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a b s t r a c t 

Nowadays, numerous cameras have been equipped in tunnels for monitoring the tunnel safety, such as 

detecting fire, vehicle stopping, crashes, and so forth. Nevertheless, safety events in tunnels may occur 

in the blind zones not covered by the multi-camera monitoring systems. Therefore, this paper opens the 

challenging problem, tunnel vehicle re-identification (abbr. tunnel vehicle Re-ID), to make a between- 

camera speculation. Different from the open road scenes focused by existing vehicle Re-ID methods, tun- 

nel vehicle Re-ID is more challenging because of poor light condition, low resolution, frequent occlusion, 

severe motion blur, high between-vehicle similarity, and so on. To be specific, we propose a synergistically 

cascade forests (SCF) model which aims to gradually construct the linking relation between vehicle sam- 

ples with an increasing of alternative layers of random forest and extremely randomized forest. Through 

the modeling of SCF, we can restrict the influence of little inter-variation of different vehicle identities 

and large intra-variation of the same identities. This paper constructs a new and challenging tunnel ve- 

hicle dataset (Tunnel-VReID), consisting of 10 0 0 pairs of tunnel vehicle images. Extensive experiments on 

our Tunnel-VReID demonstrate that the proposed method can outperform current state-of-the-art meth- 

ods. Besides, in order to prove the adaptation ability of SCF, we also verify the superiority of SCF on a 

large-scale vehicle Re-ID dataset, named as VehicleID, collected in open road scenes. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Tunnels have become the important component in the road

etwork, and own the apparent superiority for shortening the

ransportation distance. However, as a double-edged sword, be-

ause of the limited space, narrow fields of view and dim illumina-

ion condition, there is significantly higher risk and severer injuries

f accidents in tunnels than on open stretches of road [1,2] . There-

ore, multi-camera monitoring systems are universally equipped in

unnels for guaranteeing safety control. The intention is to discover

he safety events timely, thereby traffic managers can rescue im-

ediately to avoid severe hazards and secondary accidents. 
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Although many cameras are equipped in current tunnels, the

amera array is always with blind zones, as shown in Fig. 1 .

f there are safety events in the blind zones, such as vehicle

topping or collisions, the observed vehicles in one camera will

ot appear in the next one, which plants serious hazard seeds

o tunnel safety. In this work, we tackle this problem by intro-

ucing vehicle re-identification (Re-ID) technique, while it owns

 sufficient consideration of the vehicle characteristics in tunnel

cenes. 

Tunnel vehicle Re-ID aims to match the corresponding same ve-

icles from different cameras, so it can detect whether the identity

f vehicle lost or not after passing through the blind zone. Another

romising application of tunnel vehicle Re-ID is to keep tracking of

nterested vehicles, such as buses taking too many passengers and

rucks carrying dangerous goods with high risk for tunnel safety.

y deducing the possible position of safety events or interested

ehicles in the tunnel, suitable arrangements can be implemented

imely. However, different from the traditional vehicle Re-ID works

3,4] focusing on the vehicle samples captured under favourable
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Fig. 1. Illustration of multi-camera setup and blind zones in tunnel monitoring system. 

Fig. 2. Examples of vehicle image pairs from our Tunnel-VReID dataset. The vehicles in tunnels have large intra-variation and little inter-variation. Each column of (a) shows 

some examples with large intra-variation between same identities of vehicles in each column, and (b) demonstrates some typical vehicles with quite similar appearance but 

different identities of vehicles in each column. 
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light condition and observing view in open road scenes, tunnel ve-

hicle Re-ID is more challenging owning to following factors. 

• Due to dim illumination and fast movement of vehicles, the ve-

hicles in images captured by the cameras are almost all blurred.

License plate information and fine-grained appearance features

are not available. 
• Non-uniform distributed illumination, dazzling rear lights and

reflection of tunnel lamps on the vehicle surface cause drastic

influence for vehicle appearance. 
• Because the viewing fields of cameras are limited by the special

linear constraint of the tunnel, pose change and occlusion of

vehicles are also intractable. 
• There are so many vehicles with similar type that the vehicles

with same identity are difficult to be picked out exactly, even

by humans. 

All these disturbances entangle and degrade the vehicle appear-

ance, and make the vehicles have rather large intra-variation and

little inter-variation, which is more challenging than the ones in

open road scenes. Fig. 2 demonstrates some pairs of vehicle sam-

ples. Note that the cameras are all with high resolution. From
ig. 2 , we can observe that tunnel vehicle Re-ID is rather challeng-

ng. 

Considering above challenges, we aims to tackle this problem

rom the exploration of the between-vehicle structure relation. In

ther words, when matching identities, we not only consider their

wn similarity, but also introduce the contextual relationships with

ther vehicle samples. In order to fulfill it, this paper proposes

 novel synergistically cascade forest model (SCF) for partitioning

he different vehicles and correlating the same vehicle by relation-

hip measurement. Specifically, SCF is constructed by alternative

ayers of random forests and extremely randomized forests, and

s gradually modeled by putting each pair of training identities

nto the construction process. Similarly, the positive samples are

he vehicle pairs with same identities while the vehicle pairs with

ifferent identities are negative ones. Particularly, the positive-

egative classification procedure is modeled as a progressive multi-

ayer forests ensemble, mainly targeting the deep correlation of

amples with the increasing of the layers. By this procedure, the

lassification margin between positive and negative pairs of vehi-

le samples can be enlarged gradually (will be illustrated in the

iscussion). 
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In order to boost the training efficiency and effectiveness, we

urther introduce curriculum learning to pave an easy-to-difficult

earning framework, in which the degree of difficulty is determined

y Euclidean distance of feature vectors of vehicle pairs. In this

aper, we construct a dataset for tunnel vehicle Re-ID problem

named as Tunnel-VReID), which contains 1,0 0 0 pairs of identities

ollected from nine pairs of high-resolution cameras in three dif-

erent tunnels. It is worth noting that these 1,0 0 0 pairs of iden-

ities took laborious labeling work by ourselves because of the

ough appearance. The proposed method is evaluated to be effec-

ive through exhaustive experiments on our Tunnel-VReID. In ad-

ition, in order to prove the adaptation ability of our model for

ehicle Re-ID task in open road scenes, we also validate its superi-

rity on a large-scale VehicleID [5] dataset. 

