
JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 1

Fast Wrong-way Cycling Detection in CCTV
Videos: Sparse Sampling is All You Need
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Abstract—Effective monitoring of unusual transportation be-
haviors, such as wrong-way cycling (i.e., riding a bicycle or e-
bike against designated traffic flow), is crucial for optimizing
law enforcement deployment and traffic planning. However,
accurately recording all wrong-way cycling events is both unnec-
essary and infeasible in resource-constrained environments, as it
requires high-resolution cameras for evidence collection and event
detection. To address this challenge, we propose WWC-Predictor,
a novel method for efficiently estimating the wrong-way cycling
ratio, defined as the proportion of wrong-way cycling events
relative to the total number of cycling movements over a given
time period. The core innovation of our method lies in accurately
detecting wrong-way cycling events in sparsely sampled frames
using a light-weight detector, then estimating the overall ratio
using an autoregressive moving average model. To evaluate the
effectiveness of our method, we construct a benchmark dataset
consisting of 35 minutes of video sequences with minute-level
annotations. Our method achieves an average error rate of a
mere 1.475% while consuming only 19.12% GPU time required
by conventional tracking methods, validating its effectiveness in
estimating the wrong-way cycling ratio.

Index Terms—Wrong-way cycling, video analysis, tracking.

I. INTRODUCTION

Wrong-way cycling refers to the behavior of riding a bicycle
or e-bike in the opposite direction of the designated traffic flow.
This behavior is a serious violation that significantly increases
the risk of collisions, posing safety risks for both cyclists and
other road users. While robust enforcement systems exist for
motor vehicle violations, they typically rely on high-resolution
CCTV cameras and significant computational resources for
license plate recognition and violation evidence collection [1],
[2]. The high cost and resource intensity of such systems
restricts their widespread deployment for monitoring non-
motorized transport effectively.

Given these constraints, our focus shifts from identifying
and penalizing individual offenders to a macro-level safety
management and transport system design. Specifically, we
focus on a key metric: the wrong-way cycling ratio, i.e.,
the proportion of wrong-way cycling instances relative to the
total number of cycling movements over a given time period.
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This ratio is crucial for assessing area-specific safety levels,
identifying hotspots that require targeted interventions, and
providing vital data for urban planning and safety optimiza-
tion. The primary need, therefore, is to develop an efficient
and scalable method to calculate this ratio across entire road
networks, leveraging the resource-constrained CCTV feeds
already widely deployed for general traffic observation.

To address this need, we propose the Wrong-Way Cycling
Predictor (WWC-Predictor), a lightweight method designed
to efficiently estimate wrong-way cycling ratio using signif-
icantly fewer frames and less computational resources. This
is achieved through sparse sampling supported by a Two-
Frame WWC Detector, which precisely extracts orientation-
based counts from each pair of frames. To mitigate orientation
errors caused by detection in sparse sampling (e.g., occlusion
ambiguities), we introduce an ensemble method to cross-
validate the cycling orientations detected in each pair of
frames. Subsequently, a temporal WWC estimator applies an
ARMA model to convert validated frame-level counts into a
video-level wrong-way cycling ratio. The extreme lightweight
design enables real-time inference on edge devices while
maintaining robust estimation.

To evaluate our method, and to foster future research on
this task, we construct a benchmark containing 405 annotated
images for non-motor vehicle detection task, 1199 images for
orientation estimation task, and 4 fully annotated CCTV videos
(35 minutes in total) for end-to-end validation. The evaluation
result on our benchmark demonstrates that WWC-Predictor
achieves accuracy comparable to conventional tracking-based
methods while requiring 6-10 times fewer frames and 4-6
times less computational resources, confirming the effective-
ness of our method.

In summary, the contribution of our work includes
• a two-frame wrong-way cycling detector, which ro-

bustly detects orientations of non-motor vehicles in each
sparsely sampled frame pair,

• a temporal wrong-way cycling estimator, which forecasts
video-level wrong-way cycling ratios utilizing ARMA
time-series model, and

• a benchmark dedicated to the wrong-way cycling ratio
estimation task.

