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Abstract:  Bird activities like nesting and perching in transformer substations threaten power
grid stability by causing short circuits and insulation failures. Existing bird repelling devices are
inefficient due to the lack of accurate detection and positioning, leading to energy waste and safety
hazards from continuous operation. To address this, this paper develops a tiny bird detection and
location system guided by heterogeneous binocular images for precise, targeted repulsion. For
well-lit scenarios, a two-stage contextual information enhancement network is proposed. It mines
multiscale context to highlight tiny bird regions, fuses context with second-stage features via channel
dimension enhancement, and uses spatial attention for accurate localization. For low-light or
occluded scenes, a multiscale contextual feature enhancement network processes infrared images,
adopting multibranch cross-level feature fusion and combining transformer with multisize convolution
to suppress background and thermal radiation interference. Additionally, heterogeneous binocular
cameras are calibrated to calculate bird spatial distance, integrating detection results with spatial
information to drive a laser repelling device. Experimental results in real substation environments
show the system meets engineering requirements for robustness and accuracy. The detection in visible
images achieves an overall average precision of 59.8%, while the infrared detection outperforms
advanced algorithms in key metrics. The spatial localization error is controlled within 4.9%,
significantly improving bird expulsion success rate and reducing energy consumption. This work
provides a reliable technical solution for safeguarding power grid operation and offers valuable
references for tiny object detection in complex industrial scenarios.

Keywords: tiny bird detection; object location; bird repelling; heterogeneous binocular vision;
transformer substation
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1. Introduction

Substations are the core facilities that ensure the safe and stable operation of power grids. Most
substations are located in suburban areas with well-preserved ecosystems, where wildlife activities are
frequent. Among them, bird behaviors such as nesting, perching, and excretion pose severe threats to
the normal operation of substation equipment, easily triggering faults such as short circuits and
insulation failures, which directly undermine the reliability of the power grid supply [1]. Therefore,
achieving efficient detection and repulsion of birds in substations is crucial to maintain the stable
operation of substations. Traditional manual bird repulsion methods are not only high-cost and
low-efliciency but also pose potential safety risks to personnel due to the high-voltage environment of
substations, making them increasingly unable to meet practical demands. At present, substations
mostly adopt automated bird repulsion devices such as acoustic [2], optical [3], and laser [4]
devices. Although these devices have improved operational safety, they generally lack bird detection
and positioning capabilities and need to operate continuously. This not only results in massive waste
of energy and equipment resources but also introduces new safety hazards due to mechanical wear
and energy radiation generated during long-term operation.

The rapid advancement of deep learning techniques has driven the widespread deployment of
object detection technology. By leveraging object detection to acquire bird positions and trigger bird
repulsion devices, proactive and precise bird repulsion can be achieved, which significantly improves
the success rate of bird deterrence. Early object detection research primarily focused on large-scale
targets. However, tiny targets pose extreme detection challenges due to their scarce feature
information [5, 6], thus making tiny object detection a growing research hotspot in the field of
object detection.

Nevertheless, existing achievements in tiny object detection are mostly confined to specific objects
or general scenarios, exhibiting poor adaptability for bird detection in substation environments. The
core bottleneck lies in the unique complexity of substation scenarios, and the associated challenges
lack quantitative support and targeted research validation:

1) Background interference. Substations are characterized by a high proportion of interfering
elements such as weeds, shadows, and equipment supports [7]. According to on-site statistics, within
typical monitoring fields of view in substations, the pixel proportion of such interferences can
reach 35%—-45%. Moreover, their morphology and size are highly similar to those of tiny birds, which
easily leads to false detections. Existing general tiny object detection methods suffer from high false
detection rates under such complex background conditions, and no studies have yet optimized
detection algorithms for background interference in substations.

2) Thermal radiation interference in infrared detection. Pseudo-target regions formed by thermal
radiation from substation equipment [8] in infrared images increase the missed detection rate of
traditional infrared tiny object detection algorithms. Most existing research on infrared object
detection targets low-temperature backgrounds in natural scenarios, failing to account for thermal
interference from high-temperature industrial equipment.

3) Lack of specialized datasets. The specificity of substation scenarios has resulted in the absence of
public datasets for tiny bird targets in substations. Current studies mostly adopt general bird datasets
for model training; however, the background distribution and target scales of general datasets differ
significantly from those of substation scenarios. This leads to low detection accuracy of models in
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actual substation environments, and no studies in existing literature have addressed dataset construction
and adaptability research for bird detection in substations.

To address the aforementioned challenges, this paper develops a tiny bird detection and
localization system integrated with a dual-modal detection algorithm. The framework is implemented
through three core steps. First, a large number of bird scene images in substations are collected using
infrared and visible-light cameras mounted on bird repulsion devices, and a self-constructed dataset is
established. Second, a differentiated algorithm is adopted to achieve accurate bird detection under
varying illumination and environmental conditions. At last, bird spatial localization is completed
based on a heterogeneous binocular module, which drives the device to implement precise bird
repulsion. The specific contributions of this paper are summarized as follows:

e A system integrating tiny bird detection and localization is constructed for substation scenarios,
which synergizes dual-modal detection and binocular distance measurement. This system
overcomes the limitations of single-modal detection and achieves targeted laser repulsion.

e For well-lit scenarios, a two-stage contextual information enhancement network is proposed for
visible-light images. Drawing on the secondary feature extraction mechanism of DetectorRS [9],
the network collaboratively exploits multiscale contextual information through convolution,
dilated convolution, and linear layers. It combines channel attention to optimize localization
accuracy and designs a dedicated training supervision strategy for tiny targets. This network
effectively suppresses background interference and achieves an overall average precision (AP)
of 59.8% on the self-constructed visible dataset (VSTBD), outperforming state-of-the-art
methods by 2.5%.

e For low-light or occluded scenarios, a multiscale contextual feature enhancement network is
proposed for infrared images. The network employs multibranch cross-layer feature fusion to
retain tiny target contours, combines transformer and multisize convolution to model long-range
feature dependencies, and implements multiscale prediction supervision. On the self-constructed
infrared dataset (IRTBD), the network achieves a pixel accuracy (PixAcc) of 81.24% and an
intersection over union (IoU) of 65.82%.

e A large-scale specialized dataset for substation tiny bird detection is constructed,
including 20,000 visible images and 15,000 infrared images. The dataset covers diverse weather
conditions, time periods, and substation environments, providing scenario-adapted training data
for model generalization.

The subsequent structure of this paper is organized as follows: Section 2 reviews relevant works
on tiny object detection in visible and infrared images, respectively; Section 3 introduces the overall
system framework and elaborates on the proposed detection algorithms as well as the heterogeneous
binocular detection and localization method; Section 4 presents the experimental results and conducts
in depth analysis; Section 5 summarizes the research achievements and prospects future work.

2. Related work

2.1. Tiny object detection for visible images

Current research on tiny object detection mainly focuses on following technical directions to
improve the network’s ability to capture and represent tiny target features, thereby enhancing
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detection performance: advanced convolution module integration, contextual information mining,
multiscale feature fusion, and targeted training optimization.

Yue et al. [10] integrated depthwise separable convolution and channel shuffie modules to explore
the deep-level features of the network, facilitate the fusion of local details and channel information,
and enhance the network’s capability of capturing tiny targets. Similarly, Mahaur et al. [11] improved
YOLOVS by replacing standard convolution with depthwise separable convolution, which achieved a
balance between tiny object detection accuracy and overall efficiency. Contextual information mining
is a mainstream strategy to make up for the lack of effective features of tiny targets by integrating
contextual cues around the target. Zhao et al. [12] decoupled the contextual information of scenes by
constructing a dedicated subnetwork for scene classification, which effectively integrated the scene
context information around dense tiny targets and improved the detection performance for dense tiny
targets. Xiao et al. [13] combined multiscale dilated convolution with channel-spatial conflict
elimination to enhance contextual information, providing more abundant contextual support for tiny
object detection. In addition, Huang et al. [14] constructed a feedback suppression attention module
to suppress the background and large objects, which further strengthened the network’s ability to
focus on tiny targets by reducing the interference of irrelevant contextual information.

Multiscale feature fusion aims to solve the problem of insufficient feature expression caused by the
large scale variation of tiny targets. By fusing features of different scales, the network can obtain
more comprehensive and high-quality feature representations. Liu et al. [15] proposed a novel
denoised feature pyramid; by introducing regularization operations, the pyramid eliminates noise
from multiscale features and focuses on tiny targets via the self-attention mechanism. Leng et al. [16]
proposed a bidirectional feature fusion network to transfer deep semantic features and shallow
detailed features mutually, strengthening internal object features through contextual relationships.
Ma et al. [17] proposed a multilevel weighted depth-aware network that fuses high-level and low-level
feature maps and performs weighted merging of multiscale features to obtain high-resolution
enhanced features.

