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Abstract— In recent years, there has been an increasing
expectation to understand and utilize information from physical
space. However, the vast amount of information, including
historical data, makes it inevitable that some information will
be missing in the virtual space. Active inference, based on the
free energy principle, is a control framework that captures
the uncertainty and ambiguity of information, allowing for the
observation of objects and inference of one’s own actions. In
active inference, an agent probabilistically infers the state of
the environment by combining prior beliefs about the state
with observational results. Then, the agent estimates the state
change for each action as if it is selected and finally selects
the most appropriate action. This enables the estimation of the
state of the environment and the control of actions to reduce
uncertainty within a single framework, even when information
is uncertain. In this paper, to address the missing information
in virtual space, we aim to appropriately engage sensing in
the physical space by applying active inference to the search
for individuals using multidirectional cameras and drones. The
target of the search continues to move, making continuous
sensing difficult and leading to missing information about the
target. Therefore, when a multidirectional camera cannot sense
the target, it estimates the target’s position and controls the
capture range of other cameras and the movement direction of
drones to more efficiently capture the target. Simulation results
show that the time to capture the target is reduced compared
to cases where active inference is not used.

Index Terms—Active Inference, Person Search, Drone, Mul-
tidirectional Camera, Free Energy Principle

I. INTRODUCTION

In recent years, there has been an increasing expectation to

understand and utilize information from the physical space

through sensing. One of the examples is the Cyber-Physical

System (CPS). CPS collects data from the physical space

using sensing devices, analyzes the big data in the virtual

space, and feeds back the results to control and services in

the physical space [1]. CPS is utilized in various fields such

as data analysis in healthcare and monitoring conditions in

factories and farms [2]. Furthermore, by conducting sensing

at the city or regional level and analyzing and feeding back

the vast amount of collected data, CPS can be applied to

more human-centric use cases such as traffic information

estimation, lost item search, and the search for missing

persons, wandering elderly, or wandering pets [3].

In CPS, it is crucial to accurately grasp the situation

in the physical space. However, the number of sensing
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devices is limited, and it is impossible to sense informa-

tion from every location in the physical space. To address

such missing information, methods such as interpolation

and supplementation of missing information are considered.

Interpolation of missing information involves estimating the

missing information using past data in the CPS [4], [5].

In contrast, supplementation involves conducting additional

sensing in the physical space using actuators such as robots,

drones, and multidirectional cameras. However, due to the

vastness of the physical space, it is inevitable to narrow

down the sensing targets for supplementation. Therefore, it

is necessary to select appropriate sensing targets while con-

sidering the expected information gain, such as the reduction

of uncertainty.

Active inference is a control framework that captures

the uncertainty of information and infers the observation

of objects and one’s own actions [6]. In active inference,

an agent holds a generative model that generates prior

beliefs about the state of the environment. By combining

the prior beliefs about the state of the environment output

from the generative model with actual observational results,

the agent estimates the posterior beliefs about the state of

the environment. Furthermore, based on the estimated state,

the agent understands the changes in the state due to its own

actions, enabling the selection of optimal actions to reduce

uncertainty in line with the beliefs about the state of the

external world.

In this paper, we evaluate the effectiveness of applying

active inference to control sensors and actuators in the phys-

ical space while considering the missing information in CPS.

As a use case, we assume the search for missing persons

or wandering elderly in a city and individually control the

observation directions of multidirectional cameras and the

movement directions of drones using active inference. By

using active inference, it becomes possible to capture the

uncertainty of observing the target with adjacent cameras or

drones when a camera does or does not observe the target,

leading to a more efficient use of actuators. Additionally, we

introduce uncertainty in the accuracy of person identification

by cameras and drones. We demonstrate that active inference

achieves person search while considering the possibility of

not identifying a person with a certain probability.

II. RELATED WORK

A. Free Energy Principle

This section explains active inference based on the free

energy principle [6], [7]. The free energy principle, proposed

by Friston, is an information theory of the brain. It posits



that the perception and learning of living organisms are

determined by minimizing a cost function called variational

free energy. As a result, organisms, represented as agents,

adapt to their environment.

At each time step t, the brain estimates the state of the

environment st from the observations ot generated by the

environment. Additionally, the agent performs actions that

affect the environment. These actions are determined by a

policy π , which is a sequence of actions chosen by the agent.

The estimation of the state st is achieved by minimizing the

variational free energy Ft as shown in Equation 1.

