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1. Introduction 
In recent years, artificial intelligence technology (mainly after deep learning introduces) has been 

applied to many applications, including ASR (Audio Sound Recognition) [1],[2] image or scene 

classification [3], [4], video analysis [5], games [6], [7] autonomous vehicle [8], [9] and financial sector 

[10]. Person re-identification is introduced as an image-based person search in a closed environment, 

such as a mall or building. Usually, the person images were extracted from CCTV cameras placed in 

several places. The person re-identification process is processing a person's query image and retrieving 

highly similar person images from the gallery. 

To support person re-identification research, several datasets have been proposed by researchers [11]–

[14] along with several proposed person re-identification models [15]–[20]. Although several proposed 

person re-identification models have been produced, one highlighted point of the current person re-

identification model is that it focuses only on performance instead of performance and execution time. 
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 Person re-identification is one of the problems in the computer vision field 

that aims to retrieve similar human images in some image collections (or 

galleries). It is very useful for people searching or tracking in a closed 

environment (like a mall or building). One of the highlighted things on 

person re-identification problems is that the model is usually designed only 

for performance instead of performance and computing power 

consideration, which is applicable for devices with limited computing 

power. In this paper, we proposed a lightweight residual network with 

pyramid attention for person re-identification problems. The lightweight 

residual network adopted from the residual network (ResNet) model used 

for CIFAR dataset experiments consists of not more than two million 

parameters. An additional pyramid features extraction network and 

attention module are added to the network to improve the classifier's 

performance. We use CPFE (Context-aware Pyramid Features Extraction) 

network that utilizes atrous convolution with different dilation rates to 

extract the pyramid features. In addition, two different attention networks 

are used for the classifier: channel-wise and spatial-based attention 

networks. The proposed classifier is tested using widely use Market-1501 

and DukeMTMC-reID person re-identification datasets. Experiments on 

Market-1501 and DukeMTMC-reID datasets show that our proposed 

classifier can perform well and outperform the classifier without CPFE and 

attention networks. Further investigation and ablation study shows that 

our proposed classifier has higher information density compared with other 

person re-identification methods.  
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The development of lightweight classifiers can help implement person re-identification on limited 

computing power scenarios, such as IoT applications and edge computing.    

One way to increase the performance of a CNN classifier is by utilizing attention [21], [22] and 

pyramid features [23], [24]. Attention is a network that predicts features map importantness and 

weighted the final features such that several features will gain more weight than others based on learning 

data. Another method to improve the classifier's performance is by extracting pyramid features that 

combine the last layer convolutional features with several middle-layer features to form the final features. 

In this paper, we investigated the lightweight residual network with pyramid attention for person re-

identification problems. The proposed classifier is adapted from the lightweight residual network 

(ResNet) classifier originally used for the CIFAR dataset, which is considered a lightweight classifier 

with not more than 2 million parameters in the classifier. The pyramid attention mechanism [21] is 

then attached to the classifier to improve the classifier's performance. Our contributions can be listed as 

follows. 

• We investigated the combination of the lightweight ResNet classifier with pyramid attention for 

person re-identification. Five lightweight ResNet classifiers were used with a maximum of around 2 

million parameters. 

• We investigated three pyramid attention networks, channel-based, spatial-based, and a combination 

of those two attention types. Experiments on Market-1501 and DukeMTMC-reID datasets show 

that the best performance was achieved using a combination of channel and spatial-based attention.   

• We perform an ablation study for several settings, including the size of features used to perform the 

retrieval process, the re-ranking effects, and dataset bias. Experiments using ensemble configuration 

were also performed to improve the classifier's performance. 

The rest of the paper is organized as follows. The proposed classifier and experiments setup are 

discussed in section 2. The main results and ablation study are discussed in section 3. Finally, we conclude 

the experiments in the last section. 

2. Method 
The proposed classifier consists of three parts: the lightweight residual network, CPFE (Context-

aware Pyramid Features Extraction) network, and the attention network. The methods were chosen 

because it is proven can improve the classifier’s performance as described in [21]–[24]. In this section, 

all of those parts will be discussed in detail. The complete diagram of our proposed classifier can be 

viewed in Fig. 1. 