Targeted training optimization focuses on improving the network’s attention to tiny targets during
the training process. Xu et al. [18] alleviated the mismatch problem by dynamically modeling priors,
label assignment, and object representation. Liu et al. [19] introduced a supervision mechanism for
tiny targets in the network training process; through the supervision of tiny target regions, the feature
representation of these regions was enhanced, thereby improving the detection accuracy of tiny targets.
Christof et al. [20] took a different approach by leveraging video motion information to enhance tiny
object detection in surveillance scenarios, which expands the application scope of tiny object detection
methods to video sequences.

Despite the significant progress made by the aforementioned methods in improving tiny object
detection performance, they still have limitations in adapting to complex and specific application
scenarios. Specifically, most advanced convolution module and contextual mining methods lack
targeted interference suppression strategies for scenarios with dense background clutter, leading to
difficulty in effectively distinguishing tiny targets from the background. Existing multiscale feature
fusion methods often adopt fixed fusion modes, which cannot dynamically adjust to the scale
variation of tiny targets in complex scenes. Targeted training optimization methods are mostly
designed for general tiny targets and lack customization for the unique characteristics of specific
target types. To address these gaps, we need a context enhancement mechanism tailored to substation
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backgrounds that can highlight tiny bird regions while suppressing scene-specific interference. Thus,
this paper proposes a two-stage contextual information enhancement network that integrates dilated
convolution and channel attention to dynamically mine multiscale context and suppress interference,
with a dedicated training supervision strategy for substation tiny birds.

2.2. Tiny object detection for infrared images

Infrared tiny object detection is typically transformed into a pixel-wise classification task due to
the binary mask annotation format of most datasets. Current mainstream architectures can be
categorized into three types based on feature enhancement mechanisms: dense nested feature
interaction, multiscale feature coordination, and global-local feature comparison. Dense nested
interaction enhances feature representation by cascading and fusing features of different layers.

Li et al. [21] introduced dense connections into the U-Net architecture and designed a dense nested
attention network, which applies channel and pixel attention layer-by-layer to strengthen cascaded
dense features. Wu et al. [22] proposed a nested U-Net structure: a small U-Net serves as the basic
feature extraction module and is nested into a larger U-Net layer-by-layer, with an interactive-cross
attention module to transfer information between low-level and high-level features during encoding
and decoding. Multiscale feature coordination addresses the scale variation of tiny targets by
aggregating multiscale information. Zhang et al. [23], inspired by spatial pyramid pooling, performed
multiscale sampling on high-level features, calculated non-local information for each scale separately,
and aggregated these features for decoding prediction. Huang et al. [24] proposed a local similarity
pyramid module that enhances nonlocal information in aggregated multiscale features to guide the
fusion of shallow and deep features. Global-local feature comparison mines tiny targets by modeling
long-range dependencies.

These infrared detection methods face prominent bottlenecks in substation scenarios. The core
issue is the severe thermal radiation interference from substation equipment, which forms
pseudo-targets in infrared images. This is an issue that has not been considered in existing studies
focusing on natural low-temperature backgrounds. Dense nested and multiscale fusion methods
primarily enhance target features but lack mechanisms to distinguish between real tiny birds and
thermal radiation pseudo-targets, resulting in a high rate of missed detection. The transformer-based
method models global dependencies but lacks dedicated optimization for small-scale thermal
pseudo-target suppression. To address these issues, we need a multiscale feature enhancement
strategy that can retain tiny bird thermal contours while suppressing equipment thermal interference.
Hence, this paper proposes a multiscale contextual feature enhancement network that combines
multibranch cross-layer fusion with multiscale prediction supervision, effectively suppressing thermal
radiation interference through targeted feature optimization.

3. Methodology

3.1. Heterogeneous binocular measurement system
3.1.1. Overview of the proposed system

To realize reliable detection and high-precision positioning of tiny bird targets in complex
transformer substation scenarios, monocular depth estimation, visible binocular vision, and infrared
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binocular vision were comprehensively evaluated, and the heterogeneous binocular vision scheme
was finally adopted. The core focus of this work is bird object detection, and the designed device is
equipped with both visible-light and infrared cameras to cover diverse detection scenarios.
Meanwhile, these two cameras are naturally combined into a heterogeneous binocular module to
achieve distance measurement via parallax calculation, thus achieving the integration of dual-modal
detection and spatial positioning. Monocular depth estimation relies on semantic features and prior
scene information to infer target depth, but it is not applicable to tiny bird targets in substation scenes.

Visible binocular systems can achieve high-precision positioning in well-lit environments, but they
become ineffective in low-light, foggy, or nighttime scenarios due to texture detail loss, leading to a
high detection failure rate. In contrast, infrared binocular systems can detect targets via thermal
features in weak light, but they are severely interfered with by thermal radiation from substation
equipment. Moreover, both homogeneous schemes only support single-modal detection, exhibiting
limited adaptability to the complex and variable substation environment. In comparison, the
heterogeneous binocular system in this work has two core advantages:

1) It integrates dual-modal detection, realizing bird detection via visible-light cameras under good
illumination and via infrared cameras when visible-light detection fails, covering a wider range of
scenarios.

2) It leverages the two cameras to form a binocular module for parallax-based distance
measurement, realizing the organic integration of detection and positioning without additional
hardware costs, which is more suitable for the engineering application requirements of substation bird
repulsion.

Based on the above scheme comparison and demand analysis, a heterogeneous binocular
measurement system is developed for bird detection and repulsion. As shown in Figure 1, the system
consists of a heterogeneous binocular module, which is composed of a visible camera and a thermal
infrared camera, an embedded industrial computer, and a laser transmitter. This paper uses the
software development kit (SDK) provided by the camera manufacturer to perform secondary
development of the heterogeneous binocular vision system. The embedded industrial control
computer is used to deploy software algorithms to perform real-time processing of captured bird
images. The laser transmitter is used to repel the birds by shining on them. To avoid inflicting harm
on the birds, a 532 nm green laser with a maximum power of 3 W is adopted in this device, and only
simulates a “waving stick” motion when scaring off birds. The laser is not directed at the birds for
extended periods. Existing literature [4] has proven that it will not harm birds.

Compared with existing bird repellent systems, this system has three key improvements:

1) The heterogeneous binocular architecture overcomes the low-light detection limitation of visible-
only algorithms by integrating infrared imaging.

2) Calibrated binocular cameras and integrated detection-positioning algorithms improve the laser
hit rate and repulsion success rate by fusing bird detection results with spatial distance information.

3) The embedded industrial computer is innovatively integrated into the pan-tilt-zoom (PTZ) unit
and powered directly by the PTZ unit, thus reducing the system complexity and the associated
deployment costs.
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Figure 1. The bird repellent device proposed by the paper. Visible and infrared images
are acquired by the visible light camera and thermal infrared camera in the designed device,
respectively. The algorithms proposed in Sections 3.2 and 3.3 are then applied to detect and
locate bird targets in the visible and infrared images. The obtained location information is
transmitted to the embedded industrial computer to control the movement of the pan-tilt unit
and the activation of the laser transmitter. The pan-tilt unit drives the laser to simulate a
“waving stick” motion, thus scaring off the bird targets.

3.1.2. Calibration of heterogeneous binocular module and localization method

Different from the traditional binocular vision model, the heterogeneous binocular vision model
requires the alignment of the imaging plane before stereo matching because the focal lengths of the
two cameras differ. The simplified heterogeneous binocular stereo vision system is shown in Figure 2.
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Figure 2. Simplified heterogeneous binocular stereo vision system.

The heterogeneous binocular module not only supports dual-modal bird detection but also realizes
spatial positioning of bird targets through camera calibration and parallax calculation, providing precise
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distance information for the laser repulsion. Assuming that the coordinate system of the visible camera
is (O, —X., Y., Z.,), the coordinate system of the thermal infrared camera is (O., — X, Y.,Z.,), and
the world coordinate system is (Oy — Xy YwZy). For a point P(Xy, Yw, Zy) in the world coordinate
system, the corresponding point P’(X,, Y., Z.) can be found in the camera coordinate system. The points
of the two coordinate systems can be calculated by the rotation and translation rigid transformation
matrix. The infrared camera coordinate system can be associated with the visible camera coordinate
system with the help of the world coordinate system, so that the points in the two coordinate systems
can be converted to each other:

Xc,v Xc,t Xc,t
Yc,v _ Rsz_l Tv - RvRt_th :| Yc,t _ [ vt Tvt ] Yc,t (3 1)
Z., 0 | Ze, 0 1 Ze: |’ '

1 1 1

where R, = R.R’\,T,, = T, —R,R;'T, are the rotation matrix and translation matrix that convert
the infrared camera coordinate system to the visible camera coordinate system. Therefore, the two
images can be converted to the same resolution. Then, the camera parameters are calibrated using
Zhang’s calibration method [25]. Combined with the camera parameters, the heterogeneous binocular
images are stereo rectified. Finally, the depth value of point P is calculated based on the principle of
similar triangles.

The calibrated intrinsic and extrinsic parameters of the heterogeneous binocular module lay the
foundation for spatial localization. Subsequent Sections 3.2 and 3.3 will detail the dual-modal
detection algorithms to obtain 2D bounding box coordinates of tiny bird targets. The spatial distance
and position of targets will be calculated by combining these coordinates with the calibrated
parameters and parallax principle.

