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Overcoming the Challenges of Long-Tail
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As the basic task of an intelligent transportation system, nighttime vehicle detection is
associated with many challenges. Existing methods usually ignore the significant
challenges that arise from imbalanced class distribution among vehicles, which always
leads to poor detection for vehicles that belong to tail classes. By analyzing the existing
solutions for long-tail object detection and considering the complex and diverse
characteristics of nighttime traffic scenarios, we propose an enhanced detection
approach based on anomaly detection. In addition, to tackle disturbance from complex
lights, we reconstruct the loss function for background proposals, thus allowing the
detector to pay more attention to hard-classified proposals and learn to distinguish
vehicle lights from disturbed light resources. Comprehensive experiments prove that,
compared with generic approaches, our proposed method can effectively solve the
problem of long-tail distribution in nighttime vehicle detection and improve robustness
in complex environments.

According to related research, most of the fatal
vehicle accidents in recent decades were caused
by rear-end collisions.1 Hence, the intelligent traf-

fic system (ITS) concept has emerged, with the aim of
solving a series of road traffic problems, through the
use of advanced driver assistance systems and auton-
omous driving systems.2 As the basic component of an
ITS, vehicle detection is at the root of the whole sys-
tem, and a reliable and effective vehicle detection
method is an important support and guarantee for sub-
sequent automated traffic processing and operations.3

With the development of related theories in areas
of image processing and computer vision, vehicle
detection techniques have become mature and are
now common in daily applications, such as widely used
faster region-based convolutional neural networks
(R-CNNs)4 and you only live once (YOLO).5 However,
current vehicle detection methods are essentially
designed for daytime scenes, whereas most of the traf-
fic accidents occur at night.6 Research reports also
indicate that, compared with daytime conditions, it is

more dangerous to drive at night and the possibility of
traffic accidents increases in nighttime scenarios.7

Hence, there is an urgent need for effective and accu-
rate methods of nighttime vehicle detection.

Although state-of-the-art deep-learning-based object
detectors can be directly applied to nighttime traffic
scenes, they do not perform well for vehicle detection
under low-light conditions because of two main prob-
lems: 1) the overall brightness and contrast are too low
in these images and 2) vehicle distribution is always
nonuniform. In regard to the former issue, due to poor
lighting conditions, vehicle features such as shape,
color, texture, and the gradient within the image are
not salient and are always masked, which is also the
reason why the performance of these detectors is
worse in nighttime scenes than in daytime ones.8 In
recent years, many schemes have been developed for
enhancing low-light traffic images, whichmay well solve
the problems of low brightness and contrast, but
researchers seldom pay attention to the latter challenge.

Figure 1 shows vehicle distribution in the widely
used Berkeley Deep Drive (BDD) dataset.9 Here, we
selected traffic images captured under low-light condi-
tions in two main types of scenes: city street and high-
way. As observed, in both scenes, certain vehicles,
such as cars and trucks, account for nearly 99% of all
the objects, and these can be taken as head classes.
However, samples of other classes, such as buses, bikes,
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and motors, constitute a relatively small proportion of
the overall targets and should be taken as tail classes.
Vehicle distribution in nighttime traffic scenarios
presents a long-tail distribution, and the extremely
imbalanced class distribution among vehicles will always
result in a performance gap between the head and tail
classes.10 More specifically, tail classes can easily be
overwhelmed by head classes during training, and the
detector may predict the samples in the tail classes
to be head classes or background,11 which greatly
decreases average detection precision. In addition, due
to disturbances from other lights (such as lamps and
lighted buildings), some background proposals (i.e., can-
didate proposals generated from the background) may
be misclassified as vehicles. These issues inevitably
pose challenges for vehicle detection under dim-light
traffic conditions.

