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Abstract— Existing person re-identification (re-id) methods 

depend mostly on single-scale appearance information. This 

not only ignores the potentially useful explicit information of 

various scales, but neglects the chance of mining the implicit 

correlated complementary advantages across scales. In this 

work, we demonstrate the benefits of learning multi-scale 

person appearance features using Convolutional Neural 

Networks (CNN) by aiming to jointly learn discriminative 

scale-specific features and maximise multi-scale feature 

fusion selections in image pyramid inputs. Specifically, we 

formulate a novel Deep Pyramid Feature Learning (DPFL) 

CNN architecture for multi-scale appearance feature fusion 

optimised simultaneously by concurrent per-scale re-id losses 

and interactive cross-scale consensus regularisation in a 

closed-loop design. Extensive comparative evaluations 

demonstrate the re-id advantages of the proposed DPFL 

model over a wide range of state-of-the-art re-id methods.   
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I. INTRODUCTION 

Person re-identification (re-id) aims at matching identity 

classes of person images across non-overlapping camera 

views deployed over open surveillance spaces. This is an 

inherently challenging task because person visual appearance 

may change dramatically in different camera views due to 

unknown covariates in human pose, view angle, illumination, 

occlusion, and background clutter. Existing works focus on 

designing identity discriminative feature representation or 

learning matching distance metrics or their combination in a 

deep learning framework By aligning local body parts for 

feature extraction followed by cross-view matching, existing 

methods often resize all the person bounding box images into 

a single scale as a canonical pre-processing normalization 

step, that is, existing re-id models assume a normalised 

single-scale based re-id. This, however, is against that person 

images are almost always captured in open surveillance 

spaces over a large range of resolutions (scales) due to the 

inherent uncontrolled distances between objects and the 

cameras. Object re-id is intrinsically a multi-scale matching 

problem. We argue that the single-scale approach to person 

re-id is suboptimaland explicit multi-scale representations are 

essential. A single-scale representation hazes relevant 

information at unalike scales useful in object matching. Our 

consideration is partially inspired by the human visual system 

that takes into account jointly multi-scale visual information 

including feature representations at both small (global 

contextual) and large (local saliency) scales. In general, 

object/event/scene representation for recognition at explicitly 

different scales is widely adopted in computer vision, in 

particular the idea of constructing feature pyramids from 

image pyramid inputs. A pyramid symbol purposes to be 

scale-invariant in the sense that a scale change in image is 

counteracted by a scale shift within the feature pyramids. In 

this work, we examine multi-scale deep depiction learning 

optimised for individual re-id. This is under-studied in the 

literature. To this end, we address the following problems: (i) 

Feature learning behaviours may be different and/or even 

mutually inconsistent at different scales, therefore a 

straightforward feature concatenation of multi-scales is 

unlikely to result in optimal feature fusion; (ii) Any 

complementary correlation between different pyramid levels 

is unknown and may not be constant for different images, 

therefore must be erudite and optimized synergistically 

transversely data; (iii) People’s entrance in open investigation 

scenes is diversely captured at an arbitrary scale . 

II. RELATED WORK 

 

Current individual re-id mechanism mainly focus on feature 

images and matching models. Many different handcrafted 

person image feature descriptors have been designed in the 

past decade. They have accomplished a sequence of 

unceasing re-id performance boost on benchmarking datasets 

when integrated with various supervised matching models. 

Recently, deep learning re-idmodels start to take over and 

have obtained impressive performance. This approach is 

largely inspired by the strong representation auto-learning 

capacity of deep models benefiting from large sized labelled 

training data pools; and the establishment of large person re-

id datasets .However, all these existing methods typically 

consider only one resolution scale of person appearance 

information by a standard scale normalisation process.  