For scenarios where the target is successfully detected by one modality but not the other, this study
estimates the virtual coordinates of the target in the coordinate system of the non-detecting camera
using the precalibrated relative pose parameters (rotation matrix R, translation vector 7,,) of the
heterogeneous binocular cameras, and completes spatial localization by combining these virtual
coordinates with the real coordinates from the detecting camera. Meanwhile, false alarms in
single-modal detection are suppressed through matching verification between target features and a
feature library, ensuring the robustness of the system in complex scenarios.

3.2. Two-stage contextual information enhancement network for bird detection in visible images

The overall framework of the proposed two-stage contextual information enhancement network is
described in this section. As shown in Figure 3, multiscale features are extracted twice via the
pre-trained ResNet-50 to address the issue of tiny target omission in single-stage feature extraction.
The first stage introduces the context information extraction and fusion (CIEF) module, which
discriminates pixel-level differences between local neighborhoods to highlight salient tiny target
regions, guiding the second stage to focus on potential bird targets. The high-level feature
enhancement (HFE) module is then applied to strengthen localization cues of bird targets in
high-level features, while the feature fusion pyramid network (FFPN) fuses cross-stage features and
integrates spatial attention (SA) to suppress background noise and refine target positioning. Parallel
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detection heads are employed to fully exploit the potential of multilevel features, and the normalized
Wasserstein distance (NWD) [26] is embedded to ensure high detection precision.
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Figure 3. Architectural overview of the two-stage contextual information enhancement
network for bird detection in visible images. In the first stage, all locally salient regions in the
image are highlighted using the proposed context information extraction and fusion (CIEF)
module (see Section 3.2.1). In the second stage, these salient regions are further enhanced,
and the localization cues of tiny targets is strengthened by integrating the proposed high-level
feature enhancement module (see Section 3.2.2). Subsequently, the features extracted from
the two stages are fused in the feature fusion pyramid network (see Section 3.2.3), and the
spatial localization of bird targets is further refined via spatial attention. Finally, the detection
results of tiny birds are obtained via multiple detection heads.

3.2.1. Context information extraction and fusion

Most existing object detection methods use the information of the entire image to search objects
pixel-by-pixel. This strategy performs well for large-scale object detection, yet incurs substantial
computing resource wastage for tiny target scenarios. Birds usually only occupy a very small area of
the entire high-resolution image. Unlike traditional context enhancement modules, which either mine
global context in a single-stage manner or adopt fixed receptive fields for feature fusion and thus fail
to suppress the background interference in substation scenes and easily confuse tiny birds with weeds
or equipment supports, this paper constructs a context information extraction and fusion module
(CIEF), as shown in Figure 4, which innovates in the following key aspects. First, it abandons the
global image traversal strategy and focuses on local-neighbor feature interactions to avoid resource
waste on irrelevant background regions. Second, it decouples local feature extraction and far-neighbor
context modeling in parallel, rather than using a single receptive field to capture mixed information.
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Finally, it integrates global context weighting via adaptive pooling and multilayer perceptron (MLP)
to highlight true tiny bird regions while suppressing spurious salient regions induced by cluttered
backgrounds in substations. This module uses local feature information to enhance the locally salient
areas of tiny targets throughout the image, making it easier for the network to focus on tiny targets in
images and improve the accuracy of bird detection.

Local Feature Extract
e R e
s O 8 Sl S i |

- Fioc 4

(s

T
.y

Conv 1x1
BN
PReLU
Conv 11
BN
PReLU

AdaptiveAvgPool

FLei

Figure 4. Context information extraction and fusion module.

At first, a convolutional operation is applied to the features extracted by ResNet-50 and the FPN. A
local feature extractor and a long-neighbourhood context feature extractor are constructed for
parallel operation:

F = e (FL). = fioe(F))s By = fua (), (3.2)
where f%1.(-) is implemented sequentially as a convolution operation with the size of 1 X 1, a batch
normalization (BN) and a parametric rectified linear unit (PReLU). fj,.(-) denotes the local feature
extractor, and f,.;(-) denotes the far-neighbor context extractor, which are instantiated as a 3x3 standard
convolutional layer and a 3 X 3 atrous convolutional layer, respectively. F| € R>*3*C denotes the
ith layer input feature, (i = 1,2,3,4,5), output from the corresponding layer of FPN. H, W, and C

=i H W
represent the height, width, and the number of image channels, respectively. Fl1 e R 2" denotes

the feature which is enhanced by f5..(-). F! € R>*3*5 and Fi € R>*3*5 are the local feature
information and the far-neighbor context information, respectively. Through the processing of two
feature extractors, the network can highlight the features of tiny targets by only utilizing the feature
information around the pixels. Then, F) _and F' , are sent to aggregate the features, and the aggregated

nei

feature is used to calculate the global context information:

F;'oint = CI‘E[I’R ([F;.nc’ Ffwi]) s Welo = fMLP (fAddP (onint)) > (33)
where [-,-] denotes the concatenation operation. Fi.m.m e R denotes the aggregated feature.
faaap(+) denotes the adaptive average pooling layer. fup(-) denotes the multilayer perceptron, which
consists of a linear layer followed by the rectified linear unit (ReLLU) activation function and a linear
layer followed by a sigmoid activation function. wy, € R™C denotes the weight vector of global
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context information, which is calculated by fyp(-). The wy, is used to weight F;m.m in the way of
skip connection, so as to emphasize useful features. Finally, residual learning is employed to help the
network learn more complex features and improve the gradient back-propagation during training by
connecting the input of the module with the output of the global operator, so as to obtain the feature

13"'1, which contains the highlighted area of the tiny targets:

Fip = Foin ® Weio, Fy = F @ F, (3.4)
where F},, € R2"2"C denotes the weighted feature. ® and @ denote the multiplication in the channel
dimension and addition by pixel, respectively. Then, F’l is added into the corresponding layers of the
second backbone to obtain the second extracted features F,.

This module targets the pain point that tiny bird targets are easily obscured by background clutter
in substation scenes. First, mark all suspected tiny target regions in the image by simultaneously
extracting local features and far-neighbor context features, then assign higher weights to truly salient
regions via global context modeling. This allows the network to focus on potential bird targets and
avoid missing tiny targets due to background interference.

3.2.2. High-level feature enhancement

Since the features output by the CIEF only highlight the areas of tiny targets in the image, other
areas of non-bird tiny targets in the image are also enhanced, which thus interferes with the
subsequent detection of bird targets. The channel attention mechanism allows the network to
adaptively assign weights to different channels according to their importance, thus enhancing useful
information and suppressing useless information. Compared with low-level features, high-level
features with smaller spatial dimensions contain richer discriminative information for bird targets. To
enhance the discriminative capability of bird-related feature information, this paper constructs a
high-level feature enhancement module (HFE) by combining the channel attention mechanism to
enhance the feature information of birds in the high-level features. The details of the module are
shown in Figure 5.

P
N HxWxy, C Fiis

Conv 5x5/| 4 HXWxY, C F?M

-
o T e e,

5ol
N HxWxY, C F?ub‘

Multi-scale Feature Extract

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 5. High-level feature enhancement module.

H W . . .. .
Take feature F 3 € R a5 an example. First, the feature map is divided into four branches that
are convolved respectively. Then, the feature maps are compressed in the channel dimension so that
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the channel number of each output feature map is %. The spatial information with different scales on
each channel-wise feature map can be effectively extracted by squeezing the channel dimension of the
input. The four subchannel feature maps are concatenated after squeezing:

F3

sub?

F2

sub?

F =i (Fg),Fcat:[Fl

sub — Jconv sub> Fzs‘ub] > (35)
where fcjémv(-) denotes the convolution operator of which kernel size is (2j+ 1) X(2j+ 1),
J = {1,2,3,4}, so as to ensure that the size of the output feature map is consistent with the input

feature map in width and height. F/ e R¥5*T denotes the jth subchannel feature map.

sub
HyW ) . .

F., € R>3"3”C denotes the concatenated feature. In order to realize the interaction between local and

global channel attention, the four sub-channel features are used to calculate the channel attention

weight vectors and normalized by Softmax function after concatenating:

w;- =0 (GAP (Fiub)) W = frofmax ([wll, Wo, Wi, w;]) , (3.6)

where w;. e R™%5 denotes the Jjth channel attention weight vector. o denotes the Sigmoid function.
w’ denotes the normalized weight vector. Then F,, is multiplied with w’ to obtain the enhanced feature
F=F,ow.

The core goal of HFE module is to filter out non-bird interference and amplify bird-specific features
following the marking of suspected regions by the CIEF module. It can be understood as splitting high-
level features into multiscale convolution branches to adapt to birds of varying postures, then using
channel attention to assign higher weights to channels containing bird features and suppress channels
dominated by background clutter.

