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ABSTRACT 

 

In this paper, we study an extension of person re-

identification (re-ID) problem, cast search by portrait. 

While person re-ID problem has been widely researched, 

cast search by portrait remains its difficulty, since the 

distribution of images is varying in wide range. 

Traditional person re-ID problem only consider images 

or video sequences from street monitors, while cast 

search by portrait trying to retrieve cast from all kinds of 

movies, with different colors, illuminations. In addition, 

the size of human is variant. One can imagine person in 

romantic movie is usually large, while person in war 

movie usually much smaller. Moreover, the candidate 

images given by the IMDB dataset are detected 

automatically, which make the images quite noisy and 

some of them not even involves any person. In this 

paper, we evaluate different approaches and techniques 

to alleviate the problem mentioned above, and conduct 

ablation study for each component we use. By verifying 

the effectiveness of techniques and components, we 

conduct an early exploration of the challenging cast 

search by portrait task. 

 

Keywords: person re-identification, cast search by 

portrait 

 

1. INTRODUCTION 

 

In computer vision researches, faces and person images 

are frequently researched subjects due to the importance 

of their potential applications. For instance, person re-

identification (Re-ID) is a practical but challenging topic, 

which aims to search for a person in database with only 

one or few reference query images. Solving person Re-

ID problem can bring benefit to applications, such as 

pedestrian retrieval from videos of street monitors, 

which can be helpful when identifying a certain criminal. 

In this paper, we consider another Re-ID extension, cast 

search by portrait. In movie industry, searching movie 

frames which involve certain cast is a desired solving 

problem, since it can bring abundant advantages for 

movie effects post processing. Thus, cast search by  

 Fig. 1: An illustration of data. For a movie, there are 

several casts to be retrieved. The candidate images 

involve characters belong to one of the casts together 

with an additional class ‘other’, where no person can be 

identified.  

 

Fig. 2: An illustration of cast retrieval. For each cast, 

similarity score is computed for every candidate in the 

movie. Then, the candidates are ranked by the scores 

and mAP metric is applied for evaluation. 

 

portrait is a task trying to retrieve frames from entire 

movie, given only one portrait for each cast. We 

consider IMDB movie data collected by [4]. They 

mailto:r07942144@ntu.edu.tw
mailto:fuh@csie.ntu.edu.tw


released a new movie dataset this year, which contains 

250 movies. We further split the data into training, 

validation and testing set with 125, 25 and 100 movies, 

respectively. 

 

 

2. RELATED WORKS 

 

2.1. Person Re-Identification 

 

Person re-identification can be categorized into two 

main approaches, single-shot approach and multipleshot 

approach, as mentioned in [5]. 

 

Single-shot approach focuses on associating pairs of 

images, each containing one in 

stance from a class. Cast search by portrait studied in 

this paper is single-shot approach, since only one 

portrait of cast is used for retrieval, and the portrait is 

compared with each candidate in the movie. This 

process is associating a pair of images and evaluating if 

they are come from same class, which is consistent to 

the definition of single-shot approach in [5].  

 

Multipleshot approaches consider multiple images of the 

same person as training data. When testing inference, 

multiple images of the same person is also accessible, 

making multipleshot a relatively easier task. 

 

2.1.1. Single-shot re-ID approaches 

 

As to single-shot approaches, in [6] the method tried to 

segment a pedestrian image into regions, and explore the 

relation between regions. This technique works well 

when the variety of viewpoint is small, since 

segmentation is hard to apply on a totally different 

viewpoint.  

 

Viewpoint variance is considered and addressed in [7]. 

They utilized spatial and color information at the same 

time to make the extract feature more viewpoint 

invariant. Together with the technique of boosting and a 

help for local feature classifier, they alleviate the 

viewpoint problem.  

 

Finally, [8] consider re-ID problem in another direction. 

Besides extracting the feature of the person to be 

retrieved, they also enrich the information of visual 

feature by considering background and other people. By 

considering more useful information, they achieved 

better performance on re-ID. 

 

2.1.2. Multipleshot re-ID approaches 

 

As to multiple-shot approaches, [9] applied SVM for 

classification, while local and global information is 

extracted and considered at the same time. 

 

In [10], they firstly detected the bounding box of a 

pedestrian, and extracted feature considering HSL value 

and pose variations. By accumulating these feature 

across multiple images, they were able to predict person 

identity from input images. 

 

[11] tried re-ID problem in a different setting: retrieve 

person for a short sequence of video. This was also 

categorized as multipleshot since consecutive frames 

could be viewed as multiple query images. They 

extracted spatial and temporal feature, together with a 

segmentation estimator for solving this problem. 

 

Lastly, similar to the setting mentioned in [11], [12] 

conducted person re-ID from a short video sequence by 

matching SURF [13] interest points. 

