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July 5th,2020 
Dear Editors in PAAA, 

 
We sincerely wish to thank you for the time and effort you have spent reviewing our research paper. 
And we are pleased to note that you and reviewers have found our research work important and 
interesting, and all of you pointed out some problems to help us improve the quality of our research 
work. 
 
The revisions have been approved by all four authors and I have again been chosen as the 
corresponding author. I have included the comments from all reviewers immediately and responded 
to them individually, indicating exactly how we addressed each concern or problem and describing 
the changes we have made. 

 
It is noteworthy that the current revised paper was proofread by a native English speaker, which 
ensures clear and coherent descriptions in the article. Besides, we also found that some descriptions 
need to be made up. we corrected and explained all problems according to the reviewers' critiques 
step by step. The quality of current paper with its structures were improved.  

 
These changes have improved the manuscript considerably and we believe the research findings are 
now ready for publishing. 

 
Sincerely, 

 

 
Mr Siming Zheng 
Computer Science and Information Technology 

On behalf of all authors 
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Reviewer #2: 
 
Comments: This paper proposed a learning framework with multi-modalities for 
detection, extraction, normalization and recognition for high-resolution iris images in 
our iris authentication system. Mask R-CNN is used for robust iris localization and 
Inception V4 is utilized for recognition. In the experiments, both the localization 
precision and the recongition accuracy outperform the compared methods. The paper 
is OK, but still need to be further improved in the following aspects: 
 
Response to Reviewer 2 comments: 
Thank you for your assessment and the precious time to review our paper on 
‘Learning Scale-variant Features for Robust Iris Authentication with Deep Learning 
based Ensemble Framework.’ The suggestions offered by you have been immensely 
helpful, and we also appreciate your insightful comments on the methodology we 
proposed and other aspects of the paper references. We had revised and explained 
according to your comments one by one, as described below. 
 
 
1. In the loss function in Line21 of page20, there are three losses summed. It should 
be $Loss=\alpha*L_{cls}+\beta*L_{box}+\gamma*L_{mask}$, where 
$\alpha,\beta,\gamma$ are hyper-parameters. In this paper, they are simply set to 1 
and lack interpretation. These hyper-parameters should be tuned on validation set 
and decide their values for better performance. 
 
Explained and corrected. 
1). First, it is unclear to us the formula mentioned above that you take into 
consideration. Because we did not find any variable of alpha, beta, and gamma in the 
implemented code files of Mask R-CNN. Besides, we did not find that any recording 
or content of these three variables were defined and stated by the authors in the Mask 
R-CNN paper.  Therefore, we think that the three hyper-parameters of alpha, beta, and 
gamma you mentioned, which may refer to the setting values of Loss Weights in the 
config file of Mask R-CNN model. 
 
2). Indeed, there were some setting values that were set into 1, which were relative to 
the Loss Weight setting. Regarding the fine-tuning on the proposed Mask R-CNN, we 
had trained the Mask R-CNN model with 4 different strategies/plans, 1). Training the 
model with the original COCO setting, 2). Training the model with our fine-tuning 
operations without the setting of Loss weights, and 3). Training the model with our 
fine-tuning operations with the setting values of the Loss weights.  4). Extend the 
number of iterations to 251 based on plan 3). 
 
The recording of training results with three different schemes were as follows: 
 
1. The Loss result of 0.0516% with the default COCO config. (Iterations = 80) 

The link: https://youtu.be/bm5EfIA5NRk  
 
2. The Loss result of 0.0156% with the fine-tuning of hyper-parameters except for 

the setting of Loss weights. (Iterations = 80) 
The link: https://youtu.be/iibrB0P9nbQ  
 



3. The Loss result of 0.0143% with the fine-tuning of hyper-parameters and the 
setting of Loss weights (1,2,1,2,3). (Iterations = 80) 
The link: https://youtu.be/DS9arYWUedg  

 
 
4). As we described in paper, the Loss evidently dropped to nearly 0.01% and to the 

lowest of 0.0066% at 203rd and 233rd of total 250 epochs.     The result of this model 
was trained based on the Plan 3. Why we can get the more precise Loss, this is 
because that we extended the training iterations from 81 to 251 based on the Plan 3.  
(However, we regret to inform you that we have not recorded relevant videos for the 
iteration 1 to iteration 251 due to the training time with 251 iterations was very long. 
Thank you for your understanding.) 

  
 

When we got the loss result of 0.0516%, then we continued to train the model until 
the loss value decreased to the 0.0156%. In that moment, we thought this result was 
good enough and it maintained an appropriate gap from previous one, the point was 
that we satisfied this result.  Finally, we also trained the model by using some of 
modified hyper-parameters and the setting value (1,2,1,2,3) of the Loss Weights, 
which reached a better loss accuracy of 0.0143%. Compare to previous one, the loss 
accuracy of 3rd strategy had improved approximately by 0.001%. Given this, we 
extended the training iterations from 81 to 251, and get the more precise Loss of 
0.0066% in the 203rd and 233rd iterations. The setting of Loss weights was all the 1, 
which was the original setting and generated by the trained model based on the COCO 
datasets. If you can execute the TensorFlow function of “config.display()”, then you 
can export the default configuration from pre-trained COCO model. Now, you can 
understand that the setting values (all are 1) were not our simple setting or our simple 
decision during the experiments. We also trained the Mask R-CNN with different 
hyper-parameters and different Loss Weight values. 
 
