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Abstract—Vehicle Re-Identification (Re-ID) is a challenging
task, which aims to match the surveillance images containing
the same vehicle. Since vehicles of the same type tend to share
very similar appearance, slight difference in local areas are
usually critical in the vehicle Re-ID task. Recently, some finegrained Re-ID algorithms have achieved superior performance
by modeling the key areas with specific semantics such as
windows, lights, car orientation, etc. However, such methods
are labor-intensive to label the key areas for object detection.
This work proposes a Cascaded Hierarchical Context-Aware
scheme namely CHCA, which is free of fine-grained labeling,
to adaptively extract the visual features of discriminative local
areas based on surrounding hierarchical context information with
a specially designed recursive cross-level attention mechanism. It
does not require any additional supervision and is easy to be
embedded in existing networks. Extensive experiments on three
popular vehicle Re-ID benchmarks demonstrate the effectiveness
of CHCA, which has competitive results with existing state-ofthe-art methods applying fine-grained labels.

I. I NTRODUCTION
As one of the most important tasks of intelligent transportation, the vehicle Re-Identification (Re-ID) problem aims
to identify all images containing the same vehicle from the
surveillance video frames. It has been broadly applied in a lot
of transportation related domains, e.g. public security criminal
investigation, violation monitoring and fee inspection.
Different from the person Re-ID task, varied vehicles of the
same type usually share very similar appearance, while the
same vehicles captured from different angles may look quite
different. This makes the inter-class discrepancy usually much
smaller than the intra-class discrepancy, which brings great
challenges to the classification task. Thus, the fine-grained
visual feature of small local areas usually plays important
roles in correctly identifying similar cars, e.g. the areas of
lights, windows, license plate, sunroof, occupants, pendant,
decoration, painting, and etc.
Recently, some vehicle Re-ID methods utilizing fine-grained
features of local areas have achieved superior performance by
modeling the key areas with specific semantic. By making the
visual model pay more attention on these key parts with distinct visual features and semantic attributes, the performance
to discriminate hard instances can be enhanced significantly.
Specifically, the research [1]–[5] combine the attribute recognition models with the metric learning mechanism to achieve
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Fig. 1. The long range visual relationships between each local area and the hierarchical contexts, which are extracted by the spatial pyramid downsampling
strategy, are built in a cascaded mode.

accurate vehicle Re-ID. [5]–[7] propose the attentive multiview inference of learning transformations across different
viewpoints of vehicles.
However, most above methods usually require numerous
manual labeling of local areas to support effective detection
of key parts on vehicles. In this paper, we propose a Cascaded
Hierarchical Context-Aware scheme namely CHCA, which is
free of fine-grained labeling, to adaptively extract the visual
features of discriminative local areas based on surrounding
hierarchical context information. Specifically, CHCA adopts a
cascaded mode to build the long-range visual relation between
each local area and the hierarchical context as shown in Fig. 1,
which are extracted from the feature maps of original input
based on the spatial pyramid downsampling strategy. With a
specially designed recursive cross-level attention mechanism,
the hierarchical context information are aggregated to form
the discriminative features of local areas for context-specific
fine-grained classification. Experiments on three popular vehicle Re-ID datasets VeRi-776 [1], VehicleID [2] and VERIWild [8] show that our CHCA network can achieve competitive performance without using any fine-grained labeling of
vehicles.
Main contributions of this paper are summarized as follows:
•

We propose a Cascaded Hierarchical Context-Aware
scheme namely CHCA, to exploit hierarchical context
to achieve a robust context-aware representation for each
discriminative local area with different scales, so as
to tackle the challenge of fine-grained vehicle Re-ID

Fig. 2. The global pipeline of our CHCA Network. We randomly sample P identities, each with K images for the mini-batch in every training iteration.
During testing, only the feature vector after BNNeck is utilized to the final matching distance computation. Best viewed in color.