The main contributions of this paper are as follows: 

• This work aims to address a large-scale tunnel vehicle Re-ID

problem with rather diverse and challenging tunnel scenes, and

extends the scenarios of vehicle Re-ID task. 
• An effective SCF model is proposed to model the deep correla-

tion of vehicle samples and enhance the classification capacity

of positive and negative vehicle pairs with the increasing of the

forest ensemble layers. 
• A new and challenging tunnel vehicle Re-ID dataset (Tunnel-

VReID) with 10 0 0 pairs of vehicle identities in tunnel scenes is

constructed. Exhaustive experiments demonstrate that the pro-

posed method can generate a state-of-the-art performance. 

The rest of the paper is organized as follows. Section 2 presents

he related works. A detailed description of the tunnel vehicle

e-ID dataset is presented in Section 3 . In Section 4 , we present

he proposed method, and Section 5 gives the evaluation of our

ethod and the comparison with previous works. Finally, the con-

lusion is stated in Section 6 . 

. Related works 

In recent years, the Re-ID problem has been extensively stud-

ed in computer vision. Most existing Re-ID methods focused on

erson Re-ID while vehicle Re-ID has drawn fewer attention. 

Vehicle Re-ID. Vehicle Re-ID is an attractive topic for traffic

afety. Early study [6] employed automatic vehicle identification

AVI) tags to carry out vehicle Re-ID through information exchange

etween transponders equipped on vehicles and AVI readers

quipped on roadside. Since market penetration of in-vehicle

quipment is extremely low, AVI is difficult to be widely put into

se. In the works of [7–9] , vehicle Re-ID is implemented by match-

ng electromagnetic signatures captured from inductive/magnetic

ensors without in-vehicle equipment, which requires extensive

etector installation and maintenance effort s in road network. The

rocedure of signature waveform feature selection and matching

s too complex that it is incapable for heavy traffic. 

The license plate is the unique identity of individual vehicle,

hich is a crucial clue for vehicle re-ID task. Generally speaking,

ehicle license plate recognition [10–12] is a practical technology.

owever, low visibility caused by rainy and foggy weather, dim

llumination and unavoidable occlusions, vehicle license plate in-

ormation is usually indistinct and unobtainable. Therefore, license

late Re-ID methods only can work in restricted conditions, such

s favorable illumination and low vehicle speed. 

With the rapid development of computer vision, more works

ainly employ visual appearance feature in vehicle Re-ID, which

ocuses on learning discriminative features [4,13–15] . Liu et al.

16] extracted GoogLeNet deep features, color and SIFT features,

nd applied the late fusion strategy to calculate similarity scores

or vehicle Re-ID. Tang et al. [17] designed a multi-modal archi-

ecture, which integrated LBP texture map and Bag-of-Word-based
olor Name feature into an end-to-end convolutional neural net-

ork. Liu et al. [5] proposed a VAMI model and an adversarial ar-

hitecture to conduct multi-view feature inference to address the

ulti-view re-ID problem. Apart from global visual features, spe-

ial marks can also be valuable for Re-ID task [18] . Peng et al.

19] proposed a multi-region model to extract local features from

ubtle regions to identify vehicles. 

In addition, Liu et al. [20] combined visual appearance fea-

ure with license plate. This method firstly adopted visual appear-

nce features of vehicle for coarse filtering, and then utilized the

iamese neural network for license plate verification, so as to make

 further confirmation. Furthermore, Shen et al. [21] and Wang

t al. [13] utilized visually spatio-temporal proposal to address the

ehicle Re-ID task. Taking visual similarity into consideration, the

patial-temporal constraints should also be satisfied. 

As aforementioned, these methods are based on open road,

hile vehicle Re-ID in tunnel scene is challenging, resulting from

acking license plate information, low resolution, dim illumina-

ion and drastic changing of the appearance of vehicles. Frias

t al. [22] proposed Bayesian framework which combined motion

nd appearance features to solve tunnel Re-ID problem. They em-

loyed shape complexity of vehicles, spatial discrepancy, and lane

hanges, which required a great deal of annotated information. Be-

ides, they paved this problem with three adjacent cameras in a

ingle tunnel and captured 11 minutes of videos in total for ex-

eriment, which manifestly cannot display the diversity of tunnel

cenes. 

Person Re-ID. Compared with vehicle Re-ID, person Re-ID is a

imilar topic but more widely studied recently. The existing meth-

ds can be commonly divided into two categories, namely hand-

rafted metric learning based methods and deep learning based

ethods. 

Hand-crafted metric learning methods usually focus on design-

ng distinct features and learning an effective similarity metric.

deal features are expected to be robust to illumination, pose,

nd occlusion [23] , where many features have been applied, such

s variations on color histograms [24,25] , local binary patterns

25,26] , SIFT [27] , and so on. Metric learning aims to learn an effec-

ive similarity metric to compare the features across images. Par-

icularly, XQDA [25] , MLAPG [28] have shown to be favorable for

erson Re-ID. 

Owning to prominent advances of deep convolutional neural

etworks on computer vision, it is popular to apply the deep ar-

hitecture to person Re-ID task [29–33] . Common deep learning

ased methods are end-to-end systems by automatically learning

eatures and metrics for person Re-ID. These methods are signifi-

antly different in their network architectures structured by flexi-

le convolution layers, fully connected layers and loss functions. In

ddition, there are many other approaches for Re-ID, such as super-

ised smoothed manifold [34,35] , graph theoretic algorithm [36] ,

aliency embedding matching [37] , symmetry-driven accumulation

f local features [38] , generative adversarial network [39] , and so

n, where each of them explored its own functional characteristics,

espectively. 

Compared with person Re-ID, the interference from plenty of

imilar samples in vehicle Re-ID datasets should be paid more at-

ention, because the vehicle type is not private and is shared by

ifferent persons universally. In particular, in our Tunnel-VReID

ataset, this interference is strongly aggravated by the poor light

ondition and motion blur. 

