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Abstract

A Train Rolling Stock Examination (TRSE) is a bogie part functionality
inspection performed manually across the Rail companies to ensures passenger
safety and uninterrupted rail services. There have been attempts in the past to
technologically upgrade this procedure to semi-automated through computer
vision (CV) aided models. The CV models use TRS videos to segment and extract
bogie parts. However, most of these models fail to accomplish the intended
objective of automation, due to computational latency in producing real-time
outcomes. Hence, in this paper, we propose a deep learning approach to bogie
part identification problem through modified Yolo Convolutional Neural
Network (Yolo-CNN) model with bifold skip architecture. The regular Yolo
architecture is modified by applying early feature fusion along with the existing
late fusion to enhance the detection capabilities of the network with sparse
training data. The training data consists of bogie parts annotated from the train
bogie video data. The testing is carried on full length bogie videos. The results
show that the proposed architecture has performed exceptionally well in
identifying bogie parts on various train videos under different ambient lighting
conditions. This method has indeed outperformed the earlier models used for CV
based TRSE and similar Yolo-CNN models.
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1. Introduction

Visual automated testing of machines by computer algorithms has been gaining
momentum in the past few decades. This increase can be attributed to factors such
as high-resolution visual sensors, high speed cameras and more significantly the
higher processing power of computers. Progressively, these advancements can be
noticed in manufacturing industries, where the assembly lines are monitored
visually by high-speed cameras to identify defects in products manufacturing
processes and packaging. Consequently, the manufacturing industry was
revolutionized by visual monitoring technologies thereby improving productivity
and quality of production. The long-term dependencies were higher revenues and
lowered labour costs. Steadily visual automation has become industry's biggest
challenge in promising new solutions to multitude of problems. One such problem
that had not been explored was train rolling stock examination.

Train Rolling Stock Examination (TRSE) is a budgeted system on the Indian
Railways operational space. The TRSE is currently being executed at every major
train station across the Indian subcontinent and the world over to man the safety of
passenger trains. Safety of the train during transit is the most significant factor for
the rail companies around the world and the foremost job for Indian Railways.
Considering the number of train accidents from the past decades, the train
transportation has been one of the safest modes of travel and is mostly attributed to
rolling stock examination personal.

Train Rolling Stock Examination (TRSE) is a procedure for checking damages
in the undercarriage of a moving train at 30 kmph. The undercarriage of a train is
called bogie according to railway manuals. The bogie consists of dynamic
machinery on which the passenger car moves. It is made of wheels, break units,
suspension, holding rods, springs, axle box, etc. There are around one hundred
components in the bogie that cater for the train movement.

The bogie parts have to be constantly monitored during transit as there go
through extremities of pressures. The pressure on the bogie parts come due to inter
part stroking between them during high-speed motion of the train. This causes wear
and tear in the bogie parts, which if not checked in time have caused extensive
damage to the train causing derailment and human loss. To periodically check the
bogie parts during transit, the long lasting and most trusted process is train rolling
stock examination. Traditionally, TRSE is performed manually by set of highly
skilled personnel of the railway near to the train stations. Figure 1 shows a rolling
pit with trained railway employees noting the results of their examination (not in
frame). These personal are trained for years to use their visual and auditory sensors
to identify weaknesses in the bogie parts that can potentially cause an accident.

Subsequently, the noted risk factors are relayed to the nearest station
maintenance crew for necessary repairs. Though the process of TRSE is full
proofed, the system in the past has not been successful in preventing accidents and
loss of life. The fact that the system is heavily dependent on human performance in
naturalistic environments, which is dynamic in lighting, temperature, winds, and
water. Finally, it also dependents on human emotional health at the time of the hour.
The goal of any railway company is to provide a safe transportation system. Despite
their committed efforts through times there are accidents, and many are during train
movement. Manual TRSE needs an extra degree of support to perform without
glitches. Technology started providing solutions to this age-old problem only in

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



2168 K. K. Mohan et al.

last two decades. Despite some conformations using sensors, there were no real
solutions on the visual frontiers.

Fig. 1. Manual train rolling stock examination at an Indian railway station.

This paper suggests new orientations to the TRSE with solutions to assist
trained railway personnel for better performance. This work uses visualization
techniques as a pair of virtual eyes to help checking of each bogie part remotely. A
visual sensor in the form of video camera is used to record the moving train. The
recorded video is then subjected to various computing algorithms to extract bogie
parts. The proposed machine learning (ML) algorithms are designed to be robust,
irrespective of the video data. The proposed frameworks were designed to segment
bogie parts from a video sequence with many uncontrollable variables which could
lead to ambiguous outcomes. The complexity of the problem can be quantified by
contemplating on the subject, the train bogie shown in Fig. 2.

Figure 2(a) shows a bogie named Indian Coach Factory (ICF) frequently used
on Indian trains. The train coach sits on two such bogies. The other popular bogie
design that has been included in the last decade was Linke Hofmann Busch coaches
(LHB) designed by a German railroad company as shown in Fig. 2(b). Moreover,
according to Indian Railways LHB have more safety features than ICH bogies.
However, it is not possible for another two to three decades to replace ICH which
is economically not a viable alternative for an upcoming nation. This work
experimented on ICH bogies only as it is predominantly found on 90% of the Indian
trains. This paper limits itself to research work on Deep Learning (DL) framework
for extracting bogie parts from videos of the train. The results of the
experimentation have a potential to assist the TRSE railway personnel to improve
decision making for avoiding unnecessary disasters.