Ft(π) = EQ(st |π)[logQ(st |π)− logP(ot ,st |π)]

= EQ(st |π)[logQ(st |π)− logP(ot |st)P(st |st−1,π)Q(st−1)]
(1)

Equation 1 represents variational Bayesian inference, which

derives the approximate posterior belief Q(st |π) to estimate

the state st . Here, P(ot |st) is the likelihood of the observation

ot given the state st , and P(st |st−1,π) is the state transition

distribution. By minimizing the expected free energy shown

in the equation, the inference of the policy π for determining

actions is performed.

G(π, t) = EQ(st ,ot |π)[logQ(st |π)− logP(ot ,st |π)]

≃−EQ(st ,ot |π)[DKL[Q(st |ot ,π)||Q(st |π)]]

−EQ(st ,ot |π)[log p(ot)]

(2)

The first term is called information gain. It represents the de-

gree of change in the predicted approximate posterior belief

when an observation is obtained. A higher value indicates

a higher potential to reduce the uncertainty of the state.

Therefore, this term is used for selecting exploration policies

by the agent. The second term is called prior preference.

It is necessary to define the prior preference as the agent’s

objective. The prior preference is a term for setting rewards

for observations. Thus, this term is used for selecting policies

to achieve the agent’s objectives. These two terms enable

the handling of both exploration for information and the

achievement of objectives.

B. Maintaining the Integrity of the Specifications

The study by [8] proposes a mapping method using active

inference with a mobile robot. The goal is to understand

the map of a warehouse and the route to the target location

using images from a camera mounted on the robot. The

robot is considered an agent, and its generative model is

implemented as a hierarchical model, with the upper model

handling navigation and the lower model handling mapping.

In navigation, the start point, goal point, and the agent’s

pose at the beginning of navigation are given as initial

states. In the lower model, no initial state is provided, and

the map of the warehouse is created through exploration.

However, the state transition probabilities under policy π and

the generation probabilities of ot under state st are provided

through reinforcement learning by running the robot in the

warehouse beforehand.

The warehouse used in the study has many visually similar

locations, making the environment and the robot’s position

ambiguous. Therefore, without using active inference, the

map could not be created in a single exploration and was

completed by combining the results of three explorations. In

contrast, with active inference, the robot infers its position

while exploring, allowing the map to be constructed in

a single exploration. Additionally, using the created map,

active inference successfully derived the shortest path from

the start point to the goal point.

However, this study controls only a single sensor (camera)

and a single actuator (robot). Coordinating sensors and

actuators could enable the application to a wider range of

use cases.

III. PERSON SEARCH SYSTEM USING ACTIVE

INFERENCE

In this paper, we apply active inference to a problem of

person search using multidirectional cameras and drones.

We evaluate the effectiveness of analyzing information in

the virtual space and efficiently controlling multidirectional

cameras and drones in the physical space, considering the

uncertainty in the virtual space of CPS. Below, we describe

the structure of the person search system.

A. System Overview

The free energy principle allows the generative model

to represent the state of the external world as beliefs. The

generative model and beliefs can be updated by minimizing

the variational free energy from the obtained observations.

Using these expressed beliefs, active inference can take

actions to reduce the uncertainty of those beliefs. Therefore,

in CPS, it is expected to represent the uncertainty caused

by missing or aggregated information in the virtual space as

beliefs and realize actions and observations that reduce that

uncertainty.

In person search, it is difficult to continuously sense the

target, and uncertainty arises due to missing information

about the target’s location in the virtual space. By utilizing

the free energy principle, it is possible to represent the tar-

get’s location as beliefs based on past sensing results. Thus,

active inference can plan actions to reduce the uncertainty of

the target and appropriately control multidirectional cameras

and drones in the physical space to advance the person

search.

The overview of the person search system using active in-

ference with multidirectional cameras and drones is shown in

Figure 1. We suppose a city where multidirectional cameras

and drones are placed as the environment. When a person

search request is made, the system uses the video from the

cameras and drones, along with the information aggregated

in the virtual space of CPS, to search for the target moving

through the city. In active inference, the agent is considered

to have a generative model on a server that constructs the

virtual space, along with cameras and drones.

