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Abstract— In recent years, wide-area visual surveillance sys-
tems have been widely applied in various industrial and trans-
portation scenarios. These systems, however, face significant
challenges when implementing multi-object detection due to
conflicts arising from the need for high-resolution imaging,
efficient object searching, and accurate localization. To address
these challenges, this paper presents a hybrid system that
incorporates a wide-angle camera, a high-speed search camera,
and a galvano-mirror. In this system, the wide-angle camera
offers panoramic images as prior information, which helps the
search camera capture detailed images of the targeted objects.
This integrated approach enhances the overall efficiency and
effectiveness of wide-area visual detection systems. Specifically,
in this study, we introduce a wide-angle camera-based method
to generate a panoramic probability map (PPM) for estimating
high-probability regions of target object presence. Then, we
propose a probability searching module that uses the PPM-
generated prior information to dynamically adjust the sampling
range and refine target coordinates based on uncertainty vari-
ance computed by the object detector. Finally, the integration
of PPM and the probability searching module yields an efficient
hybrid vision system capable of achieving 120 fps multi-object
search and detection. Extensive experiments are conducted to
verify the system’s effectiveness and robustness.

I. INTRODUCTION

Wide-area visual detection systems, leveraging computer
vision technology, have found extensive application across
diverse domains, encompassing densely populated public
areas [1], airport security surveillance [2], sports event track-
ing [3], and intelligent transportation systems [4]. In these
varied contexts, the role of multiobject detection emerges
as pivotal, enabling the recognition and interpretation of
complex actions and behaviors. This capability, in turn,
underpins numerous critical tasks, including surveillance
monitoring [5], [6], transportation detection [7], et al.

However, the adoption of wide-area visual detection sys-
tem faces three challenges: the pursuit of high-definition
imaging for individual targets within a wide-area field of
view (FOV) presents a formidable hurdle. The utilization of
a wide-angle camera to cover large areas inevitably results in
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reduced resolution for individual objects, potentially causing
the system to lose small targets. Consequently, this limitation
decreases the overall accuracy of detection outcomes. (2)
Existing object searching methods are not optimal when
dealing with large scenes. Most of them require global
random sampling of the image during the initial detection
stage, which leads to low search efficiency as most sampling
areas contain irrelevant backgrounds [8]. This limitation
hampers real-time object detection and imposes constraints
on the system’s overall performance. (3) Target localization
is often inaccurate in wide-area FOV due to the small size
of object in an image, making accurate localization difficult.
Existing image capture methods, which often use wide-
angle [9] or fish-eye lenses [10], exacerbate the difficulty
of target localization by introducing image distortion and
quality degradation [11]. To address the intricate challenges
in exists wide-area visual systems, numerous methods have
been developed. Some researchers have sought to attain high-
definition imaging within a wide FOV by employing camera
arrays comprising multiple cameras [12] or by implementing
switching mirrors to simulate the functionality of multiple
cameras [13]–[16]. Nevertheless, the former approach en-
tails intricate camera configurations, substantial costs, and
manufacturing complexities. The latter approach necessitates
either random scanning of the entire area or relies on wide-
angle cameras for target localization, thereby introducing
difficulties in achieving precise target localization.

There are many semantic probability map-based object
detection paradigms [17], [18], such as salient object detec-
tion (SOD) and attention mechanism-based object detection.
SOD aims to detect the most visually conspicuous object in
an image [19]. However, SOD heavily relies on high-level
semantic extraction; when objects are relatively smaller in
a panoramic image, the SOD often hard to extract salient
features about interest objects [20], besides, the massive irrel-
evant background regions would hinder the high-probability
information aggregation, resulting in a detection performance
degradation in wide areas. Similarly, the attention mechanism
has a prominent ability to extract the most relevant region
through weighted combinations, which can integrate layer-
wise attention, channel-wise attention, and spatial attention
to form semantic feature maps [21], [22]. Nevertheless, the
probability feature map generated by the attention method
can easily lose discriminating information related to the
objects that are captured in a panoramic image [19]. Despite
many advanced prior probability-guided methods having
been proposed, the probability maps are often coarsely com-
puted by a CNN through the original image, which ignores
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the relationship between foreground objects and background
regions and misses the corresponding probability of de-
sired objects. Different from the existing probability map
generation methods, which just parse the high-probability
regions. In this research, we introduce a hybrid multi-camera
detection framework to generate a coarse-to-fine semantic
probability map and cooperatively detect desired objects.

