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ABSTRACT Nighttime vehicle detection poses significant challenges, particularly in scenarios with
limited lighting, where visibility is often compromised. To address this problem, this paper proposes
a novel nighttime vehicle detection system that dynamically adapts to extreme lighting conditions,
ranging from bright daytime scenarios to challenging nighttime conditions where the vehicle’s appearance
may be entirely lost. For this purpose, a multi-granularity detection approach is adopted, automatically
combining bounding-box and point-based representations depending on the vehicle’s visibility. Bounding-
box detections, reporting location and size information, are selected when the vehicle appearance is mostly
visible, such as in daytime or urban nighttime scenarios with sufficient artificial street illumination. Point-
based detections, indicating only location information, are used when the vehicle’s appearance is not
discernible, such as in rural nighttime scenarios with little or no street illumination. The system is designed as
amulti-head neural network built on a sharedHourglass backbone that accepts bounding-box and point-based
annotations for training and can automatically predict, depending on the scenario, vehicle bounding boxes or
point-based predictions. Extensive evaluations on a combined dataset of BDD100K and PVDN demonstrate
that the proposed system achieves higher detection accuracy and robustness compared to existing methods,
with mean Average Precision (mAP) scores of 0.7134 on BDD100K, 0.6621 on PVDN, and 0.6814 on
the combined dataset. Additionally, a self-acquired dataset, FNTVD, further enhances the evaluation by
providing real-world driving conditions. The system also achieves real-time performance at 45.45 FPS,
making it suitable for practical applications.

INDEX TERMS Computer vision, convolutional neural networks, deep learning, nighttime detection,
vehicle detection.

I. INTRODUCTION AND RELATED WORKS
Over the last few years, the total number of vehicles has
increased exponentially along with the rise of new and
improved technologies. As more vehicles imply more traffic,
more accidents, and overall, more road-related problems,
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Intelligent Transportation Systems (ITS) have been exten-
sively studied. An ITS can be defined as the application
of advanced technologies in the field of transportation to
improve the efficiency, safety, and sustainability of the
transportation network [1]. Therefore, ITS uses a wide
range of technologies, such as sensors [2], communication
systems [3], and data analytics [4], in order to gather real-
time information about traffic flow, road conditions, and other
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relevant factors. This information is then used to optimize
the performance of the transportation system by reducing
congestion, improving safety, and enhancing the overall user
experience. Although there are many applications of ITS,
nowadays, one of the most recent and interesting research
areas is the design of automated vehicles [5]. Automated
vehicles are vehicles that use advanced sensors, artificial
intelligence, and communication technologies to navigate
without the need for human intervention. These vehicles are
capable of sensing their environment and making decisions
about speed, direction, and braking based on real-time data.
Hence, they have the potential to revolutionize transportation
by improving safety, reducing congestion, and increasing
mobility. Therefore, problems related to automated vehicles
have been largely studied and can be easily found in
the literature. Some examples of these significant research
topics, each presenting multiple challenges, include driver
assistance [6], collision avoidance [7], pedestrian and cyclist
recognition [8], [9], and vehicle detection [10], [11].

State-of-the-art works in vehicle detection have studied the
application of several types of sensors, such as LiDAR [12],
radar [13], and cameras [14], which provide the possibility
of implementing multiple scenarios based on the used
sensor configurations. Cameras, in particular, have gained
significant attention due to their widespread use in various
settings, ranging from external cameras, such as stationary
traffic cameras [15] or satellite cameras [16] for traffic
monitoring and surveillance, up to onboard cameras in
vehicles [17]. Some examples of these different scenarios
are shown in Fig. 1 (images belong to the aerial cars [18],
SEU_PML [19], and BDD100K [20] datasets respectively).
However, most of the studies focus on vehicle detection
during the day under favorable weather conditions [11], [21].
In comparison, it is difficult to find studies that address
images taken in poorly lit or reduced visibility conditions,
despite the fact that the chances of accidents increase under
these circumstances. According to the Spanish Directorate
of Traffic (DGT), 29% of traffic accidents in Spain occur at
night, and 40% of mortal victims are from those accidents,
despite fewer vehicles being on the road. On the other hand,
nighttime situations are not only the most common under
challenging conditions but also the most difficult for vehicle
detection [22], and even so, most of the available studies are
focused on other situations related to unfavorable weather
conditions [23], [24], [25]. In nighttime situations, the only
visible characteristic of vehicles is often their distorted lights,
making it difficult to detect their shape accurately. In night
urban scenarios, lighting is typically provided by streetlights
and vehicle headlights or taillights. However, streetlights
often fail to provide sufficient illumination for effective
detection. The challenge becomes even more pronounced
in night rural environments, where the level of illumination
is extremely low. In such cases, the vehicle’s appearance
or shape may be nearly impossible to discern, as only
the headlights or taillights are visible, often in the form
of flashes or complex light patterns. As a result, there

FIGURE 1. Examples of scenarios using different camera types and
settings.

is a lack of effective strategies that satisfactorily address
this key but challenging situation. This challenge is not
limited to vehicle detection but also extends to pedestrian
detection, where low visibility can significantly impact
the performance of detection systems. For example, [26]
explores a wireless sensor network-based approach for real-
time pedestrian detection and classification, emphasizing
the importance of integrating multiple sensor modalities
to improve detection accuracy in intelligent transportation
systems. Reference [27] analyses the performance of four
state-of-the-art object detectors for pedestrian and vehicle
detection under low illumination conditions. In the analysis,
the authors compare the object detectors YOLOv3, SSD,
Faster R-CNN, and RetinaNet. These studies underscore the
importance of developing detection systems that can handle
the challenges posed by urban nighttime environments, where
lighting conditions can vary significantly.

Nighttime vehicle detection methods based on computer
vision can be categorized into three types: methods based
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on prior knowledge, machine learning algorithms, and deep
learning techniques. Prior knowledge-based methods rely
on pre-existing knowledge or assumptions about the data
being analyzed in order to make more accurate, reliable,
and effective predictions. In computer vision applications,
prior information is based on characteristic features of the
appearance of the object. For vehicle detection, the most
common characteristics are based on color [28], texture [29],
symmetry [30], edge [31] or contour [32]. However, in night-
time scenarios with poor illumination conditions, light beams
produce large flashes that tend to overshadow the vehicle.
This means that the previously mentioned characteristics are
not usually visible. Therefore, prior knowledge methods for
nighttime vehicle detection usually focus on headlights [33],
taillights [34] or even the color [35] of those lights. In [36]
the authors propose an algorithm consisting of headlight
segmentation, headlight detection, headlight tracking and
pairing and vehicle classification. Reference [32] presents a
framework for nighttime vehicle recognition that utilizes both
headlights and taillights. Their multi-camera representation
groups and reconstructs vehicle lights based on mutual
geometric distances between different vehicle components,
successfully removing duplicated lights and compensate for
missing lights in the detection process. Overall, the main
disadvantages of prior knowledge-based methods are their
limited applicability for a wide range of real scenarios and
the difficulty of acquiring prior information via handcrafted
features, leading to a poor performance. On the other hand,
as these methods rely on pre-existing knowledge about the
data and the problem being solved, they may not be suitable
for all types of applications. Lastly, it may be difficult or
expensive to acquire the prior knowledge needed to guide the
analysis, which may lead to biased or inaccurate results.

