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Abstract—Being able to detect dangerous road behaviours is
a crucial part of improving autonomous vehicle technologies.
Moreover, accurately detecting vehicle collisions is of significant
interest to public safety institutions and insurance companies.
One data source of traffic incidents comes from dashcam footage.
Previous work surrounding the analysis of detection and localization of such incidents is found in work on the Detection of
Traffic Anomaly (DoTA) dataset. In this paper, we apply a twostream neural network based on the YOWO (You Only Watch
Once) architecture, to classify and localize incidents within the
DoTA dataset. Modifications to the architecture include adding
a classification head and developing a custom loss function to
accommodate the joint task of bounding box regression, bounding
box classification, and anomaly classification. After tuning the
model by experimenting with different 2D and 3D backbones
and tuning the loss function, it is found that the modified YOWO
network can correctly detect and classify anomalies in DoTA
about 50% of the time, though it is still premature for real-world
deployment.
Index Terms—anomaly detection, computer vision, deep learning, localization

I. I NTRODUCTION
Being able to detect risky road behaviour is an important
step in the mitigation of vehicle collisions and other road
accidents. For example, drivers demonstrating reckless driving
or near-misses may be helped by additional road training to
correct behaviours and prevent future collisions. Knowledge
of particular risky driving maneuvers, such as swerving and
tailgating are of significant importance for developing robust
autonomous vehicle technologies. Additionally, it can also be
of use for other industries. For example, insurance companies
can use this information for better underwriting and pricing
auto insurance policies, thus allowing them to be more selective of risks and fairer in their determination of premiums.
One tool to achieve this is the dashcam; a continuously
recording front-facing camera aimed out the windshield of a
car. Footage from these cameras have been used to determine
the at-fault party in accidents, and as of more recently are
being used as part of risk-mitigation programs for commercial
fleets. Fleet managers use these tools to ensure compliance
of road safety and to discover drivers in need of additional
training [3].
* The authors have contributed equally to this work.

TABLE I
T HE NINE TYPES OF ANOMALIES IN THE D OTA DATASET. T HE DATASET IS
DOWNLOADED FROM YOU T UBE AND THEREFORE SOME OF THE VIDEOS
ARE UNAVAILABLE . W E SHOW THE NUMBER OF VIDEOS IN THE ORIGINAL
DATASET AND OUR VERSION IN THE FINAL COLUMN .
Anom. ID
1
2
3
4
5
6
7
8
9

Description of Anomaly
Collision w/ vehicle which starts, stops, or is stationary
Collision w/ vehicle moving ahead or waiting
Collision w/ vehicle moving laterally
Collision w/ another oncoming vehicle
Collision w/ turning vehicle
Collision between vehicle and pedestrian
Collision w/ an obstacle
Leaving the roadway
Unknown

# of Videos in OG / Ours
95 / 89
663 / 601
726 / 618
477 / 427
1696 / 1506
100 / 92
95 / 53
732 / 459
92 / 55

However making use of large quantities of dashcam footage
is difficult in a manual fashion. For example, a salaried professional would need to watch through hundreds of thousands of
hours of video to pinpoint where risks happen and what those
risks are. A more tractable approach is to harness techniques
from computer vision to produce an artificially intelligent
system which looks at all the videos and automatically detects
the frame or set of frames involving a hazard and classifies
the type of risk and localizes the subjects of the risk.
II. M ETHOD
A. Dataset
The Detection of Traffic Anomaly (DoTA) dataset [10] is a
benchmark dataset used for video anomaly detection. It uses a
where-what-when labelling scheme, where the objective is to
detect, localize, and recognize traffic incidents or anomalies.
The dataset contains 4,677 videos (731,932 frames) at 10
frames per second (fps) with 1280x720 resolution. The dataset
is collected from YouTube and has 9 anomaly classes (see
TABLE II
T HE OBJECT DISTRIBUTION IN THE D OTA DATASET.
Object ID
1
2
3
4
5
6
7

Description of Object
Person
Rider
Car
Bus
Truck
Bike
Motorcycle

# of Occurrences in Train + Val set
61+31
284+111
2978+1264
55+41
375+160
29+13
243+88

Fig. 1. Our modified version of the YOWO architecture. Our modification
is the addition of the fully connected (FC) layer which predicts an anomaly
classification along with the bounding box predictions.