3.2.3. Feature fusion pyramid network

The areas suspected of being a bird in the feature map are removed by the HFE. However, there
is still useless background information in the feature map. The SA mechanism [27] can locate the
key information in the feature map and enhance it with the spatial weights. Therefore, this paper
designs a feature fusion pyramid network module (FFPN), which is combined with the spatial attention
mechanism to further locate the feature information of the bird in the feature map and suppress useless
background information. The details of the module are shown in Figure 6. By alternately using the
key information of the feature maps from different stages, the features extracted in the first and second
stages are fused. Meanwhile, the SA weights are calculated by the SA module. The features of each
stage are enhanced based on the SA weights of each feature.

First, the feature from the second stage, at a higher level, is upsampled to the same size as the
feature from the lower level. Then, the two features are added pixel by pixel. The added result and
the same-scale feature from the first stage are used to calculate the feature F,ln, which contains feature
information from two stages:

B =F o £, (F).F, = 50 (F1) ® £ (). 3.7)
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where F} € R¥*3%C and F? € R22%7%€ denote the adjacent low-level feature and high-level feature in
the second stage, respectively. F} € R2%7%C denotes the feature of the first layer enhanced by the CIEF
module. F }n € RX5*C denotes the feature map, which contains abundant local information from the
feature maps in two steps. Then, F! is added to F} and ﬁg respectively, in order to enhance the local
features in the features of each stage:

F| =FloF F, =F oF.. (3.8)

Then, a dilated convolution layer is used after concatenating F; | and F} , which extracts the global
features of the feature maps. The dilated convolution layer is followed by f}%1.(-). Additionally, the
SA mechanism is used to calculate the SA weight of bird features. Combined with the SA weight, the

network can further fuse the local and global information of the features:

Fl,. =|Fl o S(F).F 0 S(F}). fom (D (|F1.. Fb.])|- (3.9)

where S(-) denotes the SA mechanism, D(-) denotes the dilated convolution, and F}, = € R3X7*C
denotes the fused feature.

This module resolves the contradiction between shallow features that are rich in detail but weak
in semantics and deep features that are strong in semantics but coarse in localization in two-stage
extraction. Its core logic is to align and fuse features from the two stages to integrate fine-grained
details and high-level semantics, then to use SA to focus on bird pixel positions while weakening
background responses.
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Figure 6. Feature fusion pyramid network.

3.2.4. Loss function

After extracting the features of the images, the features Flm ~ Fim are sent to the region proposal

network (RPN) head and region of interest (Rol) head for classification prediction and bounding box
regression. The cross-entropy loss function and smooth L/ loss function are used to calculate the
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classification loss and regression loss of the bounding box, respectively. Additionally, the strategy of
assigning positive and negative samples based on IoU, which is adopted after the RPN head generates
candidate boxes, suffers from inherent limitations due to the small size of bird targets. Therefore,
this paper adopts the normalized Wasserstein distance (NWD) and ranking-based assigning (RKA)
optimization strategies [26] as the discrimination strategies for positive and negative samples.

3.3. Multiscale contextual feature enhancement network for bird detection in infrared images

Due to the limitations of bird detection algorithms in visible images, such as lighting and weather
conditions, the infrared imaging is introduced to address it. Infrared sensors can detect the thermal
radiation emitted by birds, aiding in the detection of bird targets in complex environments. Therefore,
the paper proposes a multiscale contextual feature enhancement network for bird detection in infrared
images. Different from existing multibranch transformer networks that focus on global dependency
modeling but ignore scene-specific interference suppression, our network innovates in branch design
and feature interaction mechanisms to tackle the core pain point of thermal radiation pseudo-target
interference in substation scenarios. As shown in Figure 7, the proposed network consists of three
modules. First, the multiscale feature extraction module is designed to extract multiscale features based
on the feature interactions between the backbone and branches at different scales. Unlike the branch
design in conventional multibranch transformer networks, we configure three differentiated branches
to balance deep semantic feature mining and shallow target contour retention, which avoids the loss of
tiny bird thermal features and the confusion with substation equipment thermal artifacts. After that, the
extracted features are transmitted into contextual information extraction module designed to suppress
background interference and thereby enhance the salience of bird targets. Finally, multiscale prediction
supervision facilitates the parameter learning during network training and generates prediction results
during the network inference, which further compensates for the lack of multilevel feature supervision
in existing transformer-based methods.

3.3.1. Multiscale feature extraction

The features are easily overwhelmed or disrupted by background interference due to the
diminutive size of tiny bird targets. To address this issue, a multiscale feature extraction module based
on the critical frameworks of the Xception network [28] and dual path network [29] is proposed. Its
structure is illustrated in Figure 7. Specifically, multiple layers of convolution, followed by max
pooling, are employed to progressively reduce feature scales and extract multiscale features
F; € RE"H>Wi where i = 0,1,2,3,4,5. The input size is denoted as H X W, so H; is &, W; is ¥, and
C; € {64,128,256,512,512,512}. In addition to the feature extraction trunk, a detail-preservation
branch and a multiscale feature fusion branch are designed to supplement the trunk features so as to
obtain multiscale features.

The detail-preservation branch. The selection of the detail-preserving branch uses shallow features
P, as input, which contains rich detail information to supplement deep features. The saliency of tiny
target features can be further stimulated and adapted to the size of main features by recoding the
features P; = f1xL (P;), where P} is the recoding feature. f1X.(-) is implemented sequentially as a
convolution operation with a size of 1 X 1, a BN, and a ReLU. To efficiently and simply supplement the

feature information, P/ is directly down-sampled and summed as the input feature for the next stage
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of coding. Furthermore, P is recoded twice and merged with the features from the following two
stages respectively.
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Figure 7. Architectural overview of the multiscale contextual feature enhancement network
for bird detection in infrared images. First, multiscale features of different branches are
extracted via the constructed multiscale feature extraction module (see Section 3.3.1). In
the contextual information extraction module (see Section 3.3.2), background suppression is
performed on the multiscale features to highlight bird saliency. Finally, the detection results
are further optimized by integrating multiscale prediction supervision (see Section 3.3.3).

The multiscale feature fusion branch. A complex background, abnormal weather, and other
conditions can lead to a reduction in the contrast between tiny bird targets and the background, which
can cause the loss of bird targets information in deep features. To maintain the salience and balance
the spatial positioning and semantic information of bird targets during the process of deep feature
coding, multilevel features are gradually merged in the multiscale feature fusion branch. First,
shallow feature Py is taken as the input feature. The features of each scale need to be processed to
optimize the representation of the feature map. The extracted features from the backbone are
combined with the corresponding features from the multiscale feature fusion branch to obtain fused
features, S; = P; + fC‘;}e (S j_l), where j = 1,2,3,4 represents the stages of feature fusion.
Correspondingly, the branch feeds the fused features back into the backbone branch. To mitigate the
inherent information conflict between features of different scales, stack fusion is applied for
integrating features. The stack fusion is composed of k fusion blocks, where k represents the number
of fusion blocks. In this paper, k is set to 3. In each fusion block, the branch feature S; is fused with

the backbone feature after f25(-):

P} = |/ (S)) + 1o (Far (P)))] x 4, (3.10)

where f253(-) is implemented sequentially as a convolution operation with a size of 3 x 3, followed
by a BN and a ReLLU, A serves as a constant variable of 0.5 to maintain the balance of eigenvalues
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and prevent fusion ratio imbalance due to accumulation. P} represents the feature after the first fusion
block within the stack fusion process. After three feature fusion blocks, the output F;, is generated.
Additionally, Fy = Py = S, at the beginning.

This design addresses the pain point that bird thermal features in infrared images are easily masked
by thermal radiation from high-temperature substation equipment. By using the backbone to extract
deep semantic features, the detail-preservation branch to retain shallow target contours, and the
multiscale fusion branch to integrate cross-level features and balance spatial localization and semantic
representation. This design effectively distinguishes real bird thermal features from equipment
thermal artifacts.