III. MULTI-SCALE PERSON RE-IDENTIFICATION 

A. Problem Statement 

We aim to learn a deep representation model for generic 

distance (e.g. L1, L2) based person re-identification without 

any specific metric transformation. We assume a set of n 

training images I ={Ii}ni=1 with the correspond-ing identity 

class labels as Y = {yi}ni=1. These training images capture 

the visual appearance and variation of nid (where yi 2 [1, · · 

· , nid]) different people under multiple non-overlapping 

camera views. A re-id model needs to learn from these image-

identity correspondence relations and importantly transfer the 

learned knowledge to recognize other unseen person 

identities in deployment. This is in contrast to most existing 

re-id methods typically depending only on one scale feature 

representation alone. 

B. Deep MultiScale 

Article Erudition The overall network strategy of the 

proposed DPFL model is portrayed in Figure 2. This DPFL 

model have (m + 1) feed-forward sub-network branches: (1) 

m branches of scale-specific sub-networks with an identical 

structure for learning the most discriminative visual features 

for each individual pyramid scale of person bounding box 

images; (2) One fusion branch responsible for learning the 

discriminative feature selection and optimal integration of m 

scale specific representations of the same images. We aim to 
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simultaneously heighten per-scale discriminative article 

depictions and discover correlated complementary 

combination between different scale feature selections in the 

pyramid. This is achieved by designing a Deep Pyramidal 

Feature Learning model that subjects both scale-specific and 

scale fused branches to the same identity label supervision 

and critically further propagates the multi-scale consensus as 

a kind of feedback to regulate the learning behaviour of scale-

specific sub-networks. 

In particular, the DPFL model has three parts: (I) 

Single Scale Feature Learning; (II) Multi-Scale Consensus 

Learning; (III) Feature Regularisation by Consensus 

Propagation. We describe the detailed architecture 

components design below.  

1) Single Scale Feature Learning 

We construct the scale specific branches using the 42-layers 

Inception-V3 CNN architecture design due to its high 

computational cost efficiency (higher modelling capacity at a 

smaller parameter size) and the capability for learning more 

discriminative visual features at varying spatial scales.  

2) Multi-Scale Consensus Learning 

We perform multiscale consensus learning on person identity 

classes from m scale-specific branches. To this end, we firstly 

perform feature fusion across scales. In the DPFL 

instantiation by Inception-V3, we achieve the feature fusion 

on the highest convolutional feature maps (of shape 

c×c×2048) by an operation of averaging-pooling!Vector 

concatenation!dropout. The special size c is proportional to 

the input image resolution scale. This produces a 2048×m-

dimensional bonded piece depiction for multi-scale 

compromise learning. 

3) Feature Regularization by Consensus 

Propagation we propose regularizing the scale-specific and 

therefore the entire feature learning by multi-scale person 

identity consensus in a closed-loop. Specifically, we further 

propagate the consensus as extra feedback information to 

regularize the batch learning of all scale-specific branches 

concurrently. 

C. Model Optimisation 

The planned DPFL exemplary can be optimised by back 

spreading the gradients of per-branch loss design by using the 

standard Stochastic Gradient Descent algorithm. As a result, 

our method can be readily integrated with many existing deep 

neural network architectures without the heavy need for 

modifying the optimisation algorithm. Since all divisions in 

DPFL are networked and correlated in a closed-loop form, we 

need to properly handle the process order. We present the 

entire DPFL optimization process. 

IV. EXPERIMENTS 

Datasets for comparative evaluations, we utilised 3 

benchmarking person re-id datasets, including Market-1501, 

DukeMTMC-reID, and CUHK03. Figure shows some 

examples of person bounding box images from these datasets. 

In specific, altered data assembly protocols (including 

observation environments) were employed in constructing 

these datasets: (a) Market-1501 has 2_6, 617 images per 

person captured by 6 camera views deployed around a 

university supermarket, with all bounding boxes 

automatically detected by the Deformable Part Model. (b) 

DukeMTMC-reID contains 2_426 images per person 

captured by 8 camera views. This dataset was constructed 

from the multi-camera track. 