Table 1). Every frame is either labelled as an anomaly or a
non-anomalous frame. The anomalous frames have two types
of labels (i) bounding boxes of each object in the anomaly
with corresponding object category labels and (ii) the anomaly
class. Therefore, the task of the network is to predict whether
the frame is anomalous, and if it is, detect the objects involved
in the incident and also classify the anomaly. The dataset has
a diverse range of scenes and the number of examples per
class vary significantly, which makes it a challenging task.
For example, the smallest class (9: Unknown) has 92 videos
while the largest class (5: Collision with another vehicle which
turns into or crosses a road) has 1696.
B. Model
The network architecture we chose for this problem is
YOWO [7] (You Only Watch Once). While there are many
video-detection architectures we could have selected, this
architecture was chosen because (i) it is efficient due to the
number of parameters and FLOPS [7], (ii) it is a two-stream
model, allowing us to perform ablation studies on the various
backbones, and (iii) the code is open-source and written in the
most popular deep learning framework, PyTorch.
The default YOWO architecture (see Fig. 1) is a modular
architecture designed for action detection in video. YOWO
has three main components: (i) the 3D CNN backbone, (ii)
the 2D CNN backbone, and (iii) the Channel Fusion and
Attention Module (CFAM). The 3D CNN backbone takes as
input 16 frames from a video and the 2D CNN backbone
takes in the current frame as input. Both networks output a
feature representation with the same spatial size, with the 3D
CNN output having the temporal dimension average pooled.
The CFAM module takes both representations as input and
performs a channel-wise attention between them. The model
uses both a 3D and 2D input to allow for the network to
learn to use both motion and appearance visual information
in each stream. The CFAM module then allows for a global
comparison of these features along the channel dimension to
determine which features are required for the final bounding
box predictions.
The output of the network uses anchor boxes to determine
the final bounding box predictions. Anchor boxes are pre-

Fig. 2. Experimenting with various 3D CNN backbones for YOWO. The
smallest model, ShuffleNet2-v2, results in the best F-score.

computed bounding boxes (i.e., a height and a width), which
are copied many times over the entire image. Bounding box
proposals are obtained from the final feature representation of
the YOWO model. Non-maximum suppression is applied to
remove noisy or duplicate bounding boxes from the proposals.
The remaining boxes are then compared (i.e., overlap) with all
of the anchor boxes and only the ones with the most overlap
are kept as the final prediction.
Architectural modifications: The first architectural modification is replacing the backbone networks with ones pre-trained
on more similar tasks as ours (traffic incident detection). The
default architecture uses a DarkNet [1] trained on PASCALVOC [5] for the 2D CNN and a ResNeXt-101 [9] trained
on Kinetics400 [2] for the 3D CNN. PASCAL-VOC has
some classes relating to vehicles (e.g., the classes bus, car,
and motorbike), however none of the images are taken from
the dashcam of a car, which is a significantly different data
distribution than photos taken with handheld cameras. For this
reason, we experimented with various 2D CNN backbones
trained on the CityScapes [4] dataset for semantic segmentation, which is a large ego-centric driving dataset with pixellevel labels for 30 classes. The intuition is that this pre-trained
backbone should result in better performance than using the
PASCAL-VOC trained backbone.
The second architectural modification was made to accommodate the types of labels found in the DoTA dataset.
As mentioned previously, each anomalous frame in DoTA
has both object detection labels and a frame-level accident
classification label. The YOWO network however only predicts detections and does not have the capability to predict
frame-wise classifications. To solve this issue, we designed
an additional accident classification head, which takes the
H
×W
network features as input (which are of shape B ×C × 32
32 )
and globally pools the spatial dimensions to obtain a vector.
This vector is then passed to a fully connected layer which
then classifies the accident (i.e., its output feature is the same
size as the number of anomalies, 11).
Loss Function: Our modified YOWO architecture outputs two
predictions, a bounding box regression / classification and an
anomaly (i.e., accident) classification. To this end, we use the
original loss used in YOWO [7], Lbox , with an added anomaly

Fig. 3. Qualitative examples of our final model. We show successful (left) and unsuccessful (right) detection. The groundtruth and prediction are labelled in
green and red, respectively.

classification loss, Lanom . Our total loss function is:
Ltot = Lbox + λLanom ,

(1)

where Lanom is a standard multi-class cross entropy loss and
λ is a weighting hyperparameter (see Sec III-D for ablations
of this value).
III. R ESULTS AND D ISCUSSION
A. Implementation Details
Throughout the experiments, we train all models with the
same hyperparameters unless otherwise specified and used
the same augmentations as in the YOWO paper [7]. More
specifically, we train with 16 frames at a sampling rate of 1
and a batch size of 48. During training, images were scaled to a
size of 268 and then randomly cropped to a size of 224x224.
During testing, images were rescaled to a size of 224x224.
All models were trained for 200 epochs unless otherwise
stated with a learning rate of 10−3 which decays by a factor
of 0.5 every 20 epochs. We used the Adam optimizer with
momentum of 0.9 and weight decay L2 of 10−4 . All models
were trained on a cluster with four NVIDIA Tesla T4 GPUs
and 32 CPUs and took approximately 24 hours to complete.
B. Evaluation of 3D Backbones
We first determine the best 3D backbone to use in the
motion stream of the YOWO architecture. We compare four
different backbones (listed by increasing number of parameters): ShuffleNet2-v2 [8], ResNet-18 [6], ResNet-50, and
ResNext-101. The results from this experiment are shown in
Fig. 2. Notably, the smallest model (ShuffleNet2-v2) achieves
the best F-score. This could be because the dataset is relatively
small, and therefore a network with lower capacity may overfit