. Tunnel-VReID dataset description 

In this paper, a new dataset, called Tunnel-VReID, is con-

tructed to evaluate the tunnel vehicle Re-ID performance. The

ehicle images in Tunnel-VReID were captured by 9 pairs of
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Fig. 3. An overview of the synergistically cascade forests structure. Tunnel vehicle Re-ID is formulated as a progressive multi-layer same-different binary classification 

framework. Input feature vector is obtained by difference operation of vehicle features from different cameras. Each forest will output a two-dimensional class vector of 

probabilities of correct match and false match. Each level of the cascade consists of two layers, i.e., the extremely randomized forest and the random forest. The output of 

the previous layer is used as the augmented feature concatenating with the original feature vector, and taken as the input of the next layer. Extremely randomized forest 

and random forest are performed alternatively. 
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1920 × 1080 HD surveillance cameras in three different tunnels

located at Xi’Han Highway, Shaanxi province, China, which crosses

the famous Qinling mountains. Tunnel-VReID dataset includes

1,0 0 0 pairs of vehicle identities, which consists of 739 cars, 60

midsize cars (e.g., SUV) and 201 trucks. Because of the severe

disturbance of poor light condition, fast motion blur and high

between-vehicle similarity, the annotation is rather laborious and

has been checked for several times. 

3.1. Construction procedure 

With the eighteen cameras, the total time duration of the cap-

tured video sequences is 340 minutes. Considering the resolution

of vehicle images, we pick out images of vehicle identities as clear

as possible. Each vehicle identity contains two images captured by

two non-overlapping cameras. Then we annotate bounding boxes

for vehicles in each image that surrounds the whole vehicle body

and suppresses the background as much as possible. Finally, all ve-

hicle images are normalized to 30 0 × 20 0 pixels. We take one

camera view as the probe set, another one as the gallery set, and

then randomly divide the pairs into equal half for training and the

other half for testing. We will release Tunnel-VReID dataset in the

near future. 

3.2. Tunnel-VReID dataset at a glance 

In order to guarantee the complexity of Tunnel-VReID, we take

full account of various scenes and challenging factors when picking

the samples, such as illumination, viewpoint, motion blur, and oc-

clusion. These eighteen cameras in this work are distributed at the

exit, entrance and inside of tunnel where illumination conditions

are rather different. The illumination near entrance is brighter than

the one inside of tunnel. In view of mounting positions and angles

of cameras in tunnel, the capturing views of cameras mainly have

two orientations. One mostly photographs at the rear of vehicle,

while the other may pay more attention to the roof and side of

vehicle. Because the designed speed range ([60,80] km/h) in the

tunnels of Xi’Han Highway, motion blur is universal for all of the

vehicles. The challenges of illumination, viewpoint and motion blur

give rise to drastic change of vehicle appearance. Besides, the tun-

nel traffic flow is very large, and many similar vehicles often ap-

pear in the same camera view. From these factors, the samples in

this dataset have rather little inter-variation and severe large intra-

variation. 
. The proposed method 

The tunnel vehicle Re-ID is a challenging problem due to large

ntra-variation and little inter-variation. For distinguishing differ-

nt vehicles and recognizing same vehicles better, we model a cas-

ade forests structure to explore the deep correlation between ve-

icles inspired by gcForest [40] . GcForest generates a deep forest

nsemble with a cascade structure to do representation learning,

hich is an alternative to deep neural networks, and is much eas-

er in hyper-parameter tuning and has favorable performance on

oth small-scale and large-scale datasets. However, the structure

f gcForest directly treats the output of the preceding level as the

ugmented input of the next level, which will cause drastic fluc-

uation of results between two adjacent levels (demonstrated in

ur experiments in Section 5.5.1 ). One underlying reason of this

henomena can be interpreted as follows. Because the challenging

actors aforementioned before, many of them are hard to be re-

dentified, and can be treated as hard samples. Based on the ob-

ervation by [41] , the predicting labels for hard samples by differ-

nt random forests in the cascade structure may appear divergence

nd cause large prediction variance, which may cause a confused

nd fluctuant prediction. 

Considering this issue, we propose a new synergistically cas-

ade forests (SCF) structure for tunnel vehicle Re-ID adopting an

verage strategy of two adjacent levels to restrict this phenomena.

ctually, the average strategy can play a role for restricting the

nfluence from the large predicting variance, and transfer the

amples without clear distinction to the next level for further

istinguishing (We will verify this function in the experiments).

he proposed SCF structure is constructed by alternative layers of

andom forest and extremely randomized forest, which has more

owerful ability for distinguishing different identities of vehicles

ith rather little inter-variation and recognizing same identities

f vehicles with large intra-variation with the increasing of the

umber of layers. The method flowchart is demonstrated in Fig. 3 . 

.1. Synergistically cascade forests 

.1.1. Tunnel vehicle Re-ID formulation 

We treat tunnel vehicle Re-ID problem as a same-different bi-

ary classification problem. Assume the label of a pair of vehicle

mages ( I i , I j ) from different cameras is l ij . If I i and I j belong to

he same identity, then l i j = 1 (positive sample), and l i j = 0 (neg-

tive sample) vice versa. We perform difference operation on fea-

ure vectors of two vehicle images ( I i , I j ), and treat it as the input

ectors of SCF model. Therefore, training samples X are formulated
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X

... ...

Random Forest / Extremely Randomized Forest

1

...

1

........

0
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Class vector of  X
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1

Correct
Match

False
Match0

Prediction

...