In recent years, uncertainty estimation has been widely
explored in object searching. However, Nguyen et al. [23]
pointed out that uncertainty measures may not be a reliable
stand-in for a reasonable uncertainty estimate. Miller et
al. [24] proposed an uncertainty estimation and bounding box
merging strategy to refine the object coordinate. However,
they ignore the relationship of objects to the environment.
It’s better to combine the uncertainty and the object’s state
to jointly optimize the search process.

Consequently, to solve the above-mentioned problems,
we propose a panoramic probability map (PPM) guided
detection system based on two cameras, where the proposed
system can achieve high-speed object detection in a wide
surveillance area. Specifically, a wide-angle camera is used
to provide prior information about the working scene based
on the segmentation results of the captured panoramic image.
Next, we use the prior information to guide the search
camera in capturing detailed images of the targets. To achieve
efficient target detection and accurate localization, we intro-
duce two components: PPM and the probability searching
module. The PPM estimates high-probability regions where
targets are likely to appear and provides approximate location
estimation for some targets. Subsequently, the probability
searching module utilizes the uncertainty variance obtained
from the object detector to dynamically adjust the sampling
range and refine the coordinates of the detected targets.
This approach not only enhances the search efficiency but
also improves the accuracy of target localization. Finally, by
combining the PPM and probability searching modules, we
develop a wide-area object detection system.

The main contributions of this research are as follows:
• We propose a novel PPM prior information generation

method based on segmentation results from a wide-
angle camera. The scanning process can focus on the
generated high-probability regions to reduce cost.

• We introduce a probability searching module based on
the PPM to improve detection efficiency. The searching
module can adjust the searching range by estimating
the uncertainty of related objects, which shows adaptive
searching ability in wide-area multiobject searching.

• We implemented a hybrid wide-area multiobject de-
tection system and conducted extensive indoor/outdoor
experiments to verify the performance of the system.

II. HYBRID WIDE-AREA MULTIOBJECT DETECTION
SYSTEM WITH PROBABILITY SEARCHING

In Fig.1-(a), drawing insights from prior research [25],
[26], we utilize the segmentation outcomes to categorize each
semantic region into distinct probability regions based on
its label and spatial location, subsequently assigning varying
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Fig. 1. Illustration of the proposed hybrid wide-area multiobject detection
system. (a) shows the generation process of PPM, which includes three
steps: panoramic image Iw capture, semantic segmentation, and mask
probability mapping. (b) is the proposed probability searching method, it
includes galvano-mirror searching and scanning.

probability values accordingly. Following this, the particle
sampling process is initiated, generating a set of particles
primarily within high-probability regions conducive to tar-
get detection. To facilitate this, a galvano-mirror scanning
module functionaly switch the search camera to capture the
environmental information within the particle FOV. However,
it is noteworthy that the initial object localization may
exhibit deviations from the actual object position by several
pixels. In response, a probability searching module assumes
a crucial role in refining the object boundaries to rectify
such errors. As illustrated in Fig. 1-(b), we introduce a
probability searching module in our proposed system. This
module can dynamically adjust sampling range and refine
the particle coordinates. These adjustments are made based
on the uncertainty variance computed by the object detector,
enhancing the precision and accuracy of object localization
within our wide-area visual detection system.

A. PPM Generation for Region Sampling

1) Semantic Segmentation-based PPM Generation: As
shown in Fig. 1-(a), PPM generation first performs semantic
segmentation on the images captured by the wide-angle
camera to obtain a segmentation map of the entire area.
This serves as the foundation for assigning different sampling
probabilities to different regions in the subsequent steps. This
approach is based on the prior that the probability of targets
appearing in different regions is different.
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We capture a panoramic image Iw with the wide-angle
camera. Then we fed this image into a semantic segmentation
model (SemSegModel) [27] to obtain a segmentation map of
the entire area:

S1 ∪S2 ∪·· ·∪Sn = SemSegModel(Iw)

Sr ∩S j = φ ,∀r ̸= j
(1)

where Sr,r = 1,2, ...,n represents the different regions af-
ter segmentation. Then, we assign a sampling probability
F(Sr,T ) to each segmented region Sr.

F (Sr,T ) =
P(Sr)×P(T | Sr)

∑
n
r=1 P(Sr)×P(T | Sr)

P(Sr) =
Area Sr

Area Iw
,r = 1,2, . . . ,n

(2)

where P(Sr) represents the relative area of the current
region Sr to the entire image Iw. P(T |Sr) is the semantic
probability of target-region, which is obtained by statistical
analysis of object-region relationships in the Visual Genome
dataset [26]. Through the steps above, the semantic segmen-
tation model divides the search scene into several regions
and determines the sampling probability F(Sr,T ) for each
region Sr.