Methods based on machine learning usually combine
feature descriptors with traditional (shallow) classifiers to
obtain highly accurate predictions. An example is given
in [35] where the authors compute Haar-like features over
gray-level images with the aim of finding vehicle rear
lights, delivering those features to a modified version of the
Adaboost classifier that uses an active learning approach.
Reference [22] proposes a method based on the concept of the
Grid of Spatial-Aware Classifiers (GSAC), which are an array
of Support Vector Machine (SVM) classifiers that shared
the same input image feature vector based on Histogram
of Oriented Gradients (HOG). This image descriptor is
differently processed by each foveal classifier in the grid,
depending on its spatial position in the grid. However, the
main disadvantage of machine learning methods is given by
their limited performance in real scenarios, due to the use of
shallow models with relatively few trainable parameters and
the use of general handcrafted features that do not necessarily
fit to the final application [37]. Besides, machine learning
algorithms that combine feature extraction and classification
typically need separate training processes, which means they
are not end-to-end trainable.

Unlike previous approaches, deep learning techniques are
very complex end-to-end trainable models that automatically

learn effective image features tailored to the specific appli-
cation. Most of the available literature about deep learning
models for nighttime vehicle detection is based on advanced
object detectors, such as the You Only Look Once (YOLO)
family or Region-based Convolutional Neural Networks (R-
CNN) family. In [38], a Faster R-CNN approach composed
by three main components is suggested for nighttime vehicle
detection. The authors propose a deep residual network
that automatically extracts features, combined with a spatial
attention mechanism that ensures that the network focuses
more on the road than the background. Additionally, instead
of using the classical Non Maximum Suppression (NMS),
they propose a Soft-NMS to minimize the number of missed-
detection vehicles. Reference [39] makes use of an SSD
architecture using MobileNetv2 as the backbone to perform
the feature extraction. They also use an attention mechanism
for feature weighting and bottom-top feature fusion strategy
to improve the detection performance. Both YOLOv3 and an
improved version of YOLOv4 are used in [40], introducing
a training process for two new activation functions, called
MISH and SWISH that improves the detection performance.
In [41], an improved version of YOLOv5 is proposed for
real-time detection of vehicles at night. They propose to use
shallow high-resolution features and to increase the size of the
feature map up to 160× 160 (instead of 20× 20) to improve
the detection of smaller objects. In [42] a combination
of YOLOv5 and a tracking algorithm to monitor highway
traffic at night. Reference [43] proposes an improved
YOLOv5-based method for enhanced detection of small
and occluded road vehicle targets, addressing the challenges
of detecting vehicles in complex urban environments with
limited visibility. Similarly, [44] introduces an improved
KSC-YOLOv5 model for night-time vehicle target detection,
focusing on optimizing the detection of vehicles under low-
light conditions by enhancing the model’s ability to capture
fine-grained features.

Previous deep learning models have proven effective
in nighttime situations of metropolitan areas, where the
streetlights lighting up the scene offer a minimum level of
illumination that allows vehicle shapes to be distinguishable.
However, non-metropolitan nighttime scenarios are typically
much worse illuminated, where front and rear lights of
a vehicle are frequently perceived as large light flashes
that prevent the observation of the vehicle shapes and
appearances, as shown in Fig. 2. Under these circumstances,
the existing object detectors are not sufficiently accurate,
since they assume that the required bounding box annotations
for training the underlying neural network models effectively
enclose the shape and appearance of the vehicles. As a
result, they are not effectively trained leading to wrong
predictions. Evenmore, the use of bounding boxes to annotate
the perceived vehicle light flashes seems misleading, since
they can occupy large image regions not related to the actual
position. Under these extreme but common scenarios, point-
base annotation seems more appropriate for representing
the vehicle location, since no size, shape, or appearance
information can be collected. To address this, [22] introduces
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FIGURE 2. Daytime and nighttime images acquired in both urban and non-urban scenarios.

point-based ground-truth annotations, which offer a more
practical solution by focusing on the centroid of the object
when its boundaries are not easily discernible. However,
as the proposed system is solely based on point-based
detections, size and location information cannot be inferred
in any scenario, even if the vehicle is fully visible.

While significant progress has been made in vehicle
detection, existing methods predominantly focus on daytime
scenarios or well-lit urban environments, leaving nighttime
and rural areas inadequately addressed. This gap is particu-
larly concerning given that nighttime driving poses unique
challenges, such as reduced visibility and increased accident
rates. Additionally, current state-of-the-art methods, such as
Faster R-CNN and YOLO, rely on bounding-box annotations
and perform well in well-lit conditions but struggle in low-
light rural scenarios where only vehicle lights are visible.
This study addresses these limitations by introducing a dual
annotation and prediction approach that combines bounding-
box and point-based detections, enabling accurate vehicle
detection across diverse lighting conditions. Furthermore,
the learnable non-maxima suppression mechanism filters
out false positives caused by glare or reflections, ensuring
accurate detection in chaotic scenes.

Recent advancements in intelligent transportation systems
(ITS) have introduced innovative approaches to optimize
network connectivity and traffic management. For instance,
the integration of LoRa (Long Range) communication
with distributed machine learning has been proposed to
enhance network connectivity for green and intelligent
transportation systems [45]. This approach leverages low-
power, long-range communication to enable efficient data
sharing and coordination among vehicles and infrastructure,
reducing energy consumption and improving system scal-
ability. Similarly, reinforcement learning-based intelligent
traffic signal controllers have been developed to manage
heterogeneous traffic in real time [46]. These controllers
dynamically adjust signal timings based on traffic conditions,
reducing congestion and improving overall traffic flow.While
these advancements address critical aspects of ITS, such
as connectivity and traffic management, the challenge of
accurate vehicle detection in low-light conditions remains
understudied. This work focuses on addressing this gap by
proposing a robust nighttime vehicle detection system that

complements these advancements, contributing to the broader
goal of safer and more efficient transportation systems.