II. RELATED WORK

A. Detection of Wrong-way Incidents

Wrong-way driving represents a closely related area that
has garnered significant attention. Current studies [3]–[8] have
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developed frameworks for the detection of wrong-way driving
in CCTV footage. These frameworks employ a variety of
multi-object tracking (MOT) methods, including FastMOT [9],
DeepSORT [10], Kalman filter [11] and centroid tracking [6],
to analyze vehicular movements. However, these MOT meth-
ods, especially those not based on detection [12]–[14], require
a substantial amount of labeled video data for recognizing the
same instances across different frames, and annotating those
videos is both time-consuming and costly; contemporary open
vocabulary models [15], [16] are also not readily applicable
in such specialized domains.

The approach detailed in [3], which utilizes FastMOT,
segments video footage into one-minute intervals. This seg-
mentation allows for the precise identification of vehicle start
and end points through tracking models, with subsequent post-
processing to determine vehicle orientation. Contrarily, other
strategies involve analyzing entire video sequences, employ-
ing detection-based methods followed by post-processing to
ascertain the direction of travel. Suttiponpisarn et al. [7],
[17] developed a system utilizing YOLOv4-tiny [18] to detect
object and DeepSORT tracking to track vehicles, in which two
main algorithms called Road Lane Boundary detection from
CCTV algorithm (RLB-CCTV) and Majority-Based Correct
Direction Detection algorithm (MBCDD) are designed and
improved to consume less computational time. Choudhari et
al. [19] introduced a continuous tracking method for moni-
toring the direction of motorbikes, comparing it against the
expected direction of the lane. If the tracked orientation of a
motorbike is contrary to the lane direction for at least 80%
of the observed time, it is identified as wrong-way riding.
In essence, the prevailing strategies for detecting wrong-
way incidents predominantly rely on tracking methods. While
effective, these methods are computationally intensive [5], [7],
often requiring significant GPU resources [2], [3] and process-
ing time [6], which becomes particularly challenging when
analyzing extensive CCTV footage from multiple cameras.
This computational burden represents a critical limitation in
real-world deployments and underscores the need for more
efficient approaches that can maintain acceptable accuracy
while reducing resource requirements.

It is also popular to utilize GPS information to detect wrong-
way cycling. Gu et al. [20] proposed BikeMate, a ubiqui-
tous bicycling behavior monitoring system with smartphones.
Hayashi et al. [21] presented a mobile system that performed
vision-based scene analysis to detect potentially dangerous
cycling behavior including wrong-way cycling. Dhakal et al.
[22] used data collected from a smartphone application to
explain wrong-way riding behavior of cyclists on one-way
segments to help better identify the demographic and network
factors influencing the wrong-way riding decision making.

B. Orientation Detection

Originally, detecting the orientation of non-motor vehicles
in videos poses a dynamic challenge. However, within our
sparse analysis framework, this issue transitions into a more
static scenario, prompting us to delve into orientation detection
within still images. Although direct analogues—tasks with an

image input leading to an orientation output—are scarce, there
exists a foundation of architectures addressing orientation
in various contexts. Historically, orientation challenges have
often manifested within the realm of oriented object detection
[23]–[25]. This methodology aims not only to delineate the
object with a bounding box but also to ascertain its orienta-
tion, thereby enhancing the precision of detection beyond the
capabilities of conventional object detection techniques.

A novel contribution to this field is introduced by Yu et al.
[26] through the development of a differentiable angle coder,
termed the phase-shifting coder (PSC). This innovative ap-
proach tackles the issue of orientation cyclicity by translating
the rotational periodicity across various cycles into the phase
of differing frequencies, effectively addressing the rotation
continuity problem. In our project, we incorporate the PSC
to aid in resolving the challenges associated with orientation
detection, leveraging its advanced capability to understand and
quantify orientation within images accurately.

