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Abstract

In autonomous driving system, building a rigorous object detection model unaffected by conditions, such as weather or
time-of-day, is essential for safety. However, as deep learning models are often limited in generalizability, training over
the entire data collection can be suboptimal, e.g., daytime training instances hinder the training for nighttime prediction.
We call this curse of multitasking (CoM), which was first observed in multilingual training, where training a multilingual
model can be suboptimal, compared to multiple monolingual models. Our contribution is observing CoM in autonomous
driving, overcoming the problem by building multiple mono-task models, or specialized experts for each task, then
switching models according to the input condition, enhancing the overall effectiveness of the detection model. We show

the effectiveness of using the proposed strategy in both YOLOV3 and RetinaNet models on BDD dataset.
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I.INTRODUCTION

Deep learning models have been successful in various
tasks for autonomous driving systems, as surveyed in [1].
Our target task is object detection, detecting the presence
of relevant objects in images and classifying them into
relevant classes; many deep neural network (DNN) models
such as Faster R-CNN [2], RetinaNet [3], YOLO [4], and
SSD [5] have achieved good performance results. Large-
scale and high-quality datasets for training was critical
for their success, such that follow-up research focused on
increasing both the amount and the diversity of training
data (as summarized in Section II).

Conversely, this study explores the dark side of making

datasets bigger, hypothesizing that a larger dataset may
capture scenarios that are too diverse. This hypothesis is
inspired by the curse of multilinguality [6, 7]: Table 1
from [7] shows a multilingual model trained on the entire
dataset is less effective than a monolingual model, KO
and RU trained on a smaller subset, containing only
instances in Korean and Russian, in diverse language tasks,
such as Named Entity Recognition (NER), Sentiment
Analysis (SA), Question-Answering (QA), Universal
Dependency Parsing (UDP), and part-of-speech (POS)
tagging.

In this study, we explore whether the diversity in a
large-scale autonomous driving dataset, such as BDD100k
(Berkeley Deep Drive) [8], has similar negative effects.
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Table 1. An empirical validation for the curse of multilinguality [7]
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NER SA QA POS

Lang Model
F1 Acc EM/F1 Ace
KO Mono 88.8 89.7 74.2/91.1 97.0
Multi 86.6 86.7 69.7/89.5 96.0
RU Mono 91.0 95.2 64.3/83.7 98.4
Multi 90.0 95.0 63.3/82.6 98.2

Monolingual BERT (mono) generally performs better than multilingual BERT (multi) in each target language domain.

In the BDD100k dataset, various driving road images
exist representing different weather conditions such as
rain and snow, and the time of day and night. This study
focuses on images of two distinct domains, daytime and
nighttime. It is suitable as a division criterion because it
is automatically distinguishable whether it is night or day
through time information and illuminance sensor value.
We consider that images taken during the daytime and
nighttime may have the same effects as documents written
in Korean and Russian. We use the curse of multi-tasking
(CoM) as an umbrella term to represent both challenges.

In other words, our first research question is validating
CoM, by observing whether a multi-task model trained
on all images M, is less effective under specific conditions,
such as day or night, than a mono-task model, M, or
M, trained only on images taken during the daytime or
nighttime. Our next step is to propose an approach that
outperforms the current state-of-the-art by switching bet-
ween mono- task models for autonomous object detection
systems.

The following items are the main contributions of our
study.

e We show that the mono-task model trained separately
for daytime and nighttime zones in an autonomous
driving system achieves a higher recognition accuracy
during day and night than the multi-task model trained
on a full dataset.

e We propose an object detection method that switches
between mono-task DNN models and a multi-task
DNN model based on time information. Then, we
demonstrate the effectiveness of the proposed swit-
ching model through experiments.

The contents of this study are as follows. Section II
describes related work. Section III summarizes our approach,
the DNN switching technique for an autonomous driving
system. Section IV presents the experimental results for
research questions. Section V concludes with the limitations
and future research directions.

