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Using Discriminative Parts for Vehicle Make and Model Recognition
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I3Department of Computer Engineering and IT, Shahrood University of Technology,
Shahrood, Iran
’Department of Electrical Engineering and Robotics, Shahrood University of Technology,
Shahrood, Iran

Abstract
In fine-grained recognition, the main category of object is well known and the goal is to determine the
subcategory or fine-grained category. Vehicle make and model recognition (VMMR) is a fine-grained
classification problem. It includes several challenges like the large number of classes, substantial inner-class
and small inter-class distance. VMMR can be utilized when license plate numbers cannot be identified or fake
number plates are used. VMMR can also be used when specific models of vehicles are required to be
automatically identified by cameras. Few methods have been proposed to cope with limited lighting
conditions. A number of recent studies have shown that latent SVM trained on a large-scale dataset using
data mining can achieve impressive results on several object classification tasks. In this paper, a novel method
has been proposed for VMMR using a modified version of latent SVM. This method finds discriminative parts
of each class of vehicles automatically and then learns a model for each class using features extracted from
these parts and spatial relationship between them. The parts weights of each model are tuned using training
dataset. Putting this individual models together, our proposed system can classify vehicles make and model.
U/ 5 All training and testing steps of the proposed system are done automatically. For training and testing the
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performance of the system, a new dataset including more than 5000 vehicles of 28 different make and models
has been collected. This dataset poses different kind of challenges, including variations in illumination and
resolution. The experimental results performed on this dataset show the high accuracy of our system.

Keywords: Fine-grained recognition, vehicle make and model recognition, VMMR, part-based approach
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(Figure-1): Flowchart of Holistic and part-based approaches
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(Table-1): Summarized results of previous holistic methods
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(Figure-2): The comparison of a trained root filter at the end of
stage 1 (middle), and stage 2 (left) for "Zamyad Truck"

category (right). HOG descriptor is used for feature extraction
[31].
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Function M= Train(Class c¢)
Fri [0]axa
pos: positive samples (vehicle class c)
neg: negative samples (non-vehicle)
vehNeg: negative samples (other vehicle classes)
1. Train F, with {pos,neg} samples using SVM
2. Retrain F,with {pos,vehNeg} samples using
SVM
3. Initialize parts filters (F,.«s) and positions
(Sparts) uSing Fr
M—C={Frl FpartsJ Sparts}
hardNeg:{x random negative examples}
4, Train M, with {pos,hardNeg} samples using
LSVM
5. Retrain M, with {pos,vehNeg} samples using
LSVM
Return M,

end

95995 3l adinb S (gl Joro G 3901 (S Sl 501 (V- a0 5951)
(Algorithm-1): The training algorithm of a model for a specific
category of vehicles
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(Figure-4): The flowchart of proposed system for vehicle make
and model recognition
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model for location of each part relative to the root. Black color
means zero error.
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F.: root filter

n:number of parts

S:fixed size of parts

P:{}

fori=1:n
r: find a region of size S in F, with

maximum energy (norm of weights)

P:PUr
F. (r)=0

end
bestLocations: [false],
for a fixed number of iterations
if bestLocations(1:n)==false then
break

end

p:arandom partin P
P:P—-p

F,. (p)=initial value

r: find a region of size S in F, with
maximum energy
if r==p then
bestLocations(index of p)=true
continue

end

P:PUr

F. (r)=0
end

L sy (50 (el aibay 3> v 5951 (Y- s 59J1)

(Algorithm-2): The greedy algorithm used for initializing part
location
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(Table-5): The proposed system overall and average accuracy
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