10

10

Max

Fig. 4. Illustration of classification process via random forest/extremely randomized forest. The linking line marked by red color highlights paths, along which the instance 

traverses to leaf nodes. The same instance will be classified as different classes at the leaf node by different decision trees. Through statistics, the percentage of two classes 

constitutes a two-dimension class vector representing probabilities of false match (blue) and correct match (green), and then the class of larger probability is determined as 

the prediction. 

a

X  

w  

t  

i

 

f  

fi  

f  

t

4

 

i  

a  

t  

t  

o  

r  

f  

u  

g  

w  

e  

b  

e  

s  

m  

t  

w  

i  

t  

c  

A  

s  

a

 

t  

u  

e  

a  

t  

h  

e  

h  

a  

d

 

V  

C  

r  

w

4

 

f  

d  

c  

a  

m  

f  

o  

i  

t  

m  

n  

c  

f  

p  

t  

a  

f  

t  

t

 

a  

d  

r  

T  

t

4

 

f  

c  

l

 

i  

o  

f  

r  

l  

d  

t  
s follows: 

 = { d i j } N i, j=1 = { F ( I i ) − F ( I j ) } N i, j=1 , (1)

here d i j is the difference between feature vectors of ( I i , I j ), N is

he number of training identities of vehicles, and the operator F ( · )

s the function to extract feature vector of vehicle image I . 

After constructing X , we feed them into the construction of the

orest ensembles in SCF model gradually by maximizing the classi-

cation accuracy of different identities and same identities. There-

ore, the key factor to achieve effective tunnel vehicle Re-ID is how

o design F ( · ) and SCF model. 

.1.2. Feature representation 

Since lighting condition of tunnel scene is poor and camera cal-

bration information is scarce, the work is purely based on vehicle

ppearances without license plate and spatio-temporal informa-

ion. Color and texture are efficient for image feature representa-

ion, and are commonly utilized for the complementary properties

f multiple features. In order to make a discriminative feature

epresentation, we combine the low-level and high-level semantic

eatures together. Specifically, for the low-level feature, this paper

ses Local Maximal Occurrence (LOMO) [25] feature because of its

ood discriminative ability. LOMO combines HSV color histogram

ith Scale Invariant Local Ternary Pattern (SILTP) descriptor. When

xtracting features, it not only needs to acquire rich image details,

ut also should avoid too large dimension and excessive interfer-

nce. We choose a subwindow size of 20 × 20 with overlapping

tep of 15 pixels to describe details. We utilize a three-scale pyra-

id representation down-sampling by average pooling operation,

hen extract SILTP 0 . 3 
4 , 3 

histogram and 8 × 8 × 8-bin HSV histogram

ithin each subwindow. It not only considers the multi-scale

nformation, but also gains abundant color and texture informa-

ion. For 300 × 200 vehicle image, all computed histograms are

oncatenated to form LOMO feature vector with 18976 −dimension.

lthough the feature dimension is high, it can be efficiently clas-

ified by following SCF model because of the powerful processing

bility of random forest for high-dimensional data [42,43] . 

Due to different view settings and illumination across cameras,

here is drastic change of the perceived color of the same vehicles

nder different cameras. In the preprocessing of LOMO feature

xtraction, we perform Retinex [44] to acquire a positive color

pproximation, generating a more consistent color representation

han original one. Actually, for the image representation, there

as been many successful effort s, such as the spatial pyramid-

nhanced structure [45] , multi-view feature learning [46] , and

ierarchical feature selection [47] . In this work, we focus on

 combination of low-level and high-level features to make a

iscriminative feature representation. 
For the high-level semantic features, we adopt the VGG-19,

GG-F and ResNet-152 models pre-trained on ImageNet to obtain

NN feature vectors after the last pooling layer of the CNN models,

espectively. The CNN feature is concatenated with LOMO feature

ith a [0,1]-normalization, and is fed into our SCF model. 

.1.3. SCF components 

SCF model is a multi-layer ensemble of different kinds of

orests, which is composed of random forests and extremely ran-

omized forests. The diversity of different kinds of forests is cru-

ial for ensembles. Random forest is a classification ensemble with

 set of decision trees [4 8,4 9] . During forest construction, bagging

ethod is commonly adopted to generate training sample subsets

or building decision trees. In an individual decision tree, a subset

f attributes of feature vector is randomly selected for tree grow-

ng, and the attribute with best Gini value is chosen as the split-

ing node. Commonly, subset size is set as 
√ 

d , where d is the di-

ension of input feature vector. The tree stops growing when leaf

odes only contain the same class of samples. Finally, all trees are

ombined to form random forest model. Compared with random

orest, extremely randomized forest [50] adopts all training sam-

les to build decision trees. It randomly selects one attribute while

he splitting value of the attribute with minimum Gini is chosen

t each node splitting. The introduction of these random strategies

rom random forest and extremely randomized forest encourages

he diversity of SCF model, which is inherent power to enhance

he performance for ensemble method [40,51] . 

In forest, the same instance will be classified as positive or neg-

tive classes at the leaf node by different decision trees. A two-

imension class vector representing probabilities of false and cor-

ect match is obtained by calculating the percentage of two classes.

hen the class with larger probability is determined as the predic-

ion, as illustrated in Fig. 4 . 

.1.4. SCF Structure 

SCF is a layer-by-layer cascade structure constituted by random

orest and extremely randomized forest, and each level of the cas-

ade is an ensemble of the two kinds of forest alternatively, as il-

ustrated in Fig. 3 . 

In the first level of SCF model, each original input feature vector

s fed into extremely randomized forest, and it outputs class vector

f correct match and false match probabilities. Then the original

eature vector is concatenated with the class vector of extremely

andomized forest as the input of random forest for the second

ayer. Specially, the order of extremely randomized forest and ran-

om forest is not important and can be switched in our model. The

wo-dimension average of output class vectors of extremely ran-
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Level  k

Ave.Ave.

X X

E k

Ek
V R k

V

,1
Ak ,2

Ak1,2
Ak�

R k

Layer  k,1 Layer  k,2

Fig. 5. An illustration of the k th level of recursive SCF structure. The output class 

vector of each layer is further averaged with the average of preceding layer, and 

then the newly obtained average is put into the next layer as a new augmented 

vector. 
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domized forest and random forest is computed as an augmented

feature for the input of the second level. 