Building upon panoramic area segmentation, we introduce
panoramic object detection to generate the PPM. The PPM
refines the sampling probabilities within each region, aiming
to minimize searching in ineffective areas and enhance the
accuracy of target localization. To achieve this, we use the
PPM segmentation results to select ‘obejcts’ as the initial
results, to get BO, where oi is the initial detected object,
O=(o1,o2, ...,on) is the collection of detected objects during
semantic segmentation in Eq. 1, and n is the number of seg-
mentation objects. To simplify the estimation of uncertainty
probability, we use the output of the segmentation results’
confidence as the uncertainty σO = BO [28].

If a target o is detected in region Sr, a new sampling region
Sro is defined around the target o, and the corresponding
sampling probability is denoted as F(Sro,T ). Assume the
number of particles allocated to region Sr is determined as
xr = F (Sr,T )× N. The number of particles assigned to
the region Sro is denoted as xro, while the remaining region
Srm within Sr receives xrm = xr − xro uniformly distributed
particles. The calculation for xro is as follows:

xro =
F (Sro,T )×Sro

F (Sro,T )×Sro +F (Sr,T )×Srm
· xr

Sro = π (rσo)
2

Srm = Sr −Sro

(3)

where F(Sro,T ) represents the sampling probability of the
detected target o, which is set to 100% in this paper. The
hyperparameter r is set to 50, and σo denotes the uncertainty
variance of object o in Eq. 1.

Therefore, by dynamically adjusting the search area, the
refined PPM optimizes the search process. It focuses on
refining the localization of targets with small uncertainty
while expanding the search for targets with high uncertainty.

Fig. 2. Visulization of high-probability region sampling and galvano-mirror
scanning using particle filter.

2) Particle Sampling in High-Probability Regions: The
particle sampling module searches for the target of interest by
generating a set of particles xk. The entire particle sampling
process is based on a pre-selected importance sampling
proposal distribution function q(xi

k|xi
k−1,z):

xi
k ∼ q(xi

k|xi
k−1,z), i = 1,2, ...,Nk, (4)

where Nk is the number of particles at stage k, z is the
whole wide-area FOV, and xi

k is the ith particle at stage k.
The visualization of particle sampling based on the PPM
high-probability regions is shown in Fig. 2-(a), where several
particles (indicated by green circles) are sampled in segmen-
tation regions.

During the normal iteration process, the proposal distribu-
tion function q(xi

k|xi
k−1,z) is updated based on the dynami-

cally updated particles and their weights:

q(xi
k|xi

k−1,z) =
N̂k−1

∑
i=1

w̃i
k−1 ∗N (w̃i

k−1,σ
2
k−1I), (5)

These parameters are obtained from the weight update mod-
ule at time k − 1. where w̃i

k−1 is the normalized weight
of particle i (Eq. 12), N̂k−1 is the number of particles
retained after removing redundant particles. σk−1 represents
the uncertainty variance of object detection (Eq. 6), which
determines the sampling range for each particle.

In the initial detection stage, we use the PPM to allocate
sampling probabilities. As shown in the particle sampling
part in Fig. 2-(a), we first assign sampling probabilities
q(xi

0) = F (Sr,T ) to each region based on the semantic
map. Subsequently, we perform fine-grained allocation of
sampling probabilities within each region, based on the
detected targets and their corresponding uncertainties.

3) High-probability Region Scanning Based on PPM:
By moving the galvano-mirror, it determines whether the
target is within the FOV of the particle and updates the
particle’s weight accordingly. If particle xi

k detects the object
of interest, the probability of the target existing in the current
visual image is calculated:

p
(
z | xi

k
)
,σk = Detector

(
Img

(
xi

k
))

(6)

σk represents the uncertainty variance generated by the object
detector, where hard samples such as small or occluded
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Fig. 3. Coordinate refinement m by the probability searching. (a) The red
rectangle on the left is the object’s boundary after adjustment. (b) The red
circle on the right is the sampling range during probability searching.

objects often exhibit large uncertainty. This process is shown
in Fig. 2-(b), the system controls the galvano-mirror to scan
the particles that lie in different high-probability regions.

