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Abstract

Object re-IDentification (reID) is the process of matching the same object across
multiple cameras. An approach for object relD is crucial for identifying objects
like people, cars, motorcycles etc., in video surveillance systems. This is an active
area of research in both industry and academia due to the ever-growing pop-
ulation and need for smart surveillance, public safety and traffic management.
This work proposes an approach for automatically designing a deep convolu-
tional neural network, named MNASrelD, for motorcycle re-identification task.
Most current relD methods use deep convolutional neural networks as the back-
bone that are manually designed, which does not have the optimum settings as
the network complexity increases. MNASreID uses Neural Architecture Search
(NAS) to search for the backbones of the Deep Neural Network (DNN) model.
In addition, the designed search space includes parameters of the architecture
and its hyperparameters to find the optimum architecture for the relD task. This
work uses Grasshopper Optimization Algorithm (GOA) based NAS to find the
optimal DNN model. The outcomes of experiments on two motorcycle datasets
demonstrate that our method can automatically find the efficient DNN model for
motorcycle relD.

Keywords: Motorcycle re-IDentification, Neural Architecture Search, Grasshopper
Optimization Algorithm, Auto re-IDentification



1 Introduction

Object re-identification is the process of detecting and tracking objects across mul-
tiple cameras in a surveillance system, which has shown significant advancement in
the last decade. The purpose of object re-identification is to match the same objec-
t/person across several cameras to ensure continuous tracking and monitoring of
the object/person as they move across cameras in the surveillance system. Object
re-identification is a challenging task due to variations in illumination, occlusions,
changes in appearance, and other characteristics that can make it difficult to recog-
nise and track the same object/person across different cameras or viewpoints. The
object /person re-IDentification(relD) is an important task in computer vision and has
numerous applications in the fields of security and surveillance, traffic monitoring,
retail analytics, robotics, and sports analysis.

In recent years, there has been significant progress in methods for relD task, which
primarily focussed on person reID [1-3] and four-wheeler vehicle reID [4-7]. The tasks
of person re-identification and vehicle re-identification differ significantly due to the
difference in object characteristics, camera angle of view, and movement patterns. Peo-
ple are distinguished by physical characteristics such as clothes, hairstyle, and facial
features, but vehicles are commonly distinguished using license plate, color, make &
model information. Furthermore, people have more height variations than vehicles,
which can assist in the re-identification of the most commonly used vehicle, the motor-
cycle. People also move slowly compared to vehicles. However, there is little research
on the object in this context that the reID community ignored: motorcycles. The re-
identification of motorcycles presents a unique challenge as they involve both a person
and a vehicle, which have different characteristics that need to be considered. For
example, motorcycle riders often wear helmets that occlude the rider’s face, and riders
may wear diverse clothing that can conceal the physical characteristics of the person,
needed for discrimination or recognition. In addition, motorcycles are much smaller
than cars, which means that they appear in the smaller regions of the surveillance
video. Despite of these challenges, there are approaches in the literature for motorcy-
cle reID. A few studies have explored using traditional methods [8] and deep learning
methods [9, 10]. However, further research is needed to develop effective techniques
for motorcycle re-identification task, particularly in real-world scenarios, where there
may be limited data or environmental factors that could impact the performance of
the relD task.

Motorcycles are an essential mode of transportation in many developing nations of
the world. They are a convenient and inexpensive means of transportation, especially
for short distances and in cities. However, motorcycles can contribute to traffic prob-
lems like reckless driving and hit-and-run accidents, and some motorcycle riders engage
in criminal activities, including drug trafficking, extortion, and violent crimes. There-
fore, recognizing motorcyclists and monitoring their activities across wide areas is vital,
which is a difficult task. Nowadays, surveillance cameras are present almost everywhere
and can assist traffic monitoring personnel in performing this work efficiently. However,
there are various challenges to be handled when designing an effective system, includ-
ing low-resolution visual information, occlusion by other vehicles, motion blur, and
variations in lighting conditions. Furthermore, as most motorcycles only have license



plates on the back, the off-the-shelf license plate recognition systems can be useful
for relD only for a specific camera angle of view. As a result, to address these issues,
there is a need to create a motorcycle re-identification system based on appearance
that differs from traditional reID approaches based on person and vehicle character-
istics. Existing methods based on traditional approaches use manually designed deep
learning models for re-identification task, which typically requires expert knowledge
and optimized considering specific dataset characteristics. This dependence on domain
expertise and dataset characteristics can hinder the generalization capabilities of these
methods across different datasets. To address these limitations, we propose a Neural
Architecture Search (NAS) based approach for automatically designing a Deep Neural
Network (DNN) architecture for motorcycle re-identification task.
The key contributions of this work are as follows.