problems.
We incorporate a recursive cross-level attention mechanism into our CHCA network, which consists of Hierarchical Context Block(HCB) and Context Attention
Block(CAB) to facilitate the efficient fusion of the discriminative features with different scales. In addition, this
mechanism is highly flexible and can be easily embedded
into existing networks.
• Comprehensive experiments are conducted on three largescale benchmarks, and the results demonstrate that our
method can achieve significant improvements over supervised vehicle Re-ID algorithms.
The rest of this paper is organized as following. Section II
reviews related work of conventional Vehicle Re-ID and
Attention Mechanism. Section III analyzes the Vehicle ReID problem and proposes the model accordingly. Section IV
conducts comparisons on benchmark datasets. In the final
section, we briefly conclude this work.
•

II. R ELATED W ORK
Vehicle Re-ID. Recently, the vehicle Re-ID algorithms
based on deep learning have gained remarkable success on
some large public datasets [1]–[3], [8]. Specifically, Liu [2]
considered large-scale bounding boxes and combined with
both low-level features (color, texture) and high-level semantic features extracted by deep neural networks. Wang [6]
proposed an orientation invariant feature embedding module and a spatial-temporal regularization module. Zhou [9]
adopted a viewpoint aware attention model to select core
regions at different viewpoints and implemented effective
multi-view feature inference by an adversarial training architecture. Bai [4] proposed a deep metric learning method
to overcome the challenges of intra-class variance and interclass similarity. Differently, Tang [10] proposed a Pose-Aware
Multi-Task Re-Identification (PAMTRI) framework to address

these challenges. Khorramshahi [11] presented a novel dualpath adaptive attention model(AAVER) to capture both macroscopic vehicle features and localized discriminative features
simultaneously.
Attention Mechanism. As a popularly studied technique,
attention mechanism enables neural networks to focus on
relevant portions of input to enhance the performance of the
models. They were first studied in natural language processing (NLP), where encoder-decoder attention modules were
developed to facilitate neural machine translation [12]–[14].
Meanwhile, similar form of attention is introduced to model
the pixel-to-pixel attention relationship in computer vision [15]
tasks such as object detection and semantic segmentation.
Recently, inspired by the classical non-local means method
in computer vision, Wang [15] proposed the aggregation
attention operation, which calculated the response at any
position as a weighted sum of the features at all positions.
Fu [16] applied the self-attention mechanism to model the
semantic interdependencies in spatial and channel dimensions
respectively. Most above methods build the attention based
on single-scale feature maps, while ignoring the dependency
between local areas and multi-scale surrounding contexts.
III. M ETHODOLOGY
The overview of the Cascaded Hierarchical Context-Aware
scheme is shown in Fig. 2, which implements the recursive cross-level attention mechanism as a pluggable module
namely Cascaded Hierarchical Context Module (CHCM).
CHCM is flexible to be integrated into traditional convnet
for hierarchical context-aware feature extraction. Specifically,
CHCM contains two key components: the Hierarchical Context Block(HCB) and the Context Attention Block(CAB), the
detail of which will be presented in the following sections.

where C 0 is the number of channels in the new embedding
subspace.
Then we propose to add the downsampling modules Pi
after Win to apply different downsampling methods to extract multi-scale context representative sample feature Xi ∈
0
RC ×Ni ×Ni . Mathematically, this is computed by:
Xi = Pi (X 0 )

L
Fig. 3. The detail of Cascaded Hierarchical Context Module(CHCM). “ ”
denotes the element-wise sum. The softmax operation is performed on each
row of the matrix.