This paper proposes a multi-granular visual vehicle
detector capable of handling environments with extreme
variations in illumination, ranging from bright daytime
scenarios to challenging nighttime conditions where the
vehicle’s appearance may be entirely lost. The multi-granular
detection mechanism plays a crucial role by providing either
bounding box detection or point-based detection, depending
on the visibility of the vehicle’s appearance. Bounding box
detection is applied when the vehicle’s appearance (shape,
contour, or structure) is visible, typically in daytime or
urban nighttime scenarios with sufficient artificial street
illumination. Point-based detection is used when the vehicle’s
appearance is not discernible, as in rural nighttime scenarios
with little to no street illumination, where only vehicle lights
(front or rear) are visible. These lights may appear as flashes
or complex light patterns that occupy large or disconnected
regions in the image, making bounding box predictions
impractical. Fig. 2 illustrates these three main scenarios:
daytime, urban nighttime, and rural nighttime (images belong
to the BDD100K [20], BDD100K [20], and PVDN [47]
datasets respectively). In daytime scenarios, the vehicle’s
appearance is clearly visible (except for potential occlusions),
while in urban nighttime scenarios, it is less distinct but still
observable. In these cases, the detector predicts a bounding
box that includes location and size information. Conversely,
in rural nighttime scenarios, the vehicle’s appearance is
typically not visible, leaving only the lights as observable
features. Here, the detector predicts a point-based detection
since size information is unavailable. The proposed multi-
granular vehicle detector automatically determines the type
of prediction (bounding box or point) based on the level of
visible vehicle appearance in each scene, providing as much
location and/or size information as possible. The underlying
neural network can be seamlessly trained using datasets
with mixed annotations, including both bounding boxes and
points. Fig. 3 illustrates examples of ground-truth annotations
corresponding to different illumination levels (images belong
to the BDD100K [20] and PVDN [47] datasets respectively).
The proposed multi-granular vehicle detector is designed

as a multi-head (multi-branch) neural network built on a
shared CNN backbone. The backbone utilizes an Hourglass
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FIGURE 3. Examples of a bounding-box annotated nighttime urban
scenario and a point-based annotated (blue point) rural scenario.

architecture [48], which extracts high-level semantic feature
representations from input images. The multi-head block
leverages these feature maps to predict multiple outputs: a)
Heatmaps for vehicle location, where duplicate predictions
for the same vehicle instance are prevented by a learnable
non-maxima suppression module, b) Offsets to refine minor
deviations in location predictions, and c) Prediction types
(bounding box or point). Additionally, for bounding box
detections size information is also predicted.

The main contributions of this paper are summarized
below, highlighting the core innovations and features of the
proposed system:

• A multi-granular vehicle detector capable of handling
environments with extreme illumination variations,
from bright daytime scenarios to challenging nighttime
conditions (both urban and rural), where the vehicle’s
appearance may be completely lost.

• Multi-granular capability simultaneously supports
bounding box and point-based detections (and annota-
tions for training) based on the illumination conditions
and the visibility of vehicle appearances.

• Comprehensive training datasets by means of a com-
bination of two datasets (BDD100K and PVDN) and
an effective training procedure to learn a robust model
capable of detecting vehicles under diverse illumination
conditions, spanning well-lit urban areas to poorly lit
rural scenarios, while seamlessly integrating bounding
box and point-based annotations.

The proposed system’s ability to dynamically adapt
between bounding box and point-based predictions offers
significant advantages for vehicle detection in varying
lighting conditions. In well-lit urban environments, where

vehicle shapes, contours, and structures are clearly visible,
bounding box predictions provide precise location and size
information, enabling accurate detection and tracking. For
example, in a daytime urban scenario with sufficient artificial
lighting, the system can detect a car’s full shape and predict
its bounding box, which is essential for tasks like collision
avoidance and path planning.

In contrast, in poorly lit rural environments, where only
vehicle lights (e.g., headlights or taillights) are visible,
bounding box predictions become impractical due to the
lack of discernible vehicle shapes. Here, the system switches
to point-based predictions, focusing on the centroid of the
vehicle lights. For instance, in a dark rural road scenario
with minimal street lighting, the system detects the vehicles
as a single point, ensuring reliable detection even when
the vehicle’s shape is obscured. This adaptability allows
the system to maintain high detection accuracy across
diverse lighting conditions, making it suitable for real-world
applications in both urban and rural settings.

It is important to note that the proposed architecture has
been designed to meet the requirements of a widely-used
automotive embedded system, specifically the TDA4VM by
Texas Instruments. This ensures the feasibility of the imple-
mentation in a real vehicle and aligning the development
with the goals of the project ‘‘Percepción Inteligente para
los Vehículos Autónomos y Conectados’’ (InPercept) under
which this research has been conducted.

II. DEVELOPMENT
This paper aims to develop a nighttime vehicle detection
system that utilizes onboard cameras as its primary sensing
modality, addressing some of the most significant challenges
in nighttime scenarios. The paper introduces the combined
use of traditional bounding-box and point-based ground-
truth annotations, which represents a noteworthy advantage
for nighttime scenarios. Traditionally, bounding boxes or
masks are employed for object annotation, but in low-light
conditions, the shape of the object may not be clearly
discernible due to limited illumination. In such cases, point-
based annotations positioned in the centroid of the object
prove to be a more suitable alternative. This means that when
lighting conditions are sufficient, bounding boxes provide
valuable size and location information for detected objects.
However, in poorly-lit scenarios, it becomes impossible
to extract reliable size information, making point-based
annotations a more suitable alternative. Therefore, the paper
proposes combining these two approaches to develop a
fully functional system capable of accurately predicting
all relevant information across different scenarios. This
approach not only simplifies the labeling process of images
from poorly-lit nighttime scenarios, as it is easier and faster
than annotating bounding boxes or masks, but also enhances
the system performance for all types of nighttime conditions.
Moreover, by leveraging point-based detections, the system
eliminates the need for anchors, simplifying the architecture
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FIGURE 4. System architecture.

and offering significant advantages for the dual approach in
adapting to different nighttime scenarios.

Anchors are pre-defined bounding boxes used in most
modern object detection algorithms that serve to match
objects of different scales and aspect ratios. However,
an anchor-free approach simplifies the overall architecture
by eliminating the reliance on anchor boxes. This reduction
in complexity not only streamlines the model, but also
leads to faster inference times and lower computational
requirements. Additionally, by removing anchors, object
detection algorithms become more flexible for detecting new
object categories, since no preprocessing of the training
database is required to infer the suitable set of anchor
boxes that accommodates to the different and varying
sizes and shapes. Moreover, anchor-free methods exhibit
superior performance in detecting small objects, which can be
challenging for anchor-based approaches due to fixed anchor
sizes. Consequently, the system becomes better equipped
to identify and localize small objects accurately, which is
particularly valuable in various domains such as surveillance
or robotics. Hence, an anchor-free detection system not
only enhances adaptability but also provides significant
advantages in handling challenging scenarios encountered,
especially in low-light or nighttime conditions.

The overall architecture is depicted in Fig. 4 and provides a
comprehensive visual representation of the system’s compo-
nents and their interconnections. The main module, referred
to as the vehicle detector, employs a CNN architecture to
process and analyze the input images, generating bounding
box or point-based predictions for vehicle detection. This
module consists of two submodules: the backbone, which is
based on the Hourglass architecture, and the head detection
block, which predicts, for each vehicle, the position, the size
when applicable, and whether the prediction is based on a
bounding box or a point.

