs to extract abstract
representations of states, followed by Q-learning for
optimizing action selection[5]. The non-linear properties of
deep learning enable more complex modeling of the
environment, allowing agents to efficiently search for optimal
strategies in high-dimensional state spaces. This structure,
combining feature extraction with policy optimization,
effectively overcomes the traditional RL bottleneck in
handling high-dimensional inputs[6].

2.3 ALGORITHM OVERVIEW

In DRL, different algorithms are suited for different
types of tasks, including:

(1) Q-learning and Its Deep Variants

Q-learning is a value-based algorithm that guides action

selection by learning the value functionQ(S’ a)for state-
action pairs. The Q-learning update formula is:

Qlsesar) = Qlsiyar) + a (reg + Y max Qspor,a) = Qs ) )

where (X is the learning rate, and Y is the discount
factor. In DQN, Q-learning is combined with CNNs to
process high-dimensional image inputs, enabling agents to
learn effective strategies for complex visual tasks[7]. Double
DQN reduces overestimation by separating action selection
from value evaluation, making the model more stable[8].

(2) Policy Gradient Methods

Policy gradient methods directly optimize the policy
m(als, 9), where 0 denotes the policy parameters. The
goal is to maximize the expected cumulative reward
J(@) = Ex [R]
as:

VoJ(0) =E;[Vglogm(als, 0)Q(s,a)]

Policy gradient methods are suitable for continuous
action space tasks and provide higher efficiency in handling
high-dimensional continuous spaces by directly optimizing
the policy.

(3) Actor-Critic Methods

Actor-Critic algorithms combine the strengths of value
function methods and policy optimization. The actor updates
the policy to select optimal actions, while the critic estimates
the value of these actions. The update formula is:

VoactorJ - ET&'[VU lOg’.’T(a‘S, te?a,ctur) ) AW(S, (I)]
where AW(S,O;) = Q(s,a) — V(S) is the

advantage function, used to assess the quality of actions.
Improved algorithms like Proximal Policy Optimization

, with the policy gradient update formula

actor

(PPO) and Soft Actor-Critic (SAC) perform well in
enhancing policy stability and are suitable for complex
computer vision tasks[9].

Here is an enhanced description of the A3C algorithm
along with its formula:

Asynchronous Advantage Actor-Critic

The Asynchronous Advantage Actor-Critic (A3C)
algorithm extends traditional actor-critic methods by
employing multiple agents to interact with different copies of
the environment asynchronously. Each agent updates a
shared global model, which accelerates learning and allows
for better exploration across large state spaces.

In A3C, each agent learns an advantage function to
improve the stability of policy updates, computed as the
difference between the estimated state-action value @(s.a)
and the value function V(s) . The advantage function
A(Sa a) for a given state-action pair is:

A(s,a) = Q(s,a) — V(s)

The actor (policy) and critic (value) are updated based
on the agent's collected experience. The policy update
formula for the actor is:

0« 0+ aVglogmg(al|s)A(s,a)

where X s the learning rate, o (a|3)

Vg log g (a| S) is the policy gradient,
A(s,a),

represents
the policy, and
adjusted by the advantage function

The critic’s update formula minimizes the mean-
squared error of the value function:

¢ ¢ — BV (R — Vy(s))

where 6 is the learning rate for the critic, R represents

the observed cumulative reward, and V¢, (9) is the value

function parameterized by *.

A3C is effective in tasks requiring high exploration and
can handle large-scale problems in diverse environments,
leveraging asynchronous updates for efficient learning.

3 MAJOR APPLICATIONS IN
COMPUTER VISION

3.1 OBJECT DETECTION AND RECOGNITION

Obiject detection and recognition is one of the core tasks
in the field of computer vision. Traditional detection methods
typically require analyzing every region of an image, whereas
RL guides the agent to focus on informative regions, reducing
redundant  computations and improving detection
efficiency[10]. In multi-object detection tasks, the reward
mechanism directs the agent to learn to focus on specific
regions, enabling effective localization and recognition of
multiple objects in complex backgrounds. This method is
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particularly important in autonomous driving and robot
navigation, as it allows for quick responses to dynamic
environmental changes and improves recognition accuracy.