A. Cascaded Hierarchical Context Module
As proved by the success of recent fine-grained algorithms [1]–[5], the semantic attributes of the local areas may
play important roles in improving the discriminative ability of
vehicle Re-ID models. Most of these methods deserve laborintensive labeling of the key portions of vehicles. How to
achieve the similar performance without this kind of finegrained labeling is the core problem addressed in our research.
In fact, the labeling of the local areas is equivalent to adding
more attribute information to describe the special function and
position of the portions with discriminative visual features.
From the perspective of human vision, people judge the
vehicle attribute of a portion not only based on its visual
appearance, but also based on the context of whole vehicle.
Furthermore, the diverse scales of both the whole vehicle and
each semantic portion appearing in different images prefer the
multi-scale mechanisms to process the relationship between
global context and local areas.
Inspired by this observation, we introduce the Cascaded Hierarchical Context Module (CHCM) into the traditional deep
Convnet to incorporate multi-scale context information based
on the recursive cross-level attention mechanism, which aims
to mine the long-range visual relations between hierarchical
context and local areas.
The detail of the CHCM is shown in Fig. 3. Different from
recent self-attention mechanisms based on single scale [15],
[16], which build the attention on the original feature maps,
CHCM adopts the recursive cross-level attention mechanism to
aggregate the dependency between each local area and multiscale context extracted from the feature maps.
Specifically, considering an input feature map X ∈
RC×H×W where C, H and W indicate the number of channels,
spatial width and height respectively. In order to reduce the
computational consumption when calculating the attention
module, we first convert X into another embedding subspace
0
X 0 ∈ RC ×H×W by a state-transition matrix Win :
X 0 = Win (X)

(1)

(2)

where Ni is the number of downsampling size, which is
calculated as:
H
(3)
Ni = n−i+1
2
where n is the cascaded level. By doing so, we have a series
of feature maps that contain information about different levels
of structural contexts X1 , X2 , · · · , Xn .
Next, a cascaded architecture is linked to capture the dependency between adjacent levels of contexts. Each two adjacent
hierarchical feature maps perform attention calculation to
obtain one of the context for the next attention calculation. A
recursive mode is applied n times to obtain the final attention
T
feature maps XfAT
inal by repeating the cross-level attention n
times:
AT T
XiAT T = Attention(Xi−1
, Xi )(1 < i ≤ n)
T
AT T
XfAT
, X)
inal = Attention(Xn

(4)

where Attention() denotes the attention mechanism algorithm. The detail of the attention technique will be presented
in the following section.
T
Finally, XfAT
inal is transformed by another matrix Wout
to restore the features to the original dimensional space.
A residual skip connection is used to maintain information
consistency. Finally, we have the output as:
T
Y = Wout (XfAT
inal ) + X

(5)

B. Recursive Cross-level Attention Mechanism
For clarity of describing the specific design of the recursive
cross-level attention mechanism in CHCM, we firstly refer to
the general paradigm of the attention mechanism proposed by
Google [12]:
QK T
Attention(Q, K, V ) = sof tmax( √ )V
dk

(6)

where Q, K and V denotes the query, key, and value respectively and dk is the dimension of the key. It is worth noting that
in our recursive cross-level attention mechanism of CHCM, the
query, key, and value are the hidden representation from the
different layers.
Specifically, CHCM includes two major components to calculate the cross-level attention among multi-scale contexts: the
Hierarchical Context Block (HCB) and the Context Attention
Block (CAB) as shown in Fig. 4. Specifically, HCB adopts
a Cross-level Attention Mechanism to achieve the long-range
visual relation between hierarchical context and each local area
in a cascaded manner, and CAB facilitates the hierarchical
context information aggregation.

XiAT T by a 1x1 convolution Wφ :
φi = Wφ (XiAT T )

(7)

φi is adopted as the key K and the original XiAT T is used
as the value V . After that we perform a matrix multiplication
between two adjacent hierarchical context feature maps Xi+1
and the transpose of φi to calculate the attention relationship
2
2
matrix Mi ∈ RNi ×Ni+1 .
Finally, a softmax normalization is applied on each row of
−→
Mi to get the unified matrix Mi .
−→
Mi = sof tmax((φi )T × Xi+1 )
(8)

Fig. 4. The detail
N of Hierarchical Context Block(HCB) and Context Attention
Block(CAB). “ ” denotes the matrix multiplication.