Eliminating long-tail distribution from the task of
general object detection has been a hot topic for
researchers. Current research works are mainly divided
into two categories: resampling strategies and reweight-
ing methods. For resampling strategies, most of the
works regard the problem of long-tail distribution as
being influenced by a sampling imbalance in the training

batch. Based on this assumption, resampling strategies
usually involve the design of special sampling techni-
ques.11 However, this kind of approach inevitably results
in a distortion of the original distribution, which impairs
representation learning and causes problems such as
overfitting or underfitting.12 Hence, in recent years,
researchers have turned to reweighting methods, in
which the loss function is reconstructed to deal with
the imbalance problem among different classes, and
which can effectively weaken the long-tail distribution
influence on natural scene datasets such as Large
Vocabulary Instance Segmentation.13

Unlike general object detection tasks, there are
unique challenges that make the long-tail distribution
problem harder to solve in nighttime scenes. Existing
methods for long-tail object detection are designed
for large-scale datasets with thousands of categories,
while for nighttime vehicle detection, there are only a
few classes of vehicles. Although there is a fairly serious
imbalance among the different classes of vehicles, class
distribution is only similar to long-tail distribution, rather
than perfectly fitting the shape. In addition, due to
nighttime scene characteristics, there is always interfer-
ence caused by light sources, which may affect vehicle

FIGURE 1. Illustration of the distribution of vehicles in two scenes: city streets and highways.
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detection and result in a high percentage of false posi-
tives. This means that current reweighting methods are
not very effective for nighttime traffic scenes.

To overcome these challenges, we enhance the
detection model with an anomaly detection scheme to
address the issue of nighttime vehicle detection. To
weaken the influence of extraneous lights in the image,
we reconstruct the loss function for the background
proposals based on intersection over union (IoU). Our
key contributions can be summarized as follows:

We unveil the long-tail distribution problem in
nighttime vehicle detection, which is typically
ignored by researchers, and greatly limits the
overall performance of vehicle detection in low-
light traffic conditions.
By analyzing the unique challenges associated
with nighttime vehicle detection, we show that
existing state-of-the-art reweighting methods
designed for large-scale datasets cannot be
straightforwardly applied to low-light traffic scenes.
We solve the problem of long-tail distribution
among vehicles using anomaly detection. More
specifically, in the training process, we regard
the detected proposals that belong to tail clas-
ses as abnormal cases for the detection model.
Considering the interference of lights, such as
lamps or lights from buildings, we reconstruct the
loss function of background proposals, through
which the detection model can learn to distin-
guish vehicle lights from extraneous lights in envi-
ronments containing multiple disturbances.

RELATED WORK
Resampling Methods
To tackle the problem of long-tail distribution, resam-
pling methods are widely used in the early stage.
Resampling methods usually oversample additional
training data for the tail classes or undersample data
for the head classes to generate more balanced sam-
ples.11 Although resampling methods can be applied to
the problem of long-tail distribution, they will inevitably
cause problems as they change the distribution of the
original data space.

For example, typical oversampling methods, such
as repeat factor sampling,13 resample data in the tail
classes during the training process using different sam-
pling frequencies for different categories, although
there will always be a high potential risk of overfitting.
Unlike oversampling methods, undersampling meth-
ods, such as those in Drummond et al.,14 aim to remove

samples from the head classes to make the overall
training samples uniform and balanced. However, under-
sampling methods will always cause a decrease in over-
all performance.

Reweighting Methods
Reweighting methods rely on the basic idea of assign-
ing different weights to different samples that belong
to special categories. Reweighting methods can effec-
tively bring about improvement in tail classes, but they
may introduce issues like optimization challenges15

and lead to suboptimal overall performance.
In addition to methods that reweight samples at

the class level, several recent studies have tried to
adjust the weights of training data at the sample level.
Focal loss16 was proposed to tackle the class imbal-
ance in an approach where the training samples were
divided into well- and hard-classified categories. Equali-
zation loss11 (EQL) simply ignores sample gradients in
the tail classes to avoid the proposals for the tail clas-
ses being oversuppressed by those of the head classes.
Similarly, adaptive class suppression loss (ACSL) aims
to estimate the suppression gradients of each sample
adaptively from a statistic-free perspective,17 through
which the problem of long-tail distribution could be
well solved.