A. NIGHTTIME VEHICLE DETECTION SYSTEM
The neural network Vehicle Detector serves as the funda-
mental module of the proposed vehicle detection system,
representing the core component responsible for achieving
accurate and robust detection results. The proposed neural
network architecture is based on CenterNet [49], which in
turn is based on CornerNet [50]. Following their architecture,
it comprises two crucial blocks: the CNN backbone and the
head detection block (see Fig. 4). The CNN backbone is
based on the Hourglass architecture, depicted in Fig. 5, which
was originally introduced in [48]. The Hourglass architecture
has been selected for its capability to effectively capture
small object details and preserving fine-grained features at
multiple scales, which is a critical need when detecting
distant or partially obscured vehicles at night. It embodies an
encoder-decoder design, wherein the input undergoes a series
of transformations to derive an n-dimensional embedding,
which is subsequently upsampled, reverting to its original
shape. This design favors the extraction of the most salient
and discriminative features of the input images. These
features are commonly referred to as feature maps, playing
a pivotal role in enabling the network to effectively perceive
and discern objects, with a particular focus on vehicles in this
context.

By utilizing the Hourglass network as the backbone, the
proposed vehicle detection system benefits from its inherent
ability to capture and represent hierarchical features at
multiple scales. This characteristic empowers the network to
robustly handle the diverse variations in vehicle appearance,
shape, and size that may occur across different scenar-
ios. Moreover, the Hourglass network’s encoder-decoder
architecture enables the network to incorporate both global
and local contextual information, facilitating a holistic
understanding of the image and enhancing the network’s
capacity to detect vehicles accurately.
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FIGURE 5. Hourglass backbone architecture.

More in detail, the main motivation behind the Hourglass
design stems from the necessity to capture information
across various scales. The Hourglass architecture is a simple
and minimal design that effectively captures features and
generates pixel-wise predictions. In order to process and
consolidate features across scales, existing approaches inde-
pendently process the image at multiple resolutions to finally
combine the features in the network [51], [52]. However, [48]
opted for a different approach, the Hourglass architecture,
which employs a single pipeline with skip connections to
preserve spatial information at each resolution. This architec-
ture gradually reduces the resolution of the features using a
downsampling structure composed of several convolutional
layers and max-pooling for downsampling the resulting
feature maps. At each max-pooling step, the network is
divided into two different branches. One continues the
downsampling approach, and the other one applies additional
convolutions at the original pre-pooled resolution. This
process continues until the lowest resolution of 4×2 pixels is

reached, allowing the application of smaller spatial filters that
analyze features across the entire image space. To integrate
information from different resolutions, the Hourglass design
follows the procedure outlined by [51], consisting in a
nearest neighbor upsampling from lower resolutions that are
element-wise added with the corresponding sets of features
of the downsampling part, which has been processed by a
connection structure. The Hourglass architecture maintains
a symmetric topology, meaning that for every layer from
the downsampling part, a corresponding layer exists in the
upsampling part. After reaching the output resolution, the
network applies two consecutive 1 × 1 convolutions to
generate the final predictions. The output of the backbone
is a set of heatmaps, where each heatmap represents the
probability of an object’s presence at each pixel location.

The head detection block uses the previous feature maps
from the CNN backbone to estimate whether the prediction
is based on a bounding box or a point, the center-point
location of the vehicles, and their size when applicable. The
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FIGURE 6. Prediction pipeline. The upper branch shows the heatmaps calculation process, while the second branch indicates the offsets
prediction. The third branch infers the bounding box size when applicable. Finally, the lower branch predicts whether a bounding box or a point
detection is needed.

Head block is composed by five submodules: Downsampling,
Heatmap, Offset,Width-Height, and Point-based (See Fig. 6).
The Downsampling submodule, downsamples the feature
maps to facilitate the subsequent prediction tasks, creating a
grid of cells, where each cell corresponds to an element of the
downsampled feature map, as illustrated in Fig. 6.

By representing the image as a grid of cells, the network
gains the ability to associate specific characteristics extracted
from the image with the presence of vehicles in each
cell. This is achieved through the utilization of a heatmap-
based prediction layer that computes a heatmap from the
downsampled feature maps. Each value in the heatmap
indicates the likelihood or confidence of a vehicle’s presence
within the corresponding cell. Values close to 1 mean a
high probability of vehicle presence, while values closer to
0 indicate a low probability of encountering vehicles.

To address the issue of multiple predictions per vehicle,
since large vehicles can span multiple cells, a non-maxima
suppression step is incorporated, which eliminates duplicated
predictions. Specifically, the non-maxima suppression is
implemented with a 3 × 3 maxpooling kernel, which selects
only one local maximum from every 3 × 3 neighborhood.
This process ensures that each vehicle instance is represented
by a single prominent peak in the heatmap, regardless of its

size or extent. The combination of downsampling, heatmap
generation, and non-maxima suppression exemplifies the
system’s ability to effectively process the feature maps and
produce robust detection outcomes.

In order to precisely determine the location of vehicles
within the image, the head detection block incorporates
another prediction branch, which builds upon the previous
heatmap based predictions. It improves the prediction of the
position of each detected vehicle by estimating an offset
regarding the top left corner of each cell in the grid. As a
result, the reliable and precise locations of vehicles within the
image are obtained. This contributes to the system’s overall
accuracy and reliability, which are crucial for applications
such as autonomous driving and advanced driver assistance
systems.

To determine whether the network should predict a bound-
ing box or a point for each detected vehicle, an additional
prediction branch is introduced in the head detection block.
This branch takes the featuremaps produced by the Hourglass
backbone as input and employs a binary classification
mechanism. Using a sigmoid activation function, the branch
outputs a probability value for each detection, where a value
of ’1’ indicates the use of a bounding box, and a value of
’0’ corresponds to a point-based prediction. This approach
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ensures that the system dynamically adapts to the lighting
conditions, selecting the most suitable representation (bound-
ing boxes for well-lit scenarios and points for poorly-lit
environments) thus enhancing the overall detection accuracy
and flexibility.

In addition to predicting the location of vehicles, the head
detection block is also responsible for inferring the size of
each vehicle when applicable. For vehicles detected using
bounding boxes, the system calculates the width and height
of each box by regressing the object’s size based on its
coordinates. Specifically, the dimensions are computed as
the difference between the top-left and bottom-right corners
of the box, represented by (x2 − x1, y2 − y1). This process
is optimized using a standard L1 distance norm, with the
resulting size predictions captured in heatmaps of fixed
dimensions for all object categories. By simplifying the
computation to use a single heatmap for all objects, the
system reduces computational complexity while maintaining
accurate size predictions for vehicles.