The previous research on the same dataset shows bogie part segmentation
algorithms based on block matching [1], active contours [2], shape prior active
contours [3], shape invariance active contours [4], region based active contours [5]
and unified active contour model [6]. All these methods exhibit frame singularity
during algorithm execution. This bottleneck reduces their ability to be considered
for real time deployment and therefore are all offline models. To bridge this gap,
this work proposes to apply deep learning frameworks for faster and accurate bogie
part extractions. The DL architecture has been inspired by Yolo object detection
models [7-10], which uses multiple image scales for reinforcing the lost
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information during the feed forward progression. However, the scaled resolutions
are extracted from the multiple locations within the network layers.

ICF Bogie Rake

(a) Integrated Coach Factory (ICF).  (b) Linke Hofmann Busch coaches
(LHB).

Fig. 2. Bogie types available with Indian railways.

The proposed Yolo architecture has multiple sub streams of CNN networks with
shorter depths that are fed from multi scales of the same object during training. This
procedure enables the network to identify the deformations in the bogie objects during
the train movement from one end of the frame to the other. Further, the proposed model
has shown the ability to identify rolling objects in the bogies, irrespective of their sizes,
capture angles and ambient lighting without any pre-processing steps on the video data.
The experimental setup will have high speed cameras on both sides of the railway line
before the train stations. The bogie videos are captured when the train is running at 30
kmph which were relayed directly into the control centre on the station premises. An
end-to-end software platform must be developed by using the research framework from
this work. However, this work limits itself to research on bogie part identification and
condition detection. The next section describes the background on previous methods
and CNN architectures that inspired the current work.

2.Background

The promising and motivational research that inspired the formation of this thesis
was industrial imaging solutions [11]. Industrial computer vision applications
included a variety of image acquisition systems that use the captured videos to
detect patterns during the product assembly. The most widely used are CMOS
image sensors and hyperspectral sensors [12]. These sensors along with the
embedded software has shown to be a valuable asset in bottling and beverage cans
quality testing and discarding the faulty bottles on a high-speed assembly line [13].

The automobile industry and its robots use computer vision systems for wheel
alignment to mirror inspections [14]. Largely, the operations performed by the
software programs are designed to process the image of the object in question to
make decisions on its quality and maintenance. The image processing methods used
range from simple edge detection to as complex as filtering in frequency domain
[15]. Consequently, offline testing of industrial products is on the rise from the last
few decades due the availability of commercially viable sensors [16].

Agriculture and food industry are the biggest risk-based businesses that need
highest quality control. Food inspection using computer vision models can found
in potato chips manufacturing to provide a quality health product [17]. Agriculture
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is one area that is making use of computer vision technology to deliver quality of
the produce by using grading equipment [18].

Currently, computer vision applications have a huge market share in industries
such as pharmacy [19], biological cell segmentation [20], packaging [21] etc.
However, with the evolution of deep learning algorithms, the has been a paradigm
shift in the image processing algorithms [22]. The present deep learning
architectures used convolutional neural networks for applications such as
regression and recognition with images and videos as input [23]. However, very
little was ever explored for train rolling stock examination. Most of the earlier
models were based on non-visual sensors that are either on the side of the tracks or
onboard the train [24]. Analysis of the material has shown us that these models
were limited by their ability to sense data during a high-speed train movement.

Subsequently, vision-based models have shown to provide accuracies on the
higher side in most of the real-world industrial applications. This has motivated us to
take up the study and investigate the problem to make the manual system of TRSE
into an assistant for railway personal. The next session gives an insight into the
current operating models of TRSE that are being prototyped and undergoing testing
in railways across the world. Indian railways (IR) record the largest passenger traffic
across all continents of the world. IR covers around 61000 km of track and recorded
a massive passenger traffic of around 8116 million per year [25]. This is more than
any mode of transport on Indian subcontinent. The safety of the train and its
passengers are the primary responsibility of the IR, which is budgeted in parliament.

The railways around the world and the IR have adopted technologies for
locomotive design, coaches, signalling systems, accident prevention with GPS,
track maintenance [26-30]. The quintessential component would be maintenance
of train coaches and bogies that are most likely to get damaged during their high-
speed movement. IR uses a highly trained human workforce to do the maintenance
checks under the banner called Rolling Stock Examination (RSE) [31, 32]. The
checking of the train happens during the train movement at less than 30 kmph near
to the railway stations. The check log that is prepared during each RSE involves
the visual analysis of the train undercarriage during running is accessible at [33].

The first models that were developed involved sensors along the track that
measure parameters such as temperature, pressure, break wear and tear, acceleration
etc., along with a normal camera module [34]. This prototype is currently being tested
in the code name KRATES - Konkan Railway Automated Train Examination System
[35]. In this system, the objective of the camera was to have a visual examination at
a remote location and no algorithms were proposed to automate the visual
information. Apart from this, the camera is an RGB video camera with a frame rate
of 30fps, which gives blurry images of bogie for automated processing.

However, the RSE involves checks for

¢ Hanging parts
 Lose couplings in bogie parts
Break bindings
* Broken components
¢ Whistling sounds due to wear and tear

Hot axle boxes
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* Flat tyres

Consequently, if the train passes all the above checks for each of the bogie part,
it is considered safe and is allowed to continue its journey to the next destination.
Despite measures and full proof RSE, there are reports of accidents every year due
to two major reasons: 1. Faulty tracks and 2. RSE failure.

The RSE failure can be attributed to human indulgence in the checking process.
However, there are many uncontrollable factors that influence a human judgement
apart from ambient atmosphere on the tracks. The following disadvantages were
listed for manual TRSE which are limited to,

* Human factors — biased judgement

¢ Heavy workload — wrong judgement

e Communication lags — between RSE and maintenance department
¢ Ambient nature — weather dependent

e Commercially draining

A complete automated TRSE is quite possible with a large sensor network placed
along the tracks. In the current scenario it is still a long-term plan for most of the rail
networks due to issues like technology development, deployment, and commerce.
Despite these issues, this problem is quite challenging and an assistance to manual
TRSE is proposed in through this work. TRSE with video data has been attempted
previously [2-6] using active contours with shape prior models. The performance
reported by these models were exceptionally good in terms of segmentation accuracy.
However, these models were limited by their ability to provide the required
accuracies due to homogeneous nature of pixels in the video sequence.