The weight of each particle is updated based on the
measurement model of the likelihood function, which is
derived from the probability of detecting the object. The
specific formula used for this calculation is:

wi
k = wi

k−1 p(z|xi
k), i = 1,2, ...,Nk. (7)

where the weight of each particle wi
k, is determined by the

previous weight and the likelihood probability p(z|xi
k). The

likelihood probability is calculated by the object detection
model (as shown in Eq. 6).

B. Probability Searching for Object’s Coordinate Refinement

As shown in Fig. 3, we propose to use probability search-
ing to adjust the coordinates of the retained objects for more
accurate positioning and enable efficient searching.

1) Coordinate Refinement: The image coordinate system
of particles is transformed into the galvano-mirror scanning
coordinate system using the following equations:{

ĝθh = θh +α · (tx −W/2)
ĝθv = θv +α · (ty −H/2) (8)

where (θh,θv) is the coordinates of the particle xi
k in the

galvano-mirror scanning system, (tx, ty) is the coordinates
of the target b in the image coordinate system, (ĝθh , ĝθv)
represent the refined coordinates of the searched object in the
galvano-mirror system, α is a transform coefficient, which
is 0.002 in this paper, and (W/2,H/2) is the image center.

Then, we perform NMS on the refined detection objects.
If there are multiple nearby objects, only the one with the
highest confidence score is retained; otherwise, both objects
are kept. After performing NMS on all refinement searched
objects b̂, the remaining search windows ŜW k are:

ŜW k ∪NMS(b̂
i
, b̂

j
),∀i, j ∈ [1,2, . . . ,Nk] (9)

2) Probability Searching: After adjusting the coordinates
of the retained object, the search particle center is more
accurate. Initially, for each retained object b̂

i
, we compute

the coordinates and uncertainty variances pi of each object
b̂

i
that overlap with it.

pi = e−
(

1−IoU
(

b̂i
,b̂m

))2
/σt , ∀i, IoU

(
b̂

i
, b̂

m
)
> 0 (10)

High-speed camera
Pan-tilt galvano-mirror

Wide-angle camera

Optical path

Fig. 4. Construction of the system, which includes a wide-angle camera,
a high-speed search camera, and a pan-tilt galvano-mirror.

We then improve the coordinates of object m through a
voting process during NMS as follows:

b̂m′
θh

=
∑i pib̂i

θh
/σ2

θh,i

∑i pi/σ2
θh,i

, b̂m′
θv

=
∑i pib̂i

θv
/σ2

θv,i

∑i pi/σ2
θv,i

, (11)

where b̂
m′

=
(

b̂m′
θh
, b̂m′

θv

)
is the refined coordinates of object

m, IoU
(

b̂
i
, b̂

m
)
> 0 represents all objects that overlap with

object m, (σθh ,σθv) is the uncertainty variance in the θh and
θv dimensions of object i, and σt is a hyper-parameter set to
0.025 in this study. As illustrated in Fi. 3, left red rectangle
is the refined object boundary, (σθh,m,σθv,m) is the radius
of the adjusted sampling range. As shown in Fig. 3-(b), the
following search procedure only needs to be processed in
the optimized range. During the voting process, two types
of adjacent objects receive lower weights: (1) objects with
high uncertainty variance, and (2) objects with small IoU
with the selected object.

After removing potential duplicate sampled particles, we
update the weight of each particle. All particles in ŜW k are
weight-normalized as follows:

ŵi
k =

w′i
k

∑
N̂k
i=1 w′i

k

, i = 1,2, . . . , N̂k (12)

Based on the normalized weights, particles enter a new round
of particle sampling to obtain a new iterative estimate of the
target state (as shown in Eq. 5).

III. EXPERIMENTS

Finally, the detection system is built up by combining the
proposed PPM method and probability searching module. We
conducted several experiments to verify its performance.

A. Experimental Configuration

During our experiments, we employ a hybrid detection
system by integrating a wide-angle camera (A5201CU150,
Dahua, 1920×1200 @ 150 fps) and a search camera
(A7040CU000, Dahua, 640×480 @ 437 fps). The focal
length of wide-angle camera and search camera is 6 mm
and 50 mm, respectively. To facilitate high-speed scanning,
we utilize a dual-axis galvano-mirror (TSH8310A, Sunny
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Fig. 5. Indoor object detection setup for performance verification.