3.2 IMAGE SEGMENTATION AND SEMANTIC
UNDERSTANDING

A second class of vision tasks that need accurate image
processing is all about image segmentation and semantic
understanding. By adapting their decision strategy during
segmentation, RL methods achieve more active and less
context-free policy learning on image segmentation with a
strong focus on correct object boundary delineation.
Specifically for sophisticated scenes, RL can gradually
optimize segmentation strategies to further improve
segmentation performance. High-precision segmentation can
be very beneficial to improve the understanding of a scene,
and this technology has been widely used in autonomous
driving scenarios and medical image processing.

3.3 OBJECT TRACKING

Object tracking refers to the task of identifying and
tracking the position of moving objects in video sequences.
In complex backgrounds, RL can learn adaptive tracking
strategies, maintaining high-precision tracking of the target in
dynamic scenes.

3.4 IMAGE GENERATION AND INPAINTING

Image generation and Image Inpainting represent
another key application of Deep Reinforcement Learning in
computer vision. Traditional image generation methods
typically rely on Generative Adversarial Networks (GANS)
or autoregressive models, while in the DRL framework,
agents learn to generate images or complete missing parts of
an image based on reward signals. The overall architecture of
GAN is shown in Fig. 1, where the dual-network structure,
consisting of a generator and a discriminator, forms the core
of the GAN model. Particularly in image restoration, RL
explores different repair strategies, progressively improving
the quality of the restored image by generating content that
matches the original style. This approach has significant
potential in areas such as cultural heritage restoration and
video editing.

FAKE (FINE TUNING)

FIG. 1 GAN’S OVERALL ARCHITECTURE

4 INNOVATIVE APPROACHES IN
DEEP REINFORCEMENT
LEARNING

4.1 HIERARCHICAL REINFORCEMENT LEARNING
(HRL)

Traditional RL can struggle with complex tasks due to
issues like slow convergence. Hierarchical Reinforcement
Learning (HRL) addresses this by breaking down complex
tasks into sub-tasks through a layered structure, where each
level of the hierarchy is responsible for a specific sub-task.
For example, in multi-object detection, lower-level strategies
handle individual object recognition, while higher-level
strategies coordinate the results from multiple objects. HRL
enhances task execution efficiency and reduces the
complexity of policy search, making it particularly suited for
high-dimensional visual tasks.

4.2 ADAPTIVE REWARD DESIGN

Reward design plays a critical role in RL algorithm
convergence and learning efficiency. Traditional fixed
rewards may cause slow learning, especially in environments
with sparse rewards. Adaptive reward design introduces
dynamic mechanisms that adjust reward signals based on
agent performance, accelerating the agent's approach to the
optimal strategy. For example, in target tracking tasks, RL
models dynamically adjust rewards, providing higher
rewards when the agent is near a fast-moving target to
maintain tracking accuracy. Adaptive reward design not only
accelerates convergence but also significantly improves
performance in complex scenarios.

4.3 MULTI-TASK RL

In traditional RL, models are usually trained for a single
task. Multi-task RL, however, aims to enable agents to learn
to solve multiple tasks, enhancing the model's versatility and
adaptability. Through multi-task learning, agents can share
features and strategies between tasks, improving learning
efficiency for new tasks. For instance, an agent trained on
multiple tasks like object detection, image segmentation, and
target tracking can quickly adapt and make effective
decisions in combined task environments. Multi-task RL
shows immense potential in improving the generalization of
models.

4.4 DOMAIN ADAPTATION

Data distributions may be different in other application
scenarios, and since traditional RL model needs to be
retrained when transferring the same model from one
environment to another, it introduces more computation cost.
This leads to the development of adaptable reinforcement
learning models that can transfer learnings in domains other
than where they were trained, which is made possible by
Domain Adaptation techniques also promising high
performance across a number of domains as the training and
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test environments could look very different. For example,
domain adaptation techniques enable adaptation of a robot
vision system trained in simulation very quickly to changes
in the real world. It improves the real-world practicality and
robustness of DRL models.