First, the cameras and drones observe the presence or

absence of the target at their observation positions and send

this information to the server. The server then infers the

target’s location by calculating the variational free energy
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Fig. 1. System Overview Diagram

based on prior beliefs about the target’s location, the obtained

observations, and the policy. The posterior estimate at this

time becomes the prior probability for the target’s location at

the next step. Furthermore, by calculating the expected free

energy from the posterior estimate of the target’s location, the

policy for changing the observation direction of each camera

and the position of the drones is inferred.

Finally, based on the inferred policy, the observation

direction of each camera and the movement direction of

the drones are determined, and commands are sent from

the server to the multidirectional cameras and drones. The

multidirectional cameras change their observation direction,

and the drones move and then observe at the next time step.

By repeating this process, active inference can realize action

plans that reduce the uncertainty about the target’s location,

advancing the person search.

B. System Details

This section explains the details of the person search

system. To develop and evaluate the proposed system, we

make the following assumptions:

• No Individual Identification: The system detects the

presence or absence of a person but does not distinguish

between individuals.

• Predefined Map: The map is pre-prepared and stored

on the server, providing known movement paths for the

target.

• Movement Tendencies: The target follows probabilistic

movement tendencies, such as a preference for going

straight at intersections, but does not adapt to environ-

mental factors dynamically.

• Camera Recognition Errors: Cameras may fail to detect

the target with a certain probability, introducing obser-

vation uncertainty, which is accounted for in the active

inference framework.

To perform person search by identifying individuals

through images, the task known as Person Re-Identification

(Person Re-Id) is crucial. This task involves linking a person

captured by one camera to the same person captured by

another camera [9]. Research on Person Re-Id has predom-

inantly focused on processing images using deep learning.

Methods have been proposed to achieve Person Re-Id in

environments like the remote surveillance systems assumed

in this study [10].

People moving through the city have movement tendencies

based on their characteristics such as destination, age, and

gender [11]. This includes preferences for wider roads over

narrow ones, brighter roads over darker ones, and roads with

better visibility over those with poor visibility. This paper

simplifies these tendencies as the probability of going straight

at intersections. These assumptions do not affect the core

objective of this study, which is to evaluate the effectiveness

of active inference in controlling multidirectional cameras

and drones for efficient target search.

The map is represented as a graph GR(N,V ), where

intersections are nodes and paths between intersections are

links. The connection matrix C is defined, where the element

Pi, j represents the number of paths between intersections i,

j. Cameras are installed at some intersections, denoted as

Nc ⊂ N, and the connection matrix between cameras Cc is

derived from C and Nc.

Each camera i at time t has a direction a
(i)
t (1 ≤ i ≤

Nc). Drones can move up to two links per time step, with

actions a
(drone)
t including stopping or moving up, down, left,

or right. The agent infers the camera direction vector as

at = (a
(1)
t , ...,a

(Nc)
t ,a

(drone)
t ).

The state st consists of the target’s position, the directions

of the cameras, and the drone’s position. Each camera i

at time t observes o
(i)
t , indicating the presence or absence

of the target. Similarly, the drone captures observations

o
(drone)
t . Thus, the observation vector is represented as ot =

(o
(1)
t , ...,o

(Nc)
t ,o

(drone)
t ).

The target moves probabilistically based on a **straight

probability**, which determines the likelihood of continuing

straight at an intersection. If the straight probability is close

to 1
3
, movement is nearly random, while a value closer to

1 indicates more deterministic movement. The likelihood

P(ot |st) represents the probability of obtaining an observa-

tion o given state s, primarily indicating the presence of the

target in the field of view of cameras and drones.

Next, we explain an active inference method for person

search problems. The estimation Q(st |π) of the state st ,

including the target’s position, is derived by minimizing the

variational free energy Ft based on Equation 3.

Ft(π) = EQ(st |π)[logQ(st |π)− log P̂(ot |st)P(st |st−1,π)Q(st−1)]

= EQ(st |π)[logQ(st |π)

− logαP(ot |st)P(st |st−1,π)Q(st−1)]

= EQ(st |π)[logQ(st |π)− logP(ot |st)Q(st−1)

− logαP(st |st−1,π)]
(3)

Here, P̂(ot |st) represents the likelihood of observing the
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target, incorporating recognition errors, modeled as P̂(o|s) =
αP(o|s) with error parameter α . Since 0 < α < 1, observa-

tion errors increase the uncertainty in the posterior distribu-

tion Q(st |π), but the model accounts for this uncertainty.

Next, to plan the future changes in the observation di-

rections of the multidirectional cameras π , the expected free

energy G(π, t) is calculated based on Equation 4 based on the

posterior belief Q(st), the target’s transition state P(st |st−1),
the observation likelihood P(ot |st), and the prior preference

p(ot).