C. Mathematical Modeling of Traffic Flow

Given our focus on sparse time sequences, it is essential
to establish connections among these sequences rather than
treating them as isolated samples. The modeling of traffic flow
serves as a pertinent example of this approach.

Tian et al. [27] suggested modeling the frequency compo-
nents of network traffic using the ARMA model, illustrating
a method to grasp the temporal dynamics in data. Similarly,
Peng et al. [28] introduced an ARIMA-SVM combined pre-
diction model to forecast urban short-term traffic flow, demon-
strating the efficacy of integrating traditional statistical models
with machine learning techniques for enhanced predictive
accuracy. These methodologies underscore the significance of
training models on a set of pre-measured network traffic data,
enabling the ARMA or ARIMA-SVM models to capture the
intrinsic characteristics of traffic flows and, subsequently, to
forecast network traffic effectively.

Recent advances in Graph Signal Processing (GSP) have
demonstrated significant potential for video analysis [29].
Fundamental to GSP is the extension of traditional signal
processing concepts to irregular domains [30], with ARMA
graph filters [31] providing a particularly relevant framework
for our work. These techniques model signals evolving over
graph structures, where temporal dynamics can be represented
as graph signals along time-vertices [32], and ARMA graph
filters capture recursive relationships in signal evolution [31].
While our immediate application focuses on single-camera
traffic flow, the GSP perspective offers pathways for future
extension to multi-camera networks using graph-based fusion.

In our analysis, although prediction is not our primary
aim, we employ ARMA model to distill specific features that
elucidate the relationships among samples.

III. METHOD OVERVIEW

Taking a raw video V as input, our method predicts the
wrong-way cycling ratio through two integrated stages: the
sparse detection and the temporal estimation. In the sparse
detection stage, we uniformly sample V at fixed intervals
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Fig. 1. (a): Overview of Two-Frame Wrong-Way Cycling Detector, which consists of a detection model, an appearance-based orientation model and an
And-strategy (shown as & on the figure). (b): Training and inference pipeline of our proposed appearance-based orientation estimation model.

Tgap to generate sequential frame pairs S = fS0;S1; : : :g,
where each pair Sk consists of two consecutive frames. Each
pair Sk is processed by our two-frame wrong-way cycling
detector, which produces sparse time-stamped counts of right-
way cycling events DRk and wrong-way cycling events DWk . In
the temporal estimation stage, the sparse detection results serve
as input to our temporal wrong-way cycling ratio estimator,
which models the number of events across the entire time
period using an autoregressive moving average model to
estimate the wrong-way cycling ratio. This two-stage design
enables efficient processing by combining targeted detection
at key frames with statistical modeling for comprehensive
temporal coverage.

IV. TWO-FRAME WRONG-WAY CYCLING DETECTOR

Given a two-frame pair Sk = (f1
k ; f

2
k ) from video V , our

two-frame wrong-way cycling detector determines vehicle ori-
entations and classifies right-way/wrong-way cycling instances
through a three-stage pipeline. As illustrated in Figure 1,
our method integrates: 1) motion-based orientation estimation,
which analyzes inter-frame object displacement to infer travel
direction, 2) appearance-based orientation estimation, which
leverages deep learning to predict orientation from vehicle
appearance, and 3) ensemble validation, which cross-validates
predictions from both methods to ensure robust classification.

A. Motion-Based Orientation Estimation
The motion-based orientation estimation method determines

vehicle travel direction by analyzing displacement between
consecutive frames. This process involves three steps: vehicle
detection, vehicle matching, and orientation calculation.

Vehicle Detection. The first step detects non-motor vehicles
in each frame pair Sk through a detection model, which
generates bounding box sets B1 = D(f1

k ) and B2 = D(f2
k )

for each pair. Here, D(�) represents the detection function
applied to frames, and we employ YOLOv5 [33] due to its
proven industrial efficacy in real-time object recognition.