4.5 SUMMARY OF KEY ALGORITHMS AND
PERFORMANCE COMPARISON

4.5.1 Classic Algorithm Comparison

In DRL, classical algorithms like DQN, PPO, and SAC
each have unique characteristics. DQN excels in discrete
action spaces, making it suitable for low-dimensional tasks
with high sample efficiency; PPO introduces probability
limits in the policy optimization process, significantly
improving stability, making it ideal for tasks requiring high
stability; SAC combines entropy regularization to encourage
exploration and achieves stable convergence in continuous
action space tasks. The following summarizes the core
formulas for these algorithms.

(1) Deep Q-Network (DQN)

DQN is a value-based algorithm suitable for discrete
action spaces, with the following update formula

Qs ay) = Q(s,00) + o (-"t + max Q(si41,0") — Q(5¢, (LL))

By using convolutional neural networks (CNN) to
process high-dimensional image inputs, DQN efficiently
learns optimal policies for complex visual tasks[11].

(2) Proximal Policy Optimization (PPO)

PPO is a policy gradient-based method, where the target
function during updates is:

Lppo(8) = Ey [min (r¢(0) Ay, clip(r(6),1 — €, 1 4 €) A4)]

Here, Tt ( ) is the ratio of the current policy to the old
policy, and € defines the clipping range. PPO improves
policy stability by limiting the update size, making it well-
suited for tasks requiring high stability in computer vision.

(3) Soft Actor-Critic (SAC)

SAC is an entropy-regularized algorithm that
maximizes cumulative rewards while promoting exploration
by increasing the policy’s entropy, with the following update
formula:

T
J(m) = Er[r(se,ar) + aH (m(]s;))]
t=0
where (Y is the entropy coefficient, and
H(x(-|s:)) represents the entropy of the policy. SAC
performs well in continuous action spaces, making
it ideal for complex visual tasks.

4.5.2 Parameter Optimization in Model Training

Hyperparameters such as learning rate, discount factor,
and reward factor significantly affect the final performance
of the model during training. For instance, adjusting the

learning rate and discount factor in DQN can improve its
adaptability to high-dimensional state spaces, while the
entropy coefficient in PPO determines the level of
exploration. Choosing the appropriate hyperparameter
combination is crucial for improving convergence speed and
stability.

4.5.3 Algorithm Applicability Analysis

In terms of practicality, certain algorithms work better
than others for a task. DQN has good performance in discrete
space tasks such as image segmentation and object
recognition; PPO is suitable for stable and continuous space
tasks, such as target tracking; SAC performs better in highly
exploratory environments that are a continuous action space.
This difference lays out a theoretical basis for the algorithms
to be chosen in computer vision concerning various needs,
thereby optimizing algorithm choice.

5 OVERVIEW AND PERFORMANCE
COMPARISON OF KEY
ALGORITHMS

5.1 COMPARISON OF CLASSICAL ALGORITHMS:
DQN, PPO, AND SAC

Deep Reinforcement Learning has brought significant
advancements in addressing complex decision-making tasks
in computer vision (CV). Here, we systematically compare
three widely used DRL algorithms: Deep Q-Networks (DQN),
Proximal Policy Optimization (PPO), and Soft Actor-Critic
(SAC), each exhibiting unique characteristics and strengths.

DQON is a value-based algorithm that uses Q-learning
with deep neural networks to approximate action-value
functions. Formally, DON aims to maximize the expected

E[sravn]

cumulative reward 2i=0 7Tt , where 7't is the reward
at time step £, and 7 is the discount factor. The main
objective is to minimize the temporal difference (TD) error:

L(0) = Es,a,r,5")~D {(r +7ymax Q(s',ad307) = Q(s,a; 6))2}

where 0 are the parameters of the Q-network, 0
represents the parameters of a target network, and 2 is the
experience replay buffer. DQN has demonstrated success in
various tasks but struggles in high-dimensional continuous
action spaces, which are common in CV.

PPO is a policy-gradient-based algorithm that optimizes
the policy by maximizing a clipped objective function. PPO
effectively balances exploration and exploitation by
constraining policy updates, reducing the risk of performance
collapse. The objective function is given as:

LFFO(9) = E, [mjn (7",5(9)121,5, clip(r¢(0),1 — e, 1+ 6):&)}
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) _ o (as|se)
T0o1q (@t |st) is the probability

ratio, E is the clipping threshold, and At is the estimated
advantage function. PPO is particularly suitable for
continuous control tasks in CV due to its stability and
efficiency.