G(π, t) =−EQ(ot |π)[DKL[Q(st |ot ,π)||Q(st |π)]]

−EQ(ot |π)[log p(ot)]
(4)

By selecting actions that minimize G(π, t), the system effi-

ciently reduces uncertainty in the target’s position, making

it easier to capture the target. The updated posterior belief

Q(st) is used as the prior P(st) for the next step, iterating

this process to conduct person search.

IV. EVALUATION

A. Physical environments

An example of the map used in this paper is shown in

Figure 2. Figure 2 is created based on the Suita Campus

of Osaka University [12]. The gray areas represent roads,

indicating where the target can move. The cameras are

numbered in the order they are added in Figure 2, with a

blue circle labeled “1” indicating one camera, “1” and “2”

indicating two cameras, and so on. The drones start their

search from the red square shown in Figure 2.

Through observation, the presence or absence of the target

is determined. When the target is present within the observa-

tion range, the target’s position is obtained as the observation

value. If the target is not present within the observation range,

the observation value is treated as NULL.

B. Simulation Settings

In this paper, we evaluate whether active inference can

efficiently capture the target by controlling multidirectional
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cameras and drones while estimating the target’s movement

rules. This simulation assesses the time taken to capture the

target with a drone from an unknown initial position. The

rationale for using drones is that, even if the target is captured

by cameras or other sensors, it is easy to lose track of the

target’s subsequent movements. In contrast, capturing the

target with a drone allows continuous tracking, independent

of the sensor placement along the target’s path. This makes

it easier to protect wandering elderly or lost children.

For evaluation, we use both the proposed method and

a comparative method. The comparative method involves

capturing the target from the nearest candidate position,

which is a potential location where the target might be. This

method maintains possible branching positions as candidates

each time the target enters an intersection. By prioritizing

the capture of the candidate with the highest probability, it

is expected to capture the target in fewer attempts. However,

since many candidates may have the same probability, the

nearest candidate is captured first.

The simulation starts the target from a random position

and evaluates the time steps taken to capture the target with

a drone, repeating this process 500 times. The simulation

evaluates different patterns of the target’s straight probability

at intersections to verify if the target’s straight probability can

be incorporated into the action plan. Specifically, the straight

probabilities are 0.33, assuming random movement, and 0.9,

assuming rule-based movement. The number of cameras is

changed from 1 to 4 to verify the time taken to capture the

target by integrating information from cameras.

Additionally, to evaluate the observation error of the

cameras, the probability of successful observation is varied.

This probability, defined as the observation success rate,

indicates the likelihood of obtaining information about the

target’s presence within the observable range. The observa-

tion success rates are varied in four patterns: 0.33, 0.66, 0.9,

and 1.0. The proposed method and the comparative method

are evaluated with four cameras and two patterns of the

target’s straight probability (0.33 and 0.9).

C. Results
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1) Evaluation Based on the Number of Cameras and

Target’s Straight Probability: Figure 3 shows the cumulative

frequency distribution of the time steps to capture the target

when the straight probability at intersections is 0.33 (random

assumption). The horizontal axis represents the time steps

x, and the vertical axis represents the cumulative frequency

distribution of the probability of capturing the target within

x time steps. The proposed method shows a decrease in the

number of time steps to capture the target as the number of

cameras increases.

Notably, there is a significant change from two to three

cameras, with the time steps decreasing from 10.894 to

7.776. This suggests that the proposed method efficiently

integrates information from each camera to capture the target.

However, the change from 3 to 4 cameras is minimal,

with the time steps decreasing only slightly from 7.776 to

6.756. The comparative method performs worse, because the

probability of the presence of the target for each candidate

is not known precisely, so the search is actually performed

sequentially from the nearest candidate location, including

candidates with low probability.

Similarly, Figure 4 shows the cumulative frequency distri-

bution of the capture time steps when the straight probability

is 0.9 (assumed tendency). In this case, there is little change

in the number of cameras on the graph, and the average time

does not vary significantly. When the target has a tendency,

the proposed method estimates the target’s position quite

accurately, resulting in less variation with the number of

cameras.

As with the straight probability of 0.33, the time steps for 3

cameras are 7.18, and for 4 cameras, they are 6.674, showing

little difference. This suggests that with a sufficient number

of cameras, the information obtained does not differ much.