This gap in segmentation accuracy has been improved by applying local
information around the object of convergence in the objective function defining the
active contours. Moreover, the methods were derived from Chen-Vese active
contour models which will be discussed exclusively in the coming sections.
Narayanaswami [36] helps to unfold the connection between automation
technologies in transportation to prevent accidents. Inspired by the ideas in [36],
this work applies machine vision algorithms for discovering train undercarriage
parts from videos of recorded. There are only few works on train safety research
with computer vision, targeted at monitoring of rails, ballast and a few on rolling
stock. Sabato and Niezrecki [37] proposed methods to inspect train tyres as well as
ballast using algorithms developed on 3D digital image correlation (DIC)
calculations. It is a dual camera system with a marked displacement installed on a
train running at 60Kmph that builds rails as a 3D image. The 3D DIC along with
pattern projection models were applied to identify deformation of railway tracks.

Data from the US Federal Railroad Administration have shown that the major
causes for train derailment occur because of, ballast and rolling stock failure. Hence
there has been a need for technologies to avoid rail accidents before they actually
happen due to maintenance issues. Rolling stock machine understanding has been an
active area of study for railways in reducing expenditures and preventing derailment.
Computer vision processing of train rolling stock video data for assisting maintenance
personal in identifying bogie part defects and further monitoring them during
running. Hart et al. [38] extracted bogie parts for inspection using multispectral
imaging camera sensors. The proposed dual camera model recorded multi spectral
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data as RGB (Red, Green and Blue) along with a thermal sensor to capture a running
train which are further treated as panoramic view models.

The computer vision algorithm in [38] has been designed to spot elevated hot
bogie parts such as wheel joints, Axel box, brake shoes, air conditioning blowers.
Nevertheless, this system has been successful in identifying defective regions, but
the motion blur in the video data poses a challenge to distinguish cold parts from
hot objects. Kim and Kim [39], has proposed a curve fitting view to the problem of
automated train break examination using image processing. The developed
techniques use a trench hole establishment under the tracks to capture the break
panels of a moving train. The method uses a fitting curve on the recorded images
to progressively train the system to identify brake alignment attributes. Despite its
excellent performance in real time, the setup cost creates a bottleneck for actual
implementation. The US patent from Revuelta and Gomez [40], applies artificial
vison for monitoring rolling stock using cameras mounted on the train. Currently,
high speed trains such as TGV and bullet train use camera mounts to manually
monitor the trains movements. However, videos captured using a camera system
onboard a train is bound to induce numerous noises into the video data.

Kazanskiy and Popov [41], introduced a framework to integrate a lighting
structure with antiglare to record high contrast undercarriage videos which is further
compressed for quick processing to discover trains on tracks for monitoring rolling
stock. This method gave a recipe for automating rolling stock in real time,
notwithstanding the procedure for bogie object extraction. Freid et al. [42], provided
an experimental setup under the train with lights focused on the bogie which is
captured with a video camera. The work develops an algorithm using straightforward
edge recognition techniques for isolating axle box and analysing its heating profile
by using thermal cameras. This model gives an understanding of the TRSE problem
for automation and the need for research. In [43] and [44], the authors offered a 3D
reconstruction of the bogie parts for monitoring rail wheel surfaces and contact strips.
The methods show effectiveness in identifying surface defects using 3D models by
perfectly reconstructing moving parts. However, they are computationally inefficient
for processing in real time. Further, it shows the difficulty in modelling defective
surfaces for every possible problem beforehand in 3D.

The literature illustrates relatively small number of computer vision state-of-
the-art algorithms that are being researched for TRSE. Moreover, the models from
literature are inefficient to incorporate the TRSE process for micro level
examination of bogie parts specifically. The goal of remotely monitoring system
for TRSE is to identify defective and non-working parts that can be repaired timely
to prevent mishaps. Earlier proposed frameworks offer very little inclination for
research towards remote monitoring of TRSE.

This paper proposes to underpin the previous TRSE methods with fully
operational real time monitoring of rolling stock using a modified Yolo
convolutional neural network (CNN) [10]. The CNNs have shown superior feature
representation capabilities for video object representation. Some of these models
displayed abilities to detect objects with multiple resolutions by learning scale
invariant features during training [45]. The most successful CNN frameworks are
VGG - 16 [46], AlexNet [47], GoogleNet [48], and ResNet [49].

The video object detection using CNNs has two variants in the form of single
and double stage frameworks. The double stage methods are R-CNN (Recurrent
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CNN) [50], Fast R-CNN [51] and Faster R-CNN [52] which has separate
generation and classification stages. The generation stage creates a set of candidate
frames that are classified in the second stage, creating a speed bottleneck. Hence,
the above models have been upgraded to single stage models such as SSD [53],
YOLO V1 [7], YOLO v2 [54] and Yolo v3 [46], which perform simultaneous object
localization and classification. The SSD object detector uses VGG 16 framework
and Yolo v2 is built on darknet — 19 with only one feature map and an anchor box
regressor. The darknet — 19 consists of convolutional layers and few fully
connected layers. The anchor box dimensions were determined by k-means
clustering. The latest in the series is Yolo v3 which used multi scale data for training
on a more intense based network, darknet — 53. The darknet — 53 has 53
convolutional layers with filter sizes 3x3 and 1x1 consecutively placed along with
dense interconnections between these layers.