 

Fig. 1. The Diagram of our proposed classifier consists of three parts: the lightweight residual network with 

three residual blocks, CPFE network, and attention module. 
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2.1. Lightweight Residual Network 
We use the residual network classifier originally used in CIFAR experiments [25], which works very 

well for person re-identification [26]. The advantages of the residual network classifier are that the 

classifier has a low number of parameters which is very suitable for limited resource scenarios. This paper 

uses two residual networks that produce the highest accuracy, as reported in [26], ResNet-56 and 

ResNet-110 classifiers. Although the residual network consists of many layers (e.g., 56 and 110 layers), 

the number of parameters in the classifier is not more than 2 million, which is considered very 

lightweight. In detail, the residual network consists of three residual blocks in which the output of the 

last two blocks is used to extract the pyramid features via the CPFE network. After adding the CPFE 

and attention network, the number of parameters in the classifier increased from 100K to 700K, 

depending on the attention network type. 

2.2. CPFE Network 
To utilize more effective feature extraction for classification and/or re-identification problems, the 

proposed classifier is designed to extract pyramid-based features via the CPFE network. The CPFE 

network is described in [21], which was originally used for saliency detection problems. Atrous 

convolution layers using different dilation rates with input from the different residual blocks are used to 

construct the CPFE network. The atrous convolution process can extract features from different 

receptive field sizes which match with pyramid features definition. Let 𝐗𝐗 ∈  ℜ𝑛𝑛×𝑚𝑚
 is an input of the 

atrous convolution process, 𝐖𝐖 ∈  ℜ𝑠𝑠×𝑠𝑠
  is the kernel used for the convolution process, and 𝑟𝑟 is the 

dilation rate, the output of atrous convolution can compute as follows. 

Y(X) =  ∑ X[𝑖𝑖 + (𝑟𝑟 ∗ 𝑘𝑘), 𝑗𝑗 + (𝑟𝑟 ∗ 𝑙𝑙)] ∗ W[𝑘𝑘, 𝑙𝑙]𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙   (1) 

he output of the CPFE network is concatenated of four different parallel convolutional layers, one 

layer with a kernel size of 𝑠𝑠 = 1 and dilation rate of 𝑟𝑟 = 1; and three other layers with a kernel size of 

𝑠𝑠 = 3 and dilation rate of 𝑟𝑟 = {3, 5, 7}. 

2.3. Channel-wise Pyramid Attention Network 
The output of the convolutional process in CNN classifiers can be interpreted as a channel-wise 

independent feature extraction process. Each channel of convolutional output represented one semantic 

feature extraction map, and the importantness of each channel may vary depending on the input and the 

problem solved by the classifier. The channel-wise pyramid attention network works by weighting each 

channel based on importantness. We adopted the channel-wise pyramid attention network described by 

Zhao et al. [21]. Let 𝐟𝐟 ∈  ℜ𝑐𝑐
 is the unfolded global pooling high-level features with 𝑐𝑐 channels, 𝐖𝐖1 ∈

 ℜ𝑐𝑐×(𝑐𝑐/2)
 is the weight of the first fully-connected layer and 𝐖𝐖1 ∈  ℜ(𝑐𝑐/2)×𝑐𝑐

 is the weight of the second 

fully-connected layer, the channel-wise attention output can be computed as follows 

𝐚𝐚𝑐𝑐𝑐𝑐 = 𝜎𝜎(𝛿𝛿(𝐟𝐟 ∙ 𝐖𝐖1) ∙ 𝐖𝐖2  (2) 

with 𝜎𝜎 is the sigmoid function and 𝛿𝛿 is the ReLU activation function. The final features are computed 

by weighting the features with the output of channel-wise attention module 𝐚𝐚𝑐𝑐𝑐𝑐. 

𝐅𝐅�𝑐𝑐𝑐𝑐 = 𝐅𝐅𝑐𝑐 ∙ 𝐚𝐚𝑐𝑐𝑐𝑐[𝑐𝑐]       ∀𝑐𝑐  (3) 

The ∙ operation in equation (3) is scalar multiplication of 𝐅𝐅𝑐𝑐 features and 𝑐𝑐 = {1, 2,⋯ , 𝑐𝑐𝑚𝑚} with 𝑐𝑐𝑚𝑚 

is the number of channels. 

2.4. Spatial Pyramid Attention Network 
For the spatial pyramid attention network, we also adapted the spatial pyramid attention network 

described in [21]. Although the spatial pyramid attention network described in [21] was used for saliency 

detection, our investigation shows that the attention method can also be used for other tasks. Let 𝐗𝐗 ∈
ℜ𝑤𝑤×ℎ×𝑐𝑐

 is the input of spatial attention network, 𝐖𝐖1
𝑔𝑔
 is the convolution with a kernel size of 1 × 𝑘𝑘, 
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and 𝐖𝐖2
𝑔𝑔
 is the convolution with a kernel size of 𝑘𝑘 × 1, the output spatial attention network can be 

computed as follows. 