Therefore, in a simplified target tracking scenario using the

map based on Suita Campus (Figure 2), having about 3

cameras is sufficient for exploration regardless of the target’s

tendency.

In the comparative method, the time steps for 4 cameras

are almost equivalent to the time steps for 1 camera using

active inference, with values of 8.524 and 8.576, respectively.
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When the straight probability is 0.9 (indicating a tendency),

the time to capture the target is longer compared to when

the straight probability is 0.33. This is because the compar-

ative method cannot utilize the target’s straight probability

tendency, leading to more cases where it searches locations

with low probabilities of the target’s presence. Additionally,

a higher straight probability means the target is less likely

to loop around the same location, increasing the difficulty of

drone-based search.

2) Evaluation Based on Observation Success Rate: Figure

5 shows the cumulative frequency distribution of the time

steps to capture the target when varying the observation

success rate. The horizontal axis represents the time steps

x, and the vertical axis represents the cumulative frequency

distribution of the probability of capturing the target within

x time steps. When the observation success rate is high (0.9,

1.0), there is little difference in the time steps to capture

the target regardless of the straight probability. However,

when the observation success rate is lower (0.33, 0.66), the

time steps are shorter when the straight probability is 0.9.

Specifically, when the observation success rate is 0.33, the

average time steps are 31.45 for a straight probability of 0.33,

compared to 20.854 for a straight probability of 0.9. This

indicates that when there are significant observation errors,

utilizing the target’s tendencies allows the proposed method

to capture the target more efficiently.

3) Evaluation Based on Information Entropy: From the

results in IV-C.1 and IV-C.2, it is evident that the proposed

method, by controlling multidirectional cameras and drones,

can efficiently capture the target. This is particularly effective

when the target’s tendencies can be utilized. However, this

paper aims to address the uncertainty caused by missing

information in the virtual space by appropriately engaging

sensing in the physical space. Therefore, it is necessary to

confirm that the actions generated by the proposed method

actually reduce information uncertainty.

To this end, we evaluate the reduction in information en-

tropy, or mutual information, through repeated observations

and actions from the start of the search to the capture of

the target. Mutual information is expressed as I(X ;Y ) =



TABLE I

AVERAGE MUTUAL INFORMATION PER ACTION/OBSERVATION

Straight Probability 0.33 0.9

Proposed Method 0.9960 0.8251
Comparative Method 0.9785 0.7582

H(X)−H(X |Y ). Here, H(X) is the uncertainty of a random

variable, and H(X |Y ) is the remaining uncertainty in X after

knowing Y . Thus, I(X ;Y ) represents the reduction in X’s

uncertainty by knowing Y . In this scenario, it indicates how

much the uncertainty in the target’s position X is reduced by

obtaining observation Y . Therefore, the higher the mutual

information, the higher the value of the action, indicating

that actions are being generated to reduce uncertainty.

We evaluate the proposed and comparative methods with

four cameras and two straight probability patterns (0.33 and

0.9), repeating the search process 500 times. The average

mutual information reduced per observation and action is

calculated by dividing the total mutual information by the

number of time steps taken for the search.

Table I shows the average mutual information reduced

per action/observation just before capturing the target. The

results indicate that for both the assumed straight probability

of 0.9 (with a tendency) and 0.33 (without a tendency),

the proposed method achieved a higher reduction in mutual

information per action/observation. This means that each

action/observation in the proposed method has a higher

value, demonstrating that the proposed method generates

actions that more effectively reduce uncertainty.

V. CONCLUSIONS

This paper presented an active inference for the method

to collect information in physical space by efficiently using

sensors and actuators. As a use case, we evaluated a system

using active inference to search for a person in a city using

multidirectional cameras and drones. The results showed

that the target of the search system could be captured more

efficiently using the proposed method compared to not using

it, indicating that the system could appropriately judge the

missing information. The effectiveness of the system was

also demonstrated in the presence of observation errors.

In this paper, the movement tendencies of the target were

simplified in a stochastic manner, but more realistic behaviors

should be handled. Our next step is to use human flow data

or mobility models, and also to show the effectiveness of

our method under more complex scenarios such as the case

where persons should be tracked. While this paper focuses

on person search, our method has a possibility to apply other

scenarios requiring information gathering in urban areas,

such as traffic information estimation and incident/accident

detection. Examining other use cases and generalizing the

framework of the active inference method is also left our

future research topic.
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