B. TRAINING
The proposed system has been evaluated on an Intel Core i9-
13900K@ 5.8GHz CPU along with two NVIDIA RTX 4090
(24GB) GPUs. Pytorch using CUDA in Python was used
to implement the model, using PyCharm as the computing
platform. A dynamic combination of four distinct loss
functions was employed to improve accuracy: a variation
of the Focal loss for the predicted location extracted from
the non-maxima suppression of the heatmaps [53], the
MAE (Mean Absolute Error) loss for the relative coordinate
refinement of these location predictions, a Binary Cross-
Entropy loss to determine whether the prediction is based
on a bounding box or a point, and a standard ℓ1-norm
loss for regressing the size of the bounding box when
applicable.

More in detail, the Focal loss function compares and
penalizes the differences between the predicted heatmaps
(Ŷxy) and the ground-truth heatmaps (Yxy). This function is
based on the traditional Binary Cross-Entropy function, but
it adds a modulating factor α ((1 − Ŷxy)α if the ground-
truth value is Yxy = 1 and Ŷ α

xy otherwise) that reduces the
penalization of correct predictions. This loss has been further
modified to cover the special case of heatmap prediction as
in (1).

Lk = −
1
N

∑
xy

{
(1 − Ŷxy)α log(Ŷxy) if Yxy = 1
(1 − Yxy)β Ŷ α

xy log(1 − Ŷxy) otherwise

(1)

More specifically, the ground-truth, encoded as a heatmap,
has been adapted to represent the position of the labelled
points as a bi-dimensional discretized Gaussian (1 − Yxy)β ,
where β is a tunable parameter, which improves the learning
process by smoothing the penalization of correct predictions.
This bi-dimensional Gaussian representation of the ground-
truth is defined in (2), where x, y are the coordinates of the
center of each grid cell, gx , gy are the annotated coordinates

for each vehicle, and σ is a hyperparameter.

Yxy = exp

(
(x − gx)2 + (y− gy)2

2σ 2

)
(2)

The expression of the MAE loss is depicted in (3).
It calculates the ℓ1-norm between the predicted offset (Ôxy)
and the annotated offset (Oxy) and penalizes it in order to
minimize it.

Loff =
1
N

∑
xy

|Ôxy − Oxy| (3)

The size of each detected object, when applicable,
is inferred by regressing the width and height of the bounding
boxes using a standard ℓ1-norm loss defined in (4). This
loss function calculates the difference between the predicted
dimensions (Ŝk ) and the ground truth sizes (Sk ) in terms of
raw pixel values, without normalization based on the feature
map size. By directly comparing the raw pixel coordinates of
the predicted and actual bounding box dimensions, the system
ensures accurate size predictions that contribute to the overall
performance of the detection process.

Ls =
1
N

N∑
k=1

|Ŝk − Sk | (4)

To determine whether the vehicle should be represented by
a point or a bounding box, a Binary Cross-Entropy (BCE)
loss, as defined in (5), is employed. This component of
the loss function compares the predicted classification (P̂k )
(bounding box or point) with the ground truth (Pk ), aiming
to minimize the discrepancy between them. Specifically, the
BCE loss penalizes incorrect classifications by calculating
the cross-entropy between the binary prediction and the
actual annotation, ensuring the network accurately switches
between point-based and bounding-box-based detections
depending on the lighting conditions.

Lbp =
1
N

N∑
k=1

(Pk log(P̂k ) + (1 − Pk ) log(1 − P̂k )) (5)

The overall loss or cost function used during training,
as shown in (6), combines the previous four loss functions to
derive a comprehensive measure of the model’s performance.
Finally, through backpropagation and gradient descent opti-
mization techniques [54], the model parameters are updated,
aiming to minimize this cost function and improve the overall
accuracy and precision of the model predictions.

Ldet = Lk + λoffLoff + λsLs + λpbLpb (6)

The hyperparameter settings that have been used to train
the network, such as the learning rate or the total number of
epochs, are listed in Table 1.

III. EXPERIMENTS AND RESULTS
In this section, the datasets used to evaluate the proposed sys-
tem are first presented. Next, Section III.B gives information
on the computed metrics. Section III.C provides numerical
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TABLE 1. Description of the hyper-parameters used to train the network.

and visual performance of the system within both datasets,
as well as a comparison with other state-of-the-art solutions.

A. DATASETS
To evaluate the proposed system, three different datasets
were used. One of them was the BDD100K, which is one
of the largest publicly available datasets. The second one
was the PVDN, which contains different scenes of dark rural
environments at night. The last one, was a new self-acquired
dataset called FNTVD (FicosaNight TimeVehicle Detection)
and that has been made publicly available1 according to the
European Data Protection Regulation.

The BDD100K [20] dataset has been used to train and
evaluate the performance of the proposed system. This
database is the largest public onboard dataset for vehicle
detection, containing 100k images with geographic, environ-
mental, and weather diversity. It comprises images and videos
captured from the viewpoint of a vehicle’s dashboard camera,
providing a diverse set of driving scenarios. These scenarios
represent real-world driving conditions encountered in urban,
suburban, and highway environments. The dataset includes
images captured on city streets, showing scenes with
buildings, sidewalks, traffic lights, crosswalks, parked cars,
and various road markings. These images reflect typical
urban driving environments with intersections, pedestrian
activity, and complex traffic flow. Additionally, the dataset
contains some images depicting residential neighborhoods
with houses, driveways, curbs, and local roads, often
associated with lower traffic volumes, narrower streets, and
slower driving speeds. Furthermore, images in commercial
areas showcase scenes with shopping centers, parking lots,
commercial buildings, storefronts, and busy intersections.
These scenarios involve higher pedestrian activity and
various types of vehicles, including delivery trucks and
taxis. Finally, other images in the dataset capture highway
driving scenarios, featuring multi-lane roads, overpasses, on-
ramps, off-ramps, and highway signage. These scenarios
represent higher speed driving conditions encountered on
expressways and interstates, and they usually contain a lower
level of artificial lighting. Regarding weather conditions,
the BDD100K dataset includes images captured in different
weather conditions, such as rain, fog, snow, or overcast
skies. These images represent challenging scenarios where
visibility may be reduced, road surfaces may be slippery,

1https://www.gti.ssr.upm.es/data/ficosa

FIGURE 7. BDD100K database nighttime examples. These images depict
challenging scenarios characterized by reduced visibility and adverse
driving conditions.

and overall driving conditions are impacted. Moreover, the
dataset contains images captured during both daytime and
nighttime, representing different lighting conditions and
visibility levels. Therefore, the dataset provides a diverse
collection of images, encompassing a wide range of driving
environments and conditions encountered in real-world
driving scenarios. However, the nighttime scenes captured
in the dataset predominantly feature relatively high levels of
artificial lighting, allowing the overall shape of the vehicles
to remain discernible. (see Fig. 7).