3.3.2. Contextual information extraction

To enhance the saliency of bird target features, a contextual information extraction module is
designed to capture contextual information across multiscale features. The structure of this module is
shown in Figure 7. This module combines convolution operations of different sizes with transformer
operations to analyze relationships across various regions. For images with complex backgrounds, it
helps suppress background noise, thereby highlighting the features of bird targets. The module is
primarily divided into two parts for parallel processing. Taking the input features F; € RE*CixHixWi
with a batch size of B as an example, local contextual information is extracted in the local contextual
information extraction branch:

Fi = fon (food OFD) + fan (20 (F))). (3.11)

where fzy(-) denotes batch normalization. f1X!(-) and f2X3(-) represent convolution operations with
sizes of 1 X 1 and 3 X 3, respectively. During the process of global contextual information extraction,
the dimensions of the input features are expanded to RBC>H>Wi through convolution operations. To
improve the computational speed of self-attention, the feature map is divided into % X % windows, with

each window having a size of w. Then, the feature is split into / heads in the channel dimension and

Hy W c
(BXT.' XT}xh)x(wxw)x(,T])

further divided into three vectors Q, K, and V € R . The window-based multi-head

self-attention (W-MSA) mechanism of the swin transformer [30] is utilized to integrate contextual

information. An asymmetric pooling method is adopted to aggregate long-range information from

adjacent windows. As shown in Figure 8, for a pixel pg"’”) located in the top-left window of the feature
(m,n) (m+w,n)

map, all feature values from p;~" to p; are aggregated through horizontal average pooling. This
aims to explore the dependency between two horizontally adjacent windows:

w-m-1 (m+i,n) & (m+w—j,n)
L Py o tXp 7
(mn) _ i=0 j=0

0 w ’

(3.12)

where m € 0,1,...,% andn € 0,1, ..., . The pixel pI"+"
w w

_ 0
self-attention with p{™”, while the pixel p(lmw—J’") on the purple path has computed self-attention with

(m+w,n

2 ). Thus, the average pooling described above enables the aggregation of contextual information
horizontally. The dependencies between vertically adjacent windows are explored in the same manner:

on the blue path has already computed
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w-m-1 (m,n+i) & (m,n+w—j)
X Pyt XDy
~(m,n) _ i=0 jIO 1
o = : (3.13)

w

Finally, the results of horizontal and vertical pooling are summed to obtain the global contextual
pooling information of Fy, denoted as FIG After that, the local contextual information Ff and the global
contextual information F{ are further fused to explore the salient features of the bird targets:

F{ = py™ + 5y F1 = fe (FT @ FY). (3.14)

where f%1.(-) contains a 1 X 1 deep convolution operation, a BN, and a convolution operation with a
sizeof 1 x 1.

This module is to integrate global information to distinguish bird targets from background thermal
noise in infrared images using convolutions to capture local thermal features of birds and transformer-
based cross-window attention to integrate contextual information to filter out isolated thermal artifacts
from equipment.

{ Average pooling Average pooling
i Kernel size=(w,1) Kernel size=(1,w) :
E (m, n)Aver age (m-+w,n) p((’)“'”) i
: |Po T—oP1 v 5
E T T Average |
E (m,n+w) i
: p> ;

Figure 8. Window mapping and cross-window information aggregation.

3.3.3. Multiscale prediction supervision

Although shallow features have high resolution and fine local details, they are easily disturbed by
background and the lack of spatial context guidance, which results in a large number of false positives
in the classification results. Additionally, due to the small size of bird targets, it is difficult to extract
sufficient semantic information from deep features, making the bird features prone to loss. As
illustrated in Figure 7, we directly use the fused feature of shallow features, Fy and F,, to compute
the saliency map, thereby constraining the extraction of shallow features. To maintain lightweight
computation in the network, the two features are simply fused based on learnable parameters a:

F,=a-Foa(l-a)-F,. (3.15)
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The fused feature F, is processed by channel attention and SA in parallel. The features in the pixel
dimension are aggregated into a single-channel SA map F; € R¥*"*! by using a depth-wise separable
convolution, in which H and W denote the spatial resolution of the feature map. Simultaneously,
the spatial resolution of F, is pooled to 1 X 1 and processed by two one-dimensional convolutions to
aggregate channel information to obtain the channel attention map F¢ € RX1%C:

(f[3)>1jV3C(Ft)) ’ Ff = 6( conv ( conv (f;ool(Fl)))) (316)
where f;%-(-) denotes the depth-wise separable convolution with a kernel size of 3x3. £ (-) denotes
the one-dimensional convolution. f”ovjl( ) denotes average pooling. d(-) denotes sigmoid activation. F,
is multiplied by F; and F;, respectlvely. The results are then summed with F, in a residual manner to

calculate the enhanced feature F:

F,= 5 ((F,oF) e (F,eF))oF, (3.17)

Furthermore, the low-level auxiliary prediction feature F;p is obtained from the feature F,, and
multiscale supervise features F’ are calculated:

F, = fo (F),Fo = £ (Fo) , F; = fix (Fy), (3.18)
where i = 1,2,3,4,5. The Fl and F;p are upsampled to the size of the input image and concatenated
along the channel dimension, denoted as F. € R¥*W*7 The final prediction result F,,, is then obtained
through the convolution operation with a sigmoid activation function:

Fe = | fup (B0) s oo fup (F5) s fup (Fp) | Fres = 6 (fiomn (BD)), (3.19)

where f,,(-) denotes the upsample function. This module targets the trade-off between shallow feature
detail and deep feature semantics in infrared tiny object detection. Fusing shallow and deep features
to retain both target contours and semantic information. Then, we use dual attention mechanisms to
enhance target saliency and apply multiscale supervision to optimize feature learning at all levels. This
ensures that no bird targets are missed due to feature loss in deep layers or background interference in
shallow layers.

3.3.4. Loss function

In order to address the issue of class imbalance in binary classification tasks, the soft intersection
over union (SoftloU) loss function is employed:

(P M + smooth)
oftlo PaM =1- s 3.20
Lsoguou ( ) (P\J M + smooth) ( )
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where P and M denote the predicted result and the ground truth mask, respectively. smooth denotes
the smooth factor, usually set to 1 x 1077 to prevent zero in the union calculation. The overall loss
function is calculated as follows:

5
Lsoriiov = B1* Lsofiov Fres, M) + Bo - Lsorirou (F;p, M) + Z Yi + Lsoftiou (F, M), (3.21)

i=0

where 1, 8, and vy; are the weights corresponding to the different losses. Both of them are set to 1 to
balance the effect of supervision in each scale.

4. Experiments

4.1. Dataset and implementation details
4.1.1. Datasets construction

To enhance the persuasiveness of the proposed algorithm, 20,000 visible images and 15,000
infrared images were collected under identical conditions, which were used to construct the visual
tiny bird detection dataset (VSTBD) and the infrared tiny bird detection dataset (IRTBD),
respectively, for experimental validation. Figure 9 presents example views of partial sample images
from the datasets. These images were acquired from 8 independent devices, each equipped with both
infrared and visible cameras and mounted on the rooftops of monitoring rooms across 4 distinct
substation stations. Specifically, each substation contributed 25% of the visible images and 25% of
the infrared images, thereby ensuring the spatial diversity of the datasets. Considering the impact of
weather conditions, the datasets incorporate images captured under various meteorological scenarios,
including rainy, foggy, and sunny days, with respective proportions of 15%, 10%, and 75%. Since
images captured at night are not applicable for visible object detection, all images were collected
during the time window from early morning to late evening. Additionally, data acquisition spanned
multiple seasons to guarantee the temporal continuity of the dataset. To ensure the validity of
annotations, a motion object detection algorithm was employed to analyze consecutive frame images
and extract motion-related information within the frames. Subsequently, moving bird targets were
screened via manual review and annotated using the Labelme tool. Upon completion of annotation,
the labeling results were inspected to ensure annotation consistency. In terms of the number of bird
instances, VSTBD contains 32,687 annotated bird targets, while IRTBD includes 21,542 instances.
Given that this study focuses on bird detection rather than species-specific classification, no detailed
categorization of bird species was performed. The target distribution and size distribution within
VSTBD are illustrated in Figure 10. The aspect ratio of most targets in the images is less than 0.01.
For compatibility with network training, all visible-light images were uniformly resized to 800 x 800
pixels, and infrared images were resized to 512 x 512 pixels. For the division of training and test sets,
a stratified sampling strategy was adopted to preserve the distribution of weather conditions, time
periods, and target densities between the two subsets, with 80% of the images allocated to the training
set and the remaining 20% to the test set. To facilitate future research on bird object detection, the
datasets will be made publicly available in the future.
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Figure 10. Analysis of distributions and sizes of boxes in visual tiny bird detection dataset.

4.1.2. Implementation details

All the experiments are conducted on a server equipped with an Intel Xeon 6226R 2.9GHz CPU,
18GB RAM, and two RTX 3090 24GB GPUs. The proposed detection algorithms are primarily
implemented using Python and the deep learning library of Pytorch. In the train of the detection
algorithm in visible images. The batchsize and the total number of training epochs are set to 4 and 12,
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respectively. During the training process, the network parameters are optimized using the stochastic
gradient descent algorithm with a momentum of 0.9 and a weight decay of 0.0001. The initial
learning rate is set to 0.01 initially and is adjusted to 1% of its value at the 9th and 11th epoch. In the
process of training and testing, the visible light image is interpolated to the resolution of 800 x 800. In
the train of the detection algorithm in infrared images, the batchsize and the total number of training
epochs are set to 32 and 400, respectively. The Adam optimizer is selected to optimize network
parameters during training. The initial learning rate is set to 5 x 10™* and reduced to 10% of its value
at the epochs of 200 and 300. During the process of training, the input image will be randomly cut
into blocks with the size of 256 x 256 to further increase the data richness, and the image size during
the test will be uniformly scaled to 512 x 512.