Algorithm 1 Cascaded Hierarchical Context Module
Require: X: Feature maps to be enhanced; Pi : A variety
of different downsampling methods, the sample size is
Ni on each row/column; Win : A function for dimension
reduction of channels to reduce computation consumption;
Wout : A function to recover the channel number in
contrast to Win ; n: The number of cascading levels.
Ensure: Y : Feature maps enhanced by CHCM, with the same
size as input X.
1: for i = 1 to n do
2:
Xi = Pi (Win (X))
3: end for
4: for i = 1 to n do
5:
if i = n then
6:
φn = Wφ (XnAT T )
−→
7:
Mn = sof tmax((φn )T × Win (X))
−→
T
AT T
8:
XfAT
× Mn
inal = Xn
9:
else
10:
φi = Wφ (XiAT T )
−→
11:
Mi = sof tmax((φi )T × Xi+1 )
−→
AT T
12:
Xi+1
= XiAT T × Mi
13:
end if
14: end for
T
15: Y = Wout (XfAT
inal ) + X
16: return Y

Hierarchical Context Block(HCB). Given two adjacent
hierarchical context feature maps (the higher-level attentional
0
context feature XiAT T ∈ RC ×Ni ×Ni and the lower-level
0
context feature Xi+1 ∈ RC ×Ni+1 ×Ni+1 ), we propose the HCB
to calculate the attention relationship matrix. Xi+1 here acts
as the query Q of the paradigm, and XiAT T takes the roles
of both the key K and the value V . In order to maintain a
certain difference between key K and value V , a simple linear
transformation is performed on the attentional context features

Each value of the matrix after the softmax normalization implies the symbolic relation between adjacent levels of contexts.
Context Attention Block(CAB). As shown in Fig. 4, the
Context Attention Block(CAB) is proposed to calculate the
attentional impact resulting from the previous HCB. Given
2
2
−→
the unified attention relationship matrix Mi ∈ RNi ×Ni+1 and
AT T
C 0 ×Ni ×Ni
the higher-level context features Xi
∈R
, which
acts as the value V of the paradigm, a matrix multiplication is
applied to these two vectors to get the lower-level attentional
0
2
AT T
context feature Xi+1
∈ RC ×Ni+1 . In particular, XiAT T is
equal to X1 when i = 1. To sum up, the attentional context
feature XiAT T is mathematically calculated as:
(
X1 ,
i=1
AT T
Xi
=
(9)
−−−→
AT T
Xi−1 × Mi−1 , i ≥ 2
The whole algorithm flow is shown in Algorithm 1.
C. Cascaded Hierarchical Context-Aware scheme
Based on the implementation method described above, it
can be found that our proposed attention mechanism is highly
flexible and can be easily embedded into the existing deep
Convnet networks. So we embed it into the most common
baseline Convnet to form our CHCA network, the global
pipeline of our CHCA network is shown in Fig. 2.
It is worth mentioned that a CHCA network contains one
or more CHCM, and a CHCM contains one pair or more
HCB&CAB.
Loss Function. In our work, we adopt the batch hard triplet
loss [17] and cross-entropy loss together to train the model.
The overall loss function is as following:
Lf inal = Lxent (y, ŷ) + Ltri (a, p, n)

(10)

where a, p and n represent anchor, positive and negative
samples respectively.
Ltri indicates the batch hard triplet loss and is first proposed
in [17] as an improved version of the original semi-hard triplet
loss [18]. Specifically, we randomly sample P identities, each
with K instances for the mini-batch in every training iteration
to meet the requirement of the batch-hard triplet loss:
Ltri (a, p, n) = [α + max(Dap ) − min(Dan )]+

(11)

in which α is the distance margin, Dap and Dan are the
distance metrics between the anchor and all positive/negative

TABLE I
C OMPARISON WITH RECENT METHODS AND STATE OF THE ARTS ON THE
V E RI-776 DATASET. “*” INDICATES THAT THE METHOD USED
FINE - GRAINED LABELS FOR TRAINING OR PRE - TRAINING A VIEWPOINT
PREDICTOR .
Methods

mAP
27.77
51.42
58.27
59.47
61.32
61.50
61.83
61.18
66.34
71.88
74.30
68.90
73.29
79.50
79.60
79.67