Il. RELATED WORK

Driven by the remarkable advances of DNNs, several
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DNN models have been proposed as object detectors in
autonomous driving systems. For state-of-the-art object
detection models, we refer to survey [l], including
discussions on baselines RetinaNet [3] and YOLOV3 [4]
used in this study.

In order to improve the performance of the DNN models
for an autonomous driving system, efforts have been
made to make the dataset bigger and more diverse. Most
of the available autonomous data so far consists of
images of sunny or clear days, but models trained on
clear daylight conditions cannot generalize well in bad
weather. Therefore, autonomous driving datasets should
cover driving images in diverse weather conditions and at
different time-of-the-day.

Recently, the GAN-based style transformation [9, 10]
has been actively used to augment training data of diverse
weather and time. Zhang et al. [9] synthesized driving
scenes with various weather conditions, and developed a
metamorphic testing module for DNN-based autonomous
driving systems. It transforms data into a sunny-to-snowy
style, sunny-to-rainy style. Ostankovich et al. [10] propose
a cycleGAN-based augmentation approach to help solve
segmentation and detection problems occurring at
nighttime. GAN-based domain adaption is also applied
for virtual-to-real and real-to-virtual driving scenes [11,
12]. SG-GAN [11] is designed to automatically convert
an unrealistic virtual-world scene to a realistic scene by
employing a new soft gradient-sensitive loss and a
semantic-aware discriminator. DUdrive [12] employs an
unsupervised network to transform real driving images
into simpler virtual images, and utilizes the virtual image
to improve autonomous driving system quality.

Our work is orthogonal to both modeling and data
generation efforts, discussed above, by examining and
detecting whether the dataset is too diverse for training
purposes, or, whether CoM holds, then aggregating mono-
task models to overcome such challenges.

lll. METHODOLOGY

In this work, we study problems where the subset of
each mono-task model specializes, which we denote as
“subdata” that can be automatically identified: in our
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Fig. 1. Example of BDD images.

problem, it is possible to distinguish between night and
day through time information and the value of the
illuminance sensor.

Fig. 1 shows examples of driving images at different
times such as daytime, dawn/dusk and night, provided by
the BDD100k dataset [8]. Day and night driving images
can be easily distinguished. However, in the case of
dawn/dusk, the distinction is a little vague even with the
human eye; sometimes, they may be perceived as daytime
or night images. Thus, we do not consider such ambiguous
images in generating mono-task models.

Let D be the full dataset on which the object detection
model will be trained. Then, we divide the set D into
D yiime» Dyign» and D,,., where each represents daytime
data, nighttime data, and the data that is vague to
distinguish whether it is daytime or nighttime. Then,
these three subsets are all disjoint.

D = {$|$ € Ddaytime or Dnight or Deta} (1)

(b = Ddaytime N Dnight N Detc. (2)

Fig. 2 illustrates the overview of our approach. Excluding
the vague data, we create two mono-task models, M,
and M, independently trained model instances for each
subdata, D . and D,,,,. Note that these subspecialized
mono-task models, M, and M,,,, share the same
model architecture as the original multi-task model, M,,;:
they are just trained using different subsets of the original
training data. Intuitively, we can consider the mono-task
model to perform particularly better in smaller subtasks,
rather than performing well in general. Therefore, if it is
determined that it is definitely day or nighttime, it is
advantageous for accuracy to make inferences by switching
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Fig. 2. Overview of our approach.

to a specialized mono-task model at day or nighttime
rather than using a multi-task model trained using the
entire data.

Note that our approach still requires the traditional
multi-task model, M,,. We keep a multi-task model, for
ambiguous boundary cases, such as dawn/dusk images in
Fig. 2, where M, is better. Based on this concept, the
DNN model switching is repeated in the order of M,
Mdayﬁme’ Mall’ and Mn[ghr per day

Not surprisingly, this type of switching incurs additional
memory overhead for maintaining multiple models.
However, in a safety-critical system such as autonomous
driving, accuracy is typically considered more critical
over such an overhead.