On the other hand, the PVDN [47] dataset is a novel non-
urban dataset that contains roughly 56k greyscale images
(see Figure 8). The scenarios depicted within the PVDN
dataset include driving situations encountered in rural areas at
night. These scenarios may involve open roads, countryside
landscapes, and less densely populated regions. Given the
rural setting, the dataset likely includes scenes with narrower
roads, less artificial lighting, and potentially lower traffic
volumes compared to urban or highway environments. As low
illumination prevails in these images, perceiving the shape,
size, or appearance of objects is usually challenging. Instead,
the front and rear lights of oncoming vehicles often manifest
as substantial light flashes, obstructing the visibility of the
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FIGURE 8. Example images of the PVDN database. These scenarios
encompass open roads, serene countryside landscapes, and sparsely
populated regions, which predominantly exhibit low illumination, making
it challenging to perceive the shape, size, or appearance of objects.

vehicles’ shapes and appearances. Additionally, the images
within the dataset exhibit a characteristic of very low contrast
in most areas, reflecting the overall dim lighting prevalent
in the rural nighttime environment. However, there is a
distinct area of significantly high contrast focused around
the oncoming vehicle, primarily caused by the intense
illumination produced by the vehicle’s lights. These specific
conditions create a unique visual characteristic within the
dataset, where the perception of objects, including vehicles,
relies heavily on the illumination emitted by their lights.
Consequently, the dataset emphasizes the importance of
effectively detecting and recognizing vehicles based on the
distinctive light patterns they produce.

To ensure that the proposed system can effectively
generalize across a broad range of real-world scenarios,
the BDD100K and PVDN datasets have been merged
for training. This combination allows the system to be
exposed to both well-lit urban and highway environments,
as well as challenging, poorly-lit rural settings at night.
By incorporating the diversity of urban, suburban, and
rural nighttime scenarios, the system is able to learn

FIGURE 9. FNTVD database examples. These images depict challenging
scenarios characterized by reduced visibility and adverse driving
conditions. Besides, the dataset is characterized by a high number of
small vehicles.

from varying lighting conditions, road layouts, and vehicle
appearances without needing to be retrained for different
environments. This enhances the system’s robustness and
adaptability to real-world driving conditions. Merging the
BDD100K and PVDN datasets exposes the model to diverse
lighting and road conditions, ranging from well-lit urban
environments to poorly lit rural areas. While this diversity
enhances the model’s ability to generalize across different
scenarios, it also introduces challenges in ensuring balanced
learning. One key challenge is the risk of overfitting to
specific scenarios, such as urban environments with abundant
artificial lighting, which dominate the BDD100K dataset.
To address this, we employ several strategies, such as
regularization and SMOTE techniques (Synthetic Minority
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Over-sampling Technique) to encourage the model to learn
robust features that generalize across diverse conditions.
Cross-dataset validation is also performed to evaluate the
model’s performance on both datasets separately, identifying
and addressing any biases in the training process. These
strategies collectively help the model balance learning across
varied conditions, ensuring robust performance in both
well-lit urban environments and challenging rural nighttime
scenarios.

The FNTVD dataset captures diverse nighttime driving
scenarios characterized by reduced visibility and varying
levels of artificial lighting. Recorded using Ficosa’s car,
equipped with surround-view fisheye cameras that are
commonly integrated into modern ADAS systems, the
dataset features a 190◦ field of view and a resolution of
1344 × 968. This setup enhances peripheral monitoring but
introduces geometric distortions that pose challenges for
object detection, particularly at the image edges. The dataset
includes real-world conditions across urban streets, rural
paths, and highways, encompassing dimly-lit roads, sharp
curves, and dark backgrounds where glare from headlights
complicates detection (see Fig. 9). Notably, it includes a high
frequency of small objects and vehicles near the vanishing
point, making them particularly challenging to detect and
track. These images also feature diverse road elements, such
as traffic signs, guardrails, and reflective markers, under
varying levels of artificial illumination. The data collection
effort spans a broad range of weather conditions, road types,
and driving environments, resulting in a comprehensive and
dynamic dataset for testing system robustness. All recorded
videos have beenmeticulously annotated using theWebLabel
tool [55], ensuring a reliable ground truth for evaluating
vehicle detection systems.

B. METRICS
Mean Average Precision (mAP), F-score (F), Precision (P),
and Recall (R) have been computed to evaluate the system’s
performance, as they are widely used evaluation metrics in
object detection tasks, and are especially suitable to compare
and rank the performance of different detection algorithms.

In bounding-box predictions, True Positives (TP), correctly
detected positive entities; False Positives (FP), negative
entities incorrectly detected as positive; and False Negatives
(FN), positive entities that have been missed, are computed
using the concept of Intersection over Union (IoU). However,
under poor lighting conditions where point-based detections
are employed, IoU is not applicable, and the system switches
to use the Euclidean distance (ED) to determine TP, FP, and
FN. In these cases, a circular area with a radius equal to
the ED is defined around the ground-truth annotation (see
Fig. 10). If the predicted object falls within this predefined
threshold area, the detection is classified as a TP; conversely,
if it falls outside, it is considered a FP. Similarly, if a ground-
truth annotation has no associated detection, it is regarded as
a FN. Ideally, the area delimited by the ED should not be
bigger than those objects. However, since this methodology
is applied only in scenarios where accurate information on

FIGURE 10. TP, FP and FN for point-based mAP computation based on
Euclidean distance.

vehicle size is unavailable, it cannot always be guaranteed.
To address this, an experimental analysis to determine the
most appropriate ED value, which varies depending on
the image resolution, has been conducted. This alternation
between IoU and ED ensures that the system adapts to varying
lighting conditions and optimally handles both bounding-box
and point-based detections.

Computational speed, given in frames per second (fps),
has also been computed to evaluate the performance of the
proposed system, as being capable of achieving real-time
performance is crucial for autonomous driving applications.

C. EVALUATION ON ON-BOARD SCENARIOS
1) TESTING THE PROPOSED SYSTEM
The performance results of the proposed vehicle detection
system are detailed in Table 2, showcasing its evalua-
tion across the BDD100K (full dataset, daytime-only, and
nighttime-only subsets), PVDN, and combined datasets.
For the BDD100K dataset, the system achieves a mean
Average Precision (mAP) of 0.7134 on the full dataset, which
includes both daytime and nighttime images. When evaluated
separately, the system achieves a mAP of 0.7212 for daytime
images and 0.6929 for nighttime images. The slightly higher
performance on daytime images can be attributed to better
visibility and clearer vehicle shapes, which facilitate more
accurate detection. However, the system maintains strong
performance on nighttime images, demonstrating its ability
to handle low-light conditions effectively. The F-score,
precision, and recall metrics follow a similar trend, with
daytime performance being marginally higher than nighttime
performance. Notably, the bounding box-point accuracy
(Bp-accuracy) remains near-perfect (≥ 0.9998) across all
subsets, confirming the system’s reliability in determining the
correct annotation type (bounding box or point) regardless of
lighting conditions.