FACT+Plate-SNN+STR* [2]
OIFE+ST* [6]
Siamese-CNN+Path-LSTM [19]
GS-TRE loss W/ mean VGGM* [4]
VAMI+STR* [9]
RAM* [20]
Proposed QD-DLF [5]
AAVER* [11]
VANet* [21]
PAMTRI* [10]
Part-regularized Near-duplicate* [22]
SPAN w/ CPDM* [23]
DFLNet [24]
PVEN* [25]
SAVER [26]
CHCA(Ours)

VeRi-776
Rank-1 Rank-5
68.30
89.70
83.49
90.04
85.92
91.84
88.60
94.00
88.50
94.46
88.97
94.70
89.78
95.99
92.86
96.97
94.00
97.60
93.21
97.56
95.60
98.40
96.40
98.60
96.96
98.63

samples in feature space, and [·]+ indicates max(·, 0). The
Euclidean distance is adopted as the distance metric.
Lxent indicates the cross-entropy loss:
Lxent (y, ŷ) = −

N
X

yi log ŷi

(12)

i=1

where yi is the ground-truth class label vector in one-hot
distribution, ŷi is the prediction probability of the input
belonging to class i, and N is the number of IDs of vehicles.
IV. E XPERIMENTS
A. Datasets and Evaluation Metric
1) Datasets.: We evaluate our proposed method on three
public datasets for Vehicle Re-Identification, VeRi-776 [1],
VERI-Wild [8] and VehicleID [2].
VeRi-776 dataset consists of 50,000 images of 776 vehicles,
in which each vehicle is captured by 2–18 cameras in different
viewpoints, illuminations, resolutions and occlusions. The
training set has 576 vehicles with 37,781 images, and the
testing set has 200 vehicles with 11,579 images.
VERI-Wild is another one of the biggest vehicle dataset
in the wild, containing 277,797 images of 30,671 vehicles
for training and 138,517 images of 10,000 other vehicles for
testing from 174 cameras. The test set is further divided into
three subsets with different sizes (i.e. Small, Medium, Large).
VehicleID contains data captured during the day by multiple
real surveillance cameras distributed in a small city in China.
There are 26,267 vehicles in the entire dataset (221,763 images
in total). Each image is accompanied by an ID tag that
corresponds to its identity in the real world.
To evaluate the effectiveness and robustness of proposed
model accurately, we select these three datasets for the following experiments.

2) Evaluation Metric.: We consider two widely used Vehicle Re-Identification performance metrics: the mean Average
Precision (mAP) and the Cumulative Matching Curve(CMC)
for quantitative evaluation. Here we follow the evaluation
protocol in [8]. Results with the same identity and the same
camera ID as the query image are not counted.
mean Average Precision: The mean Average Precision
(mAP) is the mean across all queries’ Average Precision (AP)
evaluating the overall performance for Re-Identification. The
AP is calculated for each query image as follows:
Pn
P (k) × gt(k)
(13)
AP = i=1
Ngt
where k is the rank in the recall list of size n, and Ngt is the
number of relevant vehicles. P (k) is the precision at cutoff k
and gt(k) indicates whether the k-th recall is correct or not.
Therefore, the mAP is defined as follows:
PQ
q=1 AP (q)
(14)
mAP =
Q
where Q is the number of total query images. Moreover, Top
K match rate is also reported in the experiments.
Cumulative Match Characteristics: The CMC curve
shows the probability that a query identity appears in differentsized candidate lists. The cumulative match characteristics at
rank k can be calculated as:
PQ
q=1 gt(q, k)
CM C@k =
(15)
Q
where gt(q, k) equals 1 when the ground truth of q image
appears before rank k.
B. Implementation Details
We use ResNet-50, initialized with the pre-trained weights
on ImageNet [34] as the backbone network for feature extraction and resize all images to 256×256 in consideration of
fair comparison against existing models. The last one downsampling operation is removed to hold the feature maps from
1
the last two stages 16
of the input images. Concretely, all the
feature maps in the last two stages have the exact same spatial
size.
Only random horizontal flipping and Random Erasing Augmentation [35] are adopted as data augmentation. The SGD
optimizer is used with a linear warm-up strategy and the
learning rate is set as 5e-3 and decreased by a factor of 10 at
epoch 60 and 100. The batch size is set to 32.
C. Comparison with State-of-the-art
To evaluate the Vehicle Re-Identification performance of the
proposed method and to compare the results with the state-ofthe-art methods as shown in Table I,II and III, where CMC at
Rank-1, Rank-5 and mAP are used as our evaluation metrics.
As noted from these results, the proposed approach can
achieve a competitive performance on these datasets. More
importantly, unlike most competing methods, CHCA does not
require any specially designed deep architecture to manually
label or detect key areas with semantics.