Reweighting methods such as focal loss, EQL, and
ACSL can effectively enhance general object detection
tasks with long-tail distribution. However, most of
these approaches need to estimate the frequencies of
different classes, which may introduce inconsistency
when applied to new scenes. Furthermore, these works
focus only on the imbalance among foreground sam-
ples and ignore the imbalance of the background sam-
ples in nighttime traffic scenes. In this article, we
propose a more general framework based on anomaly
detection, which does not rely on previous category
knowledge like frequency distribution or occupation
ratio for each category. In addition, we also reconstruct
the loss function for background samples to weaken
the disturbance from extraneous lights for nighttime
vehicle detection.

METHODOLOGY
Anomaly Detection for Tail Classes
An overview of the proposed pipeline, which is based
on the widely used faster R-CNN, is given in Figure 2.
The proposals generated during the detection progress
can be divided into three categories: head classes
(such as cars or trucks), tail classes (such as motors or
bikes), and background classes. All of the foreground
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proposals may contain head classes or tail classes;
we regard the proposals that belong to tail classes
as anomaly points, using a classification layer as
the anomaly detection module to detect them. In this
way, the detection model can learn to distinguish
between proposals of tail classes and head classes and
does not need to compute data distribution before
training.

As discussed in the previous section, most of the
reweighting methods for long-tail object detection
rely on frequency estimations for all categories. How-
ever, for nighttime traffic scenes, vehicle and pedes-
trian distributions vary heavily at different times and
locations; that is, situations during rush hour and late
nighttime are totally different. Assigning new weights
to changing distributions could be time consuming
and laborious and may limit the applications of these
schemes in real-world scenarios. Directly detecting
the proposals of tail classes as anomaly points can
avoid this problem and yields a better generalization
ability for dynamic traffic scenes because it guides
the detection model to learn a global classifica-
tion for head and tail classes rather than several
categories.

The Lossforeground for all the foreground proposals
can be obtained from the specially designed functions
of the detection model, such as cross entropy for
classification and SmoothL1 for localization regression.

We can directly use cross entropy to compute the
Lossanomaly for each foreground proposal xf as

LossanomalyðxfÞ ¼ �logðp̂iÞ
p̂i ¼ pi, if yi 2 tail classes

1� pi, otherwise

�
(1)

where pi denotes the output of the anomaly detection
layer for the foreground proposal xf , which indicates
the probability of xf belonging to tail classes, and yi
represents the corresponding ground-truth label of xf :

Reconstructed Loss Function
For vehicle detection under nighttime traffic scenes,
the headlights or taillights of vehicles are the most
salient features and form the core target of traditional
nighttime vehicle detection. When carried out in envi-
ronments with complex lighting, such as urban roads,
there are many other lights in addition to the head-
lights or taillights of vehicles, such as building lights,
street lamps, reflected lights from car bodies and road
reflectors, and so on, which increases the probability
of false or missing detection. As shown in Figure 3(a)
and (b), areas with lights such as street lamps or reflec-
tions appear very similar to vehicles in nighttime traffic
scenarios and may be misclassified as vehicles.

To decrease such false-positive results, we need to
analyze the background proposals generated during
the training process. As shown in Figure 3(c), there are

FIGURE 2. Overview of the proposed pipeline based on a faster R-CNN for nighttime vehicle detection.
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two main kinds of background proposals that may be
misclassified at the training stage. Case 1 (the yellow
boxes) contains regions with interference lights (espe-
cially paired lights like street lamps), which are easily
misclassified as vehicles. Case 2 (the green boxes)
includes the regions that capture only certain parts of
vehicles; because of setting the IoU threshold (such as
0.3 or 0.5), they will still be classified as negative pro-
posals during the training process. Case 1 arises due to
the interference caused by light sources, while case 2
emerges from the IoU threshold configuration. Different

from case 1, case 2 manages to capture a segment of
the vehicle, signifying that the false detection pro-
posals originating from light-source interference require
enhanced sensitivity in the detector. As a result, the loss
function should assign greater penalties to themisclassi-
fied proposals that closely resemble case 1, which effec-
tively addresses this issue.