1. A GOA based NAS optimization framework is proposed to automate the design
of a deep neural network for motorcycle re-identification task.

2. A simple but powerful search space is designed to include the backbone archi-
tecture as well as hyperparameters for GOA based NAS to identify the optimal
model.

3. Experiments were conducted to search and train different architectures for relD
without pretraining on two motorcycle relD datasets which outperformed the
existing state-of-the-art approaches.

The remainder of the paper is structured as follows. The related work for motor-
cycle re-identification is covered in Section 2. Our proposed approach is described in
Section 3. Section 4 presents the experimental results and analysis. Finally, Section 5
summarizes the conclusions and future work.

2 Related work

In this section, we outline some of the existing approaches to re-identification task as
well as NAS optimization techniques for various computer vision tasks.

Re-identification:

The deep learning methods have been successfully used for many computer vision
tasks, and many deep learning methods have been developed in the literature for
person relD and vehicle relD. The state-of-the-art methods typically use a deep neural
network to extract features of the person/vehicle visual representation. For object
relD, two popular approaches were proposed in the literature, which are based on
ranking and classification concepts. In ranking-based methods, three images are used
as input: two of them depict the same identity, while the third belongs to a different
identity. The model is trained using a loss function such as Triple Loss [11], Quadruplet
Loss [12], or Margin Sample Mining Loss (MSML) [13]. The objective of these loss
functions is pulling samples with the same ID together, while pushing those with
different IDs far apart. On the other hand, classification-related approaches [14, 15]
use classification loss with a carefully designed special structure for object relD.



Luo et al. [16] introduced a baseline model for person reID that incorporates a tech-
nique called BNNeck. This approach aims to improve performance by combining ID
loss and triplet loss in the training process. Huynh et al. [4] presented a model for vehi-
cle reID that introduces the concept of multi-head attention combined with Supervised
Contrastive Loss [17]. Chen et al. [18] introduced an end-to-end distance-learning deep
network for vehicle reID. This network integrates global features and local features
at a more detailed level, aiming to improve the performance of vehicle relD systems.
Khorramshahi et al .[19] employed a key point detection approach to segment vehicle
images and extract detailed information. They then utilized deep learning techniques
to refine these features and effectively combine both coarse and fine features, result-
ing in more discriminative and efficient representations. Cheng et al. [20] introduced a
multi-granularity deep feature fusion method for vehicle reID. Their approach involved
designing two distinct branches to extract and fuse global features and local features,
ultimately utilizing the fused feature representation for vehicle image representation.
Wang et al. [21] introduced an efficient deep convolution method for re-identification
tasks. Their approach involved learning deep features guided by important attributes,
which collectively contributed to improving the overall re-identification performance.
Zheng et al. [22] proposed a method to enhance feature representation by utilizing a
multi-head architecture to extract multi-scale information. He et al. [23] investigated
the utilization of vision transformers for re-identification tasks. They explored several
domain adaptations and proposed a robust baseline called ViT-BoT, which served as
the backbone network. To address the specific characteristics of re-identification data,
the researchers introduced two modules: side information embedding and jigsaw patch
module. Zhang et al. [24] explored the use of transformers for person re-identification
in videos. However, they noted a challenge related to training transformers, namely
the requirement for a large amount of data. Insufficient data can lead to a higher risk
of overfitting.