Regarding the other metrics, the results demonstrate
that the proposed system performs robustly across both
daytime and nighttime scenarios. While the system achieves
slightly higher F-score, Precision, and Recall values for
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TABLE 2. mAP, F-score, Precision, Recall, bounding box-point accuracy, and detection rate of the proposed system for the BDD100K, PVDN and combined
datasets.

daytime images (0. 7656, 0.7919, and 0.7411, respectively)
compared to nighttime images (0. 7355, 0.7434, and 0.7277,
respectively), the performance gap is minimal. This indicates
that the system is well-suited for nighttime detection, even in
challenging low-light conditions. The ability to maintain high
performance across both daytime and nighttime scenarios
underscores the system’s adaptability and robustness, making
it a practical solution for real-world applications.

In contrast, the PVDN dataset, which features more
challenging rural nighttime scenes with low visibility and
sparse lighting, naturally results in slightly lowermetrics. The
system achieves a mAP of 0.6621, which still demonstrates
robust detection performance given the difficulty of the sce-
narios. The F-score of 0.7374 and precision of 0.7949 suggest
that, despite the challenging conditions, the system maintains
a high level of accuracy in detecting vehicles, while the
recall of 0.6876 reveals the difficulty of identifying all
vehicles in low-visibility environments. The Bp-accuracy
of 1.0000 reaffirms that the system is highly reliable in
determining whether a bounding box or a point annotation
should be used.

Finally, for the combined dataset, which integrates both
urban and rural nighttime scenarios, the system performswith
a mAP of 0.6814, reflecting a strong ability to generalize
across varied lighting conditions and scene complexities.
The F-score of 0.7283 and precision of 0.7468 show the
system’s capability to balance accuracy and recall in mixed
environments, while the recall of 0.7106 demonstrates that
the system consistently detects a significant proportion of
vehicles, even when faced with a wide variety of scenarios.
The Bp-accuracy of 0.9998 further emphasizes the system’s
robustness in determining the correct annotation type. Across
all datasets, the system achieves a stable frames per second
(FPS) rate of 45.45, ensuring real-time processing on our
embedded-ready model, making it suitable for real-world
applications such as autonomous driving, where quick and
efficient detection is crucial.

Overall, while performance metrics are slightly lower
in more challenging environments, the system’s results are
remarkably consistent across diverse datasets. The slight
variations between metrics across datasets are small enough
to assert that the system maintains steady and reliable
performance, regardless of the specific scenario. This demon-
strates the system’s adaptability and robustness, ensuring

effective vehicle detection across a wide range of nighttime
conditions.

Some examples of the obtained results on critical images
are shown in Fig. 11, where Fig. 11.a shows the performance
of the system on the BDD100K dataset, Fig. 11.b corresponds
to the PVDN dataset, and Fig. 11.c corresponds to the
combined dataset. All the presented images contain vehicles
from different perspectives, exhibiting different shapes, sizes,
and occlusions. Remarkably, the network is capable of
detecting all vehicles without any incorrect prediction. This
proves the great predictive power and generalization ability
of the network in different situations at night.

The performance achieved by the proposed system for
nighttime scenarios shows its potential for various real-
world applications. It can be attributed to several high-level
advantages of the system. First, the use of point-based
detections, which fits better the flashlights of the vehicles
during the night than the classical bounding boxes. Second,
the suppression of the anchors typically employed by other
object detection algorithms, which simplifies the network
architecture and reduces its computational requirements. And
third, the integration of non-maxima suppression within
the network architecture, instead of including it in a post-
processing step that increases the detection rate of the
network.

2) EVALUATION ON A REAL-WORLD SCENARIO: THE FNTVD
DATASET
The FNTVD dataset is used in this work as a qualitative
benchmark to illustrate the system’s performance across
diverse nighttime driving scenarios. Due to notable differ-
ences between the public datasets and the FNTVD dataset,
quantitative comparisons are not applicable. Specifically, the
BDD100K and PVDN datasets employ an internal standard
camera, while the FNTVD dataset utilizes an externally
mounted fisheye camera between the vehicle’s headlights.
This positioning, combined with the fisheye lens, introduces
unique distortions, altered scaling, and varied lighting effects
that differ significantly from the BDD100K and the PVDN
datasets images.

These differences in camera perspective and resolution
affect how the network interprets object scaling and illumi-
nation, making direct quantitative performance comparisons
unreliable. Therefore, the FNTVD dataset serves as a
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FIGURE 11. Example of the performance of the proposed system for the BDD100K, PVDN and combined datasets.

qualitative benchmark, offering insights into the model’s
robustness across varied nighttime conditions.

Examples of the performance of the system on chal-
lenging FNTVD images are shown in Fig. 12, highlighting

the adaptability of the model in detecting vehicles from
multiple perspectives and in varied lighting conditions. It is
important to notice that the evaluation has been carried
out using the model trained on the combined datasets
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FIGURE 12. Example of the performance of the proposed system trained with the combined database training set and
tested with the FNTVD dataset.

TABLE 3. Comparison with state-of-the-art works for the BDD100K, PVDN and combined datasets.

(BDD100K and PVDN). The results illustrate the system’s
ability to handle partial occlusions and lighting variability

effectively, though some instances, as seen in Fig. 12.e,
expose challenges in balancing detections of large and
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small vehicles, occasionally resulting in duplicate detections.
Furthermore, as illustrated in Fig. 12.f, strong light reflections
under extremely low-light conditions can occasionally be
misinterpreted as vehicles, presenting an additional challenge
in these complex environments. These examples highlight
the generalization capabilities of the model in real-world
nighttime scenarios despite the inherent differences between
the public datasets and the FNTVD dataset.

Fisheye cameras, while offering a wide field of view (190◦

in the FNTVD dataset), pose significant challenges in real-
world Advanced Driver Assistance Systems (ADAS) due
to inherent geometric distortions, low illumination in poor
lighting conditions, and complex light patterns like glare.
These distortions, particularly near the edges of the image,
complicate object detection and distance estimation, while
low lighting scenes further degrade image clarity. To address
these issues, the proposed system employs a dual-annotation
approach for robust detection in low light (using point-based
annotations when vehicle shapes are unclear) and a learnable
non-maxima suppression mechanism to filter false positives
caused by glare or reflections. Specifically point-based
annotations and detections are more robust to geometrical
distortions than bounding boxes (since the size information,
heavily affected by those distortions, is discarded). The visual
examples in Fig. 12 demonstrate the system’s ability to
detect vehicles in these challenging conditions, highlighting
its effectiveness in real-world scenarios. Nonetheless, future
work could focus on improving distortion correction algo-
rithms and optimizing computational efficiency to further
enhance the utility of fisheye cameras in ADAS applications.

3) COMPARISON WITH THE STATE OF THE ART
The performance of the proposed system is compared
with state-of-the-art methods on the BDD100K, PVDN
and combined datasets, as shown in Table 3. For the
BDD100K, the results are based on the full dataset, which
includes both daytime and nighttime images, providing a
comprehensive evaluation of the system’s performance across
different lighting conditions. This comparison highlights the
performance of various detection methods on the BDD100K
dataset, while also emphasizing the proposed system’s unique
capability to handle diverse scenarios including challenging
nighttime conditions.