To determine whether the generated proposal is
similar to case 1 or case 2, the IoU between the pre-
dicted box with the target box can be used as a crite-
rion: a higher IoU value means that the generated
proposal is closer to case 2, while proposals with a
lower IoU is similar to case 1. Hence, for each back-
ground or negative proposal xb generated in the train-
ing process, by referencing the focal loss16 and the
IoU-based loss18,19 we compute the cost as

LossbackgroundðxbÞ ¼ lossclsðxbÞ þxllosslocðxbÞ

lossclsðxbÞ ¼ �
XC
i¼1

að1�CIoUÞblogðq̂iÞ

q̂i ¼ qi, if yi ¼ 1

1� qi, otherwise

�

losslocðxbÞ ¼ CIoU

(2)

where qi is the output of the classification layer for xb,

and the total number of categories is C: CIoU denotes
the IoU of xb with the closest target box in the image,
and yi represents the corresponding ground-truth label
of xb: a and b are used as adjustment parameters for
the background proposal weights. xl is a parameter for
the localization loss lossloc:

In (2), we also compute the localization loss lossloc
for background proposals, which are usually ignored
in a normal detection stream. A standard detection
model pays attention only to the localization of fore-
ground proposals, while here we want to make the net-
work assign higher costs to background proposals like
case 1. In this way, the network will decrease the ratio
of background proposals like case 2 and learn to be
more sensitive to hard-to-classify proposals like case 1.

After computing all the losses for the foreground
proposals, background proposals, and anomaly detec-
tion, the sum of losses L can be computed as

L ¼ Lossforeground þxaLossanomaly

þLossbackground (3)

where xa is the anomaly detection weight of tail
classes.

EXPERIMENTS
Dataset
For experiments, we adopted the widely used BDD
dataset9 and Hong Kong nighttime vehicle detection

FIGURE 3. Illustration for the false detection cases. (a) and

(b) Examples of false detection due to disturbance from inter-

fering light sources. (c). Cases for the detected background

proposals that may bemisclassified during training.
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(HKNVD) dataset6 for comparisonswith related schemes.
For the BDD dataset, we chose images captured under
nighttime conditions and divided them into two main
scenes: highways and city streets. Specifically, for city
street scenes, 10,000 images are used for training and
4945 images are used for testing. For highway scenes, we
selected 4000 images for training and 2019 images for
testing. For the HKNVD dataset, 500 images and 336
images are chosen for training and testing, respectively.

For two subdatasets in the BDD dataset, we chose
five categories of annotated vehicles: cars, buses,
trucks, motors, and bikes. For the HKNVD dataset,
cars, taxis, buses, and minibuses are annotated with
labels. Empirically, we set buses, motors, and bikes as
the tail classes for the BDD dataset and, similarly, we
set buses and minibuses as the tail classes for the
HKNVD dataset.

Implementation Details
To evaluate the effectiveness of our proposed anomaly
detection scheme and the reconstructed loss function
for nighttime vehicle detection, we used classical
detectors faster R-CNN and YOLOv5 as the baseline
models. In both the training and test streams, we
resized the input images to 600 � 600. At the training
stage, we applied the Adam method as the optimizer
with an initialized learning rate le�5 and weight decay
5le�4: For the loss function weights,xa was set to three
for anomaly detection, and xl was set to five for back-
ground proposal locations. The parameters for adjust-
ing the weights of background proposal classifications,
a and b, were set to 1.75 and 1.2, respectively.

For the highway and city street scenes in the BDD
dataset, we set the training epochs at 50 and 25,
respectively. For the HKNVD dataset, we set the train-
ing epochs at 200. When testing, non-maximum sup-
pression with an IoU threshold of 0.5 was adopted to
remove overlapping proposals. Other hyperparameters,
such as the size of anchors, number of foreground and
background proposals, and so on, were set at default
values. More details can be found at https://github.
com/ProfHubert/Imbalanced-Detection.