Starting from the second level to the end of SCF model, the out-

put class vector (two-dimension) of each layer is further averaged

with the two-dimensional average of the preceding layer, and then

the newly obtained average is put into the next layer as a new

augmented vector. Each level of the SCF structure is constructed

by former extremely randomized forest and latter random forest,

namely two layers. To be concise and easy for understanding, the

k th level ( k ≥ 2) of the SCF model can be formulated by a recursive

form as follows: 

A k, 1 = 

1 

2 

(
A k −1 , 2 + V E k 

)
, (2)

A k, 2 = 

1 

2 

(
A k, 1 + V R k 

)
, (3)

V E k = E k 
(
[ X , A k −1 , 2 ] 

)
, (4)

V R k = R k 

([
X , A k, 1 

])
, (5)

where A k ,1 denotes the average vector of the former layer of the

k th level, while A k ,2 denotes the average vector of the latter layer

of the k th level. The average vector concatenated with the origi-

nal feature vector X is fed into the latter layer as its input vec-

tor. E k ( · ) and R k ( · ) generate the class vectors V E k 
and V R k 

by

extremely randomized forest and random forest, respectively. An

illustration of the k th level of the SCF model is shown in Fig. 5 .

Specially, A 1 , 1 = V E 1 
= E 1 (X ) at the first level of the SCF model. 

By alternating random forest and extremely randomized forest

layers in SCF model, the averaging operation bridging them is ben-

eficial to improve classification capacity and smooth the fluctua-

tion of classification probability between two adjacent layers. With

the increasing of model levels, classification accuracy is gradually

improved, which can be visually perceived in the training pro-

cess, as illustrated in Fig. 6 . In the first few levels, some samples

with same vehicle identities are misclassified into different vehi-

cles, while some samples with different vehicle identities are mis-

classified into same vehicles, but these mis-classifications are cor-

rected in later levels. In addition, the probability of correct match

increases gradually while the probability of false match reduces

gradually (will be discussed in the experiments), which demon-

strates that SCF structure has the property to stably distinguish dif-

ferent identities of vehicles with little inter-variation and recognize

same identities of vehicles with large intra-variation. 
.1.5. Overfitting restriction 

In spite of the randomization in the construction of random

orest and extremely randomized forest, finite number of training

amples easily give rise to overfitting. For this issue, m -fold cross-

alidation is utilized to divide training samples into m subsets, and

ne subset is reserved as verification set, the other m − 1 subsets

re used for training set. Cross-validation is repeated m times and

ach subset is verified once, then m classification accuracies are av-

raged to produce the classification accuracy of the current layer,

hich is denoted by Acc E k and Acc R k , representing the classifica-

ion accuracy of extremely randomized forest and random forest,

espectively. The classification accuracy Acc k of the k th level is es-

imated by the average of Acc E k and Acc R k . 

At a certain level of SCF, if its classification accuracy is larger

han the ones of previous level and there is no gain in the next

 extra levels, the growth of SCF level will stop. The number of

CF levels can be adaptively determined according to the terminal

hreshold T . Detailed training process is shown in Algorithm 1 . The

lgorithm 1 Synergistically Cascade Forests. 

equire: Training samples: X with labels y = { l i j } N i, j=1 
;The terminal

threshold of SCF growing: T . 

nsure: The optimal level of SCF: L opt 

1: Build the initial SCF level k = 1 : 

2: Construct extremely randomized forest E 1 based on X , and out-

put V E 1 
and Acc E 1 ; 

3: Construct random forest R 1 based on [ X , V E 1 
] , and output V R 1 

and Acc R 1 ; 

4: A 1 , 2 ← ( V E 1 
+ V R 1 

) / 2 ; 

5: Acc 1 ← (Acc E 1 + Acc R 1 ) / 2 ; 

6: repeat 

7: Increase SCF level k ← k + 1 ; 

8: Construct E k based on [ X , A k −1 , 2 ] , and output V E k 
and Acc E k 

; 

9: A k, 1 ← ( A k −1 , 2 + V E k 
) / 2 ; 

10: Construct R k based on [ X , A k, 1 ] , and output V R k 
and Acc R k ; 

11: A k, 2 ← ( A k, 1 + V R k 
) / 2 ; 

12: Acc k ← (Acc E k + Acc R k ) / 2 ; 

13: Update Acc max = Max { Acc n } k n =1 
and corresponding index

L opt ← k ∗; 

14: until Acc k < Acc max and (k − L opt ) ≥ T 

evel of maximal classification accuracy will be treated as the opti-

al level L opt of SCF, and T is the terminal threshold of SCF grow-

ng. A reasonable setting of T not only saves computing cost, but

lso prevents accuracy declining. Therefore, the entire SCF model

s defined as follows: 

 opt = k ∗ = arg max 
k 

Ac c k = arg max 
k 

(
Ac c E k + Ac c R k 

)
. (6)

For testing process, the classification result will be predicted by

he constructed SCF model with L opt levels. The next T levels fol-

owed the k ∗th layer, without significant performance gain, are dis-

arded to reduce the total number of levels of the model, which

an help shorten training time. 

.2. Synergistically cascade forests with curriculum learning 

In view of the complex tunnel scenes, intra-variation in same

dentities and inter-variation in different identities are widely di-

ergent, that is, tunnel vehicle samples has different difficulty

evels. Therefore, in this work, we also want to check whether

he performance can be boosted by some easy-to-difficult learn-

ng methods, such as curriculum learning [52,53] . The larger the
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Fig. 6. Examples of prediction change of several samples with the increasing of model levels. The prediction of three samples with same identities (in green box) and three 

samples with different identities (in blue box) are wrong in the first level, but they are predicted correctly after some levels. From this figure, we further see the challenges 

for tunnel ReID. These samples are hard to be distinguished even by humans. This figure should be viewed in color mode. 
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Fig. 7. Illustration of tunnel vehicle Re-ID from easy to difficult. As Euclidean distance increases, the difficulty level of correct match changes from easy to difficult, while 

false match is opposite. 
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ntra-variation is, the more difficult picking out the correct match

s. On the contrary, the smaller the inter-variation is, the more dif-

cult distinguishing the false match is. In this paper, we divide the

amples of tunnel vehicle Re-ID into four difficulty levels accord-

ng to the sorted Euclidean distance of vehicle features from differ-

nt cameras, as shown in Fig. 7 . With Euclidean distance increas-

ng, the difficulty curve of samples appear two apparent inflection

oints. Training samples are divided into four parts as follows: 

orrect match 

(label=1) 
, 

⎧ ⎪ ⎨ 

⎪ ⎩ 

i f d ≤ C 1 , x i ∈ Part I 
i f C 1 < d ≤ C 2 , x i ∈ Part II 
i f C 2 < d ≤ C 3 , x i ∈ Part III 
i f C 3 < d , x i ∈ Part IV 