Yuan et al. [8] have created BPRelID, a large-scale dataset that focuses on bike
person re-identification, which is collected in a campus environment. An approach
based on handcrafted features of the bike and person parts of the image is used
for bike-person re-identification. While this approach worked on the campus dataset,
the challenges faced by real-time urban monitoring systems can’t be handled by this
approach. The MoRe dataset, which was first proposed by Figueiredo et al. [9], is
the first large-scale dataset that focuses entirely on motorcycles and is captured from
urban traffic surveillance cameras in real time. A strong baseline approach is developed
using a deep learning model with a combination of triple loss [11, 25], quadruplet loss
[12], and MSML [13], which are metric learning losses. They have also used techniques
like warmup learning rate and label smoothing to increase the performance of motor-
cycle re-identification. J. Li et al. [10] proposed the pyramid attention mechanism to
enhance the strong baseline introduced by Figueiredo [9] for capturing the essential
information of the rider’s images. The effectiveness of this approach was evaluated on
BPReID and MoRe datasets.



Neural Architecture Search(INAS):

The field of NAS has numerous methods proposed in the literature. Auto-relD [26]
differs from expert-designed neural networks [1, 9, 10] as it focuses on automating
the search for neural network architectures. Neural network architectures developed
by NAS-based approaches have surpassed expert-designed architectures not only in
image classification [27, 28] but also in object detection [29, 30] and segmentation
[31, 32]. NAS based approaches can be categorized into different groups based on the
search strategy used: gradient based [33-35], evolutionary algorithms based [31, 32, 36],
and reinforcement learning based [37-39] approaches. In the literature, few NAS
approaches have been specifically designed for the reID task. Zhou et al. [40] introduced
NAS based attention modules to learn spatial and channel attention feature maps.
These feature maps were then combined to enhance the model’s feature representation
capabilities without the need for pretraining. To optimize the efficiency of attention
placement in the re-identification module, an Attention Search Space (ASS) was pro-
posed. Fu et al. [41] proposed a cross-domain deep network architecture search method
that specifically explores Batch Normalization (BN) layers to discover the optimal
architecture. Their work emphasizes the importance of learning shared information
between different modalities in existing representation learning methods, which pri-
marily aim to improve feature extraction. Chen et al. [42] introduced a NAS approach
for person relD task. This method involved searching for an optimal cell structure by
making greedy decisions during the search process. Further, they introduced a triplet
loss with batch hard mining [11] as the retrieval loss, aimed at enhancing the feature
representation capability of the backbone network and improving the overall general-
ization performance. Unlike these methods, which primarily concentrate on the search
for backbone architectures in DNN, our work aims to automate the search process for
the optimal backbone architecture of DNN and its hyperparameters for motorcycle
relD task.

3 Proposed approach

This section presents the proposed use of NAS with GOA for finding the optimal
model for the re-identification of motorcycles.

Object reidentification typically involves two main phases: feature learning and
reidentification. During the feature learning phase, images are used to train a classi-
fication network to extract feature vectors. In the reidentification phase, test images
are split into gallery images of one camera view and probe images of another camera
view, and these are then fed into the trained classification network to extract their
respective feature vectors. Once these feature vectors have been extracted, a distance
measure is used to match objects and identify the same object across different views.
In this work, we have modelled this entire process as a NAS framework to design
optimal deep neural network structure for re-identification. The flow diagram of the
proposed approach is shown in Fig. 1. In this figure, the process begins with the
random initialization of grasshoppers. The grasshoppers were then converted to DNN
models. These DNN models undergo feature learning with training images. Following
that, the rank-1 accuracy is computed by comparing feature vectors of probe and



gallery images. Subsequently, the grasshopper optimization is applied. This entire
process is repeated until the maximum number of iterations is reached.

Bring the current grasshopper
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Fig. 1: The flow diagram of the proposed GOA based NAS approach for finding an
optimum DNN model

A. Neural Architecture Search(NAS)

The goal of NAS is to automate the process of designing a neural network architecture
using an optimization algorithm. There are two steps in using which are: A) search
space design and B) search optimization algorithm to explore the search space. The
search space defines the set of possible architectures to explore during the search
process. This can be done by specifying the type and depth of layers, the optimizers,
the activation functions, and other hyperparameters. More versatility can be obtained
by adding more parameters to the search space. However, as the size of the search
space grows, the cost of finding the best deep neural network architecture increases.
For finding the best deep neural network architecture, even with a simple search
space, one has to evaluate a significant number of candidates in the search space
through trial and error. Hence, an optimization algorithm is needed to search for the
neural network architecture. Thus, the search optimization algorithm finds the best
architecture within the search space. This process involves selecting architectures that
performed well during evaluation for the given objective function and using them to



generate new architectures. We can formulate NAS as an optimization problem, as
given in Eq. 1.