Although Yolo v3 has shown improved performance on object detection over
Yolo v2, the training of the former takes time and data annotation effort. Hence, in
this work the objective is to use Yolo v2 and propose a design modification for a
faster training and improved detection for the train bogie part identification. The
next section presents the proposed modified Yolo v2 architecture with training and
testing procedures for train bogie part identification and defect detection. Section 4
gives result and provides a detailed discussion on them. Finally, conclusions are
formulated in section 5 based on the discussions in section 4.

3. The Modified Yolo — Train Bogie Part Identifier

This work proposes to present a modified Yolo v2 framework for building an end-to-
end machine learning module to assist railway personnel examining the train rolling
stock. The age old TRSE process is manual and has shown fractures in performance
to prevent train accidents in the past. To overcome the manual TRSE procedure, this
work presents a mechanized approach using visual technology that is better than the
previously proposed works. The significant contributions are:

¢ A modified Yolo v2 with connived features in the middle stage of the net which
supplies additional information to the forward layers.

e The modified Yolo v2 is quite faster and efficient for identifying bogie parts
at various scales, without multi scale data training. This is achieved by
carefully developing a visual attention in the middle of the network through
early feature fusion.

e The early features precisely localize small dimension objects or parts that
change dimensionality during their movement. The late feature fusion
identifies the large objects accurately, which considerably improves the
performance of the network.

In this section, we describe in detail the architecture and training of modified
yolo v2, has shown that the model can identify different sized multiple objects,
though it learned from a single sized object. The first subsection gives details of the
datasets for train bogie part identification.

3.1. TRSE video datasets

The Isaw sports action camera captures video at a max frame rate of 240 fps. The
camera also possesses a wide-angle lens with a 520 angle, that is capable of full

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



2174 K. K. Mohan et al.

bogie into a video frame from the centre. Figure 3 shows an array of bogie video
frames that were recorded by the visual sensor near the tracks. A total set of 6 train
bogie videos were filmed at separate time stamps on a day. The advantage of in this
approach gives an opportunity to test the proposed methods ability to overcome the
effects of ambient lighting and capture angle on bogie part identification
quality. Unfortunately, there were no comprehensive defects in the recorded
videos. Hence, the 7th video has been handcrafted by extracting frames and
deliberately inducing defects. Thereupon the defective frames were incorporated
back to form a defective train sequence which resulted in a defective train bogie
video for the 7th dataset.

Frame #5220 Frame #5244 Frame #5285 Frame £5209 Frame #5318

Frame 85360

Fig. 3. Video frames of a recorded bogie for experimentation.

Figure 4 shows the video frames that have been photoshopped with defects to
bogie parts. The purpose of the proposed segmentation algorithms is resolved to
satisfaction if it manages to segment the defective part through the prior knowledge
of the healthy bogie part. This capability of the proposed frameworks in this thesis
increases the scope for automation. Finally, Table 1 shows the experimental
valuations performed on the seven different datasets throughout the paper. Figure
5 gives a visualization of the datasets from Table 1.

To test the proposed methods for their ability in extracting objects from videos
captured under ambient conditions, the train rolling stock video database is built. The
videos are recorded near to an Indian Railway station using the setup shown in Fig.
5. This figure shows an arrangement not more than 3 feet from the moving train. All
the videos were recorded when the train was entering the station for a halt. The
handbook on train rolling stock examination was followed during the video capture.
Accordingly, all trains in the dataset were recorded when the train was running at
around 30 kmph. However, Digital single lens reflex (DSLR) record at around 30
frames per second (fps), which induce a consider amount of motion blur to the video
object data. Hence, to do away with blurring, the videos were recorded with Isaw
sports action camera as can be seen in Fig. 5.

(a) b)

Fig. 4. Bogie part defects induced with
photoshop. (a) Spring breaks and (b) Binding rod breaks.
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Table 1. Video datasets captured for testing the proposed methods.

Experiments Name Number of Frames

D-1 Bogie Video Recorded at 6.40AM 6125x240=146880

D-2 Bogie Video Recorded at 12.40PM 972x240=233280

D-3 Bogie Video Recorded at 4.20PM 842x240=202080

D-4 Bogie Video Recorded at 6.50PM 772x240=185280

D-5 Bogie Video Recorded at 12.20PM with an ~ 815x240=195600
altered camera position

D-6 Bogie Video Recorded at 6.40PM with an 450sx240=108000
altered camera position

D-7 Defective Video on 12.40PM Train 972x240=233280

D-4:Bogie Video Recorded at 6.50PM

L0

: % ! u iy P
D>-5:Bogie Video Recorded at 12.20PM D-6:Bogie Video Recorded at 1.50PM
with an altered camera position with an altered nera position

- 5 -l -5 Sl
D-7:Defective Video on 12.40PM Train Experimental Setup and Capture

Fig 5. Visualization of datasets and bogie capture.

3.2. Modified Yolo v2

This section discusses the intended strategy for an additional mid-level feature
fusion layer for better multi scale object detection to the existing Yolo v2. Here, we
show that this additional layer improves prediction and accuracy in identification
of multiple bogie parts at various scales and occlusions. Figure 6 shows the
modified Yolo v2 network architecture for improving object detection of bogie
parts on a moving train.
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Conereran, w10

Fig. 6. Modified Yolo v2 architecture.