(7) 
alse match 

(label=0) 
, 

⎧ ⎪ ⎨ 

⎪ ⎩ 

i f C 3 < d , x i ∈ Part I 
i f C 2 < d ≤ C 3 , x i ∈ Part II 
i f C 1 < d ≤ C 2 , x i ∈ Part III 

i f d ≤ C 1 , x i ∈ Part IV , 

(8) 

here d is the Euclidean distance of feature vectors of vehicle im-

ge pairs, and C 1 , C 2 , C 3 are the partitioning thresholds of four dif-

culty levels of training samples. Observing the curve of Euclidean

istance of all samples, there are two obvious inflection points

ear d = 30 and d = 50 . Large amounts of Euclidean distance fall

nto range of [30,50], and we divide it into two parts by the mid-

le value 40. Therefore, the partitioning thresholds [ C 1 , C 2 , C 3 ] of

ifficulty levels are set as [30,40,50] to divide training samples into

our parts according to the distribution of Euclidean distance. The
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Table 1 

The obtained SCF levels, training time and accuracy when setting terminal threshold 

T as 1, 3, and 5. 

T 1 3 5 

Levels 1–5 12–20 15–30 

Training Time (mins) 5–10 20–40 25–70 

Training Accuracy (%) 70–75 80–85 82–86 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 

Matching rates (in percentage) of different methods on our Tunnel-VReID dataset. 

The best one is highlighted in bold fonts and the second one is marked by italic 

fonts. 

Method Rank-1 Rank-5 Rank-10 

gcForest [40] 32.5 61.4 74.1 

XQDA [25] 40.0 71.1 81.5 

MLAPG [28] 41.6 71.9 83.1 

VGG + Triplet Loss [32] 43.6 69.6 77.8 

CNN Embedding [54] 45.8 71.1 79.2 

PCB [55] 48.9 73.2 80.8 

SCF + ResNet-152 13.0 32.1 47.7 

SCF + VGG-19 19.4 40.6 55.5 

SCF + VGG-F 23.4 48.2 61.6 

SCF + LOMO 53.8 66.2 75.1 

SCFCL + LOMO 55.1 68.1 76.5 

SCF + LOMO + VGG-F 57.6 72.8 81.1 

SCFCL + LOMO + VGG-F 61.4 77.8 84.8 
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percentages of samples of four difficulty levels are 12.62%, 26.90%,

39.07%, and 21.41%, respectively. 

During training process of SCF with curriculum learning

(SCFCL), we firstly feed samples of Part I to SCF model. Then we

feed samples of Part II to training process until there is no signif-

icant performance gain of Part I. For the samples of previous step,

class vectors of the optimal level are adopted to augmented input

of next step. In the same way, the samples of four parts are feed

into training process in sequence. 

5. Experiments and discussions 

5.1. Implementation details 

5.1.1. Training procedure 

Structural parameters of the proposed SCF model have great

effect on training time and testing accuracy, which mainly de-

pends on the number of trees in each forest and the fold of

cross-validation. Through extensive experiments on Tunnel-VReID

dataset, we select the two important parameters as 50 and 20. De-

tailed analysis of parameter selection is described in Section 5.2 .

Furthermore, it is worth noting that the terminal threshold T of

SCF growing cannot be too large, otherwise SCF model will gener-

ate too many levels and spend much training time without signif-

icant performance gain. We have checked this influence by setting

T as 1, 3 and 5, and observe that T = 3 is reasonable, as shown in

Table 1 . 

In addition, there is an important factor on the proportion of

positive and negative samples in training process. The number of

positive samples equals to the number of image pairs with same

identities for training process, while there are too many negative

samples produced by alternant combination of different identities,

which far exceeds the number of positive samples. If all negative

samples are put into training, it will lead that almost all inputs

will be classified as negative. To be balancing, we finally choose

a suitable 1:2 ratio of positive and negative samples for training

through adequate test validation. 

5.1.2. Evaluation procedure 

Re-ID results are commonly evaluated by Rank-1, 5, 10, 20 accu-

racy and the average cumulative match characteristic (CMC) curve.

Rank- n and CMC curve are calculated according to the probability

of correct match in final prediction, where Rank- n represents the

expectation of finding the correct match from the top n matches.

The CMC curve represents the chance of the correct match appear-

ing in the top 1, 2, ..., n of the ranked list, and every point on

the CMC curve is corresponding to Rank-1, 2, ..., n , respectively. All

evaluation processes are repeated for 10 times to get an average

performance as the final result. 

5.2. Parameter analysis 

In the proposed SCF model, there are two key parameters,

which are the number of trees in each forest and the fold of cross

validation, having the important impact on matching accuracy and

training time. 
.2.1. Influence of the number of trees in each forest 

Each forest is constructed by multiple decision trees, and each

ecision tree will generate a predicted value. By voting, classifi-

ation result is determined by the decision results of majority of

rees. Therefore, the number of trees nTrees in each forest is cru-

ial to final result. To evaluate the influence of nTrees , we con-

uct experiments on tunnel vehicle Re-ID dataset by initializing

he number of decision trees as [10,20,50,100,150,200] with three

ifferent folds [10,20,30] of cross-validation. In Fig. 8 (a), we can

bserve that the matching rate of rank-1 have the highest and the

obustest performance when nT rees = 50 . When nTrees is greater

han 50, rank-1 does not ascend any longer and fluctuates severely

nder different folds. Besides, computational cost for training will

ncrease drastically with the increasing of nTrees . Therefore, we fi-

ally choose nT rees = 50 as default setting. 