mazes M1 (A(z,w*(z)), P,G) (1)

Az, w*(x)) = ming LyainA(z, w) (2)
Here, S represents the search space of the DNN architecture denoted by a Directed
Acyclic Graph (DAG), x € S is a specific path in the DAG corresponding to a DNN
architecture, w represents the weights of the DNN architecture, A(z,w) denotes a
DNN model with architecture x weight w and Ly, is the training loss. Now, Eq. 2
represents the computation of the DNN model A with optimal weights w*(z) for the
DNN architecture x, that minimizes the training loss Lyqqin. In Eq. 1, M, is the rank-
1 accuracy, and G, P represents a set of gallery and probe images, respectively. Eq. 1
represents the identification of DNN architecture « € S, such that its rank-1 accuracy,
M1 is maximum, corresponding to the optimum DNN model A identified by Eq. 2.

B. Search space design

The performance of the re-identification task is dependent on the features extracted by
the Convolutional Neural Networks (CNNs) backbone architecture. Due to this reason,
we include the parameters related to the backbone in the search space. The search
space of the backbone architecture consists of different kinds of blocks. Backbone
architecture could be divided into several stages according to the resolution of the
output features, where the stage refers to a number of blocks fed by the features with
the same resolution. In this work, we proposed search space with four kinds of blocks:
Resnet block [43], EfficientnetV2 block [44], Regnet block [45, 46] and Densenet block
[47].

In addition to the parameters of the backbone, we have also included parameters
associated with training like Size of input , Pooling opeation, Activation function,
Optimization algorithm, Loss function and Distance metric in our search space. The
details of the search space used in this work is described in Table 1.

Table 1: The Parameters in the search space and their values considered in this work

Parameter Range
Block type [Regnet, EfficientnetV2, Densenet, Resnet]|
Size of input [320x 320, 256 X256, 224x224, 128x128]
Pooling operation [Average, Max]
Activation function [ReLU, Swish]
Optimization algorithm [Adam, SGD]
Loss function [Cross Entropy Loss, Triplet Loss, Quadruplet Loss, Margin Sample Mining Loss]
Distance metric [Euclidean, Cityblock, Minkowski, Sqeuclidean]




C. Encoding Scheme

In order to train the DNN model for the given task, it is necessary to encode the search
space parameters. The encoding scheme enables the conversion between the grasshop-
per and its corresponding DNN models.

Block type: We have selected four block types: ResNet (depths: 18, 32, 50, 101, 152),
DenseNet (depths: 121, 161, 169, 201), EfficientNetV2 (variations: bo, b1, b2, b3, v2s,
v2m, v21), and RegNet (depths: rgenety320, y160, y080, y040, y016, y008, y006, y004).
A variable length encoding is used to encode these blocks. ResNet uses skip connec-
tions to feed the output of one layer as the input to a layer further down the network
to avoid loss of information between layers. DenseNet employs dense connections to
combat the vanishing gradient problem. EfficientNetV2 uses variants of inverted resid-
ual block and scaling for better generalization. RegNet is a variant of ResNet with a
regulator mechanism. These blocks are considered in this study due to their exten-
sive usage in the literature and the diversity of the block types they employ, including
basic blocks, bottleneck blocks, dense blocks, squeeze-and-excitation blocks, and stem
blocks. This diversity of block types enables us to explore different DNN architectures
by exploring the impact of usage of a block on performance to build high-performance
DNN models for relD task.

Size of input: The size of the input image affects the performance of the DNN model
that uses it. Hence, we have selected four input sizes: 320x320, 256x256, 224 x224,
and 128x128.

Pooling operation: The Max pooling and Average pooling are considered for pool-
ing operation in the search space. The exploration scheme of NAS will identify the
optimum pooling operation to be used in the DNN architecture.

Activation function: The activation function in a DNN model introduces non-
linearity, enabling the model to learn intricate patterns and representations from the
data. The choice of activation function plays a vital role in building a high-performance
DNN model. In this work, for the activation function, we consider ReLU and Swish.
ReLU is well-known for its simplicity, ability to induce sparsity, and reducing the like-
lihood of encountering the vanishing gradient problem. On the other hand, Swish is
a non-monotonic smooth function. By incorporating ReLU and Swish as activation
functions in our experiments, we aim to leverage the strengths of both activation func-
tions to effectively optimize the performance of the DNN model.