Traditional Yolo has predicted bounding boxes and class probabilities using a
single neural network structure from images in one inference. The algorithm divides
the image space S'(x,y) € R? into sxs blocks. Each of these blocks
predictbbounding boxes along with confidence scores that evaluate C conditional
class probabilities. Each of the predicted bounding boxes are identified using a
quintuple (x,y,w, h, ¢s4). The (x, y)point to the centre of the bounding box within
the range of the blocks and (w, /) gives the width and height. The tuple c;4 is the box
confidence score defined as p(obj) = IOU. Here, 10U is the intersection over union
between the predicted box and ground truth. Consequently, the conditional class
probability is given as p(class(i)|obj). Finally, the highest-class confidence score

obtained from p(class(;y) x 10U, gives the exact location of the bounding box
around the object of interest in the image. However, performance of Yolo has been
improved considerable in Yolo v2 by an anchor network, which fuses features from
previous layers. The anchor network induces scaled and aspect ratioed features into
the mainstream that determines the bounding box location more accurately.

In this paper, we present an end-to-end trainable deep CNN to recognize train bogie
parts in real time. Figure 7 shows the difference between the original Yolo v2, Yolo v2
with skip structure and the proposed modified Yolo v2 with bifold skip architectures.
The Yolo v2 with bifold skip architecture uses both early and late fusion of object
features to develop a self-attention model to make the system scale invariant. This is
important because the moving objects on the train bogie undergo constant scale and
aspect ratio changes in the video sequence.

The original versions of Yolo and Yolo v2 are stacked with 3 x 3and 1 x 1
convolutional layers as shown in Figs. 7(a) and (b). The 1 x 1 convolutional layers
followed by 3 x 3 induces nonlinearity without losing the convolutional layer
receptive fields. The 1 x 1 convolutional layers reduce the dimensionality of the
feature maps and hence has shown ability to effectively learn cross channel
information. The Yolo v2 with skip architecture has a late feature fusion through a
1 x 1 convolutional layer with a lambda controller to identify objects at multiple
scales. These changes in Yolo v2 with skip has achieved exceptional results for
object detection across multiple scales. However, the results were ambiguous if
there are multiple objects with large scale changes across video sequences. This is
the case with train bogie video data, where the size of the video frame is
exceptionally high compared the size of the object.
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Fig. 7. Comparison between Yolo v2, Yolo v2 with
skip and the proposed modified Yolo v2 with bifold skip structure.
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The train bogie videos are captured at 240 frames per second with a frame size
of 480 x 848 x 3. Figure 3 shows sample frames of a train bogie video. Objects
in the bogie video frame are dimensionally much smaller than the entire resolution
of the video frame itself. This poses a threat to the performance of the Yolo v2 with
skip architecture, where late feature fusion is used. As the small bogie parts become
smaller due to pooling layers, decreased object feature resolution results in higher
mis classification rate. The late fusion during training of relatively smaller bogie
parts will lead to feature loss in the deep layers. To avoid small bogie part feature
losses, we propose a modified Yolo v2 with bifold skip architecture with both early
and late fusion layers. The early fusion using a 1 x 1convolution layer prevents the
small object feature loss thereby resulting in a higher chance of identification for
small bogie parts.
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The Yolo v2 is based on darknet-19 [46], with 19 convolutional and 5 max
pooling layers. Consequently, the network has become faster by sacrificing detection
accuracy. The poor detection can be attributed to the networks ability to predict only
two bounding boxes within the regular 13 x 13 grid in Yolo v2. This is greatly
improved by applying late feature fusion in Yolo v2 with skip architecture. Though
it performed well occasionally for small object detection, it showed signs of poor
accuracy for large range multi scale objects. Here large scale multi scale means that
there is a large difference between object scales. To further improve the detection
under the above said circumstances, we increase the feature quality of small objects
through early fusion as shown in Fig. 5. The proposed modified Yolo v2 is called
Yolo v2 with bifold skip structure. The early features from the 5th convolutional layer
are fused into the 13th layer. The 13th layer is fused into 18th layer. This process has
enabled our network to become independent of bogie part scale and has ensured
highest detection accuracy.

3.3. Training MYV2 for train bogie part identification

The Yolo v2 with bifold skip is trained and tested on train bogie video data for part
identification and defect detection. The training is performed from scratch for
identification of bogie parts from train video data. First parts of the bogie are
annotated and are labelled appropriately. The middle portion of the video frame is
used for annotations where the bogie parts have high visibility. A total of 10 bogie
parts were extracted for training from the dataset D2. The remaining six datasets
were used for testing.

The hyperparameters of the modified Yolo v2 with bifold skip are iteratively
selected through cyclic learning rates. The cyclic learning rates algorithm was
implemented using Cosine Annealing LR method. Initially, the lower bound of
learning rate is set at 0.00021 on dataset D2 using learn.Ir_find method in keras and
the upper bound at 0.2. The training started at lower bound and increases
exponentially to upper bound after each batch update. At each batch update, loss is
calculated, and an optimal learning rate is found, where the loss is minimum during
training. The test accuracy considerably improved for 5 cycles with epochs of 32 per
cycle. The momentum factor is however kept constant at 0.95 and the weight decay
is 0.0004. The total number of epochs for training were 160.

3.4. Testing

The test phase has been initiated on all the seven train bogie video datasets. The
trained Yolo v2 with bifold skip model is inputted with train bogie videos from the
dataset one at time. The output of the model is video sequence that projects a
bounding box on the video train bogie part with mean average precision (mAP).
Apart from mAP, we compute mean false identification (mFI) and mean
nonidentification (mNI) values to understand the behaviour of the model. The
results of the testing are analysed based on the video ambient lighting, camera angle
and occlusions. Finally, video object mean segmentation accuracy (mSA) is
computed to compare the proposed algorithm against the previously applied models
on TRSE video dataset.
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4. Results, Analysis and Insight

This section presents the results of the experiments performed on train bogie video
datasets for bogie part identification and defect detection using Yolo v2 bifold skip
architecture. First, we present the testing video results visually on the proposed
model with a comprehensive comparison against the state-of-the-art Yolo models
from literature. Second, quantitative analysis is obtained through computation of
parameters such as mAP, mFIl, mNI and mSA. Finally, insights into the application
are drawn from the obtained results to comprehend the methods applicability in real
time vision based TRSE.