Technology) to switch the FOV in a wide area. An overview
of this system is presented in Fig. 4. We control the whole
system in a hardware-software integration manner by using
a PC equipped with an Intel Core i7-8700K CPU @ 3.70
GHz, 16-GB DDR-4 memory, 256 GB of RAM, and a single
Nvidia RTX 2080 Ti GPU. Cameras and the galvano-mirror
are controlled by an FPGA control board. The image size
of panoramic is 1440×1200, while the search camera is
264×224. The galvano-mirror’s scanning FOV ranges from
−20◦ to 20◦, and its step response time is 0.25 ms.

B. Object Detection Analysis of the Proposed System

To conduct a rigorous performance evaluation and ensure a
fair comparison with the MPF, we conduct real-time object
detection experiments in indoor environments. The experi-
mental setup, as illustrated in Fig. 5, involves several toy cars
within a 4-meter radius of the detection system. The captured
image size is 224×224 pixels. In the captured images,
the three types of toy cars are varying pixel dimensions:
94×29, 101×43, and 144×43, respectively. These toy cars
exhibit dynamic movements, including outlier toy cars, to
comprehensively verify the system’s detection performance.

We conduct outdoor experiments to show the PPM-based
wide-area detection system’s performance. As shown in
Fig. 6, the detected objects lie in the center of the search
camera, which indicates the probability searching method
has object refinement ability and can search fast-moving
objects clearly and efficiently. The detection results of the
MPF and our proposed algorithm for hard cases are shown
in Fig. 7. The hard cases in the experiment include large-
sized vehicles that are difficult to capture in a single FOV,
cars that are occluded, and cars that are outliers and have
a side-facing pose. The detection results captured by the
wide-angle camera enable our method to locate large-sized
vehicles accurately. Moreover, due to the improved search
efficiency brought by the PPM and the probability searching
module, our method can locate small targets with occlusion
and pose changes better.

C. Recall Comparison of Different Searching Methods

To validate the efficiency of our algorithm, we present our
sampling process and compare it with MPF [14] and RPM-

Fig. 6. The multiobject detection results in a transportation monitoring
scene.

Fig. 7. Recall comparison of different methods. We conduct separate
evaluations of the MPF [14], RPM-guided PF [25], and the final performance
achieved by combining the PPM and probability searching modules (Ours).

guided PF [25] algorithms. Compared with these methods,
our advantages mainly lie in the PPM and the probability
searching modules. To verify their effectiveness, we deploy
the PPM and the probability searching module to obtain
the final result (Ours). As shown in Fig. 7, by adding the
probability searching module, our method can locate targets
faster than MPF and RPM-guided PF, achieving a recall of
0.60 with 300 sampled particles and a recall of 0.67 with
400 sampled particles. The PPM can locate partial targets
based on a wide-angle camera and obtain a region probability
distribution map before sampling. Thus, before the searching
process, our method has an initial detection result that is
superior to other region sampling-based methods, e.g., MPF
and RPM. As shown in Fig. 7, the PPM curve reaches a
recall of 0.33 at a particle number of 0, and by detecting
difficult targets, its recall reaches 1.00 at a particle number
of 800. By combining the PPM and probability searching,
our method always reaches the highest recall rate at different
particle settings. Fig. 7 indicates our approach outperforms
all the comparison methods throughout the entire sampling
process and can detect all objects in the scene when the
number of particles is 800. In contrast, MPF needs to
perform random scanning of the entire scene, resulting in
low scanning efficiency and unstable results. For example,
when the number of sampled particles increases from 300 to
400, the recall value of MPF decreases from 0.47 to 0.40.

To further demonstrate the superiority of the proposed
PPM prior information with probability searching, we com-
pare the recall rate of different multiobject searching meth-
ods under different proportions of high-probability regions.
The results are listed in Table I. In this experiment, we
compare the PPM method against three region probability-
based algorithms, which include the Omni-Pano [15], MPF
searching [14], and RPM-guided detection method [25].
During the experiment, we changed the proportion of high-
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TABLE I
RECALL COMPARISON OF DIFFERENT METHODS UNDER DIFFERENT

PROPORTIONS OF HIGH-PROBABILITY REGION SETTINGS

Method
Proportion 27% 35% 41% 49% 63%

Omni-Pano [15] 0.51 0.62 0.66 0.72 0.73
MPF [14] 0.63 0.72 0.76 0.82 0.84
RPM-Guided [25] 0.89 0.87 0.84 0.83 0.85
PPM (Ours) 0.93 0.90 0.87 0.86 0.85

probability regions from 27% to 63%. As can be seen from
Table I, owing to the PPM prior information generation
module, our method gets the best recall rates at different
proportions. When the high-probability region is about 27%,
the searching particles are sampled in a compact region,
resulting in dense searching, and the recall rate is the highest,
reaching 0.93. When the high-probability region enlarges, the
search performance is always better than other methods.