TABLE II
C OMPARISON WITH RECENT METHODS AND STATE OF THE ARTS ON VERI-W ILD DATASET. “*” INDICATES THAT THE METHOD USED FINE - GRAINED
LABELS FOR TRAINING OR PRE - TRAINING A VIEWPOINT PREDICTOR .
Methods
CCL* [27]
HDC [28]
Unlabeled GAN [29]
GSTE* [4]
FDA-Net [8]
MoV1+BS [30]
UMTS [31]
SAFR-Large [32]
GLAMOR [33]
DFLNet [24]
PVEN* [25]
SAVER [26]
CHCA(Ours)

Rank-1
56.96
57.10
58.06
60.46
64.03
82.90
84.50
92.10
92.13
96.70
94.50
97.22

Small
Rank-5
75.00
78.93
79.60
80.13
82.80
97.40
97.43
99.20
98.10
98.93

mAP
22.50
29.14
29.86
31.42
35.11
68.70
72.70
77.90
77.15
66.21
82.50
80.90
84.69

Rank-1
51.92
49.64
51.58
52.12
57.82
77.60
79.30
95.40
92.70
95.96

VERI-Wild
Medium
Rank-5
70.98
72.28
74.42
74.92
78.34
98.80
97.40
98.67

mAP
19.28
24.76
24.71
26.18
29.80
61.10
66.10
58.28
77.00
75.30
80.17

Rank-1
44.60
43.97
43.63
45.36
49.43
69.50
72.80
93.40
89.50
92.06

Large
Rank-5
60.95
64.89
64.52
66.50
70.48
97.80
95.80
96.67

mAP
14.81
18.30
18.23
19.50
22.78
49.70
54.20
47.16
69.70
67.70
72.07

TABLE III
C OMPARISON WITH RECENT METHODS AND STATE OF THE ARTS ON V EHICLE ID DATASET. “*” INDICATES THAT THE METHOD USED FINE - GRAINED
LABELS FOR TRAINING OR PRE - TRAINING A VIEWPOINT PREDICTOR .
Methods
FACT [2]
MixedDiff+CCL [27]
VAMI* [9]
GS-TRE loss W/ mean VGGM* [4]
RAM* [20]
Proposed QD-DLF [5]
AAVER* [11]
VANet* [21]
Part-regularized Near-duplicate* [22]
DFLNet [24]
PVEN* [25]
SAVER [26]
CHCA(Ours)

Test Size=800
Rank-1
Rank-5
49.53
68.07
49.00
73.50
63.12
83.25
75.90
84.20
75.20
91.50
72.32
92.48
74.69
93.82
83.26
95.97
78.40
92.30
78.83
95.01
84.70
97.00
79.90
95.20
84.79
96.03

VehicleID
Test Size=1600
Rank-1
Rank-5
44.59
64.57
42.80
66.80
52.87
75.12
74.80
83.60
72.30
87.00
70.66
88.90
68.62
89.95
81.11
94.71
75.00
88.30
80.60
94.50
77.60
91.10
81.11
93.93

Test Size=2400
Rank-1
Rank-5
39.92
60.32
38.20
61.60
47.34
70.29
74.00
82.70
67.70
84.50
64.14
83.37
63.54
85.64
77.21
92.92
74.20
86.40
69.78
90.59
77.80
92.00
75.30
88.30
78.03
91.34

Fig. 5. Class activation map (CAM) generated by identification classification model. The first column shows the origin images. Baseline model’s CAMs are
shown in the second column and CAMs with CHCM are shown in the third column.