Due to challenges such as small size, indistinct colors, and morphological variations, classical
object detection algorithms cannot be directly applied to the tiny bird detection task in visible images.
Therefore, this paper selects the faster region-based convolutional neural network method (Faster
R-CNN) [31], the fully convolutional one-stage object detector (FCOS) [32], Cascade R-CNN [33],
DetectorRS [9], the faster high resolution network (FasterHRNet) [34], RetinaNet [35],
YOLOVS8 [36], and YOLOX [37] object detection methods from the MMDetection framework as the
comparative methods. Additionally, the receptive field based label assignment method (RLFA) [38],
the dot distance method (DotD) [39], coarse-to-fine pipeline and feature imitation learning method
(CFINet) [40], and NwdRka [26] are incorporated into the network training process. For the
comparative experiment of tiny bird detection in infrared images, namely U-Net, asymmetric
contextual modulation (ACM) [41], attentional local contrast network (ALCNet) [42],
ISTDUNet [43], interior attention-aware network (IAANet) [44], receptive-field and
direction-induced attention network (RDIAN) [45], dense nested attention network (DNANet) [21],
and U-Net in U-Net (UIUNet) [22] are selected as comparative methods.

To eliminate the impact of experimental configuration discrepancies on model performance
comparison, all baseline detectors and the proposed method were implemented based on the
MMDetection framework. They were trained and tested on the VSTBD and IRTBD datasets,
respectively, according to different task requirements. During the training phase, all models adopted
consistent preprocessing pipelines, a unified input resolution, and identical hyperparameter settings.
The network architecture of the proposed visible light image object detection and infrared image
object detection algorithms is summarized in Tables 1 and 2. The specific training parameters for the
visible and infrared image detection networks are summarized in Table 3.

Table 1. Network architecture overview of tiny bird object detection algorithm for
visible images.

Network stage Module Feature Resolution Channel Number
First.st ResNet-50 800800, 400x400, 200x200, 100x100, 50x50 3, 64, 256, 512, 1024
rst-stage
' g . FPN 400x400, 200200, 100x100, 50x50, 25%x25 64,256, 512, 1024, 2048
Feature Extraction
CIEF Module 400x400, 200200, 100x100, 50x50, 25%x25 64,256, 512, 1024, 2048
ResNet-50 800x800, 400x400, 200x200, 100x100, 50x50 3, 64, 256, 512, 1024
Second-stage
HFE Module 100x100, 50x50 512, 1024

Feature Extraction
FFPN Module 400x400, 200200, 100x100, 50x50, 25%25 64, 256, 512, 1024, 2048

Detection Head RPN+Rol Head 400x400, 200x200, 100x100, 50x50, 25x25 64, 256, 512, 1024, 2048
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Table 2. Network architecture overview of tiny bird object detection algorithm for
infrared images.

Network Stage Module Feature Resolution Channel Number
256%256, 128x128, 64x64, 32x32,
Backbone Branch 64, 128, 256,512, 512, 512
) 16x16, 8x8
Multiscale . .
. Detail-preservation Branch 128128, 64x64, 32x32 128, 256, 512

Feature Extraction .

Multiscale Feature 256256, 128x128, 64x64,

. 64, 128, 256, 512, 512

Fusion Branch 32x32, 16x16
Context Local Context extraction 128x128, 64x64, 32x32, 16x16, 8x8 128, 256, 512, 512, 512
Information Extraction Global Context extraction 128%x128, 64x64, 32x32, 16x16, 88 384, 768, 1536, 1536, 1536
Multiscale Feature Fusion 512512 7
Prediction Supervision  Output Head 512512 1

4.2. Evaluation metric

For bird detection experiments in visible images, this paper AP and optimal localization recall
precision (0LRP) [46] to evaluate the algorithms. In order to better describe the effectiveness of the
proposed algorithm for detecting tiny bird targets, the IoU thresholds of 0.5 and 0.75 are chosen to
calculate APsy and APs, respectively. Inspired by the definitions used in the tiny object detection
in aerial images (AI-TOD) dataset [47], which, in images with a resolution of 800 x 800 pixels, are
categorized based on their pixel sizes: very tiny (2-8 pixels), tiny (8—16 pixels), small (16-32 pixels),
and medium (3264 pixels). For each size category, AP is computed separately and labeled as AP,,,
AP,, AP, AP,, respectively.

For bird detection experiments in infrared images, this paper adopts accuracy (Acc), loU,
normalized intersection over union (nloU), probability of detection (P;) and false-alarm rate (F,) to
evaluate the detection performance of the methods on infrared images. The IoU and nloU can be
calculated by

A, 1 &
ToU = =L nloU = —
[9) Auno NZ

TP[i]
T[il + P[i] - TP[i]’

4.1)
i
where A; and A, denote the areas of the intersection region and union region, respectively. N represents

the number of samples. 7 P[-] denotes the number of true positive pixels. T[] denotes the number of
the ground truth, and P[-] denotes the number of predicted positive pixels.

4.3. Results of experiments in visible images
4.3.1. Results of comparative experiments

The visualization results of the comparative experiment are shown in Figure 11. Considering the
performance differences of different methods, only some methods with good detection effect are
selected for display. In the resulting images, green boxes, yellow boxes, and red boxes are used to
mark false positive (F P), false negative (FN), and true positive (7'P). Additionally, the T P areas are
magnified in the corners of the result images to more clearly observe the confidence of the detection
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boxes. The confidence levels of detections vary among the different methods. Notably, the object
detection method of FasterHRNet+NwdRka demonstrates the highest confidence. However, the
occurrence of false positives also indicates its limited ability to distinguish tiny targets accurately.
Benefiting from unique network architecture design and guided by contextual information, the
proposed algorithm achieves accurate detection of tiny and inconspicuous bird targets. Compared to
birds on the ground, the detection performance of algorithms for flying birds is more demanding due
to the variations in morphology caused by shooting angles and wing flapping. As illustrated in the
fourth row of Figure 11, most methods have difficulty in capturing features when dealing with objects
with significant morphological variants, leading to more instances of both missed detections and false
alarms in the results. The FasterHRNet+NwdRka method, which performs well in detecting
ground-based bird targets, experiences a significant decrease in performance when detecting flying
bird targets, possibly due to its limited generalization ability.

R

) FCOS DetectorRS FasterHRNet DetectorRS FasterRCNN+
cT +RLFA +DotD  +NwdRka ~ +NwdRka ~ CFINet ~ YOLOv&m - Ours

Figure 11. Comparison of bird targets detection effects in the VSTBD dataset.

The AP indicators calculated by the proposed method and all the comparison methods on VSTBD
are shown in Table 4. Experimental results demonstrate that the overall AP of the proposed algorithm
reaches 59.8%, representing a 2.5% improvement over the suboptimal FCOS+RLFA
algorithm (AP=57.3%), with the AP75 metric increasing by 1.9%. Moreover, the proposed method
achieves best performance across target scales of tiny (AP,=51.4%), small (AP;=62.5%), and
medium (AP,,=69.7%). This superior performance can be attributed to the CIEF module, which
effectively highlights tiny target regions in images, coupled with the HFE module that eliminates
interference from non-avian targets. YOLOX-s, YOLOvS8-s, and YOLOv8-m exhibited inferior
performance, primarily attributed to the complexity and uniqueness of our experimental scenario as
well as the extremely small size of the detected targets. These one-stage detectors struggle to capture
sufficient discriminative features. Furthermore, one-stage detectors prioritize inference speed over the
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depth of feature extraction, rendering them incapable of effectively modeling the contextual
information of tiny bird targets. By contrast, our proposed method achieves outstanding performance,
benefiting from two rounds of multiscale feature extraction on the input images and the integration of
contextual information to enhance the features of tiny bird target regions.

Table 3.

Main hyperparameters of the proposed algorithms for visible and infrared
image detection.

Network  Module / Parameter Configuration Details
Convolution Kernel: 1x1, Stride 1
ResNet-50 Convolution Kernel: 3x3, Stride of Downsampling Block: 2
Convolution Kernel: 3x3, Stride of Normal Block: 1
Standard Convolution: 1x1 , Stride: 1
CIEF Module . . o .
Dilated Convolution: 3x3, Dilation Rate: 3, Stride: 1
Convolution Kernel: 3x3, Stride: 1
Detection Convolution Kernel: 5x5, Stride: 1
HFE Module
network Convolution Kernel: 7x7, Stride: 1
for Convolution Kernel: 9x9, Stride: 1
visible FFPN Module Dilated Convolution: 3x3, Dilation Rate: 3, Stride: 1
images Spatial Attention Convolution Kernel: 7x7
Channel Attention MLP Hidden Layer Dimension: 128
NWD Scaling Factor: 1, Matching Threshold: 0.5
RKA Positive Sample IoU Threshold: 0.5,
Negative Sample IoU Threshold: 0.1, Sorting Top-k Value: 3
) Initial: 0.01,
Learning Rate . o
Decay to 1% of Initial Value at the 9th and 11th Training Epochs
Batch Size 4
Weight Decay Coefficient  0.0001
Momentum Coefficient 0.9
Optimizer Stochastic Gradient Descent
Depthwise Separable Convolution Kernel: 3x3, Stride: 1
Backbone Branch
Downsampling Stride: 2
Fusion Block Convolution Kernel: 3x3, Stride: 1
Local Context Branch Convolution Kernel: 1x1, Stride: 1, Convolution Kernel: 3x3, Stride: 1
Detection  Window Attention Window Size: 8, Number of Heads: 4
network Channel Attention 1D Convolution Kernel Size: 1x1
for Spatial Attention Depthwise Convolution Kernel: 3x3
infrared Number of Layers: 2, Feature Dimension per Attention Head: 256
. Transformer
images Total Feature Dimension: 1024

Learning Rate

Batch Size

Optimizer

Initial: 5x 1074,

Decay to 10% of Initial Value at the 200th and 300th Training Epochs
32

Adam
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Since the network proposed in this paper requires iterative feature processing and multilevel
feature enhancement, its parameter count is higher than that of other comparative methods. However,
by adopting a relatively simple feature extraction backbone and prediction head structure, the
computational complexity of the proposed algorithm does not increase substantially. As presented in
Table 5, when deployed on the embedded industrial computer, the proposed algorithm achieves a
processing speed of 12 frames per second (FPS), which can basically meet the requirements of
practical applications.