D. Ablation Study of PPM and Probability Searching

Since PPM gives the search process prior information, we
conduct an ablation study to analyze the role of the PPM
module. We record the results when several object detection
models are deployed in the system in Table II. Specifically,
we separately employ YOLOv3 [29], YOLOv8-M [30] and
YOLO-NAS-M [31] as the CNN detector in Eq. 6. Then,
the ablation study is classified into a searching framework
with and without PPM guidance. We statistic the recall rate,
the AP value, and the processing speed, respectively. These
three detection models suffer severe performance degradation
when there is no PPM module (w/o). E.g., the proposed
object searching method with YOLOv3 which contains PPM
(w/) gets a 0.88 recall rate and 0.92 AP. However, when
PPM is missed, the recall rate and AP decrease to 0.53
and 0.64, respectively. The best performance is the searching
framework with YOLO-NAS-M, the recall rate reaches 0.94,
and the AP is 0.96. It is noted that because of the panoramic
segmentation process in PPM generation, there is a slight de-
crease in speed when the system employs the PPM method;
e.g., YOLOv8-M decreases from 122.46 fps to 100.16 fps,
and YOLO-NAS-M decreases from 133.27 fps to 120.98 fps.

Through the above ablation study, we can conclude that
the PPM prior information generation is critical in the wide-
area multiobject search framework, which generates high
probability guidance for the following searching module.

Then, we investigate the coordinate refinement perfor-
mance of the probability searching module. In Fig. 8, the
pixel deviations of each target from the image center are
depicted to compare the sustained gaze effect on the target.
We compare the performance of our method using probabil-
ity searching (w/ ps-x, w/ ps-y) to refine the target boundary
(Eq. 11) with that of not using the uncertainty module (w/o
ps-x, w/o ps-y). As depicted in Fig. 8, our method achieves
smaller positioning deviations by utilizing probability search-
ing. In particular, for moving targets (target 7, target 8,
and target 9), probability searching can significantly reduce

TABLE II
ABLATION STUDY OF THE MULTIOBJECT SEARCH FRAMEWORK

WITHOUT (W/0) AND WITH (W/) PPM PRIOR GENERATION

Object Detector Recall AP speed (fps)

YOLOv3 [29] (w/o) 0.53 0.64 88.18
YOLOv3 [29] (w/) 0.88 0.92 79.37

YOLOv8-M [30] (w/o) 0.60 0.75 122.46
YOLOv8-M [30] (w/) 0.93 0.95 100.16

YOLO-NAS-M [31] (w/o) 0.64 0.79 133.27
YOLO-NAS-M [31] (w) 0.94 0.96 120.98
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Fig. 8. Ablation study of the probability searching module. The x and y are
pixel deviations of each target from the image center after being calibrated
by probability searching (represented as w/ ps-x, w/ ps-y) and without
probability searching (represented as w/o ps-x, w/o ps-y). The dashed line
is the mean of each axis. The right part shows the uncertainty before and
after uncertainty searching, which gives less uncertainty after searching.

the positioning deviation. For target 7, without using the
probability searching module, the positioning deviation in the
x-axis and y-axis are 95 pixels and 69 pixels, respectively. By
adding probability searching, the positioning deviation in the
x-axis decreases to 43 pixels and the positioning deviation in
the y-axis decreases to 23 pixels. Besides, the uncertainties
are reduced after estimation and iterative searching, as shown
in the right part of Fig. 8. This experiment demonstrates the
effectiveness of the proposed probability searching method.

IV. CONCLUSIONS

This paper introduces a novel wide-area hybrid vision
system designed to address the challenges of multiobject
detection. The system integrates a wide-angle camera and
a search camera, thereby facilitating the capture of high-
resolution images of objects and achieving precise object
detection. To overcome the limitations of prior methods, we
propose two pivotal components: the PPM prior information
generation and the probability searching module. The former
is dedicated to estimating regions of high probability for
target appearance, significantly enhancing search efficiency.
The latter dynamically adjusts the sampling range and re-
fines target coordinates through uncertainty variances. The
successful integration of these two modules culminates in
the realization of a wide-area multiobject detection system.
Comprehensive experiments demonstrate the system’s excep-
tional capability to detect multiobject in large scenarios.
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