The comparison methods selected for this study include
some of the most well-known and widely used state-of-
the-art (SOTA) algorithms in object detection, as well as
some of the latest approaches that have shown promising
results in recent literature. Specifically, we compare the
proposed system with Faster R-CNN [56], RetinaNet [57],
Yolo-F [58], VarifocalNet [59], and CornerNet [50]. These
methods were chosen because they represent a diverse range
of approaches, including two-stage detectors (e.g., Faster
R-CNN), single-stage detectors (e.g., RetinaNet, Yolo-F),
and anchor-free detectors (e.g., VarifocalNet, CornerNet).
This diversity ensures a comprehensive evaluation of the
proposed system’s performance relative to the current SOTA.

To ensure a fair and comprehensive comparison, all
comparison methods were carefully tuned to their best
performance by following the authors’ recommendations
for hyperparameter tuning, including the learning rate and
anchor box configurations, and were evaluated under the
same conditions (e.g., dataset splits, evaluation metrics),
highlighting the strengths and limitations of the proposed
system relative to the state-of-the-art.

While certain methods like VarifocalNet and Faster R-
CNN achieve slightly higher mAP scores on the BDD100K
dataset (0.7630 and 0.7410 respectively), it is important to
note that these methods are optimized for well-lit urban
environments and rely heavily on bounding-box annotations.
As a result, they are not designed to generalize across
different environments or handle point-based ground-truth
annotations, which are essential for detecting vehicles in low-
light rural scenarios where only flashes of the passing vehicle
lights are visible. This limitation restricts their applicability
to more conventional urban datasets and prevents them from
performing effectively in challenging nighttime conditions.

In contrast, the proposed system achieves a competitive
mAP of 0.7134 on the BDD100K dataset, demonstrating its
ability to perform well in both daytime and nighttime urban
scenarios. More importantly, the system maintains steady
performance across the PVDN and combined datasets, with
mAP scores of 0.6621 and 0.6814, respectively. The PVDN
dataset, which features rural nighttime scenarios with sparse
lighting, poses significant challenges for traditional object
detection methods due to the lack of visible vehicle shapes
and the reliance on point-based annotations. The proposed
system’s ability to seamlessly switch between bounding-box
and point-based predictions based on visibility conditions
is a key factor in its success. This adaptability ensures
robust performance across diverse environments without the
need for retraining or adjustments, a capability that is not
achievable by the other methods analyzed.

The inability of state-of-the-art algorithms to provide
meaningful results on the PVDN dataset is particularly
noteworthy. Methods like Faster R-CNN, RetinaNet, and
VarifocalNet fail to learn meaningful predictions on this
dataset because they are designed exclusively for bounding-
box annotations. Even when point-based annotations are
artificially treated as 1 × 1 bounding boxes, these meth-
ods struggle to generalize to the unique challenges of
rural nighttime scenarios. This limitation directly impacts
their capacity to perform well on the combined dataset,
as incorporating such datasets into their training would likely
degrade their performance on the BDD100K dataset without
adding meaningful improvements in low-light conditions.
Consequently, obtaining reliable metrics for these algorithms
on the combined dataset is not feasible, further emphasizing
their restricted applicability.

In terms of computational efficiency, the proposed system
achieves a frame rate of 45.45 FPS, which is sufficient for
real-time applications such as autonomous driving. While
Yolo-F achieves a higher frame rate (86.95 FPS), this comes
at the cost of a significantly lower mAP of 0.6380 on the
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BDD100K dataset, indicating a trade-off between detection
accuracy and speed. The proposed system strikes a balance
between these two factors, prioritizing steady performance
across diverse conditions over absolute speed. This makes
it particularly suitable for real-world applications where
reliable detection in varying lighting conditions is more
critical than achieving the maximum possible frame rate.
Additionally, while methods like RetinaNet and VarifocalNet
also achieve real-time speeds (56.50 FPS and 47.60 FPS,
respectively), their inability to handle multiple annotation
types and lighting conditions limits their practical application
in complex real-world scenarios.

Overall, the results in Table 3 highlight the proposed
system’s unique advantages, including its robustness to
varying lighting conditions, which allows it to perform well
across both well-lit urban environments and challenging
rural nighttime scenarios. Additionally, the system demon-
strates adaptability to multiple annotation types, seamlessly
handling both bounding-box and point-based annotations to
ensure accurate detection regardless of visibility conditions.
Furthermore, the system achieves real-time performance
with a frame rate of 45.45 FPS, making it suitable for
real-world applications such as autonomous driving and
advanced driver-assistance systems (ADAS). These strengths
collectivelymake the proposed system a practical and reliable
solution for complex vehicle detection tasks in diverse
environments.

4) SYSTEM LIMITATIONS & FUTURE WORKS
While the proposed system demonstrates strong performance
across diverse nighttime environments, certain limitations
remain. The system achieves 45.45 FPS, sufficient for
real-time applications but lower than some state-of-the-art
methods due to the Hourglass backbone’s computational
complexity. Future work could explore lightweight alterna-
tives or model compression to improve efficiency without
sacrificing accuracy. Second, distortions caused by fisheye
cameras in the FNTVD dataset slightly affect detection
accuracy, indicating the need for further refinement to better
handle wide field-of-view images. Third, while designed
to meet the requirements of embedded platforms like
the TDA4VM, further optimization of memory usage and
power consumption could improve deployability in resource-
constrained automotive environments. Additionally, future
work could focus on expanding the system to include other
road users, such as pedestrians and cyclists, especially in
nighttime conditions. Finally, future lines could address
the challenge of tracking excessively small objects near
the vanishing point, enhancing the system’s ability to
detect and monitor distant road users in complex nighttime
scenarios.

IV. CONCLUSION
This paper presents a deep learning-based vehicle detec-
tion system designed for nighttime scenarios, capable
of handling both well-lit urban environments and poorly

lit rural areas. The system leverages a dual-annotation
approach, using bounding boxes in well-lit conditions and
point-based annotations in low-light scenarios, ensuring
accurate detection across diverse environments. Built on
an Hourglass network backbone, the system incorporates
a detection block that predicts vehicle presence through
heatmaps and refines predictions using a learnable non-
maxima suppression mechanism. The Hourglass architec-
ture, chosen for fine-grained feature capture in extreme
lighting, is computationally intensive, limiting frame rates
(45.45 FPS). The anchor-free design reduces memory
usage, enabling deployment on embedded platforms like
the TDA4VM, balancing detection robustness with com-
putational efficiency. Evaluated on the BDD100K, PVDN,
and combined datasets, the system achieves competitive
mAP scores of 0.7134, 0.6621, and 0.6814. Compared to
state-of-the-art methods, the proposed system demonstrates
superior adaptability to varying lighting conditions and
annotation types, making it a robust solution for real-
world nighttime vehicle detection in autonomous driving
applications.
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