.2.2. Influence of the fold of cross-validation 

In order to achieve a reliable and stable model, we adopt m -

old cross-validation to get useful information as much as possi-

le from limited data, and avoid overfitting to a certain extent.

e test varying values of m -fold of cross-validation by the list

1,5,10,20,30,40,50] while fixing nTrees as 50. Fig. 8 (b) plots the

ank-1 matching rate w.r.t. the value of m -fold. The value of m -fold

lso have strong impact on training time. Through extensive ex-

eriments, we choose m = 20 to balance performance and training

ime. 

.3. Performance comparison on Tunnel-VReID Dataset 

We evaluate our methods on Tunnel-VReID dataset in compar-

son with several state-of-the-art methods. Fig. 9 shows the CMC

urves of various methods, and Table 2 shows the rank-1, 5, and

0 values. 

From the results, we can observe that the proposed

ethod manifestly outperforms the other methods, and

CFCL + LOMO + VGG-F achieves the highest rank-1 score of 61.4%

mong the competitors. The proposed SCF model is inspired by

cForest, but SCF + LOMO improves the accuracy with a dramatic

ncrease of 21.3% at rank-1, which proves effectiveness of the aver-

ge strategy of SCF model. XQDA [25] and MLAPG [28] combined

ith LOMO feature are outstanding hand-crafted metric learning

ethods. Similarly, SCF + LOMO clearly outperforms XQDA and

LAPG with an improvement of 13.8% and 12.2%, respectively.

GG + Triplet Loss [32] , CNN Embedding [54] and PCB [55] are

eep learning frameworks. SCF + LOMO, with hand-crafted feature,

chieves relative increase of 5–10% compared with these three

ethods. That is because of the challenging vehicle images in tun-

el and the limited number of samples. However, deep learning
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Rank-1 Rank-1

(a) Number of Trees in Each Forest (b) Fold of Cross-valida�on

Fig. 8. (a) Matching rate of Rank-1 with increasing number of trees in each forest. The fold of cross-validation is taken into account with three different values [10,20,30], 

marked by blue, red and green lines, respectively. (b) Matching rate of Rank-1 with increasing fold of cross-validation. The performance of default setting is marked by red 

color. 

Fig. 9. Performance comparison with state-of-the-art methods using CMC curves on the Tunnel-VReID dataset. 
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equires a large amount of labeled data to facilitate the estimation

f model parameters. 

Compared with SCF + LOMO, SCF + LOMO + VGG-F improves the

ccuracy with an increase of 3.8%. Interestingly, only CNN features

ave poor performance obtained by SCF + ResNet-152/VGG-19/VGG-

. However, CNN feature still has a positive impact, we choose

o concatenate preferable VGG-F feature with LOMO as final fea-

ure. It can be found that the accuracy of SCFCL + LOMO + VGG-

 is 6.3% higher than that of SCFCL + LOMO at rank-1. Fur-

hermore, SCFCL + LOMO surpasses SCF + LOMO by 3.1%, and

CFCL + LOMO + VGG-F surpasses SCF + LOMO + VGG-F by 2.4%. These

wo contrast experiments reveal that curriculum learning intro-

uced to SCF can enhance model classification ability. 
.4. Performance comparison on VehicleID Dataset 

In addition to the constructed Tunnel-VReID dataset, we also

valuate the performance on the public VehicleID [5] dataset col-

ected during daytime in open roads scenes. Different from our

unnel-VReID, it is easy to distinguish color, local details and

hape of vehicles of VehicleID. Besides, the license plate infor-

ation in VehicleID is blacked out. There are 221,567 images of

6,328 vehicles in total (8.42 images/vehicle in average) in Vehi-

leID dataset. The vehicle image is also resized to 300 × 200, then

he LOMO feature is extracted by subwindow size of 20 × 20 with

verlapping step of 15 pixels sampling step. During training, the

ame SCF settings nT rees = 50 and m -fold = 20 are employed to
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Fig. 10. Examples of Re-ID results by our model on the Tunnel-VReID and VehicleID datasets. For each dataset, each row represents a ranking result with the first image 

being the query and the rest images being the returned list. The query images and its correct match images are respectively marked by blue and red rectangle boxes. (a) 

Tunnel-VReID dataset. (b) VehicleID dataset. 

Table 3 

Matching rates (in percentage) of different methods on our VehicleID dataset. The 

best one is highlighted in bold fonts and the second one is marked by italic fonts. 

Method Rank-1 Rank-5 Rank-20 

XQDA [25] 15.3 25.3 36.0 

MLAPG [28] 18.1 28.2 43.4 

gcForest [40] 27.7 34.5 43.5 

VGG + Triplet Loss [32] 31.9 50.3 57.8 

VGG + CCL [5] 35.6 56.2 68.4 

CNN Embedding [54] 37.3 57.8 70.2 

FACT [20] 39.9 60.3 72.9 

PCB [55] 44.8 59.5 64.3 

VAMI [15] 47.3 70.3 79.9 

SCF + VGG-F 33.1 46.8 55.0 

SCF + LOMO 43.3 60.7 71.1 

SCFCL + LOMO 46.4 64.6 76.1 

SCF + LOMO + VGG-F 50.7 67.0 77.8 

SCFCL + LOMO + VGG-F 53.1 69.7 81.5 
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VehicleID. Besides, the partitioning thresholds [ C 1 , C 2 , C 3 ] are set

as [35,40,45] for SCFCL. As the same difficulty partitioning crite-

rion to Tunnel-VReID, the percentages of training samples of four

difficulty levels are 19.79%, 19.25%, 27.62%, and 33.34%, respectively.

On VehicleID dataset, we compare the performance of the pro-

posed method against several state-of-the-art algorithms. We uti-

lize the same sample partitioning protocol with [15] , where 13,134

vehicles are used for training and 2400 vehicles are used for test-

ing. As listed in Table. 3 , the results show that SCFCL + LOMO + VGG-

F achieves the highest rank-1 accuracy of 53.1%. Compared with

Tunnel-VReID, XQDA and MLAPG based on hand-crafted met-

ric learning have serious performance degradation on VehicleID,

while the performance of gcForest is relatively stable. VGG + Triplet

Loss, CNN Embedding and PCB maintain a good performance.

In addition, VGG + CCL, FACT and VAMI based on deep learn-

ing also achieve prominent performance, especially for VAMI.