0
where "t (

SAC is an entropy-regularized actor-critic algorithm,
where a soft Q-learning objective is used to encourage
exploration by adding an entropy term to the reward. SAC
maximizes the expected cumulative reward with entropy
regularization:

2

L(0) = Efy ooy [(;- + A Egrr [Q(s', ) — alogw(a’]s")] — Q(s,a)) ]

where (X is a temperature parameter that controls the
trade-off between exploration and exploitation. SAC has
shown superior performance in tasks requiring exploration in
large, continuous action spaces, making it highly applicable
for dynamic CV applications.

5.2 HYPERPARAMETER OPTIMIZATION IN
MODEL TRAINING

The performance of DQN, PPO, and SAC significantly
depends on the choice of hyperparameters during training,
which influences the stability and convergence speed of each
model. Key hyperparameters to consider include the learning
rate 7/, discount factor 7, batch size [V, and target network
update frequency for DQN, among others.

DQN: Sensitive to the learning rate 77 and the size of the
experience replay buffer D. A smaller 7 can lead to stable
learning but slower convergence. Additionally, an optimal
target network update frequency can reduce the risk of
diverging from the optimal Q-values.

PPO: Highly dependent on the clipping parameter €
and the batch size Nused in the gradient update. Larger N
values can enhance training stability but increase
computational costs, especially in large CV applications.

SAC: The temperature parameter (Y is critical in SAC,
as it controls the entropy bonus and, therefore, the degree of
exploration. High values of (¥ encourage exploration but
may lead to suboptimal performance in deterministic tasks,
whereas lower values emphasize exploitation.

Proper tuning of these hyperparameters can
dramatically improve the performance of DRL algorithms in
CV tasks, as a well-optimized model can learn faster and
achieve higher rewards, while poorly chosen parameters may
lead to unstable or suboptimal policies.

5.3 APPLICABILITY ANALYSIS OF ALGORITHMS
BASED ON COMPUTER VISION TASK
REQUIREMENTS

Since applications of computer vision span from image
classification to robotic control, the use of RL must be
tailored to fit the particular subtask. Different DRL

algorithms have different strengths that may line up better
with the structure, complexity and control of specific CV
tasks. In this work, we examine the fitness of DQN, PPO and
SAC for these classes of CV tasks, providing some insights
over their suitability and drawbacks.

DQN (Deep Q-Networks): DQN is ideal for discrete
action space problems, which provided a solution for image
classification and object detection as it is easy to constrain the
actions into discrete choices like classifying or localizing an
object. An effective strategy based on maximizing near-term
visual information gain, Q-learning performs well in static
and structured environments. Nonetheless, DQN faces
limitations when applied to high-dimensional or continuous
action-space applications such as robotic control and visual
navigation that demand rich motor control and real-time
adaptation. DQN is inherently limited because it works with
discrete actions so it struggles at dynamic or continuous state
representations and in more complex control problems its
granularity is often insufficient.

PPO (Proximal Policy Optimization): PPO offers a
balance between exploration and exploitation, making it
highly suitable for tasks requiring continuous control over
complex environments, such as autonomous driving,
continuous visual tracking, and robotic object manipulation.
These applications often require precise adjustments and
smooth actions, where sudden, large updates in policy could
destabilize performance. PPO's clipped objective function
promotes incremental policy updates, which enhances
learning stability and resilience in environments with
frequent variations. In CV tasks with extensive action spaces
and a need for continuous adjustments, PPO demonstrates
robust performance and generalizes well across various tasks.
Additionally, its simplicity and efficiency make it ideal for
large-scale tasks in high-dimensional state spaces, where
stability and reliability are critical.