less to the training data. The anomaly classification accuracy
was 39.4% for ShuffleNet2-v2 and 39.5% for 3D-ResNet18,
however, we choose ShuffleNet2-v2 because the performance
difference is greater when considering the F-score (see Fig. 2).
C. Evaluation of 2D Backbones
In this experiment, we aim to see whether replacing the
2D backbones (i.e., appearance stream) with different architectures and/or pre-training strategies can benefit the YOWO
model’s final performance. Figure 4 shows the results, in terms
of F-score and anomaly classification accuracy, of YOWO
with various 2D backbones. Here, ‘Frozen’ and ‘Unfrozen’
refer to the weights of the backbone being optimized during
training or kept as the initialization weights. Note that all
models are trained on the CityScapes [4] dataset, except for
Darknet, which is trained on PASCAL VOC [5]. The results
in Fig. 4 show that Darknet results in the best F-score, while
all models obtain similar performance in terms of the anomaly
classification accuracy.
D. Anomaly Cross Entropy Weighting
The output of the model is penalized with a bounding box
and classification loss for objects, and a cross entropy loss for
the anomaly taking place in the video. Given that the losses
are on different scales (e.g., the bounding box loss is between
10-300 while the cross entropy loss is between 0.5 − 4) we
place a weighting parameter, lambda, on the cross entropy loss.
We run an ablation study with λ = {0.1, 0.5, 1, 5, 10}. We
look at both the anomaly classification accuracy and bounding
box loss to ensure that we are not sacrificing object detection
performance for anomaly classification performance. From
Fig. 5, we conclude that a lambda value of 5 gives the optimal

Fig. 4. YOWO performance in terms of F-score (left) and anomaly classification accuracy (right) with the appearance backbone replaced with various 2D
CNN models. Darknet results in the best overall performance.

successful for these anomalies (see Fig. 3, bottom-left) and
gets an anomaly classification score on Class ID 3: ‘Laterally
Hit’ of 35.9% and Class ID 5: ‘Collision with Turning Vehicle’
of 70.8%. However, there are specific scenarios where our
model struggles. More specifically, it has difficulty detecting
objects of interest that are far away from the driving vehicle,
as well as more rare classes such as Class ID 6: ‘Collision with
Pedestrian’ for which an accuracy of only 5.9% is obtained.
Resolving these issues is left as a major focus for future work.
IV. L IMITATIONS AND B EST P RACTICES
Fig. 5. Ablating the anomaly classification weighting hyperparameter, λ. Our
results show λ = 5 as the best candidate.

trade-off between these two metrics, and so we use this value
used in all remaining experiments.
E. Final Model Performance
Given the results from the previous experiments, we now
show the results for the final model. Table III shows the final
per-class results in terms of anomaly classification accuracy.
The anomaly classification accuracy for this model is 48.3%
while the average object detection F-score achieved is 53.6%.
These scores suggest that, while the model can correctly detect
and classify anomalies about half the time, it is still premature
for anything close to real-world deployment. We can also see
the effect of the uneven data distribution in the class ID’s
TABLE III
P ER - CLASS ANOMALY CLASSIFICATION ACCURACY ON THE D OTA
VALIDATION SET.
Class ID
Accuracy

1
0.0

2
51.4

3
35.9

4
34.4

5
70.8

6
5.9

7
0.0

8
16.7

9
20.3

Average
48.3

Qualitative examples of our final model are shown in Fig. 3.
The model is capable of impressive detections in multiple
weather conditions. Our model seems to perform well on
common accident types. The most common occurring anomaly
types involve being hit from the side and our model often is

This study involved a number of technical challenges. One
pervasive difficulty is that of overfitting, where the model
performs well on the training set but poorly on the test set. A
cause of this is the limited size of the DoTA dataset, which
was further diminished due to about 2000 of the clips being
removed from YouTube and therefore not accessible to the
authors.
Overfitting issues were not overcome due to time and
computational resource constraints. Limits on resources made
it such that a full-fledged hyperparameter search could not
be run, and the authors had to use judgement to determine
a sequence of experiments and only tune a portion of the
potential variables. Thus, experimenting with backbones with
fewer parameters and account for overfitting is left for future
work.
While the scope of this study was to determine the key
subjects and type of anomaly conditional on there being an
anomaly, one important step for future work is to determine
which clips do contain anomalies and which do not. This
would be beneficial for applications in which the user wishes
to identify and focus on traffic accidents and discard regular
driving.
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