Owning to multi-level ensemble structure, the performance of

our SCF + LOMO + VGG-F on VehicleID dataset is quite outstanding.

VGG-F feature concatenated with LOMO obtains nearly 5% promo-

tion. SCFCL employing curriculum learning achieves about 3% im-

provement over SCF at rank-1. 
In Fig. 10 (a) and (b), we show five typical query results of

he Tunnel-VReID and VehicleID datasets by our model, respec-

ively. The query images of vehicles are quite similar to the rank-

ng results. Specially, there are some indiscernible vehicles with

xtremely similar appearance in Tunnel-VReID dataset, which is

xtremely difficult to recognize the correct match, even by hu-

an eyes. Comparatively speaking, the image quality of VehicleID

ataset is further better than that of Tunnel-VReID. Distinct color

nd texture of vehicle images in VehicleID dataset make it rela-

ively easy to find correct match. It is worth noting that the num-

er of vehicle images of VehicleID dataset is 100 times more than

hat of Tunnel-VReID. Massive data volume can improve the ca-

acity of deep learning models, while the proposed SCF model still

chieves good performance on VehicleID dataset. 

.5. Discussions 

.5.1. SCF versus GcForest 

The proposed SCF is inspired by gcForest, and it significantly

mproves the rank-1 Re-ID rate with an increase of nearly 30%. For

he behind meaning, we compare these two models in training and

esting process, and find a credible interpretation. 

In the cascade structure of gcForest and SCF, each level receives

he prediction information from its preceding level, and transmits

ts processed result to the next level. This operation of feature aug-

entation can boost feature enrichment, and guide the model to

btain better classification capacity in deeper levels. For interpret-

ng the different power of classification, we adopt t-SNE method

56] to visualize the feature distribution of different levels in train-

ng process on our Tunnel-VReID dataset, as shown in Fig. 11 . Gen-

rally, the feature distributions between positive and negative sam-

les are getting separable in gcForest and our SCF model, which is

n consistent with the ascending classification accuracy of model.

owever, our SCF has more powerful ability for separating the

ositive and negative samples than original gcForest. Especially,

ith the increasing of layers, gcForest seems powerless. The be-

ind meaning is that our averaging operation between different

ayers in SCF model acts as a buffering role for hard samples, and

akes them into the following layers for further determination. On
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Fig. 11. Multi-level feature distribution visualization of gcForest (a) and SCF (b) in training process. Intuitively, inter-class separability is getting greater as the level becomes 

deeper. Green points denote the positive samples, while blue points denote the negative samples. 
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Fig. 12. Average matching probability change trend of testing with multi-level SCF and gcForest. The red line represents the probability change of SCF, while the blue line 

represents the probability change of gcForest. The line marked by upper triangular plots the probability of correct match, whereas the line marked by lower triangular plots 

the probability of false match. 
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he contrary, gcForest may get into confused. Obviously, feature

eparability of SCF is better than gcForest as the level becomes

eeper. 

In addition, in the testing stage, predicted class vectors of the

urrent level in gcForest are directly inputted as augmented fea-

ures of the next level, so the fluctuation amplitude of prediction

ccuracy is large between the two adjacent levels. We retrofit it

y synergistic cascade structure that adopts the averaging bridge

f alternative layers to serve as the augmented feature inputting
o next level. This average strategy promotes a steady increase in

lassification capacity with deep levels. To demonstrate the effec-

iveness, we randomly and respectively choose 100 test samples

o compare the averaged change trend of match probability of SCF

nd gcForest, i.e., samples of correct match and false match for half

f each. The tendency curve comparison is shown in Fig. 12 . 

We can observe that the average matching probability of correct

atch is upward while false match is downward. However, change

rend of Ours SCF is more smooth than gcForest. On the other hand,
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the average matching probability curve of correct match of Ours SCF 

is higher than gcForest, while false match of Ours SCF is lower than

gcForest. This also demonstrates that the ability of Ours SCF is more

powerful to distinguish the identity of two vehicles. Moreover, the

gradual change trend of SCF model also give rise to about 5–10

more levels than gcForest model, and each level has two layers in

SCF model. Multi-level structure yields desirable classification ca-

pacity. Therefore, the strategy of synergistic cascade structure can

smooth the sudden jump of the two adjacent levels, it not only

avoids performance declining, but also makes it possible to dis-

tinguish different identities of vehicles with little inter-variation

and recognize same identities of vehicles with large intra-variation

with the increasing of the layers. 

5.5.2. SCF versus deep learning methods 

Generally, the performances of deep learning methods are fa-

vorable on the large-scale labeled dataset. That is because a large

number of labeled data for training can effectively facilitate the

estimation of model parameters. However, it is very difficult and

time-consuming to collect large-scale and high-quality labeled

data. In contrast, the number of parameters in our SCF model is

relatively small, but it still can work well on small size of dataset.

Furthermore, the performance of CNN feature without end-to-end

training is weaker than LOMO, especially for our challenging tun-

nel vehicle images. The proposed SCF model is mainly affected by

two parameters, the number of trees in each forest and the fold of

cross-validation. When the same settings are applied to different

datasets across different domains, promising performance still can

be achieved. 

6. Conclusion 

In this paper, we attempted to address the tunnel vehicle Re-ID

problem by computer vision technique. Different from the most of

the vehicle Re-ID methods, we aimed to explore the deep correla-

tion between-vehicle samples in tunnel scenes, and construct the

tunnel vehicle Re-ID model by synergistically cascade forests (SCF).

In the construction process of SCF, the training pairs of tunnel ve-

hicle samples were gradually fed into alternative layers of random

forest and extremely randomized forest, and the linking relation

between vehicle samples are gradually modeled by the forest en-

sembles. In addition, we pave an easy-to-difficult learning frame-

work by embedding curriculum learning into the SCF construction.

We evaluated the effectiveness of the proposed method by a new

tunnel vehicle Re-ID dataset (Tunnel-VReID) laboriously labeled by

ourselves. Besides, we also checked the adaptation ability of our

model on a large-scale vehicle Re-ID dataset, i.e., VehicleID, col-

lected in open road scenes, and the superiority is also proved ap-

parently. 
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