SAC (Soft Actor-Critic): SAC excels in tasks
demanding both high exploration and fine-grained control,
especially where environments are unpredictable, dynamic,
or stochastic. Applications such as visual navigation,
complex robotic manipulation, and autonomous drones rely
on policies that can adapt to varying states and uncertain
environments, where SAC’s entropy-driven objective
encourages policies that remain adaptable and exploratory.
By maximizing both reward and entropy, SAC promotes
diverse action strategies that can handle sparse rewards and
complex visual cues, maintaining robustness in environments
with a high degree of randomness. Its unique balance between
exploration and exploitation makes SAC advantageous for
CV tasks where reliable performance under uncertainty is
essential, enabling adaptive, resilient decision-making in the
face of noisy or incomplete visual data.
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6 CV DATASETS AND BENCHMARK
TESTING

6.1 CoMMON DATASETS

Datasets are essential in building and validating DRL
models for CV since they constitute the raw data used to train
and evaluate algorithms. Some of these are COCO (Common
Obijects in Context), ImageNet, and Cityscapes which each
have their own usecase when it comes to CV work.

Well known for its large scale, COCO has more than
330k images and over 2.5 million object instances labeled in
80 categories. This is especially beneficial for object
detection, segmentation, and captioning tasks. COCO
provides variety of objects and images together which allows
DRL models to learn on a very diverse environments. For
example, in COCO you can have a image with overlapping
objects using the variety present in COCO, it will help to train
robust models as well since this mesh of images will be kind
of more real life data.

ImageNet, another foundational dataset, is renowned for
its massive scale, with over 14 million labeled images
spanning 1,000 object categories. ImageNet is widely used
for image classification tasks and serves as a benchmark for
evaluating the performance of deep neural networks,
especially in large-scale visual recognition. ImageNet’s
extensive labeling enables DRL models to learn a broad range
of visual features, which are crucial for high-level recognition
tasks and transfer learning to other domains.

Cityscapes offers a dataset tailored for urban scene
understanding, featuring high-resolution images from 50
cities. It focuses on semantic segmentation and pixel-level
understanding of street scenes, making it especially valuable
for applications like autonomous driving. Cityscapes contains
annotated data for road infrastructure, traffic signs, and
pedestrians, which are key components for intelligent
transportation systems. DRL can leverage this dataset to
enhance models' decision-making in real-time applications,
such as obstacle avoidance and path planning in dynamic
environments.

By using these datasets, researchers can evaluate the
generalization abilities of DRL models, compare different
algorithms, and benchmark performance across tasks. They
provide the diversity and complexity needed to push DRL
models to handle real-world computer vision problems.

6.2 BENCHMARK TESTING

Benchmark testing is essential for evaluating the
performance of DRL models in CV applications. The primary
goal is to assess how well an algorithm performs across a
variety of tasks under realistic conditions. In the context of

DRL, this testing typically focuses on several key
performance metrics: time efficiency, accuracy, and
robustness.

Time efficiency refers to the ability of a model to make
decisions and process information in real-time, which is

critical for applications in fields like autonomous driving and
robotics. DRL algorithms often require many iterations to
converge to an optimal policy, and finding the balance
between exploration and exploitation becomes crucial for
ensuring timely responses in dynamic environments.

Accuracy is a core metric, particularly in tasks like
object detection and segmentation. Here, the DRL model is
evaluated based on its ability to correctly identify objects,
delineate regions of interest, and predict visual cues from
input data. For instance, in an object detection task, accuracy
is commonly assessed using the mean average precision
(mAP) metric, which averages the precision at different recall
levels.

Mathematically, mAP is defined as:
1 N
mAP = Zl AP;
1=
WhereNis the numkger of classes, and APi is the

average precision for class Z, which can be calculated as:
> . P(r)-Ar
AP, = IE
2., P(r)

Where ’(r) is the precision at recall 7", and Ar
represents the change in recall.

Robustness refers to the ability of a DRL model to
maintain consistent performance across a variety of
challenging conditions. This can include handling noisy input
data, dealing with changes in lighting, or adapting to
previously unseen environments. Robustness testing often
involves evaluating how well the model generalizes to new,
unseen data or performs in less ideal conditions, such as in
adversarial environments or with missing input features.

Benchmarking DRL models in CV tasks often involves
comparing several different algorithms and architectures,
ranging from traditional Q-learning methods to more
advanced techniques like Proximal Policy Optimization (PPO)
or Soft Actor-Critic (SAC). Through such comparisons,
researchers can gain insights into which approaches are best
suited for particular types of visual tasks, balancing trade-offs
between performance metrics such as speed, accuracy, and
stability.