TABLE IV
A BLATION STUDY OF INSERTION POSITION ON THE V E R I -776
DATASET.“◦” MEANS CHCM WILL BE INSERTED AFTER THE STAGE .
stage1
×
◦
×
×
×
◦
×
×
◦
×
◦

Fig. 6. The comparison results of varied cascaded level and using MP/AP in
the CHCM on the VeRi-776 dataset. “level4” means that the cascaded level
is 4, that is, n in Equation 3 is equal to 4.

D. Ablation Study and Parameter Analysis
In this section, we provide an ablation study on the different
contributions of this paper. In the first experiment, we studied
how the proposed method can enhance the general model
architecture. The second experiment illustrates the benefit of
using the cascaded levels to exploit hierarchical-level context,
and the selection of cascaded level affect the whole model. The
last experiment shows the best selection of insertion position
and number of the module we proposed in the standard
architecture.
Visualisation of Learned Features. To understand how
our designs help network learn discriminative features, we
visualise the activation maps of the last convolution layer
feature maps to investigate where the network focuses on
to extract features. Figure 5 shows the activation maps of
CHCA network and the baseline model. It is clear that our
proposed model can easily distinguish different cars by the
more discriminative part information while baseline model
usually uses fewer areas for judgment classification. Therefore,
this qualitative result shows that our attention mechanism
design enables network to identify subtle differences between
vehicles by capturing more discriminative part information.
Selection of Cascaded Level. To explore the effect of the
number of the cascaded levels, we construct different variants
with different levels of the module in Fig. 6. It is observed

Insertion Position
stage2
stage3
×
×
×
×
◦
×
×
◦
×
×
◦
×
◦
◦
×
◦
◦
◦
◦
◦
◦
◦

stage4
×
×
×
×
◦
×
×
◦
×
◦
◦

mAP

R@1

R@5

77.32
78.39
78.18
78.26
79.41
78.72
78.55
79.23
79.12
78.59
79.67

95.41
96.48
96.01
95.89
96.36
96.48
95.71
96.54
96.66
96.13
96.96

98.03
98.15
98.27
98.15
98.57
98.45
98.33
98.33
98.33
98.57
98.63

that using more cascaded levels results in higher performance
than less levels averagely. However, when the cascade level
was 4, there is some performance degradation, which may be
caused by the introduction of excessive noise. In particular, our
recursive cross-level attention mechanism is equivalent to the
non-local attention method with downsampling strategy when
the cascade level is equal to 1.
Meanwhile, we also study the effectiveness of the downsampling strategy in the CHCM. Strided convolution is not tested
here because it needs to learn a certain amount of parameters,
which will make our model spend more time on inference.
As shown in Fig. 6, we observe that the max pooling(MP)
and the average pooling(AP) have their own pros and cons.
We speculate that the AP operation encourages the filter to
focus on high average response regions, and the MP operation
focus on the maximal ones, so we can choose the appropriate
downsampling strategy according to the specific task. In this
study, we use the MP operation as the default option.
Insertion Position. In this experiment, we fixed cascaded
level as 3. As shown in table IV, inserting this module into
all the stages of resnet50 can get the best performance.
In fact, comparing the baseline results(the first row in
Table. IV), we can see that no matter where our CHCM is
added, it can improve the performance of the baseline model
to some extent. This also indicates that CHCM has a certain
degree of general ability to enhance the performance of the
standard backbone model.
V. C ONCLUSION
In this paper, we propose a Cascaded Hierarchical ContextAware scheme which is free of fine-grained labeling, namely
CHCA, to adaptively extract the visual features of discriminative local areas based ont surrounding hierarchical
context information. CHCA incorporates a recursive crosslevel attention mechanism to improve the Vehicle Re-ID
performance. Comprehensive experiments on three large-scale
vehicle benchmarks show that CHCA improve the Re-ID
performance significantly without using any fine-grained labeling. Furthermore, the visualization and ablation studies of
intermediate results validate the effectiveness of hierarchicallevel context.

In addition, we found that this would be a general attentionweighting approach, and we will try the effectiveness of this
approach in other tasks such as person Re-ID and semantic
segmentation.
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