4.1. Results from Yolo v2 bifold skip architecture

The annotations were performed on train bogie video dataset D2 for a set of 24 video
frames with appropriate labels as shown in Fig. 8. Figure 8 shows the bounding box
and its labels for bogie parts. There are 12 bogie parts with common labels for parts
such as springs, binding screws, support beams and flanges. This work limits itself to
only identification of train bogie parts and defect detection in video sequences. The
defects were purposefully induced into the frames using an imaging software and are
subsequently introduced back into the video stream. The defects are also annotated
along with the normal bogie parts with and labelled as defect spring or
defect_Binding Screw. The training is initiated on the D2 set and testing is performed
on the videos of the remaining datasets. The objective of this subsection is to present
the results of the experimentation on the TRSE video dataset visually.

Fig. 8. Train bogie part annotations and labelling.

The training and testing on the proposed Yolo v2 bifold skip architecture has
been performed as described in section 3.3. The video resolution has been reduced
to 416 x 416 x 3 for all the experiments. Testing has been performed on the entire
video sequence from datasets D-1 to D-6. The results of the proposed algorithm are
shown in Fig. 9.

Figure 9 shows three output video frames from each dataset that were produced
during the testing phase. The results show a high identification accuracy for
datasets D-1 to D-4, where the camera is placed in parallel to the train movement.
The remaining two datasets, D-5 and D-6 are captured at an angle to model the
unconventional vibrational movement of the camera during high-speed train
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movement. However, the training data for all the test videos was kept constant. The
results for D-5 and D-6 are shown in Figs. 9(d) and (f). The results show that the
proposed method has ability to identify bogie parts rather effectively making the
system immune to camera orientations. Despite its good bogie part identification
performance on D-5 and D-6, it has failed to identify all parts in all video frames.
Consequently, there were many misclassifications and non-identifications on these
two oriented datasets.

Fig. 9. Resulting video frames of the proposed Yolo v2
with bifold skip on (a)D-1, (b) D-4, (c) D-2, (d) D-3, (e) D-5 and (f) D-6.

The success of the proposed method can be attributed to the mid layer fusion
network has been instrumental in generating object specific features and thereby
allowing the algorithm to detect multi-dimensional objects. These additional mid layer
features have also enabled better object identification in straight and cross view train
bogie video data. In the next subsection, we analyse the robustness the proposed CNN
model against the previously proposed methods with respect to train bogie video data.
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4.2. Robustness of Yolo v2 bifold skip

Here, we evaluate the robustness of the proposed method against the state-of-the-
art models on bogie video dataset. To bring uniformity in comparison, all the
previous models are parametrized similarly as the original the proposed model
during training and testing. The training data and process were kept constant. The
bogie video dataset D-1 was used for comparison. The resulting test video frames
are shown in Fig. 8. The visualized frames in Fig. 8 are bogie parts that were
identified correctly in more than 90% of the video frames. The methods used for
comparison are R-CNN (Recurrent CNN) [50], Fast R-CNN [51], Faster R-CNN
[52], SSD [53], YOLO v1 [7], YOLO v2 [54] and Yolo v2 skip architecture. All
these architectures were commonly trained for 120 epochs.

The methods SSD, R-CNN, Fast R-CNN and Faster R-CNN were quite slow
due to two separate streams that were used for recognition and bounding box
regression. Figures 10(a) to (d) shows average bogie parts detected correctly at
testing. The average count of parts identified is quite low as these models require
more training on multiple dimensions and orientations of the same object due to
train movement. The Yolo model performed better but was unable to process the
small objects effectively. Yolo v2 and the corresponding Yolo v2 with the skip
architecture has produced more identifications on bogie parts due to their feature
depth. In particular, Yolo v2 with skip, which uses late feature fusion has shown
highest number of bogie part detections as show in Fig. 10(g). Contrastingly, the
proposed model has given highest number of bogie part detections across multiple
dimensions and orientations as shown in Fig. 10(h).

Further, we also tested the latest in the Yolo series, the Yolo v3 on the same
dataset. The results obtained were not presented as it encountered vanishing
gradients due to its depth. The Yolo v3 is built of darknet — 53 platform with 53
convolutional layers which offered considerable loss in features during training.
However, hyperparameter tuning and intra layer feature fusion can enhance
performance of the algorithm, which can be continued as future problem. The next
subsection presents the effectiveness of the proposed method against the state of
the arts parametrically.

4.3.Validating effectiveness of Yolo v2 bifold skip

In this section, numerical computations on the obtained results are provided to
illustrate the effectiveness of the proposed algorithm. The following parameters such
as mean average precision (mAP), mean false identification (mFI) and mean
nonidentification (mNI) mNI are applied for validation. The mAP gives the ratio of
correctly identified bogie parts in a dataset against the total bogie parts in the dataset.
The mFl is an indicator of false or incorrect identification of a particular bogie part
in the video sequence. The nFl is the ratio of false negative over the total number of
parts. Finally, the mNI gives the numerical percentage of unidentified bogie parts. It
is the ratio of unboxed bogie parts against the total in a dataset. The numerical range
of mAP falls between 0 and 1, where a 1 indicates an effective algorithm
performance. On the other hand, mFI and mNI should take values near to zero. Table
2 presents the numerical values of the performance parameters computed using the
outputs from the proposed algorithm on individual video datasets. The mAP and other
parameters are averaged across bogie parts in Table 2.
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(d) Faster R-CNN

(g) Yolo v2 Wlth Skip ‘ (h) Proposed Yolo v2 Bifold Sklp

Fig. 10. Robustness in bogie part
identification between object detection algorithms.