6.3 EVALUATION METRIC ANALYSIS

The choice of evaluation metrics is crucial for
accurately assessing DRL models in computer vision
applications. The metrics must align with the specific task
requirements, as different tasks emphasize different aspects
of model performance. The most common evaluation metrics
used for assessing DRL models in CV are Precision, Recall,
and Mean Average Precision (mAP), though other metrics,
such as loU (Intersection over Union), F1 Score, and
Tracking Accuracy, are also commonly used.

Precision measures the proportion of positive
predictions that are actually correct. It is calculated as:
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TP
TP+ FP

Where 1" is the number of true positives and FPis
the number of false positives. In object detection, high
precision means that the model does not produce many false
positives, which is crucial for tasks like autonomous driving
where misidentifying objects can have severe consequences.

Precision =

Recall assesses the proportion of actual positive
instances that are correctly identified by the model. It is given

by:
TP

A
Recall = 75— FN

Where F' N is the number of false negatives. Recall is
particularly important in applications like medical image
analysis, where missing a positive diagnosis can be fatal.

Mean Average Precision (mAP), as mentioned earlier,
is an aggregate metric used to evaluate detection tasks. It
provides a more comprehensive view of a model’s
performance across varying levels of recall, ensuring that the
model balances precision and recall effectively. For example,
mAP values that are consistently high across different recall
thresholds indicate that the model is both precise and able to
detect a wide range of object instances.

For tasks like target tracking, the performance metrics
become more specialized. Stability and consistency in real-
time tracking are critical, as the model needs to continuously
track a moving object under varying conditions. In these
cases, metrics like Tracking Accuracy (TA) and Normalized
Obiject Tracking Precision (NOTP) are commonly used.

number of correct track assignments

total number of objects in the sequence
Other advanced evaluation metrics, like loU for
segmentation tasks, are used to measure the overlap between
predicted and ground-truth regions. In segmentation, a higher
loU indicates that the model is able to correctly segment the
relevant regions from the background. Mathematically, loU
is defined as:

Area of Intersection

ToU =
Area of Union

Selecting the right evaluation metric based on task
characteristics ensures that the model performs well in its
intended application. For example, in autonomous driving,
both mAP (for object detection) and tracking accuracy are
essential to ensure that objects are detected reliably and
tracked consistently across frames. In medical image analysis,
precision and recall are key to minimizing false positives and
false negatives in disease detection.

By conducting thorough evaluations across different
metrics, researchers can more effectively assess DRL models'
capabilities, refine their performance, and guide future
developments in the field of computer vision.

7 CASE ANALYSIS: CUTTING-EDGE
APPLICATIONS OF RL IN CV

7.1 ADAPTIVE ROBOT VISION SYSTEMS

Adaptive robot vision systems represent one of the most
promising applications of Deep Reinforcement Learning in
real-world robotics. The primary goal in such systems is to
enable robots to navigate autonomously in dynamic and often
unpredictable environments. By using reward-based
mechanisms, robots can continuously learn from interactions
with their surroundings, adapting their strategies to handle a

wide variety of obstacles, changes in lighting, or
environmental uncertainties.
In particular, DRL empowers robots to build

comprehensive environmental maps, recognize obstacles,
and make intelligent decisions regarding pathfinding. This
ability is particularly beneficial in complex settings such as
automated warehouses, where robots must navigate narrow
aisles while interacting with moving human workers and
other machines. Moreover, DRL can improve the efficiency
of object recognition systems by adjusting the robot’s visual
perception to match the task at hand. For example, a robot
might learn to differentiate between objects based on priority
or contextual relevance, whether it's sorting packages in a
factory or identifying household items in a smart home
environment.

7.2 SMART SURVEILLANCE SYSTEMS

The DRL in smart surveillance systems is changing the
way public spaces are monitored, security is managed, and
incidents responded to directly. Conventional surveillance
systems are usually dependent on tailored algorithms that are
unlikely to respond accordingly, or timely, during the
evolution of events. In contrast, DRL feeds into the entire
surveillance system with new adaptability that helps the
system to adapt themselves according to new faced situation
without human intervention.