𝐋𝐋1 = 𝛿𝛿(𝛿𝛿(𝐗𝐗 ∗𝐖𝐖1
1) ∗𝐖𝐖2

1)  (4) 

𝐋𝐋2 = 𝛿𝛿(𝛿𝛿(𝐗𝐗 ∗𝐖𝐖1
2) ∗ 𝐖𝐖2

2)  (5) 

𝐀𝐀𝑠𝑠𝑠𝑠 = 𝜎𝜎(𝐋𝐋1 + 𝐋𝐋2)  (6) 

with 𝐀𝐀𝑠𝑠𝑠𝑠 ∈ ℜ𝑤𝑤×ℎ
 is the output of the spatial attention network, is the ReLU activation function, and 

𝛿𝛿 is the sigmoid function. The final features computed as follows. 

𝐅́𝐅𝑠𝑠𝑠𝑠 = 𝐅𝐅𝑐𝑐 ∘ 𝐀𝐀𝑠𝑠𝑠𝑠       ∀𝑐𝑐  (7) 

The ∘ operation is the element-wise multiplication operation of 𝐅𝐅𝑐𝑐 features and 𝑐𝑐 = {1, 2,⋯ , 𝑐𝑐𝑚𝑚} 
with 𝑐𝑐𝑚𝑚 is the number of channels. 

2.5. Implementation Details 
Our proposed classifier takes input images with a resolution of 64x32. The input resolution was used 

because it was close to the original LRN input resolution on the CIFAR dataset.   

Classifier configuration. We use three different classifier configurations that can be viewed in Fig. 2. 

In the first version (or v1), we use the multi-loss function (for original LRN and CPFE features) to train 

the classifier with two parallel heads. The advantages of the first version are that the two parallel head 

produces an individual loss, improving the classifier faster than other configurations. In addition, the 

retrieval process will use twice more features compared with other configurations.  

 

Fig. 2. Three different connectivity between LRN, CPFE, and attention module of our proposed classifier, (a) 

multi-loss (v1), (b) attention features only (v2), and (c) one loss with combined features (v3). 

The second version (or v2) only uses the features produced by CPFE and the attention network. The 

third version (or v3) combines original features with features produced by CPFE and the attention 

network. We use the cross-entropy loss function for all configurations and train the classifier for identity 

identification problems. Let 𝑡𝑡𝑘𝑘 be the k-th class of true data label and 𝑝𝑝𝑘𝑘 be the probability score of data 

being a class k, the cross-entropy loss function can be computed as follows. 

𝐿𝐿𝑐𝑐𝑐𝑐 = −𝑡𝑡𝑘𝑘 log(𝑝𝑝𝑘𝑘)  (8) 

To create the final loss, we sum up the loss value of two different parallel heads for the first classifier 

configuration. The last FC block of our proposed classifier consists of two fully connected layers, a fully 
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connected layer with 256 neurons with a batch normalization layer but without activation function, 

followed by the last fully connected layer with the number of neurons depending on the number of 

identities in the dataset. 

Training and testing process. The training process is done for 100 epochs with a learning rate 

initialized at 0.1 and reduced by a factor of 0.1 at 40 and 80 epochs. Random erasing [27] is applied in 

the training process to provide overfitting and improve the classifier's performance. A dropout layer is 

added before the last layer to provide more regularization. The training process is done using a fine-

tuning strategy from CIFAR-10 weights. The testing process is done by extracting features from the 

first fully connected layer and performing the retrieval process using a ranking algorithm with an 

additional re-ranking method [28]. The training and testing processes are done for five iterations, and 

the results are reported by averaging the metric values. 

Pre-processing and data augmentation. We applied three pre-processing and data augmentation 

steps: image resizing, random crop, random horizontal flip, random erasing [27], and data normalization. 

After loading data into memory, all steps are performed on-fly in a multi-threading fashion. 

2.6. Person Re-identification Dataset 
The evaluation process is conducted on two widely used person re-identification datasets, Market-

1501 and DukeMTMC-reID. This section introduces the dataset and its evaluation protocol before 

discussing the results.   

Market-1501. The dataset is described in [12] and consists of 1,501 unique person identities with a 

total of 32,668 bounding boxes captured using six cameras. The person bounding box is detected using 

the DPM people detector [29]. The dataset was divided into training and testing data without any 

overlapped persons. The training data consists of 751 people with a total number of 12,936 images. 