Optimization algorithm: The choice of optimization algorithm plays a crucial role
in reducing the miss-classification of the DNN model. In this work, we have opted
for two standard optimization algorithms: Adam and SGD. These optimization algo-
rithms are widely used and have proven to be effective in training DNN models.
Loss function: We have selected various metric learning losses, such as Cross Entropy
Loss, Triplet Loss, Quadruplet Loss, and Margin Sample Mining Loss, for training.
Each loss has its own significance: Cross Entropy Loss for classification, Triplet Loss for
embedding similar samples close and dissimilar samples far, Quadruplet Loss for robust
learning with four samples, and Margin Sample Mining Loss for informative sample
selection. The use of appropriate training loss is crucial in optimizing embeddings that,
intern improve the performance of the relD task. These diverse loss functions aim to
enhance our model’s ability to accurately identify and distinguish individuals in reID



task.

Distance metric: The choice of distance metric is crucial in evaluating the rank-1
accuracy of the relD task. We have selected four distance metrics: Euclidean, City-
block, Minkowski, and Sqeuclidean. Each metric offers unique advantages that impact
the relD system’s performance. Euclidean calculates straight-line distances, Cityblock
is robust to outliers and non-isotropic distributions, Minkowski is a generalization
of Euclidean and Cityblock, while Sqeuclidean emphasizes larger differences between
feature vectors.

D. Search Objective

Rank-1 accuracy is a key metric for evaluating the performance of object reidenti-
fication. The rank-1 accuracy measures the percentage of correctly identified probe
images where the top-ranked match is the correct one. The rank-1 accuracy can be
defined as follows:

Let P be the set of probe images, and G be the set of gallery images. For each probe
image p in P, the reidentification algorithm returns a ranked list of gallery images g1,
g2, ---, gn in G, where n is the total number of gallery images. The rank-1 accuracy
denoted as rl is then defined as:

=3 e Pl o) ®

where m is the total number of probe images, and f(p, g1) is an indicator function
that equals 1 if the top-ranked gallery image g; is the correct match for the probe
image p, and 0 otherwise.

Eq. 3 represents the average number of correct top-ranked matches across all
probe images, expressed as a percentage of the total number of probe images.

E. Search optimization algorithm (GOA)

GOA is a recent swarm intelligence algorithm inspired by the foraging and swarming
behavior of grasshoppers in nature. It is first introduced by Saremi et al. in [48]. It has
been shown to be effective in solving various optimization problems, including med-
ical image segmentation [49, 50], image enhancement [51], image fusion and feature
selection [52, 53]. Tts simplicity, efficiency, and robustness make it a popular optimiza-
tion technique. From our review of the existing literature, we noticed that there is no
existing approach utilizing GOA for the reID task. This motivated us to use GOA as
the search strategy in this work for finding an optimum DNN model for motorcycle
relD task.

In GOA, the grasshoppers move based on the attractiveness of the food source
and the distance to other grasshoppers. The swarming behavior of grasshoppers is
mathematically modelled in Eq. 4

Y;' = SOZ' + sz + Waz- (4)



Here, Y; indicates the " grasshopper? position, So; is the social interaction, G f;
denotes the gravity force on the i*" grasshopper, and Wa; is the wind advection.
The social interaction So; is defined as follows:

N
Y, -
So; = _ Z 'S(dw)T‘j (5)
Jj=1,j#i -

where N denotes the number of grasshoppers, d;; = |Y; —Y;| denotes the Euclidean
distance between the it" and the j** grasshopper s(r) represents the social forces that
can be computed from the formula in Eq. 6.

s(r)=Fxe "/t e (6)
where F' and L are the attraction intensity and attraction length scale, respectively.

The social interaction between grasshoppers can be defined as attraction and repulsion.
The gravity force G f; can be computed using the formula in Eq. 7.

Gfi = —g*é, (7)
Where g denotes the gravitational constant and é,4 represents a unit vector toward
the centre of the earth.
The wind advection Wa; is given by the formula in Eq. 8.
Wa; = —uxéy (8)

where u represents the drift constant and é,, is a unit vector in the wind direction.