A prominent example of DRL in surveillance is
anomaly detection, where the system constantly evolves and
discerns between normal and abnormal patterns from video
streams. With the help of massive amounts of surveillance
footage, it is able to learn suspicious activities, such as theft,
fights or accidents visually. By refining detection methods
and adjusting policies to minimize false positives and false
negatives, DRL agents can learn optimal strategies for
detecting these anomalies.

Traditional surveillance systems face challenges in
realistic environments, like crowded public spaces or highly
variable traffic condition. DRL partly mitigates this issue by
allowing surveillance systems to modify their decision-
making behavior based on constantly changing conditions.
As a concrete use case, the RL agent can optimize how to
allocate its focus among multiple traffic lanes for a traffic
monitoring system depending on which one has more
vehicles and is likely congested enabling better detection of
vehicle flow as well as identification of incidents. In the same
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way, smart surveillance systems based on DRL can alter their
monitoring of active hotspot based on what is happening in a
certain area to watch for any breaches in public safety.

The ways of their operation can have social effects as
well such as improved response time and greater threat
detection capabilities. In cases when something goes wrong,
such type of intelligent surveillance system can enable human
operators to view real-time data so they can decide how to
respond, whether that is dispatching security personnel or
directing medical teams to a critical area.

7.3 CV APPLICATIONS IN GAMES

Deep reinforcement learning with computer vision has
also been an important trend in the gaming domain, where
agents need to extract information from visual perception
based on complicated and dynamic environment quorums to
perform appropriate actions. CV techniques allow RL agents
to convert high-dimensional visual data — character
positioning, terrain details, and movement patterns into lower
dimensional representations that provide context for digital
brains when making decisions—for games modeled with
real-time strategies in visually-rich worlds. The integration of
CV and DRL creates agents capable of perceiving game states
through raw visual inputs while dynamically reacting to a
continually changing game environment.

For example, in classic Atari games, RL agents
equipped with convolutional neural networks interpret pixel-
based visual inputs to determine optimal actions, such as
moving or shooting, in response to the game state. In this
setting, CNNs allow agents to directly process raw image data,
learning patterns from visual cues without manual feature
engineering[12]. This approach, as seen in “Playing Atari
with Deep Reinforcement Learning,” showcases how CV
enables RL agents to succeed across diverse game
environments using only visual input.

Similarly, in AlphaGo, the RL agent processes the Go
board as a visual input to evaluate possible moves and plan
complex, multi-step strategies. By leveraging CNNs to
analyze board states, the agent learns optimal play strategies
without human knowledge, setting a new benchmark in game
AI[13].

In 3D multiplayer games like Quake I11 Arena, CNNs
help RL agents process three-dimensional environments,
recognizing other players’ positions and complex spatial
layouts. By utilizing population-based reinforcement learning,
these agents achieve human-level performance in navigating
and competing in highly dynamic environments.

In the popular mobile game Honor of Kings, a
hierarchical macro-strategy model integrates CNNs to
analyze the game map, detecting ally and enemy positions.
This enables the agent to make high-level strategic decisions,
such as when to attack, defend, or cooperate with other agents,
showcasing the power of combining CV with DRL in
multiplayer online battle arenas (MOBA) to create
sophisticated Al strategies[14].

Furthermore these games allow to test how robust RL
algorithms are in changing and ambiguous environments. In
competitive video games, the environment and opponent
strategies are rapidly changing which requires DRL models
to adapt quickly to new situations. Somewhere in here is
where the shined ability of DRL to explore broad areas of
strategy and evolve over time. The same adaptability of RL
agents can be easily applied to many types of CV tasks as well,
like in the case of various autonomous driving and robotic
control problems.

7.4 MEDICAL IMAGE ANALYSIS

Medical image analysis is one of the most critical and
high-risk areas where DRL can make a significant impact. In
medical environments, accuracy and interpretability are
paramount, especially when the system’s decisions affect
patient health outcomes. Due to the life-or-death nature of
many medical conditions, any errors in diagnosis or treatment
recommendations based on medical imagery can have severe
consequences. DRL has demonstrated its potential in a
variety of medical applications, such as disease detection,
organ segmentation, and tumor classification, by offering
automated, precise, and consistent analysis of medical
imagery, which is often too complex for traditional methods.