Because the retrieval scenario is used in the testing process, the testing data consists of 750  people with 

3,368 query images and 19.732 gallery images. The Market-1501 dataset has two different evaluation 

protocols, single-query, and multi-query. The difference is that the single-query mode is evaluated using 

only a single image per query. In contrast, the multi-query mode uses multiple images (taken from the 

same camera) per query. Naturally, the multi-query mode will produce higher accuracy and mAP (mean 

average precision) than the single-query mode due to more features exposed to the classifier. Fig. 3 

shows some examples of the Market-1501 dataset. 

 

Fig. 3. Some person images on Market-1501 person re-identification dataset. 

DukeMTMC-reID. The dataset is described in [13] that includes 1,812 people, with 408 people 

appearing in one camera (treated as gallery distractors) and the rest appearing at least in two cameras. 

The dataset was split into 702 identities with 16,522 images for training and 19,889 images consisting 
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of 702 identities for query/gallery set with 408 identities for gallery distractor. Unlike the Market-1501 

dataset, the DukeMTMC-reID dataset only consists of the single-query testing evaluation, which is 

more challenging than the Market-1501 dataset. 

3. Results and Discussion 
All experiments were done using NVIDIA GPU RTX 2080 TI and PyTorch deep learning 

framework. To evaluate our proposed classifier, we use practical approaches described in [12] by 

evaluating our proposed classifier using two different metrics, the mean average precision (mAP) and 

rank. The metrics compute the distance matrix between the query and the gallery. To ensure that the 

CNN classifier does not learn the camera characteristics, person images from the same camera were 

eliminated before retrieval.   

The experiments were divided into three scenarios: single classifiers, ensemble classifiers, and ablation 

study. Experiments using single classifiers are used to evaluate single classifiers of the proposed classifier 

with several configurations. Experiments using ensemble classifiers are used to evaluate the combination 

of several single classifiers, which have proven can improve the performance but with an additional 

number of parameters (due to the combination scheme). The last experiment is the ablation study, 

which evaluates three factors: the effect of retrieval feature size, re-ranking, and model bias. 

3.1. Single Classifier 
We summarize the single classifier experiments in Table 1. Those three tables show that the best 

performance on the Market-1501 dataset is achieved using the first version of the classifier configuration 

(Res110-CPANv1, Res110-SPANv1, and Res110-SCPANv1). Unlike results on the Market-1501 

dataset, the best performance on the DukeMTMC-reID dataset is achieved using the second version of 

the classifier configuration for SPAN (Res110-SPANv2) and the first version of classifier configuration 

for other attention types (Res110-CPANv1 and Res110-SCPANv1).  

Table 1.  Summary of our experiments using single classifier configuration on Market-1501 and DukeMTMC-

reID dataset. 

# Classifier 
Market-1501 DMTMC-reID 

Single Multi 

R@1 R@5 mAP 

R@1 R@5 mAP R@1 R@5 mAP 

LRN classifier with Channel-wise Pyramid Attention Network (CPAN) 
1 Res56-CPANv1 87.84 93.22 82.40  91.66  95.72 86.76  81.63  88.69 75.90 

2 Res56-CPANv2 87.14  92.79 81.33  90.81  95.45 85.90  80.22  87.68 74.86 

3 Res56-CPANv3 86.92  92.65 80.93  90.72  95.27 85.71  80.69  87.68 75.01 

4 Res110-CPANv1 88.97  93.89 83.73  92.32  96.07 87.80  82.24  89.17 76.86 

5 Res110-CPANv2 88.22  93.49 82.66  91.81  95.80 86.96  81.71  88.73 76.30 

6 Res110-CPANv3 87.85  93.11 82.25  91.61  95.61 86.67  81.73  88.72 76.70 

LRN classifier with Spatial Pyramid Attention Network (SPAN) 
1 Res56-SPANv1 88.03 93.40 82.79 91.86 95.82 87.08 81.80  88.70 76.31 

2 Res56-SPANv2 87.68 93.17 82.30 91.21 95.52 86.62 81.97  88.78 76.67 

3 Res56-SPANv3 87.24 92.77 81.28 90.97 95.31 85.94 80.80  88.15 75.11 

4 Res110-SPANv1 88.87 93.88 83.79 92.42  96.06 87.90  82.91  89.45 77.53 

5 Res110-SPANv2 88.87 93.81 83.70 92.07  95.86 87.67  83.09  89.17 77.88 
6 Res110-SPANv3 87.39 92.93 81.70 91.37  95.64 86.21  80.95  88.52 75.72 

LRN classifier with Spatial and Channel-wise Pyramid Attention Network (SCPAN) 
1 Res56-SCPANv1 88.57  93.57 83.12  92.08  95.99 87.46  81.24  88.55 75.92 