 

2.2. Face Detection 

 

Face detection is a popular topic in recent years and 

many approaches are proposed. [16] proposed a 

fundamental model called detector cascade, which 

consists a simple-to-complex face classifier. Although 

this model is able to detect faces, but it fails when the 

images come from different viewpoint. To address 

multi-viewpoints problem, there are three categories of 

faces classifiers defined by [15]: cascade-based, DPM-

based and neural network based. 

 

2.2.1. Cascade-based face detection 

 

[17] train a detector for each view of the face and 

accumulate their results, but the process is time-

consuming. To speed up the detection process, [18] and 

[19] introduces multiclass boosting for multi-viewpoint 

object detection. 

 

2.2.2. DPM-based face detection 

 

These approaches are based on the technique proposed 

by [20], which define a face as multiple meaningful 

parts. These parts are further processed by classifier or 

latent SVM to extract relationships between them. [21] 

improves this approach by considering facial landmarks 

together with the pre-defined facial parts. 

 

2.2.3. Neural-network-based face detection 

 

Deep convolution neural networks are recently used for 

extracting visual features. [22] proposed R-CNN model 

for using segmentation technique, and the model can be 

used for image retrieval or object detection. [23] 

proposed spatial pyramid pooling technique to consider 

features in different scales, and keep the computational 

cost reasonable at the same time. Finally, a robust face 

detection model MTCNN is proposed by [1], which is 

the face detection model we use in this paper. 

 



 

3. CAST SEARCH BY PORTRAIT 

 

3.1. Task Description 

 

We define the cast search by portrait in detail in this 

section. For i-th movie, ni is the number of casts and mi 

is the number of candidates. For each cast in the movie, 

one has to predict a ranking list with size mi, which 

represents the priority of retrieval given the cast as 

query. If one would like to retrieve top-k candidates for 

the query image, the first k elements in the ranking list is 

the prediction output for the model. Thus, for a movie, ni 

ranking lists with size mi should be generated and 

evaluated. The training and testing score is computed by 

averaging the scores over all movies in the set. 

 

3.2. The Choice of Feature 

 

Pre-trained convolution neural network (CNN) models 

[24, 25, 26, 27, 28, 29, 30] are widely used tools for 

feature extraction in computer vision tasks. 

 

Imagenet challenge [2] has proved that the feature of 

1000-class classification problem on a large scale data is 

general enough for many computer vision applications. 

However, the data distribution in cast search by portrait 

is biased and only involves images mostly related to 

human. We doubt that if CNN pre-trained on Imagenet 

still works well on this task. Thus, besides using CNN 

pretrained on Imagenet, we also experiment CNN model 

pretrained VGGFace2 [3], which is a face detection 

dataset and seems more consistent to the nature of our 

IMDB dataset.  
 

3.3. Data Pre-Processing 

 

Since we observe that, the distribution of the candidate 

images is quite noisy, since images are coming from 

different kinds of movies. In horror movie, the 

illumination of images is usually dark, while the 

illumination is quite light in sport movie. Moreover, the 

data even involves some gray scaled movies. In addition 

to the problem of the properties of images, candidate 

images are not always a human faces, since there is a 

classes named 'others', which contains eyes, legs or even 

non-human images. To alleviate the above problems, 

data pre-processing such as normalization and face 

detection are essential.  

 

3.3.1. Image normalization 

 

For image normalization, we simply convert every input 

images into RGB modes, that is, 3 channel representing 

red, green and blue pixel values. Then, normalization is 

conducted to ensure distribution of input is lies in 

certain mean and standard deviation. 

 

3.3.1. Face detection 

 

While many face detection techniques are useful [31, 32, 

33, 34, 35, 36, 37], we applied MTCNN face detector [1] 

to find faces in the candidate images. For those images 

which no faces were found, we assumed they belonged 

to ‘others’ classes and rank them after those candidates 

with faces. 

 

 

 

 

Fig. 3: A pipeline for cast search by portrait. Normalization & face detection is described in Section 3.3. The 

choice of feature extraction model is mentioned in Section 3.2. The classifier is simply a cosine similarity to 

evaluate the similarity between cast and candidate feature. The technique of re-ranking is described in Section 3.5. 

 



3.4. Classification 

 

To generate the ranking list, classifiers for cast search by 

portrait role as functions with a pair of feature extracted 

from images as arguments, that is,  

 

sim = C(cast, cand), 

 

where C represents the classifier, cast and cand 

represents cast feature and candidate feature, 

respectively, and sim represents the similarity score of 

the cast and the candidate. By comparing a cast with 

every candidate in the same movie, the ranking list of 

the cast can be accessed by sorting the candidates by the 

generated similarity score. Candidates with higher 

similarities are ranked front while those with lower 

similarities are ranked behind. 