DRL has been applied in this field for automating image
segmentation problems, where the objective is to accurately
segment and localize the regions of interest from healthy
surrounding tissues (e.g. This is all the more important in
time-critical medical environments — radiology departments,
for example, where a prompt and correct diagnosis is
paramount for enhancing patient outcomes. The DRL
mechanism can also be validated to enhance segmentation
strategies since DRL agents receive rewards when identifying
abnormalities more accurately in medical images such as CT
scans, MRIs and X-rays, therefore ensuring precise
abnormalities identification is essential for trustworthy and
timely clinical decisions.

8 CURRENT CHALLENGES AND
FUTURE TRENDS

8.1 MODEL TRAINING EFFICIENCY AND
COMPUTATIONAL RESOURCE DEMANDS

Training Deep Reinforcement Learning models for
high-dimensional tasks, particularly in visual domains like
robotics, autonomous driving, and computer vision , demands
considerable computational powerp[15]. High-resolution
images and complex environments generate massive data
loads, requiring extensive GPU or TPU resources, which in
turn drive up both time and cost. As models become more
intricate, they also require careful tuning of hyperparameters
and significant memory capacity, adding to the complexity
and expense of deployment.

Improving training efficiency in DRL has direct positive
implications for computer vision . Faster training cycles and
lower resource consumption would make it more feasible to
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deploy DRL-based CV solutions in real-time applications,
such as facial recognition, autonomous navigation, or medical
image analysis[16]. For example, in CV tasks that involve
processing large volumes of visual data, such as in
surveillance or remote sensing, improved DRL training
efficiency can accelerate model development and deployment,
enabling quicker adaptation to new environments or tasks.

In the future, optimizing model training efficiency and
minimizing resource usage will become essential for making
DRL scalable and accessible across various industries[17].
Emerging research is expected to emphasize techniques such
as model compression, where large models are streamlined
without sacrificing performance, and distributed learning,
which leverages multiple processors to speed up training.
Additionally, advancements in hardware, such as the
development of specialized Al processors, could further
reduce resource demands and make DRL solutions more
feasible for broader applications, including those that heavily
rely on CV tasks.

8.2 SAMPLE EFFICIENCY AND EXPLORATION
STRATEGIES

Real-world applications of DRL often involve
environments where data samples are sparse, making it
challenging to collect enough information for effective
training. For instance, in fields like healthcare, autonomous
navigation, or finance, real-world interactions may be limited
due to safety concerns, high costs, or data availability
restrictions[18]. Improving sample efficiency is therefore
crucial to ensure that DRL models can learn effectively from
limited experiences or interactions.

In order to fix this, future work may harness self-
supervised learning, whereby the model creates its own
training signal by predicting or inferring missing parts of
information based on data it already possesses. Better
exploration strategy (curiosity-driven exploration, intrinsic
motivation) is another area with a great promise that helps the
models to visit less traveled states. These developments will
create adaptive and robust systems in data-constraining,
expensive-to-collect environments by improving the ability
of DRL models to overcome sparse rewards and rare data.

9 CONCLUSION

Due to the diversity of the domains to which DRL is
applied, this paper presents a comprehensive review of recent
developments in Deep Reinforcement Learning for Computer
Vision applications covering some fundamental aspects on
what gives it foundation explain key algorithms and its
application over various computer vision tasks. Specifically,
the author spend much of the paper discussing mainstream
algorithms — Q-learning, policy gradient and Actor-Critic
methods — and how effective they are for high-dimensional
visual environments. Key CV applications, including object
detection, image segmentation, target tracking, and image
generation, are discussed. The paper enlist novel strategies
including hierarchical policy learning, adaptive reward

design, multi-task learning and domain adaptation to improve
efficiency and generalizability of the models. The paper
elucidates the enormous potential of DRL on CV tasks along
with inherent challenges in terms of resource consumption,
sample efficiency, and real-time action production, while
outlining corresponding countermeasures. This review serves
twofold — first, it presents an overview of the works involved
in the intersection of DRL and CV and second, it provides
potential future research directions and application areas.
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