According to Saremi et al. [48], Eq. 4 is modified to suit the actual conditions of
the grasshoppers? movement, using the formula in Eq. 9.

N
ub —1b Y. - Y;
vi=Cl Y OV =Y~ | + Ty 9)

J=1,j#i “

Where 1b, ub is defined as the lower-bound and upper-bound in the d** dimension.
T, is defined as the best value of the d** dimension in the target.
The coefficient C is defined in Eq. 10.

C=Chruw — tM (10)

tmaw

10



Algorithm 1 Proposed GOA based NAS approach

Input: train_images (I)trqin, testiimages (I)test = (P,G), N.
Output: rank-1 accuracy of the best model (T)
1: Generate the initial random population of Grasshoppers Y; of size N
2: Initialize Crmaz,Cmin,tmaz,F,L,t=1.
3. while t<t,qr do
4: Encode and train the model using given (I)¢yqin, search space and encoding scheme
5: Evaluate the fitness (rank-1 accuracy given in Eq. 3) of each trained model,
using (I)test corresponding to its grasshopper(Y;)
6 The grasshopper with the highest fitness is assigned to T
7 fori=1,2,.....,N do
8 Update the value of C by using the computation given in Eq. 10

9: Normalize the distance between grasshoppers

10: Update the position of the current grasshopper using Eq. 9

11: Bring the current grasshopper back, if it is outside the boundaries
12: Update t=t+1

13: end for

14: end while

We first calculate the fitness of the initial random population of Grasshoppers of
size N. The position of Grasshoppers is updated based on their fitness values using
Eq. 9. This process will continue until the maximum number of iterations is reached.
The pseudo-code to this approach is given in Algorithm 1.

To streamline the computationally expensive process of NAS, we adopted a strat-
egy to accelerate the optimization. Firstly, we incorporated pre-termination criteria,
which involved monitoring the model’s loss after 20 epochs. If the loss does not
decrease significantly within this period, we terminated the training early. Otherwise,
we continued training the model for a total of 80 epochs and recorded the results.
Additionally, to further optimize the NAS process, we implemented a caching strategy
to avoid retraining the same model if it had been generated in previous iterations of
the GOA. This approach allowed us to skip redundant training of previously gener-
ated model architectures during optimization, thereby speeding up the search for the
best architecture.

4 Experimental results and analysis

In this section, we present the experimental evolution of the proposed approach on
two motorcycle relD datasets, i.e., MoRe [9] and BPReID [8]. We first discuss the
evaluation metrics and implementation Details. The comparison of the performance of
the proposed approach against the existing relD also approaches is presented in this
section. Finally, an analysis of the results of the proposed approach is presented.
Datasets:

We evaluate the proposed approach on two motorcycle relD datasets, i.e., MoRe
and BPReID. The MoRe dataset [9] consists of 14,141 images of 3,827 identities. As
per the standard evaluation scheme, 1913 identities are used for training, and 1914
identities are used for testing. The BPReID dataset [8] contains of 18,763 motorcycle
images of 940 identities. The details of these datasets is given in Table 2. The Rank-
1 accuracy and the mean average precision (mAP) [18] are considered in this work
for the evaluation of reID task. The mean average precision (mAP) is widely used
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to evaluate the performance of the convolutional networks for reID. We compare the
performance of the proposed approach against the existing approaches by using these
two evaluation metrics on the two datasets.

Implementation Details:

In this work, We use the TensorFlow framework for implementing the proposed
approach. The experimental study in this work is performed on a computer with an
Intel Xeon(R) Silver 4110 CPU running at 2.10GHz, 64GB of RAM, and one NVIDIA
GeForce RTX 2080 Ti GPU, with CUDA 11.1 in Linux platform. The Rotation, Trans-
lation, and Horizontal flipping operations are used for data augmentation. Attraction
intensity F' is considered as 0.5, and attraction length scale L is considered as 1.5.
Chnaz 18 1, Cpin is 0.00004 and maximum number of iterations t,,4, is considered
to be 20. The batch size is 24, and each batch is sampled with randomly selected 6
identities and 4 images per identity.