Table 2. Performance of Yolo v2 bifold skip on TRSE video datasets.

Datasets mAP mFI mNI
D-1 0.8547 0.2531 0.2658
D-2 0.9214 0.1752 0.1856
D-3 0.9078 0.2036 0.1925
D-4 0.8752 0.2365 0.2489
D-5 0.7523 0.4852 0.3856
D-6 0.7321 0.4952 0.4023

Average Scores 0.8405 0.3081 0.2801
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The performance of the proposed method has been found to be good across
datasets. Moreover, the elevated performance is being recorded on datasets D-2 and
D-3 due to the high quality of the captured video. The algorithm has produced
incrementally better results on datasets D-1 and D-4, which have comparatively
shallow grey levels than the rest of the videos in the dataset. Similarly, the proposed
method has also shown satisfactory results on datasets D-5 and D-6, which are
differently oriented than the training data. This preliminary experimentation
validates that the proposed method is capable of detecting train rolling stock video
objects in real time. However, more real time situations need to be tested before
deploying the system.

Consecutively, the performance of the proposed method is evaluated against the
existing baseline methods applied earlier in subsection 3.3. The baseline methods used
are SSD, R-CNN, Fast R-CNN, Faster R-CNN, Yolo v1, Yolo v2 and Yolo v2 with
skip architecture. The numerical values of parameters mAP, mFI and mNI are presented
in Tables 3 to 5, respectively. Introspection on the tables reveal that the proposed
method has a high rate of performance over the baseline methods. The high
performance of the proposed method is attributed to the early fusion layer in the middle
of the architecture. This early fusion layer has enabled the model to detect bogie objects
of multiple dimensionalities across datasets. The proposed method shows inclination
towards a real time system for assisting train rolling stock examination.

Table 3. Performance using mAP on Baseline methods against the proposed.

Baseline Fast Faster Yolo Yolo
Methods R- Yolo Yolo v2 v2
SSD R- R- . .
/ CNN CN CNN vl v2 with bifold
Datasets Skip Skip

D-1 0.6239 0.6531 0.6598 0.6859 0.7431 0.7658 0.7895 0.8547
D-2 0.6843 0.6952 0.6856 0.7125 0.7752 0.7856 0.8152 0.9214
D-3 0.6547 0.6773 0.6654 0.6913 0.6973 0.7754 0.7973 0.9078
D-4 0.6151 0.6194 0.6252 0.6657 0.6894 0.7252 0.7594 0.8752
D-5 0.5955 0.6115 0.6175 0.6323 0.6615 0.7025 0.7415 0.7523
D-6 0.5759 0.5936 0.5948 0.6189 0.6436 0.6868 0.7236 0.7321

Aﬁ\?e 06249 06416 06413 0.6677 07016 0.7402 0.7710 0.8405

Table 4. mFI parameter on baseline and proposed methods.

. Yolo
Baseline Fast Faster Yolo v2
Methods' SSD N\ R- R YO0 Yoo V2o hifold
Datasets CNN CNN Skip Skip

D-1 0.4862 0.4598 0.4296 0.3889 0.3389 0.3025 0.2856  0.2531
D-2 0.4215 0.4125 0.3785 0.3329 0.2882 0.2663 0.2156  0.1752
D-3 0.4468 0.4352 0.4017 0.3569 0.3075 0.2701 0.2356  0.2036
D-4 0.4621 0.4479 0.4129 0.3609 0.3268 0.2939 0.2556  0.2365
D-5 0.5374 0.5206 0.5251 0.5249 0.5161 0.5177 0.5056  0.4852
D-6 0.5827 0.5933 0.5873 0.5789 0.5654 0.5215 0.5206  0.4952

A‘r’ﬁrFalge 0.4894 04782 0.4558 0.4239 0.3904 0362 0.3364 0.3081
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Table 5. mNI values of proposed and baseline methods.

. Yolo Yolo
Baseline Fast Faster
Methods/ SSD (G R- R- Y\?1IO Yxf)zlo with  bifold
Datasets CNN CNN . .
Skip Skip

D-1 0.5936 0.5469 0.4856 0.4598 0.4189 0.3823 0.3495 0.2658
D-2 0.5563 0.5125 0.4569 0.4236 0.3896 0.3456 0.3179 0.1856
D-3 0.5459 0.4781 0.4282 0.3874 0.3603 0.3089 0.2863 0.1925
D-4 0.5017 0.5037 0.4895 0.4312 0.3931 0.3622 0.3147 0.2489
D-5 0.6044 0.6093 0.5908 0.5815 0.5517 0.5355 0.5231 0.3856
D-6 0.6271 0.6149 0.6121 0.6088 0.5924 0.5894 0.5515 0.4023

A‘r’neliﬁge 05715 05442 05105 04820 0451 0.4206 0.3905 0.2801

4.4. Defect detection using Yolo v2 bifold skip architecture.

This subsection provides results for defect detection in bogie parts from video data.
In addition to the regular non defect bogie dataset, defective bogie parts are used
for the training the Yolo v2 with bifold skip architecture. Testing is initiated on
dataset D-7, which contains defective bogie part frames that were induced into the
video sequence. The training and testing the network is unchanged. However, the
defective bogie parts bounding boxes are given a red colour instead of green. The
results of the following experiment are being presented in Fig. 11.

The results show that the proposed Yolo v2 bifold skip architecture is capable of
identifying defects accurately. The other algorithms were not good enough for the task as
the defective parts have shown resolution variations during train movement. Subsequent
parameterization of the above process has proven that the proposed algorithm has higher
bogie part defect identification capacity when compared other as shown in Table 6. The
presented deep learning model has higher potential in both identification of bogie parts
and its defects. The following section presents an abstract comparison of previously
presented models on the same dataset using traditional models.