2 Res56-SCPANv2 87.08  93.03 81.20  91.09  95.49 86.06  81.38  88.11 75.70 

3 Res56-SCPANv3 87.21  92.75 81.26  90.78  95.21 85.80  80.56  87.85 75.29 

4 Res110-SCPANv1 89.23  93.91 83.93  92.54  96.12 88.01  82.83  89.43 77.79 

5 Res110-SCPANv2 88.40  93.45 82.61  91.91  95.75 87.07  82.26  88.99 76.86 

6 Res110-SCPANv3 88.19  93.33 82.70  91.62  95.71 87.10  82.15  88.97 76.94 
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From all different classifier configurations, the Res110-SCPANv1 configuration produces the highest 

performance on the single-query Market-1501 dataset with the highest rank-1 of 89.23% and mAP of 

83.93%. The multi-query evaluation settings on Market-1501 naturally produce higher metrics than 

single-query. For the multi-query evaluation on the Market-1501 dataset, the highest performance is 

achieved using the same Res110-SCPANv1 classifier with rank-1 of 92.54% and mAP of 88.01%. 

For the DukeMTMC-reID dataset, the proposed classifier achieved the best performance using 

Res110-SPANv2 with rank-1 of 83.09% and mAP of 77.88%. The SPAN (Spatial Pyramid Attention 

Network) seems to perform better than the SCPAN attention type on the DukeMTMC-reID dataset. 

Although the margin between the three types of attention networks is narrow, the results show that the 

DukeMTMC-reID dataset has more spatial importantness characteristics (some areas are more 

important than others) than channel feature's importantness. 

Fig. 4 shows the heatmap visualization of the last convolutional layer after multiplying by the spatial 

and channel-wise attention value on the Res110-SCPANv1 classifier. As shown in Fig. 4, the features 

extracted from the convolutional layer seem very active on a person's upper area (around the head and 

shoulder) and lower area (around the feet and knee). The results are somehow mimicking Human Visual 

System (HVS) attention or saliency, which is very sensitive to the face in the images [30]–[32]. 

 

Fig. 4. Heatmap visualization of the last convolutional layer of Res110-SCPANv1 classifier after multiplying by 

the spatial and channel-wise attention value on Market-1501 dataset (some normalization was applied and 

the best view on color mode). 

The results of the single experiments show that the additional attention and pyramid network can 

improve the LRN classifier performance, as shown in Table 2. An improvement of ~2% (rank-1 and 

mAP) is achieved on the Market-1501 dataset, while a ~3% (rank-1 and mAP) improvement is achieved 

on the DukeMTMC-reID dataset. Although the improvement is impressive, the number of parameters 

of the classifier is increased by 600K from the original residual network classifier, which is quite 

significant for the lightweight classifier. 

Table 2.  Comparison of LRN classifiers with and without attention and pyramid network on Market-1501 and 

DukeMTMC-reID dataset. 

# Classifier 

Market-1501 DMTMC-reID 
Single Multi 

R@1 R@5 mAP 

R@1 R@5 mAP R@1 R@5 mAP 

1 
Res56  85.93 

92.01 
80.03 90.13 

94.92 
84.84 78.93 86.79 

72.65 

2 
Res56-SCPAN (best)  88.57  

93.57 
83.12  92.08  

95.99 
87.46  81.24  88.55 

75.92 

3 
Res110  87.12 

92.77 
81.45 91.17 

95.47 
86.04 79.98 87.20 

74.11 

4 
Res110-SCPAN (best)  89.23  

93.91 
83.93  92.54  

96.12 
88.01  82.83  89.43 

77.79 
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Table 3.  Summary of our experiments using Ensemble of several LRN classifiers on Market-1501 and 

DukeMTMC-reID dataset. 

# Classifier 
Market-1501 DMTMC-reID 

Single Multi 

R@1 R@5 mAP 

R@1 R@5 mAP R@1 R@5 mAP 

1 Ensemble-1  89.73  94.42 85.25  92.54  96.37 88.94  83.69  89.99 79.32 

2 Ensemble-2  90.71  94.77 86.36  93.54  96.61 89.74  84.78  90.78 80.63 

3 Ensemble-3  90.70  94.90 86.43  93.43  96.67 89.80  84.76  90.78 80.43 

4 Ensemble-4  90.34  94.69 85.99  93.30  96.47 89.50  84.33  90.53 79.98 

 

3.2. Ensemble Classifier 
The ensemble approaches were made by concatenated features extracted from each classifier and used 

for the retrieval process. We use four different ensemble configurations described as follows for the 

ensemble classifiers experiments. 