IV. EMPIRICAL STUDY

We follow the empirical setup [7] to compare multi-
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Table 2. Number of images in the BDD dataset

Switching DNN for Autonomous Driving System

Table 3. mAP of mono-task models, compared with M,, (unit: %)

Training data Validation data

Daytime 36,800 5,258
Nighttime 28,028 3,929
Dawn/Dusk 5,033 1,788
Unknown 139 35

Total 70,000 10,000

task and mono-task models (Section IV-A), for validating
CoM (Section IV-B) and overcoming such a curse
(Section IV-C).

A. Setup

For dataset, we use BDD [8], which consists of 70,000
training data and 10,000 validation data. We chose the
BDD dataset because it provides a large number of
nighttime driving images, compared to other datasets
where daytime driving images are dominant.

Table 2 shows the statistics of this dataset, where we
consider two major categories, Daytime and Nighttime,
and treat the rest as “etc”.

For object detection models, we use YOLOV3 (https://
github.com/qqwweee/keras-yolo3) and RetinaNet (https://
github.com/fizyr/keras-retinanet), both on keras, to share
common components. Training DNN models for auto-
nomous systems is usually a very expensive task. For this
reason, we have only covered those two models, of the
mainstream object detection models, in this experiment.
We are cautiously anticipating that the results would be
similar if other models were used.

The training was conducted on GeForce RTX 2080
GPU and intel 17-9700 CPU hardware specifications. As
a learning parameter, the batch size was set at 32 and a
maximum of 100 epochs was performed. For accuracy
metrics, we follow the convention of object detection, to
adopt mean average precision (mAP), comparing the
ground-truth bounding box to the detected box and
returns a score over 0 to 1.

B. RQ1: Does CoM hold?

For each DNN, we generated three trained models, one
multi-task model, Mall, and two mono-task models, M,,,
and M,,,;,. The multi-task model, M,, is trained using all
of the 70,000 training images in Table 2. The mono-task
models, M,,, and M,,,,, are trained only on daytime and
nighttime subsets in Table 2. For Mall training, it took
about a week in our experimental environment, and M,,,
and M,,,;, took less than that.

The comparison of object recognition accuracy was
performed using the validation data in Table 2. Table 3
shows the mAP scores of mono-task models (M, and

Yu-Seung Ma et al.

Validation data

DNN model

Daytime Nighttime All
YOLOV3
My, 24.60 18.11 22.85
M, 17.41 22.93 19.15
\Y 22.88 22.49 22.87
RetinaNet
M, 29.33 19.18 26.62
Y e 21.63 24.30 22.32
M., 27.56 23.44 26.81

M,,) compared with M. For the 5,258 daytime
validation data, M, showed the highest mAP value, and
for the 3,928 nighttime validation data, M,,,;, showed the
highest performance.

These results confirm the CoM—that is, M, is
outperformed by M,,, and M, in daytime and nighttime
instances, respectively. Not surprisingly, M,,, and M,
cannot generalize to untrained scenario of nighttime and
daytime instances, respectively.

The last “all” column of Table 3 shows the mAP values
using a total of 10,000 validation data including all images
such as daytime, nighttime, dawn/dusk, and unknown.
For all data, M,; shows the highest mAP value. However,
it only means that the M, model works fine on average.
Experimental results suggest using M,,, and M, for day
and night, respectively, and the M, in other situations.
These findings were consistent for both YOLOv3 and
RetinaNet models.

C. RQ2: Can we overcome CoM?

Our goal is to outperform M, by switching between
mono-task models without CoM. From now on, we call
the model set by our switching approach as M,

Table 4 compares the mAP values of the existing
method, M, and our proposed method, M,,,,.,. The upper
“All data” row represents the mAP values using the
10,000 BDD validation data. It shows our proposed
model M., achieves mAP scores of 24.15 and 27.74 for
YOLOV3 and RetinaNet, to outperform state-of-the-arts
with 22.87 and 26.81.