Table 6. Defect detection capabilities of deep learning models for TRSE.

Yolo Yolo

Baseline Fast  Faster

Methods ~ SsD X R- r- Yol Yolo  v2 o v2
CNN vl v2 with bifold

Parameters CNN CNN . .

Skip Skip

mPA 0.4852 0.5325 0.5289 0.5475 0.6125 0.6589 0.6895 0.8745
mFI 0.5987 0.5847 0.5245 0.5125 0.4528 0.4753 0.4236 0.2698
mNI 0.5463 0.5126 0.5247 0.5169 0.4863 0.4236 0.4198 0.2891

4.5. Performance against bogie segmentation algorithms

The literature has a good number of computer vision models based on train bogie
part segmentation and detection. The earlier models used are algorithms based on
block matching [1], active contours [2], shape prior active contours [3], shape
invariance active contours [4], region based active contours [5] and unified active
contour model [6]. The proposed model is compared with these algorithms on the
basis of mean segmentation accuracy (mSA). The mSA calculates the area of
detected part with respect to ground truth area. The max value of mSA intends

Journal of Engineering Science and Technology June 2021, Vol. 16(3)



Yolo V2 With Bifold Skip: A Deep Learning Model for Video Based Real . . . . 2185

higher accuracy and hence a better algorithm for train bogie part extraction.
However, the earlier models cannot be applied in real time object detection as they
are non-learning. Therefore, their operation is computationally intense for train
rolling stock bogie part segmentation. Table 7 shows the resulting numerical from
the above algorithms against the proposed model.

The mSA for the shape prior active contour models have shown superior
segmentation accuracy in comparison with the proposed model. The higher
accuracies are due the presence of shape prior information and its corresponding
extracted features that supported the segmentation process. Despite their
exceptional performance for bogie part segmentation, they can seldom be
transformed into a real time application. In the final section, we study the
computational costs and ablation of the proposed method against the stat-of-the-art
models for bogie part identification.

(a) D-T:Defective Spring Identification (b) D-7:Defective Spring Identification
in Frame 5596 in Frame 6152

: L g i x
(¢) D-7:Defective Binding Screw Identification (d) D-7:Defective Binding Screw Identification
in Frame 7531 in Frame 7697

() D-7:Defective Spring Identification (f) D-7:Defective Spring Identification
in Frame 12589 in Frame 12785

Fig. 11. Yolo v2 bifold skip for defect detection with dataset D-7.
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Table 7. mSA values of proposed and baseline methods.

Shape Shape Region Unified volo
Baseline Block Active prior invariance based active )
Methods/  matching  contours active active active contour b.v
ifold
Datasets [1] [2] contours contours contours model Skip
[3] [4] [5] [6]
D-1 0.7963 0.8256 0.8698 0.8963 0.9245 0.9289  0.8547
D-2 0.8258 0.8525 0.8965 0.9145 0.9369 0.9522  0.9214
D-3 0.8025 0.8266 0.8785 0.8989 0.9299 0.9369  0.9078
D-4 0.7989 0.8158 0.8698 0.8858 0.9158 0.9195  0.8752
D-5 0.7058 0.7256 0.7485 0.7458 0.7698 0.7852  0.7523
D-6 0.6854 0.7125 0.7258 0.7458 0.7698 0.7896  0.7321

4.6. Computation cost and ablation studies

This subsection presents the computation dynamics of the proposed network architecture
against those presented earlier for train bogie part identification. Table 8 gives the statistics
based on layers, weights and computations for the proposed application.

Table 8. Computation cost of the proposed against the baseline models.
Yolo Yolo Yolo v2 with  Yolo v2 bifold

Architecture

vl v2 skip skip
Conv Layers 24 19 20 21
Weights 14.2M 8.3M 8.5M 8.6M
Computations 16.25B  5.58B 5.69B 5.77B
Fully Layers 3 - - -
Connected Weights 3.8M - - -

Computations  3.88M - = -

Table 9 presents the ablation study of the proposed model against the similar
model for train bogie part identification based on mean average precision (mAP).
The study shows the Yolo v2 with bifold skip can reach higher identification at
lower mAP values. Further, the analysis provides an insight into the applicability
of the proposed Yolo v2 with bifold skip architecture for automating the train
rolling stock examination.

Table 9. Ablation studies for bogie part identification deep learning Yolo models.
Architectures mMAP@0.1 mAP@0.2 mAP@0.3 mAP@0.4 mAP@0.5

Yolo vl 45.25 38.96 32.25 30.85 28.84
Yolo v2 47.56 40.45 34.73 32.61 30.67
Yolo v2 Skip 49.89 42.85 36.55 35.01 33.05
Yolo v2 bifold 52.09 45.38 39.15 38.42 36.28

5. Conclusions

This paper presents an improved deep learning model called Yolo v2 with bifold
skip architecture for train bogie part identification and defect detection in real time
video sequences. Specifically, the video data is captured during train movement,
which is then annotated and labelled for training. Yolo v2 with bifold skip
architecture has been proposed for identification of bogie parts with cyclic learning-
based training model. Testing was directly initiated on the video sequence. The
proposed model has shown exceptional ability in detecting bogie objects of
multiple resolutions simultaneously. The model performed well under variable
circumstances such as ambient lighting, train orientations and object scales. Unlike
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the previously proposed object detection models, the proposed Yolo v2 with bifold
skip is computationally lighter with higher accuracy. The proposed model has
found to have a high degree of suitability towards automation of train bogie object
in real time.
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