 

For the choice of classifier, the simplest case is utilizing 

cosine similarity function as classifier. By calculating 

the cosine similarity between the feature vectors of the 

input cast and candidate, a similarity score between 1 

and -1 is generated. Please note that for those candidates 

without faces which are filtered out by MTCNN face 

detector at previous step, we assign -1 to the similarity 

score between these candidates and any cast, since we 

assume these candidates do not refer to any cast. 

 

Another choice of classifier is to train a linear multilayer 

perceptron (MLP) from the training data. However, we 

tried to train MLPs with different layers as classifier, but 

achieved mAP 2-3 percent lower than the simplest 

cosine similarity metric. We state that this is because the 

input feature is relatively good enough for classification. 

Since the parameters of the MLP classifier is trained 

from scratch, if important information is not distilled 

and reserved in those newly trained weight, the MLP 

classifier may have negative effect on the extracted face 

feature. On the other hand, since there is no parameter 

has to be learned for the cosine similarity metric, this 

problem would not occur. 

 

We summarize that, cosine similarity is a good enough 

classifier and baseline for cast search by portrait task, 

and we would use this classifier in following 

experiments. If one wants to try deep classifiers on cast 

search by portrait task, naïve MLP brings disadvantages. 

Some better classifiers of re-ID tasks may be useful for 

this task, and we leave this as our future work. 

 

3.5. Re-Ranking 

 

The idea of re-ranking is taking the initial prediction of a 

ranking problem as pseudo label. By considering 

additional patterns or feature, we can refine the pseudo 

label and generate a more confident ranking list. 

 

[14] proposed a robust re-ranking algorithm for person 

re-identification problem, which can be applied on cast 

search by portrait task. Before the algorithm is applied, 

we can compute a similarity/distance matrix between 

each cast and each candidate, denoting as Mcast, cand. 

Instead of directly sorting Mcast, cand for prediction, two 

additional matrixes Mcast, cast and Mcand, cand, which 

represent similarity between casts and similarity 

between candidates, respectively. By computing k-

reciprocal nearest neighbors, the information contains in 

Mcast, cast and Mcand, cand can be utilized and the prediction 

can be refined. To be more specific, if two candidates 

are found to have high similarity, they should have 

similar distance to a certain cast. For the cast, if the 

initial rankings of the two similar candidates differ a lot, 

the fact that these candidates are similar can be used for 

refinement. 

 

4. EXPERIMENTS 

 

4.1 Evaluation Metric: mAP 

 

In image retrieval problem, mAP is a widely used matric, 

which evaluate scores in a ranking mannar. The metric 

can be computed as follow: 

 

  
 
where Q is the number of query cast, mq is the number 

of candidates with the same identity with the cast, nq is 

the number of candidates in the movie, Pq (k) is the 

precision at rank k for the q-th query, and relq (k) is a 

indicator function that is 1 if k-th prediction is positive 

and 0 otherwise. Precision at rank k is Pq (k) computed 

as np/k, where np denotes the number of positive 

candidates at rank k. For example, if 4 positive 

candidates are retrieved at rank 5, then Pq (k) = 0.8. 

 

The function evaluates the retrieval problem in a ranking 

manner. It encourages all positive/correct candidates are 

list in the front of the prediction ranking list. Though the 

indicator function relq (k) filters out negative candidates, 

the mAP score can be low if positive candidates are 

sorted behind negative candidates, which make the 

precision at rank k Pq (k) decrease. 

 

4.2 Feature Extraction Experiment 

 

As mentioned in Section 3.2, we doubt if the Imagenet 

feature is suitable for cast search by portrait. We 

evaluate results with different pre-trained CNN feature. 

The first feature extractor is resnet152 pre-trained on 

Imagenet, which is a widely used extractor in computer 

vision tasks. The second feature extractor is resnet50 

pre-trained on a face dataset, VGGFace2. After the 

feature is extracted, we simply feed the feature into the 



classifier, a cosine similarity metric and compute the 

mAP score on testing set. We show the results in Table 

1. We observe that, even the first model resnet152 has 

more parameters and pre-trained on larger data, the 

performance is still inferior to the second model. This 

fact proves that more parameters and training data do 

not always lead to a better performance, and the nature 

and distribution of data should be also carefully 

considered. Thus, the second model, resnet50 pre-

trained on VGGFace2, is used for following experiment, 

since its can extract discriminative face feature, which is 

more favorable for cast search by portrait task. 