• Ensemble-1. Combination of Res56-CPANv1 and Res56-SCPANv1 features with a total of 1,024 

features for the retrieval process. 

• Ensemble-2. Combination of Res110-CPANv1 and Res110-SCPANv1 features with a total of 1,024 

features for the retrieval process. 

• Ensemble-3. Combination of Res56-SCPANv1 and Res110-SCPANv1 features with a total of 1,024 

featuresfor the retrieval process. 

• Ensemble-4. Combination of Res56-CPANv1, Res56-SCPANv1, Res110-CPANv1, and Res110-

SCPANv1 features with a total of 2,048 features for the retrieval process. 

Table 3 shows the results of our experiments using four different ensemble classifiers. As shown in 

Table 3, the ensemble classifier improved the classifier's performance from around 0.5% to 2%. The 

best performance is achieved using Ensemble-2 with rank-1 of 90.71% and mAP of 86.36% on the 

single-query Market-1501 dataset; rank-1 of 93.54% and mAP of 89.74% on the multi-query Market-

1501 dataset; rank-1 of 84.78% and mAP of 80.63%. Although Ensemble-2 produces the best 

performance, the performance gap between Ensemble-2 and Ensemble-3 classifiers is very narrow, but 

Ensemble-3 has fewer parameters than the Ensemble-2 classifier. The last Ensemble-4 classifier consists 

of more than seven million parameters, but the evaluation shows that the ensemble configuration cannot 

improve the classifier's performance. 

3.3. Comparison 
Results of our proposed classifier with other state-of-the-art methods are shown in Table 4. We 

added additional information density of the classifier (mAP per million parameters and rank-1 per 

million parameters) and the number of parameters in the classifier for each method to show the 

classifier's effectiveness. As shown in Table 4, our proposed classifier has not achieved state-of-the-art 

performance on the Market-1501 or DukeMTMC-reID dataset. The best performance on the Market-

1501 dataset is achieved by Wang et al. [33] using a spatial-temporal convolutional neural network. The 

Viewport-aware convolutional neural network classifier [20] achieved state-of-the-art performance on 

the DukeMTMC-reID dataset. One of the disadvantages of those two approaches is the classifier has 

more than 20 million parameters which are considered a large number of parameters in edge-computing 

or limited-hardware scenarios. The computed information density shows that the state-of-the-art model 

has low information density, which can be concluded that the model is not effective enough in terms of 

performance per million parameters. On the other hand, our proposed model has higher information 

density but lower performance than other state-of-the-art models. The information density of our 

proposed classifier ranges from 20 to 46, with rank-1 accuracy ranging from 89% to 90%, and mAP 

ranges from 83.5% to 86%. 
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Table 4.  Comparison of our lightweight classifier with several state-of-the-art models. 

Year Method #Par. 
(mil.) 

Market-1501 DMTMC-reID 
Single Multi 

R@1 mAP ID 

R@1 mAP ID R@1 mAP ID 

2017 CAN [34] ~50 60.3 35.9 

1.20 / 

0.71 

72.1 47.9 

1.44 / 

0.95 

- - - 

2017 Fisher Net [35]  5.2  48.15  29.94  

9.25 / 

5.75 

- - - - - - 

2017  Verif-Iden [36] ~23 79.51  59.87  

3.45 / 

2.60  

85.84  70.33  

3.73 / 

3.05  

68.9  49.3  

2.99 / 

2.14 

2018  PAN [37] ~45  88.57  81.53  

1.96 / 

1.81  

91.45  87.44  

2.03 / 

1.94  

75.94  66.74  

1.68 / 

1.48 

2019 Spatial-Temporal [38] ~30  98.0  95.5  

3.26 / 

3.18  

- - - 94.0  82.8  

3.13 / 

2.76 

2019  PyrNet [39]  35.9  94.6  91.4  

2.63 / 

2.54  

96.1  94.0  

2.67 / 

2.61  

90.3  87.7  

2.51 / 

2.44 

2019 ARP [40] ~23  87.04  66.89  

3.78 / 

2.90 

- - - 73.92  55.56  

3.21 / 

2.41 

2019  HPM [41] ~23  94.20  82.70  

4.09 / 

3.59  

- - - 86.60  74.30  

3.76 / 

3.23 

2020  VA-ReID [20]  52.64  96.79  95.43  

1.83 / 

1.81  

- - - 93.85  91.82  

1.78 / 

1.74 

2020  SARL [42]  ~32  96.1  88.0  

3.00 / 

2.75 

- - - 87.9  75.5  

2.74 / 

2.35 

2020  RGA-SC [43]  56.4  96.1  88.4  

1.70 / 

1.56  

- - - - - - 

2020  Ensemble LRN [26]  2.7  88.61  82.88  

32.8 / 

30.6  

91.77  86.98  

33.9 / 

32.2  

82.49  77.50  

30.5 / 

28.7 

 