Vehicle Matching. To establish correspondences between
detected vehicles across paired frames, we compute a similar-
ity matrix using Intersection-over-Union (IoU) metrics. The

function FIoU generates XIoU 2 R|B1|×|B2| where each ele-
ment Xi;j

IoU quantifies spatial overlap between detected boxes.
To exclude stationary objects, we apply a threshold mask:

XIoU = XIoU � (XIoU < IoUmax);

where IoUmax = 0:98 excludes high-overlap matches
that likely represent stationary objects. The optimal bipar-
tite matching is then obtained using the Hungarian algo-
rithm H(�), which produces matched index pairs Lmatch =
f(i1; j1); (i2; j2); : : :g.

Orientation Calculation. For each valid match (i; j) in
Lmatch, we compute the geometric orientation by analyzing
the displacement vector between frame centroids:

Odet = arctan(Cen(Bj
2)�Cen(Bi

1));

where Cen(�) denotes the centroid of a bounding box.

B. Appearance-Based Orientation Estimation

While motion-based estimation provides reliable orientation
cues from inter-frame displacement, it may fail in scenarios
with insufficient movement, occlusion, or ambiguous trajecto-
ries. To address these limitations, we introduce an appearance-
based orientation estimation model that predicts vehicle direc-
tion directly from visual appearance.

Figure 1 illustrates the architecture of our appearance-based
orientation estimation model, which takes an image of vehicle
as input, and output its facing orientation. Since the model
output a continuous and periodic variable, we applied Phase-
Shifting Coder (PSC) [26] to transform the discontinuous
degree system into continuous m-dimension vector. The PSC
works as follows:

Encoding:

xi = cos

�
’+

2i�

m

�
; i = 1; 2; : : : ;m: (1)

Decoding:

’ = � arctan

Pm
i=1 xi sin( 2i�

m )Pm
i=1 xi cos( 2i�

m )
: (2)

In our work, we set m as 3, which strikes a good balance
between representation accuracy and computational efficiency.
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Algorithm 1 Two-Frame Wrong-Way Cycling Detector
Require: whole video V , right-way orientation Oright

1: Sparse sampling: S = fS0;S1; : : :g from V , where each
Sk = (f1

k ; f
2
k ) is a pair of consecutive frames

2: for (f1
k ; f

2
k ) in S do

3: Apply detection model: B1  D(f1
k ), B2  D(f2

k )
4: Compute IoU: Xiou  Fiou(B1;B2)
5: Xiou  (Xiou < IoUmax) �Xiou

6: Apply Hungarian algorithm: Lmatch  H(Xiou)
7: for i; j in Lmatch do
8: Compute orientation in two methods:
9: Odet  Orient(Cen(Bi

1);Cen(Bj
2))

10: Omodel  Ave(Fo(B
i
1; f

1
k );Fo(B

j
2; f

2
k ))

11: Pick out valid instances:
12: if AndStrategy(Odet; Omodel) then
13: OrientationList:append(Ave(Odet; Omodel))
14: end if
15: end for
16: end for
17: Count for final number:
18: is Right Dis(OrientationList;Oright) < 2

3�
19: DR  SUM(is Right)
20: DW  SUM(:is Right)
21: return DR;DW

More specifically, we apply pretrained backbone, Resnet-
101 [34] here, to generate embedding b 2 Rn for an image,
and a linear layer is applied to convert the embedding b to
vector x̂ 2 Rm.

During training process, the label ’ 2 (��; �] is encoded
to x 2 Rm. Then the loss is computed as follows:

l =
1

m
kx̂� xk2: (3)

During inference, the vector x̂ 2 Rm is decoded to ’̂ 2
(��; �] as the final output.

In the orientation prediction task, we define the metric as
the distance between the prediction and the label. Since it is
a cyclic number, its formula can be expressed as:

d = max(’; ’̂)�min(’; ’̂):

Error =

�
d; if d � �;
2� � d; otherwise:

(4)

Here, ’ represents the label value and ’̂ represents the
predicted value. Both ’ and ’̂ are in the range of (0;2�] and
are measured in degrees. The error is computed based on the
difference between the maximum and minimum values of ’
and ’̂. If this difference is less than or equal to �, the error
is equal to d. Otherwise, if the difference is greater than �,
the error is computed as 2�� d. In the experimental part, we
utilize this metric to evaluate the performance of our model.