 
(a) Market-1501 

 
(b) DukeMTMC 

 
(c) CUHK03 

(c) CUHK03 consists of 4_10 images per person from 6 

camera views deployed on a university campus. This dataset 

was created by in cooperation labor-intensive labelling and 

auto recognition (DPM) with the latter posing more re-id 

challenging due to more severe bounding box misalignment 

and background clutters. These datasets collectively 

represent a wide variety of real-world person re-id 

deployment scenarios with different population sizes and 

image quality in diverse challenging viewing conditions. 

A. Evaluation Protocol 

We espoused the standard managed person re-id locations to 

estimate the proposed DPFL model.The training/test data 

splits and testing settings of each dataset is summarised in 
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Table 1. Specifically, on Market- 1501, we used the standard 

training/test split (750/751) and evaluated both single-query 

and multi-query test evaluation settings. On DukeMTMC-

reID, we followed [79] by splitting all 1,404 person identities 

into two halves 702/702 for model training and test, 

respectively and testing re-id tasks in the single-query setting. 

On CUHK03, we considered two identity split settings: (1) 

Repeating 20 times of random 1367/100 training/test splits 

and reported the averaged accuracies; (2) A 767/700 

training/test split introduced in. The single-shot evaluation 

setting is utilized for both split settings. 

B. Implementation Details 

We implemented the proposed DPFL model in the 

Tensorflow framework. For model learning, we pre-train the 

base network Inception-V3 on the ImageNet object 

classification images [48] for model initialisation warmup 

before be trained on each target person re-id dataset. By 

evasion, we exploited m = 2 tenacity scales in the pyramid: 

299 × 299 (large) and 225 × 225 (small). The mini-batch size 

nbs is set to 8. We trained the DPFL models until convergence 

(i.e. the loss value stagnates) by setting the maximal iterations 

100, 000 for all the datasets. We used the Adam optimiser 

with an initial learning rate of 0.0002 and the momentum term 

_1 = 0.5_2 = 0.999. 

1) Comparisons to State of the Arts 

Evaluation on Market-1501 We compare the re-id 

performance of 17 existing methods against the proposed 

DPFL model on the Market-1501 benchmark [77]. Since all 

person bounding boxes were generated by auto-detection, this 

dataset represents a more scalable re-id deployment scenario 

than other conventional re-id datasets with manually labelled 

bounding boxes. 

a) Evaluation on DukeMTMC 

reID We evaluate the performance of the DPFL on the large 

DukeMTMC-reID dataset in single-query setting2. As 

conflicting to Market-1501, the individual clearing box 

images were manually cropped in a labor intensive manner. 

While being less scalable in processing big video data, this 

effort is still indispensable in many deployment scenarios 

given imperfect auto-detection performance by enabling to 

accommodate missing detections and diverse varying-sized 

person occurrences in uncontrolled open space. 

b) Evaluation on CUHK03 

We evaluate the re-id performance of the DPFL in 

comparisons to 21 existing methods on CUHK03 with two 

(1367/100 and 767/700) identity split settings. Dissimilar 

Market-1501 and DukeMTMC-reID, this dataset offers both 

by hand labeledss and auto-detected (by the DPM model [14]) 

bounding boxes of the same people population. This allows a 

like-to-like comparison of model generalisation on distinct-

quality person images. 

V. CONCLUSION 

We presented a novel Deep Pyramid Feature Learning 

(DPFL) CNN model by aiming to learn multi-scale 

appearance information for person re-identification. In 

contrast to existing re-id approaches that only employ single 

scale appearance features, the proposed model is capable of 

extracting and exploiting discriminative scale-specific 

features and optimal cross-scale complementary benefits by 

jointly learning multiple scales of person images in a pyramid 

subject to individual classification objective functions with a 

specially designed cross-scale consensus regularization in an 

end-to-end training deep CNN model. This is made possible 

by the proposed multi-scale consensus learning and 

propagation mechanism. Extensive comparative evaluations 

on three re-id benchmark datasets were conducted to validate 

the advantages of the proposed DPFL model over a wide 

range of state-of-the-art methods on both manually labelled 

and auto-detected person bounding box images. We lastly 

provided component evaluations and analysis in terms of re-

id performance so as to give the insights into the DPFL model 

design. 
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