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Person re-identification is a problem of considerable practical interest which has received great attention by the research community in the last few years. It is the task of assigning 

the same identifier to all instances of a particular individual captured in a series of images or videos, even after the occurrence of significant gaps over time or space. It has a wide 

range of applications, but most of them are focused on surveillance and forensic systems. Even though the proposed models and reported results in this field advanced a lot and 

too fast in recent years [1, 2] this task is still a challenge, mainly due to the influence of numerous real-world factors such as illumination problems, occlusions, camera settings, as 

well as many factors associated with the dynamics of the human being, like the great variety of appearance features, pose variations and strong visual similarity between different 

people. Motivated by the work of Prates and Schwartz [3], in this work we address the person re-identification problem using a ranking aggregation method, exploiting 

different features representations to obtain complementary ranking lists. To this end, a similarity learning metric [4] that combines low-level features (such as color and 

texture), high-level features (appearance information extracted based on a 2D body model) and contextual information (from a segmentation model [5]) is employed. Before 

learning, features are first encoded in high dimensional feature vectors and then have their dimensionality reduced by PCA in the same way as in [3]. Experiments on challenging 

and public datasets (VIPeR [6] and PRID450s [7]) demonstrate the effectiveness of the proposed approach in relation to the original model [3] through the usage of 

complementary features. 

Abstract 

Figure 1: Workflow of the original Model [3]. First, image features are extracted and the feature 

representation is built. Each feature representation produces a different ranking using KISSME 

[4] algorithm after PCA dimensionality reduction. Different strategies are considered for the 

combination of this ranking lists, such as feature-specific, global and cascade. 

The main changes 1 in relation to the original model [3] that improved its accuracy were (shown in an incremental way): 

 

• The usage of a larger training set (unbalanced data). This simple procedure improved the results on top rank position by 3.16% on VIPeR dataset and 24.32% on PRID450s. 

• The inclusion of context information (on both features, SCNCD and color histograms) improved the original model by 20.19% on VIPeR dataset and 49.19% on PRID450s. 

• The inclusion of texture information (alone, within the Global ranking aggregation strategy, and also combined with the Fusion descriptor), improved by 22.38% and 54.41% the 

original model on both datasets, respectively. 

 

Even though the proposed model did not outperformed the state-or-the-art, we believe it achieved good accuracy considering a simple approach was adopted. Future work will 

concentrate on exploiting new features (e.g., deep learning-based features) and different metric learning approaches. 

 
1 It is important to emphasize that the author of [3] mentioned in their website (www.ssig.dcc.ufmg.br/reid-results) they found an implementation problem related to their model after the publication of their paper, then the results shown in the paper are 

better than they should be. The results illustrated here were obtained using the implementation provided by the authors after that. In addition, the results reported here are the average ranking number obtained from 10 trials. We also adopted the Global 

ranking aggregation as strategy, as the results obtained in our experiments using this type of aggregation were considered better. 

Contributions and Final Considerations 

r1 r5 r10 r15 r20 

Original [3] 32.18 60.98 73.99 81.80 85.70 

SCNCD [8] 37.80 68.50 81.20 87.00 90.40 

Shen et al [10] 34.80 68.70 82.30 - 91.80 

FFN [9] 51.10 81.10 91.40 - 96.90 

Proposed Model 41.46 69.72 80.63 86.01 89.56 

r1 r5 r10 r15 r20 

Original [3] 19.51     45.51     59.56     68.58     74.49 

SCNCD [8] 41.60 68.90 79.40 84.90 87.80 

Shen et al [10] 44.40 71.60 82.20 - 89.80 

FFN [9] 66.60 86.80 92.80 - 96.90 

Proposed Model 42.80     70.89     80.13     86.09     89.16 

Table 2: Comparison with the state-of-the-art on PRID450s. 

Table 1: Comparison with the state-of-the-art on VIPeR. 

Figure 2: For each region, features are extracted 

(color histograms and SCNCD) without  and with 

context information, then they are concatenated 

together, similarly as in [8]. 

Combining image and 

context to extract 

features: Salient Color 

Names and color 

histograms (from 6 

regions, using different 

color spaces, as in [3]). 

Each region is divided into a 

collection of overlapped 

patches, then texture 

histograms (Hog) are 

extracted from each patch. 

Figure 3: Texture extraction illustration. 

The extracted histograms belonging to 

a same stripe region are concatenated 

together. 
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Figure 4: Improvements shown incrementally, from the left to the 

right, in relation to the original model [3]. Values indicate the 

percentage of obtained top rank position on VIPeR and 

PRID450s datasets, using the Global ranking aggregation 

strategy. Figure 5: Illustration of a probe image (most left) and the 

first five retrieved subjects, ordered by similarity (from left 

to right). In all examples the first retrieved (top position) 

was correctly estimated.  