To train our appearance-based orientation estimation model,
we initially plan to fine-tune a pretrained ViT [35] on limited
manually collected and annotated orientation data. However,
manually collected data often exhibits similar orientation pat-
terns, resulting in imbalanced data distribution. Recognizing
the challenges associated with obtaining real-world data with

Fig. 2. One case reconstructed and generated by instant-ngp.

precise orientation labels and addressing long-tail attributes,
we generate synthetic data to conduct task-specific pretraining
on the model and to provide it with a beneficial bias towards
orientation information. By leveraging this approach, we aim
to enhance the model’s ability to understand and utilize
orientation cues in real-world scenarios.

Firstly, we capture 360-degree videos using a regular camera
in real-world settings. We then capture 30-40 frames from the
video and utilize a trained COLMAP [36], [37] (Structure-
from-Motion and Multi-View Stereo) system to estimate the
camera’s position and attitude parameters both inside and
outside the captured scenes. Using these information, we
reconstruct a 3D model using instant-ngp [38].

Next, we leverage pre-designed camera poses to render
images with corresponding orientation labels. To simulate real-
world conditions, we render images from different heights for
each orientation as shown in Figure 2. We capture images at
every 10-degree interval with 3 different height, resulting in
72 labeled images for each 3D model.

This process allows us to generate a diverse dataset of
labeled images, which serves as valuable task-specific pre-
training data for our orientation-aware model.

C. Ensemble Validation

Building on the orientation obtained from both motion-
based and appearance-based methods, we employ an ensemble
validation strategy to ensure robust and reliable orientation
classification.

First, to obtain robust orientation estimates from the two
complementary methods, we implement an And-strategy that
integrates outputs from both the motion-based estimation
(Odet) and the appearance-based model (Omodel). Specifically,
predictions are considered valid only when the absolute dif-
ference between the two orientation estimates falls below
a predefined threshold jOdet � Omodelj < Divmax. We set
Divmax = 2

3� in our implementation.
For instances that pass the cross validation step, we compute

the final orientation by averaging the two validated predictions.
This final orientation is then compared against the expected
right-way direction Oright. If the angular distance is less than
2
3�, the instance is classified as a right-way cycling instance;
otherwise, it is considered wrong-way cycling. This process
ultimately yields the counts of right-way cycling (DR) and
wrong-way cycling (DW ) instances.

Mathematically, it can be shown that employing an And-
strategy with an ensemble of two models can enhance overall
performance compared to relying on a single model. Specif-
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ically, when the accuracy of both models exceeds 50%, this
strategy guarantees improved performance.
Lemma 1. Assume that P1 and P2 represent the respective
posterior probabilities that each of the two models errs, which
are in the range of (0; 0:5], Pw = P1P2 represents the
possibility of two models erring simultaneously, and Pvalid =
(1 � P1)(1 � P2) + P1P2 represents the possibility of the
sample being valid. The possibility of the ensemble model
erring P3 = Pw

Pvalid
� minfP1; P2g.

Proof. Considering P3 as a function related to P1; P2, we have

P3 = f(P1; P2) =
P1P2

(1� P1)(1� P2) + P1P2
: (5)

Deriving f with respect to P1 (or equivalently P2) yields:

@f

@P1
=

�P 2
2 + P2

(1� P1 � P2 + 2P1P2)2
;

@f

@P1
> 0; for P1; P2 2 (0; 0:5]:

(6)

This establishes P3 as a monotonically increasing function
relative to P1 and P2. As a result,

P3 � f(P1; 0:5) = P1; P3 � f(0:5; P2) = P2: (7)

V. TEMPORAL WRONG-WAY CYCLING RATIO ESTIMATOR

Using the Two-Frame Wrong-Way Cycling Detector, we can
determine the orientations of non-motor vehicles at discrete
time points. However, reconstructing temporal information
from such sparse data remains challenging, since each instance
may appear at multiple time points. Our Temporal WWC
Estimator addresses this by estimating the number of instances
(NR and NW ) passing through each time interval Tgap using
the counts of instances (DR and DW ).