Comparison With the Baseline
Results of the baseline model comparison are given in
Table 1(a). We used mean average precision with an
IoU threshold of 0.5 to evaluate the detection results
from each model on each category. As shown in the
table, compared with the original detector, a faster
R-CNN or YOLOv5 with the proposed strategies achieved
great improvements on all the highway, city street, and
HKNVD dataset. Generally speaking, the detector’s

performance on the HKNVD dataset is better than on
the two BDD subdatasets, which can be attributed to the
imbalance being not so severe and annotations being
not so dense and elaborate on the HKNVD dataset.

Moreover, by observing Table 1(a), although head
class performances (such as cars) may be slightly
weaker than in the original model, the overall perfor-
mance is still much better compared with the original
results. The tail class performances (especially bikes
and minibuses) improved significantly. For instance, on
a faster R-CNN with ResNet50, our approach boosted
the average precision of the tail classes by roughly 37%
(29.58 versus 21.54) on the city street scenes for bikes,
29% (22.97 versus 17.67) on the highway scenes for
buses, and 4% (97.42 versus 93.07) on the HKNVD data-
set for minibuses.

Comparison With Other Solutions for
Long-Tail Detection
To demonstrate the effectiveness of our proposed
approach, we compared it with existing state-of-the-art
algorithms for long-tail object detection, such as focal
loss,16 EQL,11 ACSL,17 and effective class-margins loss
(ECL),20 using the same baseline faster R-CNNs with
ResNet50 model. For these methods, the vehicles
belonging to head or tail classes were defined using
the same rule stated in the previous section, and
hyperparameters for each approach were set as
default values.

The experimental results from these methods are
listed in Table 1(b), and it can be seen that compared
with these methods, the detector based on our pro-
posed approach achieved obviously better results.
Although these methods can slightly improve vehicle
detection performance for head classes such as cars,
their overall average precision was roughly three points
lower than our methods. As stated in the previous sec-
tion, most of the existing methods for long-tail object
detection can be effectively applied to natural datasets
but do not perform very well in nighttime traffic scenar-
ios. Take the city street scenes, for example: our
approach outperformed ACSL by 3.58 points (34.78 ver-
sus 31.2), EQL by 3.13 points (34.78 versus 31.65), ECL
by 3.55 points (34.78 versus 31.23), and focal loss by
3.94 points (34.78 versus 30.84), which further proved
the effectiveness and superiority of our proposed
methods.

We also presented a visual comparison of these
methods in Figure 4. It can be observed that the detec-
tor based on our proposed method can precisely
detect objects in all the categories. For instance, as
shown in Figure 4(a), the detector based on our

INTELLIGENT SYSTEMS

56 IEEE Intelligent Systems March/April 2024

https://github.com/ProfHubert/Imbalanced-Detection
https://github.com/ProfHubert/Imbalanced-Detection


T
A
B
LE

1.
Q
ua

nt
it
at
iv
e
co

m
p
ar
is
o
n
re
su

lt
s
o
n
th
e
B
D
D

da
ta
se

t
an

d
H
K
N
V
D

da
ta
se

t.
(a
)
C
om

pa
ri
so

n
of

re
su

lt
s
fr
om

th
e
b
as

el
in
e
m
od

el
s.

(b
)
C
om

p
ar
is
o
n
of

re
su

lt
s
fr
om

th
e

p
ro
p
os

ed
m
et
h
od

s
w
it
h
ot
h
er

st
ra
te
gi
es

u
si
n
g
th
e
b
as

el
in
e
m
od

el
.(
c)

R
es

u
lt
s
o
f
ab

la
ti
o
n
ex

pe
ri
m
en

ts
fo
r
th
e
p
ro
p
os

ed
st
ra
te
gi
es

o
n
th
e
ci
ty

st
re
et

sc
en

es
o
f
B
D
D

d
at
as

et
,A

re
pr
es

en
ts

an
o
m
al
y
de

te
ct
io
n
u
se

d
fo
r
ta
il
cl
as

se
s,
B
d
en

ot
es

th
e
re
co

n
st
ru
ct
ed

lo
ss

fu
n
ct
io
n
fo
r
b
ac

kg
ro
u
nd

pr
o
p
os

al
s.