We also categorize the results by object types. The
BDD data consists of a total of 10 object categories such
as bike and bus. For all object types, M,,,., showed
higher object detection performance than Mall in most
cases. In Table 4, the number in parentheses on the right
of the object type name means the number of ground-
truth objects of the corresponding type. Among the 10
object types, only four types (car, person, traffic light,
and traffic sign) contain more than 10,000 objects. In the
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Table 4. mAP of our approach, M,,,,,.,, compared with M, (unit: %)

YOLOV3 RetinaNet
M{l” Mswitch Mll” Mswitch
All data 2287 2415 2681 2774
bike (1,007) 1750 1645 2071 2178
bus (1,597) 3107 3268  17.16  18.10
car (102,540) 4709  47.63  64.03  64.36
motor (452) 1037 13.94 8.04 9.32
person (13,265) 2449 2659 4340  43.62
rider (649) 1448 1699  20.58  24.40
traffic light (26,891)  21.65  22.93  22.12  22.63
traffic sign (34,915)  30.57 3105 3547  36.24
train (15) 0.00 0.00 0.00 0.00
truck (4,247) 3150 3327 3660 37.00

case of “train” object type, the training and validation
data was so small that no objects were detected with both
M, and M., Although Yolov3 showed a different
result for the “bike” type, it is considered that the number
of objects to be detected is only about 1,000, which is
difficult to generalize. For object types that contain a
sufficient number of objects, more than 10,000, M,,,.,
undoubtedly outperformed M, in mAP values.

Fig. 3 shows qualitative comparisons of M, and
M,, from object-detection results, one taken in late
afternoon image, and another at night. For example, for a
nighttime image, M, picks M,,,,, which can identify

cars with light reflections in the dark, while Mall fails to
do so. Similarly, for daytime, M, selecting M,,,, captures
two people, while M, fails to capture the person (on the
right) due to darker clothing. This confirms the findings
in Table 3, where specialized models for day/time is more
effective, such that M,,;.,, by switching between the two,
can outperform M, in Table 4.

Fig. 4 shows precision-recall curves of object types—
car and traffic signs. We chose these two object types
because they contain the largest number of objects in the
BDD dataset. Specifically, Fig. 4(a)-4(b) reports the
curves for car and traffic signs at nighttime, respectively,
and Fig. 4(c)—4(d) for daytime. For both types, we can
see clear trends that specialized models, represented in
green line trained with night data, perform the best for
nighttime instances (Fig. 4(a) and 4(b)), while the orange
line performs best for daytime instances (Fig. 4(c) and
4(d)), and outperforms multi-task models. Meanwhile,
daytime images have a negative training impact (or,
CoM) for nighttime instances, and vice versa, performs
the worst. In contrast, M,,,., in Fig. 4(e)-4(f) can avoid
such negative effects

V. CONCLUSION AND FUTURE DIRECTIONS

In this paper, we validated CoM in automonomous
driving, and showed the effectiveness of switching mono-
task models.

To further improve effectiveness, we suggest the
following research questions as future directions. First, to
improve mono-task models, we may distill knowledge
between such models, as found effective in multi-

Mswitch

Mau

Nighttime

Daytime

Fig. 3. Qualitative Results for M, .., and M.
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Fig. 4. Precision-recall graph. (a) (b) (c) (d) (e) (f).

linguality [13]. Second, deciding which mono-task model
to switch to is trivial in BDD100k dataset, analogous to
the setting of PackNet [14] in continual learning, where
input-task is labelled. In other datasets, such information
can be missing in testing data, for which we can add a
classifier to inform on the model to use, as done by
StackNet [15] in continual learning. Lastly, we did not
study whether dividing into two tasks, daytime and
nighttime, is optimal. Deciding how many models to
divide, considering also a possibility of transfer learning
between models, is a promising future direction.
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