Res110-SCPANv1 

(Our) 

2.5  89.23  83.93  

35.6 / 

33.5  

92.54  88.01  

37.0 / 

35.2  

82.83  77.79  

33.1 / 

31.1 

 

Res110-CPANv1 

(Our) 

1.9  88.97  83.73  

46.8 / 

44.0  

92.32  87.80  

48.5 / 

46.2  

82.24  76.86  

43.2 / 

40.4 

 Ensemble-2 (Our) 4.4  90.71  85.25  

20.6 / 

19.3  

93.54  89.74  

21.2 / 

20.3  

84.78  80.63  

19.2 / 

18.3 

 Ensemble-3 (Our) 3.2  90.70  86.43  

28.3 / 

27.0  

93.43  89.80  

29.1 / 

28.0  

84.76  80.43 

26.4 / 

25.1 

 

3.4. Execution Time 
One of the important factors for a lightweight classifier is the execution time to finish the tasks.  We 

use the Market-1501 person re-identification dataset with a single-query scheme to evaluate the 

execution time of our proposed classifier. The training time, features extraction time, and retrieval 

process time was calculated as follows. For training time 𝑇𝑇𝑡𝑡𝑡𝑡, the time reported is the time elapsed of 

one epoch, and we only measure using GPU hardware. For features extraction time 𝑇𝑇𝑒𝑒𝑒𝑒, retrieval process 

𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟, and retrieval with the re-ranking process 𝑇𝑇𝑟𝑟𝑟𝑟, the time reported is the time elapsed for processing 

all gallery and query images. Table 5 shows the execution time of our proposed classifier. For comparison, 

we added the ResNet50-based classifier to the list. We measure the execution time using NVIDIA RTX 

2080TI with 11GB memory (GPU hardware) and Intel i7-9700F @3.00 GHz (CPU hardware). 

As shown in Table 5, our proposed classifier has a lower execution time compared with the widely 

used ResNet50-ImageNet classifier, especially for training and feature extraction steps. The execution 

time for the retrieval process is relatively the same because all of the classifiers in Table 4 use the same 

number of features for the retrieval process. We use the re-ranking algorithm described in [28], which 

is not yet optimized for GPU hardware. Although the feature extraction steps' execution time is only 

half that of the widely used ResNet50-ImageNet classifier, further analysis shows that the time will be 

higher for a bigger dataset (due to the multiplication factor). 
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Table 5.  Execution time of our proposed classifier for several different processes, the training process, the 

features extraction process, and the retrieval process. 

# Classifier System Market-1501 (in seconds) 
𝑻𝑻𝒕𝒕𝒕𝒕 𝑻𝑻𝒆𝒆𝒆𝒆 𝑻𝑻𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝒓𝒓𝒓𝒓 

1 Res56-CPANv1 

CPU -  193.28 s  14.16 s  52.44 s 

GPU 10.91 s  12.88 s  11.47 s - 

2 Res56-SCPANv1 

CPU -  264.90 s  14.09 s  53.28 s 

GPU 14.43 s  15.00 s  11.41 s - 

3 Res110-CPANv1 

CPU -  294.39 s  14.12 s  53.36 s 

GPU 20.07 s  16.33 s  11.44 s - 

4 Res110-SCPANv1 

CPU -  426.43 s  14.08 s  52.94 s 

GPU 27.14 s  20.55 s  11.44 s - 

5 ResNet50-ImageNet 

CPU -  1025.8 s  14.09 s  52.98 s 

GPU 41.55 s  42.96 s  11.55 s - 

 

3.5. Ablation Study 
In this section, the analysis regarding the effectiveness of our proposed classifier is discussed. We 

analyze three aspects: the effects of feature size used in the retrieval process, the re-ranking effects, and 

the bias effects. 

1) Retrieval Features Size 
One of the factors that may contribute to the performance of a classifier for person re-identification 

is the size of discriminative features used for the retrieval process. We used three different features to 

evaluate our proposed classifier, 64, 128, and 256. We use the same setup as used in the main experiments 

using the Market-1501 dataset with a single-query evaluation and re-ranking algorithm. Fig. 5 shows 

our proposed classifier's rank-1 and mAP plots using three different fc-sizes. As shown in Fig. 5, the 

best performance was achieved using 256 discriminant features for the retrieval process. These results 

are the opposite results of lightweight classifier experiments described in [26], which reported that the 

best performance is achieved using lower fc-size.  