Fa
st
er

R
-C
N
N
*
o
r
YO

LO
v5

*:
th
e
or
ig
in
al

de
te
ct
o
r

w
it
h
an

o
m
al
y
de

te
ct
io
n
an

d
re
co

n
st
ru
ct
ed

lo
ss

fu
n
ct
io
n
L
os
s b

ac
k
gr
ou

n
d
:

M
et
ho

d
B
ac

kb
on

e
C
it
y
S
tr
ee

t
H
ig
hw

ay
H
on

g
K
on

g

C
ar

B
us

T
ru
ck

M
ot
or

B
ik
e

A
ve

ra
ge

C
ar

B
us

T
ru
ck

M
ot
or

B
ik
e

A
ve

ra
ge

C
ar

T
ax

i
B
us

M
in
ib
us

A
ve

ra
ge

Fa
st
er

R
-C

N
N

R
es

50
56

.3
6

36
.4
6

31
.8
5

5.
66

21
.5
4

30
.3
7

43
.0
1

17
.6
7

32
.8

0.
75

9.
09

20
.6
6

88
.9
1

90
.6
4

88
.3
5

93
.0
7

90
.2
4

Fa
st
er

R
-C

N
N
*

R
es

50
56

.1
9

4
2.
83

35
.3
1

9.
97

29
.5
8

34
.7
8

44
.1
8

22
.9
7

35
.0
1

6.
08

17
.3
9

25
.1
2

89
.7
2

92
.4
4

91
.3
6

97
.4
2

92
.7
4

Fa
st
er

R
-C

N
N

R
es

10
1

55
.1

35
.6
1

35
.1

7.
14

20
.6
4

30
.7
1

44
.0
9

23
.3
7

35
.0
3

0.
85

4.
17

21
.5

89
.1
4

91
.4

88
.8
4

93
.4
3

90
.7

Fa
st
er

R
-C

N
N
*

R
es

10
1

56
.6
3

39
.7
9

38
.2
4

8.
66

27
.2
1

34
.1
1

43
.0
8

24
.4
1

34
.5
5

3.
56

24
.7
8

26
.0
7

90
.9
9

92
.5

91
.6
5

98
.0
5

93
.3

YO
LO

v5
D
ar
kn

et
60

.1
1

11
.1

33
.3
3

5.
41

20
.9

26
.1
7

42
.1
8

4.
16

25
.5

0.
27

0.
29

14
.4
8

93
.6
1

88
.3
3

85
.9
8

53
.1
6

80
.2
7

YO
LO

v5
*

D
ar
kn

et
60

.3
2

28
.2
1

36
.3
4

6.
75

21
.9
1

30
.7

4
5.
25

11
.8
5

30
.9
6

2.
92

7.
17

19
.6
3

94
.4
1

91
.7
6

91
.1
2

97
.2
8

93
.6
4

S
tr
at
eg

y
C
it
y
S
tr
ee

t
H
ig
hw

ay
H
on

g
K
on

g

C
ar

B
us

T
ru
ck

M
ot
or

B
ik
e

A
ve

ra
ge

C
ar

B
us

T
ru
ck

M
ot
or

B
ik
e

A
ve

ra
ge

C
ar

T
ax

i
B
us

M
in
ib
us

A
ve

ra
ge

N
o
n
e

56
.3
6

36
.4
6

31
.8
5

5.
66

21
.5
4

30
.7
7

43
.0
1

17
.6
7

32
.8

0.
75

9.
09

20
.6
6

88
.9
1

90
.6
4

88
.3
5

93
.0
7

90
.2
4

O
ur
s

56
.1
9

4
2.
83

35
.3
1

9.
97

29
.5
8

34
.7
8

44
.1
8

22
.9
7

35
.0
1

6.
08

17
.3
9

25
.1
2

89
.7
2

92
.4
4

91
.3
6

97
.4
2

92
.7
4

A
C
S
L1

7
57

.1
3

35
.2
8

34
.3
4

5.
71

23
.5
3

31
.2

4
4
.6
8

19
.1
4

36
.0
9

0.
31

10
.7
7

22
.2

88
.2
3

92
.9
8

87
.7
6

94
.8
2

90
.9
5

E
Q
L1

1
56

.9
3

33
.6
3

35
.3
8

7.
35

24
.9
4

31
.6
5

43
.4
7

18
.1
8

35
.5
5

1.
04

9.
52

21
.5
3

88
.8
7

91
.7
1

86
.4
8

94
.8
9

90
.4
9

E
C
L2

0
56

.8
9

36
.1
3

35
.5
7

7.
29

20
.2
7

31
.2
3

43
.6
7

24
.2

35
.2
2

0.
71

0.
14

20
.7
9

88
.9
8

92
.9
1

89
.2
4

93
.9

91
.2
6

Fo
ca

l
lo
ss

16
56

.4
3

36
.4
3

33
.0
8

6.
39

21
.8
9

30
.8
4

43
.9
8

23
.8
1

35
0.
96

6.
04

21
.9
6

88
.4

92
.3
5

86
.9
5

93
.3
4

90
.2
6

A
B

C
ar

T
ru
ck

B
us

M
ot
or

B
ik
e

A
ve

ra
ge

—
—

56
.3
6

31
.8
5

36
.4
6

5.
66

21
.5
4

30
.7
7

�
—

56
.3
2

35
.6
7

40
.7
6

10
.3
9

27
.0
2

34
.0
3

—
�

56
.9
6

35
.4
1

37
.6
1

8.
04

25
.6
8

32
.7
4

�
�

56
.1
9

35
.3
1

4
2.
83

9.
97

29
.5
8

34
.7
8

INTELLIGENT SYSTEMS

March/April 2024 IEEE Intelligent Systems 57



FIGURE 4. Visual comparison of the results from the baseline model using eachmethod for nighttime vehicle detection.