Formally, let Nk be the number of vehicles passed the time
interval Tgap between tk−1 and tk, we have the estimation
N̂k = Dk � ’Dk−1, where the parameter ’ quantifies the
probability of a vehicle from the previous frame persisting
into the subsequent one. To effectively estimate the parameter
’, we employ the Auto Regressive Moving Average (ARMA)
model, which can be generally described as follows:

Dk = c+ �k +

pX
i=1

’iDk−i +

qX
j=1

�j�k−j ; (8)

where Dk represents vehicle counts at time interval k, c is the
constant term representing baseline traffic flow, �k � N (0; �2)
captures random fluctuations that are not explained by the
past values, and ’i and �i are the auto-regressive and moving
average coefficients, respectively.

The sum �pi=1’iDk−i is the autoregression (AR) part,
where p is the order of the AR process. Each ’i is a parameter
that multiplies the number of vehicles at a previous time point
k�i, indicating how past values are weighted in the model. In
our scenario, p is selected as one, so that this term is simplifed
as ’Dk−i.

The expression �qi=1�j�k−j represents the moving average
(MA) part, wherein q denotes the order of the MA process.

Each coefficient �j corresponds to a parameter that is ap-
plied to the lagged error term �k−j , illustrating the impact
of historical forecast errors on the current value. Within
our traffic flow context, this encapsulates the momentum of
vehicular movement, particularly in scenarios involving right-
way cycling. Conversely, for instances of wrong-way cycling,
which are irregular and unforeseen, the MA component is
disregarded, thereby setting q to zero.

After building our ARMA models, we can estimate the
parameters � and � using maximum likelihood estimation [39],
[40]. We then derive sets of N̂R and N̂W , which can be used
to calculate the wrong-way cycling ratio:

WWC Ratio =
E(NW )

E(NR) + E(NW )
=

P
i N̂i;WP

i N̂i;R +
P
i N̂i;W

:

(9)

VI. EXPERIMENTS

A. Benchmark Datasets

Given that existing datasets related to non-motor vehicles
are either not publicly available or exhibit varying quality,
we recognized the need to create a new dataset from scratch.
This effort aims to enhance the reliability of our research and
support the training and evaluation of our method. To facilitate
further research in this area, we propose three distinct datasets:
the non-motor vehicle detection dataset, the orientation pre-
diction dataset, and the WWC ratio estimation dataset. Each
dataset serves a specific role in our model development and
evaluation process.

1) Non-motor Vehicle Detection dataset: This dataset is
designed for training the detection model. It contains 223
images with 474 non-motor vehicle bounding boxes captured
under diverse conditions. The training-validation split is 8:2,
which our experiments confirm as sufficient for effective
model training.

2) Orientation Prediction Dataset: This dataset is designed
for training the appearance-based orientation prediction model.
It comprises three subsets: the pretraining set, the finetuning
set, and the validation set. The pretraining set consists of
synthetic images generated using instant-ngp. It includes 12
distinct 3D models, and for each model, we generate 72
labeled images captured from two different heights. The details
has been introduced in Sec. IV-B. The finetuning set and the
validation set contains 1,060 and 169 real-world images with
manually-labeled orientation, respectively.

3) WWC Ratio Estimation Dataset: This dataset comprises
four videos captured by road cameras situated in various
locations: three short videos, each lasting 5 minutes (denoted
as Case 1, Case 2, and Case 3), and one long video lasting
20 minutes (denoted as Case 4). As illustrated in Figure 3,
which displays screenshots and detection results, this diverse
collection of footage lays a solid foundation for evaluating
the performance of different methods in terms of both speed
and accuracy. By including both short and long videos, we
can assess the methods’ ability to predict the wrong-way
cycling ratio under various conditions, thereby validating
their effectiveness in capturing both short-term behaviors and