Table 4. Quantitative experimental results of small bird detection on the VSTBD dataset.

Metric AP APsy AP;s AP,, AP, AP, AP, oLRP oLRP,y oLRPyp oLRPpy
FasterRCNN+RLFA 534 817 648 159 487 561 622 571 174 25.7 18.0
CascadeRCNN+RLFA  54.5 81.1 657 195 495 56.7 63.6 569 159 28.0 16.3
DetectorRS+RLFA 557 83.8 67.0 239 470 589 664 546 169 23.0 15.3
FCOS+RLFA 57.3 884 679 262 512 602 62.1 523  16.4 20.0 145
FasterRCNN+DotD 539 850 62.6 268 47.1 559 646 563 176 22.6 16.3
FasterHRNet+DotD 506 82.8 573 23.6 442 526 60.7 59.1 18.6 23.4 18.7
DetectorRS+DotD 537 86.0 613 225 469 562 647 564 180 20.1 17.7
FasterRCNN+NwdRka ~ 52.0 845 59.1 224 453 543 627 57.8 185 24.8 14.8
CascadeRCNN+NwdRka 52.8 832 60.8 21.6 439 554 648 578 179 24.8 16.1
FasterHRNet+NwdRka ~ 54.0 86.0 62.5 274 470 560 63.7 554 178 232 12.6
RetinaNet+NwdRka 525 89.3 560 21.8 434 555 632 542 189 15.2 15.1
DetectorRS+NwdRka ~ 53.8 862 61.1 205 456 56.6 63.1 57.0 184 21.6 16.2
FasterRCNN+CFINet ~ 54.6 868 61.7 233 463 574 650 540 175 16.4 17.7
YOLOX-s 423 822 385 14.0 395 448 508 644 226 22.1 203
YOLOVS-s 404 686 43.6 50 227 466 62.1 684 185 29.2 28.1
YOLOv8-m 434 719 476 69 274 488 652 663  18.1 28.7 327
Ours 59.8 89.9 69.8 254 514 625 69.7 497  16.6 14.1 14.1
Ours std 0.021 0.016 0.016 0.016 0.021 0.014 0.017 0.017 0010  0.020  0.010

Note: All metrics are presented in percentage terms; bold numbers are the best, and underscored are second best. Ours is the mean
of the metrics obtained from training our network three times. Ours std is the standard deviation of the corresponding metric.

Table 5. Analysis of network parameters and inference speed of tiny object detection
methods in visible images on the embedded platform.

Method FasterRCNN  CascadeRCNN FasterHRNet YOLOX-s YOLOV8-m Ours
Parameter (M) 41.6 69.0 46.9 8.9 25.9 124.5
FLOPs (G) 70.3 74.5 102.7 13.3 394 76.7
FPS 13 11 9 40 24 12
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4.3.2. Results of ablation experiment

In order to verify the effectiveness of each module proposed in this paper in the detection network,
an ablation experiment is carried out on the VSTBD dataset to analyze the performance of each module.
The feature fusion module of the two encoders is replaced by a simple feature summation, and only
the two-feature extraction and pyramid enhancement modules are retained to build the baseline model
of the ablation experiment. The proposed CIEF, HFE, and FFPN are gradually added to the baseline
model to verify the effectiveness of each proposed module. The ablation experimental results of the
proposed method in VSTBD dataset is shown in Table 6.

Table 6. Ablation experiment results of the proposed visible image bird detection method on
the VSTBD dataset.

Ablation AP AP50 AP75 APvt AP, APS APm oLRP OLRPIOU OLRPFP OLRPFN

Strategy 1 52.6 833 607 235 446 552 646 580  18.1 25.0 15.6
Strategy 2 53.8 862 627 18.1 471 564 628 560 184 214 14.1
Strategy 3 54.8 883 613 206 467 579 652 546  18.6 18.6 133
Strategy 4 58.5 884  69.0 263 514 612 680 50.8  16.5 17.5 12.9
ours 598 89.9 698 254 514 625 697 497 166 14.1 14.1

Note: Strategy 1: Baseline; Strategy 2: Baseline + CIEF; Strategy 3: Baseline + CIEF + HFE; Strategy 4: Baseline + CIEF + FFPN;
Ours: Baseline + CIEF + HFE + FFPN. All metrics are presented in percentage terms; bold numbers are the best, underscored
second best.

The proposed CIEF can effectively capture the difference between pixels and surrounding
neighborhoods and highlight local salient objects. Therefore, after using this module, more tiny target
clues can be mined from the image. As shown in Table 6, in the detection results of Strategy 2,
although there is a certain improvement compared with the baseline model overall, the index AP,, is
lower than the baseline model. This phenomenon may be attributed to the fact that the CIEF module
focuses on local neighborhood features, while very tiny targets themselves contain extremely limited
pixel information, making the module highly susceptible to interference from background information
in their neighborhoods. Consequently, the index AP,, is lower than that of the baseline. Strategy 3 can
effectively improve network detection performance compared to using only the CIEF module.
However, judging from the overall AP and AP, metrics, the CIEF module proposed in this paper
enables the network to pay more attention to tiny target regions. At the same time, from the result
indicators of Strategy 4, it can be seen that the performance indicators are not much different when
the HFE module is included or not included. The HFE model only improves the detection
performance of the network for bird targets with a small amount of calculation.

4.4. Results of experiments in infrared images
4.4.1. Results of comparative experiments

The qualitative analysis of the comparative experimental results of the tiny birds detection algorithm
in the infrared image on IRTBD dataset is shown in the Figure 12. Green boxes, red boxes, and yellow
boxes are used to mark TP, FP and FN. It can be seen that the algorithm proposed in this paper
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can detect tiny bird targets in infrared images well. Other algorithms have false detection or missed
detection. The picture contains a complex background, bird flight, and bad weather. Benefiting from
the multiscale feature extraction and context information extraction module proposed in this paper, the
features of small bird targets in the image can be well extracted, a the influence of complex background
and bad weather on the detection accuracy can be reduced.

Based on the qualitative analysis of bird detection performance across different scenarios, this
paper further evaluates the effectiveness of each algorithm using various objective quantitative
metrics. As shown in Table 7, compared to other algorithms, the proposed algorithm achieves more
comprehensive feature representation through dense connections of multilevel features, thereby
improving its performance to a certain extent. The algorithm proposed in this paper achieves the
optimal performance across all five metrics, with the metrics PixAcc, IoU, and nloU showing an
average improvement of approximately 2.5% compared to the second-best algorithm. Furthermore,
the algorithm attains the lowest F, and the highest P, indicating that the proposed tiny bird detection
algorithm in infrared images outperforms other advanced algorithms in distinguishing a tiny bird from
heated electrical equipment in the complex environment of the transformer substation. Furthermore,
the proposed algorithm shows a significant improvement in the critical JoU metric, demonstrating
that it achieves more accurate localization of tiny targets in tiny object detection tasks.

Thermal U-Net ALCNet ISTDUNet IAANet RDIAN  DNANet  UIUNet Ours

Figure 12. Detection results for bird targets in the IRTBD dataset.

Finally, a comparative analysis of the complexity and computational cost of infrared tiny object
detection networks is conducted as presented in Table 8. DNANet adopts a densely connected U-Net
architecture to achieve infrared tiny object detection, and it maintains a low parameter count and
computational cost by reducing feature dimensions. Compared with other networks, the proposed
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network exhibits a relatively low overall parameter count due to its simpler architectural design;
however, considering the multiscale feature enhancement and simultaneous prediction mechanisms,
its computational cost increases to a certain extent. When deployed on an embedded industrial
computer, the proposed network achieves a processing rate of approximately 20 FPS, which can fully
meet the requirements of practical applications.

Table 7. Quantitative experimental results of tiny bird detection on the IRTBD dataset.