 

 

Table 1: The mAP score for CNN feature extractor pre-

trained on different dataset 

model mAP 

Resnet152 0.1403 

Resnet50 on VGGFace2 0.1549 

 

 

4.3 Face Detection Experiment 

 

We conduct ablation study for applying face detection 

technique before the feature is extracted. In this 

experiment, we use same feature extractor, resnet50 pre-

trained on VGGFace2, and the only control variable is 

whether MTCNN [1] face detector is applied. As 

described in Section 3.3.2, we crop the faces that 

MTCNN detect and extract the face feature. For those 

candidates which no faces are found, we assume that 

they belong to ‘others’ class, and rank them at the end of 

the ranking list. This idea can be viewed as a prior 

classification, since MTCNN actually filters out some 

noisy candidates. 

 

As depicted in Table 2, we can observe that face 

detection technique brings great advantage to cast search 

by portrait task. While the improvement seems 

surprising, we think it is reasonable since the original 

candidate images are quite noisy. The face MTCNN can 

alleviate this problem in two aspects. First, for those 

images without any person or faces, MTCNN filters 

them out and thus make the following ranking problem 

easier.   

 

 

Table 2: The ablation study for face detection 

Resnet50 on VGGFace2 mAP 

without face detection 0.1549 

with face detection 0.3857 

 

 

 

 

 

Fig. 4: Examples of prediction results. Since the length of complete ranking lists of candidates are too long, we 

only show top-5 candidates with highest similarity score. Correct candidates are annotated with green boxes, while 

wrong candidates are annotated with red boxes.   



4.4 Re-Ranking Experiment 

 

We applied the k-reciprocal nearest neighbors algorithm 

proposed in [14] for our cast search by portrait task. The 

backbone model is the best model found in Section 4.2, 

which use face-cropped feature extracted by resnet50 

pre-pretrained on VGGFace2. As depicted in Table 3, 

re-ranking proves its power on person re-ID problem. 

Though there are parameters of re-ranking algorithm to 

be selected for the best performance, the default 

parameters described in [14] can reach mAP larger than 

0.4, which proves the robustness of the algorithm. 

 

 

Table 3: The ablation study of re-ranking on face-

cropped feature 

model mAP 

without re-ranking 0.3857 

with re-ranking 0.4295 

 

 

4.5 Experiment Results 

 

Two examples of cast search by portraits are shown in 

Fig. 4. It is worth noting that, cast search by portrait is 

trying to retrieve correct cast from over 1000 candidates, 

with a lot of candidates are annotated as ‘others’, so 

only less than 1/10 candidates refer to the query cast. 

Thus, 3 correct predictions out of top 5 candidates are 

acceptable result. 

 

From Fig. 4, it can be observed that the distributions of 

candidates are quite noisy. In some scenes with many 

people, face of a single person only occupy small area, 

and every cropped faces of candidates are resized to 

same size for the feature extractor, i.e. 224x224. This 

make some candidates blurry and look quite different 

from others images, such as 1st and 4th candidates in the 

second row of Fig.4. This is one of the major challenges 

of cast search by portrait, and prediction model for this 

task must be robust enough for all kind of input images. 

 

From Fig. 4, we can also find that our model always 

gives some candidates high score in spite of which cast 

is queried, such as, 2nd candidate in the first row and 5th 

candidates in the second row. We think this problem is 

resulted from the feature extractor, because the features 

of some candidates can always lead to high confident 

scores. To address this problem, feature extractors with 

two input images can be applied. If the feature extractors 

can distill useful information while the similarity 

between two input images is also considered, better 

prediction mAP may be achieved. 

 

 

5. CONCLUSIONS 

 

In this paper, we study a new task proposed by WIDER 

[4], cast search by portrait. We examined techniques and 

approaches that are potentially beneficial to this task, 

and find out some important facts from our experiments. 

 

In Section 4.2, we find that the most used feature 

extractors which are pre-trained on Imagenet are not 

quite suitable for cast search by portrait. Although these 

extractors proved they are general enough for predicting 

cast search by portrait, extractor pre-trained on 

VGGFace2 performances better with less model 

parameters. 

 

In Section 4.3, we prove that face detection is an 

essential pre-process for cast search by portrait. Since 

the candidate images are noisy, filtering out candidates 

with faces is important, and comparing face features of 

these candidates with casts portrait make the 

classification problem easier. 

 

In Section 4.4, we find re-ranking technique can further 

improve the performance of the initial prediction of 

models. By considering relationship between casts and 

candidates, the ranking results can be refined and a 

better mAP score can be achieved. 

 

Finally, in Section 3.4, we mention that naïve neural 

network classifier such as MLP bring no advantage to 

cast search by portrait problem. A simplest similarity 

metric, cosine similarity, is a good enough baseline 

classifier for this task. In re-ID problem, many strong 

and robust classifiers have been proposed, and they may 

be utilized for cast search by portrait. We leave 

searching for better classifier as future work to be 

explored. 
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