Table 2: Number of Images, Number identities in
MoRe and BPRelID datasets

Dataset #Cameras #IDs  #Images
Motorcycles BPReID 6 940 18,763
MoRe 10 3,827 14,141
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Comparative study of existing algorithms:

We evaluate the performance of existing Motorcycle re-identification algorithms
against our proposed approach on the MoRe dataset, BPRelD dataset and summarize
these in Table 3. Since we specifically focus on motorcycles, the number of images our
approach considers differs from the rider reID method mentioned in [10]. Therefore, we
cannot directly compare our results with theirs for the BPRelD dataset. From Table 3,
it can be observed that our approach, MNASrelD, achieves a significant improvement
of +6.83% and +5.76% in performance for r1 and mAP metrics, respectively, compared
to the MoRe approach given in [9]. When compared to the recent state-of-the-art
rider reID [10], MNASreID achieves an improvement of +1.14% and +1.24% on the
rl and mAP metrics, respectively, for the MoRe dataset. For the BPRelD dataset,
MNASrelID outperforms the MoRe approach in [9] with a substantial margin, achieving
a performance improvement of +26.82% and +29.56% on the r1 and mAP metrics,
respectively. From Table 3, it can be concluded that our proposed approach surpasses
the baseline model as well as the recent model, demonstrating its effectiveness on both
the MoRe and BPRelD datasets.

Table 3: Comparison of rankl and mAP of the exist-
ing re-identification approaches against the top-1 model
obtained from the proposed approach on MoRe dataset
and BPRelD dataset

Dataset
one €
Method T (%) wAP (%) 11 (%) wAP (%)
MoRe [9] 83.41 86.38 16.94 23.08
Rider relD [10] 89.1 90.9 - -
MNASreID 90.24 92.14 43.76 52.64

Note: The best values are highlighted in bold.

Discussion:

The number of times the NAS search space parameter value is used by the NAS
exploration process for identifying the optimal DNN model for the relD task is ana-
lyzed. The results of this analysis depicting the frequency of usage of each parameter
value by the proposed MNASreID is shown in Figure 2. This reveals the trends in
the use of parameter values by the NAS exploration process. Among the block types,
‘Resnet’ and ‘EfficientnetV2’ are the most commonly chosen block types, surpassing
other block types. For pooling operation, ‘Max’ pooling is more favoured than ‘Avg’
pooling. The ‘ReLU’ activation function emerged as the dominant choice, outper-
forming ‘Swish’. The ‘SGD’ optimizer is the preferred option over ‘Adam’ optimizer.
Among the distance metrics, the ‘Sqeuclidean distance’ metric is selected most fre-
quently compared to other distance metrics. As per the size of input, 128 x 128 pixels
is more prevalent compared to other sizes, and for the loss function, ‘Margin Sam-
ple Mining Loss’ is the dominant choice. These observations reveal the preference for
these particular parameter values during the NAS optimization process.
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The analysis of the rank-1 accuracy for each iteration is conducted by evaluating
the performance of the best grasshoppers. Fig. 3 shows the trajectory details of the
MNASreID rank-1 accuracy achieved by the best grasshopper after each iteration.
It is observed from the figure that, as the iterations progress, the accuracy steadily
increases and eventually reaches a convergence point at subsequent iterations.

100

50 1 ./'_/M/‘
__ 60
X
b

40 A

20 A

—e— rank-1 accuracy
0 5 10 15 20 25

Iterations

Fig. 3: Iteration wise rank-1 accuracy of the MNASrelD approach for the best
Grasshopper

5 Conclusion and future work

A new automated Neural Architecture Search (NAS) approach based on the Grasshop-
per optimization algorithm, called MNASrelD, is proposed for the motorcycle
re-IDentification (reID) task in this work. This approach efficiently explores both neu-
ral network architecture and hyperparameters to find the optimal deep neural network
architecture. The Grasshopper optimization algorithm is utilized as the search strat-
egy to discover the optimal model. The performance of MNASrelID is compared with
the existing approaches for motorcycle re-identification on the MoRe and BPRelID
datasets. The experimental results suggest that the proposed MNASreID outperforms
the existing methods, indicating its effectiveness for the motorcycle re-identification
task.

In future, this approach can be extended for other object re-identification tasks.
One potential future extension is the incorporation of part-wise learning, which can
further improve performance.
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