Method U-Net ACM ALCNet ISTDUNet IAANet RDIAN DNANet UIUNet Ours(Mean+std)

PixAcc 7575 67.55 7393 78.84 74.44 74.68 78.40 79.33 81.24+0.028
IoU 5790 5247 55.07 61.24 56.96 60.04 61.86 63.18 65.82+0.021
nloU 57.55 5195 51.95 59.60 59.13 60.10 60.56 61.85 64.85+0.031
Py 84.46 7483 78.56 84.00 87.26 84.62 84.71 84.06 89.03+0.025
F,(x10%) 7.73 577 823 6.74 7.82 6.16 6.79 6.56 5.63+£0.022

Note: All metrics are presented in percentage terms; bold numbers are the best, underscored second best. Ours(Mean+std) are the
results of the metrics obtained from training our network three times.

Table 8. Analysis of network parameters and inference speed of tiny object detection
methods in infrared images on the embedded platform.

Method U-Net ACM ALCNet ISTDUNet DNANet UIUNet Ours
Parameter (M) 34.53 39.78 42.70 44.47 4.70 50.54 44.47
FLOPs (G) 261.8 1.6 1.5 30.8 57.0 217.7 108.9
FPS 14 48 42 35 32 15 20

4.4.2. Results of ablation experiment

To verify the effectiveness of each module in the proposed infrared image bird object detection
network, we constructed different models by removing distinct modules from the network on the
IRTBD dataset. The experimental results are presented in Table 9. Compared with the baseline
model, the newly added multiscale feature fusion branch fully trains multilevel features through
cross-layer connections, leading to an approximate 3% improvement in the /oU metric. Meanwhile,
the detail-preservation branch can transmit more detailed information to high-level features, thereby
maintaining the effectiveness of synchronous prediction of multilevel features. When this branch is
used independently, all metrics are improved to a certain extent. The simultaneous deployment of the
backbone network, detail-preservation branch, and multiscale feature fusion branch can enhance the
multiscale feature representation capability of network and significantly boost its overall
performance. Furthermore, the ablation experiments integrating the contextual information extraction
module and multiscale prediction supervision module demonstrate the validity of the module design
through the significant improvements in PixAcc, IoU, and nloU metrics.

Electronic Research Archive Volume 34, Issue 2, 777-812.



805

Table 9. Ablation experiment results of the proposed infrared tiny bird detection method.

Ablation procedure PixAcc IoU nloU P, F,
Extraction baseline (same decoder) 78.05 61.39 60.28 86.17 6.74
+Branchl 79.86 62.61 61.09 87.41 6.50
+Branch2 80.18 64.31 62.91 88.19 6.12
+Branchl + Branch2 81.24 65.82 64.85 89.03 5.63
Decoder baseline (same encoder) 61.77 39.66 37.49 65.38 11.28
+Modulel 67.51 42.90 37.79 65.54 10.50
+Module2 77.62 60.15 60.25 86.95 7.69
+Modulel + Module2 81.24 65.82 64.85 89.03 5.63

Note: Branchl and Branch2 represent the detail-preservation branch and the multiscale feature fusion branch, respectively. Module1l
and Module2 denote the contextual information extraction and multiscale prediction supervision, respectively. All metrics are
presented in percentage terms; bold numbers are the best, underscored second best.

4.5. Results of bird target location

The infrared and visible cameras are calibrated in this section. The resolution of the infrared image
i1s manually adjusted to 1920 x 1080 pixels, which is consistent with the visible image. A heated
perforated calibration board was employed to perform cocalibration of the infrared and visible-light
cameras, and the intrinsic and extrinsic parameters of the heterogeneous binocular camera were
calculated. The calibrated binocular camera parameters are presented in Table 10. Based on the
calibration parameters of the left and right heterogeneous cameras, the Bouguet stereo correction
algorithm is used to correct heterogeneous images, and all calibration board images acquired during
the calibration process were visualized for verification. To quantitatively evaluate the calibration
accuracy of the binocular camera system, the mean reprojection error was adopted to assess the
calibration performance of the binocular images, as illustrated in Figure 13.

Table 10. Basic parameters of heterogeneous stereo cameras.

Camera Parameters

Left Camera (Visible Camera)

Right Camera (Infrared Camera)

255129 —14.77 951.14 4623.85 —14.46 906.18
Intrinsic Matrix 0 256836 335.55 0 326401 370.78
0 0 1 0 0 1
Distortion Coefficients 018 —1497 -0002 001 26947| [-040 885 -0.009 —0.01 —-111.97
291619 0 ~46.05 0 291619 0 —46.05 —319444.58
Calibrated Projection Matrix 0  2916.19 42933 0 0  2916.19 42933 0
0 0 1 0 0 0 1 0
0.997371297873745  —0.00162502879483336  0.0724420696767953
Binocular Rotation Matrix —0.00146692338845179  0.999090785857233  0.0426080948993218
| —0.0724454437036182  —0.0426023578759810  0.996462089991382
Binocular Translation Vector | ~105.445042960864 —0.0577045977877141 —29.6776795792478]
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Figure 13. Calibration process and reprojection error of heterogeneous stereo cameras.

Figure 14. Bird detection and localization results in test scenarios. Green dots and red
dots in the figure represent the pixel centers of bird targets in infrared images and visible
images, respectively.

After camera calibration, the center pixel of the bird target is determined using the baseline
constraint of the binocular camera. After calculating the bird’s parallax, the distance between the bird
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target and the device is measured, thus achieving spatial localization of the bird target. The
experimental results of the bird target distance measurement are shown in Figure 14. The pixel
centers of bird targets in infrared and visible images are marked with green and red dots respectively.
The calculated object disparity and three-dimensional positioning results are marked in the visible
image detection results. It can be clearly seen that for bird targets of different distances and shapes,
the center of the bird target in the heterogeneous image has only a tiny longitudinal error. Therefore,
the same object in the heterogeneous image is determined based on the baseline constraint and the
disparity is calculated. To further verify the accuracy of distance measurement, heterogeneous images
of bird targets were collected at different ranges, which were categorized into short-range (5-10 m),
medium-range (10-15 m), and long-range (15-20 m). The depth values acquired by the Livox AVIA
LiDAR were adopted as the ground truth to quantitatively evaluate the performance of bird target
localization via heterogeneous binocular vision. The results of the quantitative metrics are presented
in Table 11. As can be observed from the table, the localization errors of all targets are negligible
except for bird 4. The complex morphology and large size of bird 4 led to a deviation in the pixel
center localization. However, the resulting measurement error of 4.9% still satisfies the requirements
of practical engineering applications.

Table 11. Measurement error analysis of heterogeneous bird target localization.

Radar measurement Heterogeneous binocular

Experimental group Distance category Relative error
true value (m) measurement result (m)

bird 1 short-range 6.82 6.89 1.03%
bird 2 short-range 7.35 7.42 0.95%
bird 3 short-range 8.56 8.71 1.75%
bird 4 short-range 9.75 10.23 4.90%
bird 5 medium-range 11.31 11.11 1.80%
bird 6 medium-range 12.94 13.06 0.90%
bird 7 medium-range 13.42 13.50 0.60%
bird 8 medium-range 14.18 13.96 1.55%
bird 9 long-range 15.25 15.24 0.20%
bird 10 long-range 16.95 17.12 1.00%
bird 11 long-range 18.32 18.05 1.47%
bird 12 long-range 19.56 20.03 2.40%
Std - - - 1.168%

Note: Experimental results across three distance categories (4 groups per category), totaling 12 groups: short-range (5-10 m),
medium-range (10-15 m), and long-range (15-20 m).

5. Conclusions

In this paper, a tiny bird detection and location system guided by heterogeneous binocular images
was developed which consists of an embedded industrial computer, a heterogeneous binocular module,
and a laser transmitter. The system integrated two algorithms proposed by this paper to enable tiny
birds detection not only in the daytime but also under low light conditions. A two-stage contextual
information enhancement network is proposed to detect birds at the scene with sufficient light, which
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uses the context information in the primary coding feature to assist the coding process of the secondary
feature and increase the difference between the bird target and the background area in the feature. A
multiscale contextual feature enhancement network is proposed to detect birds at the low light scene.
A multibranch feature coding network is constructed to extract differentiated multiscale information.
Then, the multiscale feature context information is extracted and used for prediction, making full use
of the information from features in different levels. The bird target segmentation is realized on the basis
of accurate positioning of the bird target. Finally, the bird targets in different images are matched, and
their spatial information is calculated based on the heterogeneous binocular module. Experiments on
self-made datasets verify the effectiveness of the algorithms proposed in this paper and show that the
developed system meets the robustness and accuracy requirements of birds detection and location in
practical engineering.

Despite these achievements, this study has key limitations. First, real-time performance: While
the 12-20 FPS on embedded computers meets basic needs, the two-stage and multibranch structures
restrict ultra-high real-time applications. Second, hardware cost: High-resolution heterogeneous
binocular modules limit large-scale deployment in cost-sensitive scenarios. Third, extreme weather
robustness: Performance may degrade under heavy rain, fog, or strong sunlight due to environmental
noise interference. In future work, we plan to explore algorithm lightweighting, low-cost sensor
integration, optimized fusion, and the expansion of datasets to include extreme weather.
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