(a) (b) 

Fig. 5. . Graph of our proposed classifier for different FC sizes, (a) Rank-1, and (b) mAP 

2) Re-Ranking Effects 
Re-ranking is one way to improve the classifier's performance for person re-identification problems 

by re-ranking the retrieval results and intuitively using them as query images. The performance 

comparison between the retrieval process with and without the re-ranking algorithm can be viewed in 

Fig. 6. As viewed in Fig. 6, the re-ranking algorithm improves the classifier's performance by around 3-

4% for rank-1 and 14-17% for mAP. The results show that the re-ranking algorithm increases the 

classifier confidence, which is indicated by an increase in the mAP value. Although the classifier's 

performance is increased, the retrieval process time execution was increased around four times when the 

re-ranking algorithm was used in the process.   



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 11 

 Vol. 9, No. 1, March 2023, pp. 1-14 

 

 Rachmadi et al. (Lightweight pyramid residual features with attention for person re-identification) 

(a) (b) 

Fig. 6. Graph of our proposed classifier with and without re-ranking algorithm, (a) Rank-1, and (b) mAP. 

3) Bias Effects 
The last experiment for the ablation study is the bias effects of the classifier by swapping the training 

and testing data of the Market-1501 and DukeMTMC-reID datasets. The experiments measure the bias 

effect of the training dataset for general person re-identification problems. Six different SCPAN (Spatial 

and Channel-wise Pyramid Attention Network) classifiers were tested, and the results can be viewed in 

Table 6. As shown in Table 6, the proposed classifier trained using the DukeMTMC-reID dataset can 

achieve rank-1 of around 40% with mAP of around 21% on single-query Market-1501 and rank-1 of 

around 50% with mAP of around 28% on multi-query Market-1501. 

Table 6.  The results of bias effects experiments using Market-1501 and DukeMTMC-reID dataset for six 

different SCPAN classifier. 

# Classifier 
D ⟶ M M ⟶ D 

Single Multi 

R@1 R@5 mAP 

R@1 R@5 mAP R@1 R@5 mAP 

1 Res56-SCPANv1 39.85  53.71 21.48  48.02  61.08 26.27  18.39  27.17 10.71 

2 Res56-SCPANv2 44.44  57.34 24.85  52.62  64.07 30.07  19.33  27.76 11.58 

3 Res56-SCPANv3 42.21  55.59 23.50  50.48  62.83 28.76  17.78  26.35 10.63 

4 Res110-SCPANv1 39.74  53.46 21.58  47.23  60.43 26.33  18.29  27.73 10.99 

5 Res110-SCPANv2 43.85  56.77 24.70  51.27  63.37 29.62  19.38  27.63 11.75 

6 Res110-SCPANv3 41.12  54.06 22.62  48.82  61.08 27.40  17.80  26.32 10.57 

 

One interesting thing shown in Table 6 is that the Res110 classifier variant has a lower rank-1 and 

mAP compared with the Res56 variant, although the Res110 consists of more parameters. Unlike the 

results in the main experiments, the SCPANv2 attention variant has a higher rank-1 and mAP, which 

means that the attention type has more generality than other attention types. We can also note that our 

proposed classifier can generalize better when trained using the DukeMTMC-reID dataset compared 

with the classifier trained using the Market-1501 dataset. 

4. Conclusion 
We have investigated a lightweight residual classifier with a pyramid attention network for person 

re-identification. The lightweight classifier was adopted from the residual network originally used for 

CIFAR experiments which are considered a lightweight classifier due to the number of parameters that 

not more than two million parameters. Three different pyramid attention networks were used in the 

experiments, including CPAN (Channel-wise Pyramid Attention Network), SPAN (Spatial Pyramid 

Attention Network), and SCPAN (Spatial and Channel-wise Pyramid Attention Network). Experiments 

on Market-1501 and DukeMTMC-reID person re-identification dataset show that with the 

combination of pyramid attention network, the proposed classifier can achieve rank-1 of more than 92% 

on Market-1501 and more than 80% on DukeMTMC-reID. Further analysis shows that our proposed 
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classifier has more information density comparing with other approaches and runs faster on the training 

and inference process. The proposed lightweight residual classifier with a pyramid attention network is 

very suitable to deploy on limited computing power scenarios, such as IoT or edge computing. 

Implementing a complete person re-identification system on limited computing power scenarios can be 

a topic for future work research. Furthermore, the search for lightweight classifiers is still an open topic, 

especially for person re-identification and cross-modality person re-identification. 
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