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approach can detect the truck from the crowd scene
even though its size is very small, whereas the other
detectors just ignored it. In Figure 4(b), the minibus is
ignored or misclassified as a car or bus, while the
detector based on our method can precisely detect it.
In addition, for the region with complex lights, the origi-
nal detector and those based on ACSL or EQL gener-
ated false-positive results, which can be effectively
avoided by our proposed method.

Ablation Studies
To validate the contributions of our proposed anomaly
detection scheme for tail classes and the recon-
structed loss function for background proposals in
nighttime vehicle detection, we carried out several
ablation experiments using the baseline faster R-CNN
model with a backbone of ResNet50. For convenience,
we conducted experiments only on the city street
scenes of the BDD dataset, which are larger and more
complex than other scenes.

The ablation experiment results are listed in Table 1(c).
Compared with the original detector without the
proposed strategies, the anomaly detection and re-
constructed loss Lossbackground approaches can both
contribute—to varying degrees—to the improvement
of nighttime vehicle detection. Of these two strate-
gies, anomaly detection works more effectively for tail
classes, while resulting in a slight loss of detection
accuracy for head classes such as cars. Lossbackground
can improve detection precision on all the categories,
from which it can be concluded that the detector
learns to be more sensitive to disturbance from other
types of lights and reduces the number of false-
positive proposals through the reconstructed loss
for background proposals. Furthermore, compared
with other state-of-the-art methods for long-tail object
detection, the detector with a single strategy (i.e.,
anomaly detection or Lossbackground alone) still achieved
higher improvements, which confirms the effective-
ness of our proposed method for vehicle detection in
low-light traffic scenarios.

After combining these two strategies, the detector’s
best performances exhibit some variations across sev-
eral categories. Nevertheless, the detector with these
two strategies achieves the highest overall performance.

CONCLUSION
In this article, we unveiled the long-tail distribution
problem in nighttime vehicle detection. To tackle this,
we proposed combining anomaly detection with pro-
posal classification in the stream of vehicle detection,
which could greatly improve the sensitivity of detection

models to vehicles belonging to tail classes. In view of
the disturbance from extraneous lights in low-light traf-
fic scenarios, we further reconstructed the loss function
for background proposals. Validation on the BDD and
HKNVD datasets proved that our proposed methods
could greatly improve the baseline model and outper-
form other state-of-the-art solutions for long-tail object
detection in low-light traffic scenes.
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