 
3). The setting you saw was the version based on 2nd strategy, we also trained the 
model and finished the tests based on the 3rd strategy. Maybe you have a question on 
why we differentiated these two strategies. This was because we think that if we use a 
pretrained model, then the better way is to keep the same values of the model weights. 
In our opinion, the setting values of Loss Weights was belonging to model parameters, 
not the hyper-parameters. 
 
Parameters: The variables that the model can learn automatically based on the 
current data, which should be the parameters. For example, the model weights and 
bias, etc. 
 
Hyper-parameter: It is used to determine some parameters of the model. If the 
hyperparameters are different, the model architecture is different. Hyperparameters 
are generally variables determined empirically. In deep learning, hyperparameters 
includes the learning rate, number of iterations, number of layers, number of neurons 
in each layer, etc. 
 
The hyper-parameter needed to be modified during the process of fine-tuning if we 
trained the model on different dataset. If we used pretrained models without their own 



model parameters, then maybe the previous experiences what the pertained model 
learned, which may become meaningless. Every coin has two sides, likewise, we also 
believe that the setting values of Loss Weights can bring a positive effect on the loss 
accuracy even though it was only improved by 0.001%. In addition, some of hyper-
parameters settings we also tried, for example, we also trained the model with the 
anchor scale (16, 32, 64, 128, 256) and it performed worse than the original setting of 
(32, 64, 128, 256, 512). Given this, we kept this same setting values of hyper-
parameters from the pretrained model.  
 
4). In addition to the above situations we described, we did want to bring the 
reference paper [1] to your attention. The experimental setting results in the page 5, 
that faithfully listed and described each of hyper-parameters, which have trained by 
authors on the Mask R-CNN in their paper. Based on this author’s settings, some of 
hyper-parameters has been adjusted such as the minimal detection confidence and 
threshold non-maximum suppression, whereas some of setting values like the loss 
weights (all be 1) were still inherited from the default setting of Mask R-CNN. As you 
can see from this example, it can be concluded that not all parameters need to be 
adjusted or considered, it finally replies on the objective experimental observation, the 
need of the model performance and the current research scopes and direction during 
the experiment. In our research, compared with a lot of improvements we have made 
in Mask R-CNN, we spend more time and energy on the fine-tuned Inception V4 for 
recognition task. As you knew, the current recognition rates outperformed the 
compared methods, it proved that we were succeed in this challenge, it also can be 
said that we are fortunate. We still need your encouragements and attentions in the 
further revision. Thank you so much. 
 
The content of 3) was our opinions and the sharing of our experiences, and the content 
of 2) was the answers for the first question you mentioned. Based on your comments, 
we have completely re-summarized the experimental process and each training result 
as we mentioned above in the revised paper. 
 
[1] Le, Than (2020): Mask R-CNN with data augmentation for food detection and 
recognition. TechRxiv by IEEE. Preprint. https://doi.org/10.36227/techrxiv. 
11974362.v1 
 
 
 
 
2. The paper aims for applications on mobile devices but chooses InceptionV4 as 
recognition model which is still a large model. Instead, I suggest the authors try 
MobileNet[1] or GhostNet[2] for mobile applications. 
 
Explained and corrected. Thank you for your technical reviews. The following are 
our answers to your questions, which are based on the two models you mentioned, 
MobileNet and GhostNet, respectively.  
 
1). MobileNet: This question gave us a chance to introduce the background of current 
research. The edge computing device of Jetson Nano was released in the world from 
March 2019, and we had brought it in June 2019. Meanwhile, we had commenced the 
current iris research from June 2019. From literature review, experiment design and 



analysis, and academic writing, which spanned a few months, all the research works 
were finished and frozen in Dec 2019, and finally submitted the manuscript in Jan 
2020. During the experiment testing and data processing, the first learning model we 
trained and tested, which was the MobileNet. The Mobilenet describes an efficient 
network architecture, which allows a very small, low latency and simple model 
architecture to meet the requirements of embedded devices. However, there are 
several factors in the performance of MobileNet is weaker than Inception.  We had 
trained and tested the MobileNet on our iris dataset, a number of data analysis showed 
that the Inception learning model converges rapidly and has a higher precision than 
the MobileNet neural network. After close analysis of both the architectures, we 
found that the layers of MobileNet was totally less than the Inception model. This 
factor is reflected in the difference of their architecture. It was obvious that the 
number of convolutional layers and batch normalization in Inception model were 
more than the MobileNet, please refer to reference [1] for details. This also leads to 
their differences in recognition performance. In this research, we were inclined to the 
positive experimental results brought by performance of recognition rather than 
flexibility and lightweight character of the learning model. 
 
 
[1] zheng, siming (2019): Inception V4, V3 and MobileNet V3, V2 architecture for 
comparison. figshare. Dataset. https://doi.org/10.6084/m9.figshare.12611237.v1 
 
 
2). GhostNet: Thank you for this excellent observation. GhostNet model was 
proposed by Noah's Ark Lab from Huawei company and this neural network is 
focused on the mobile device applications, its calculation and recognition 
performance were prior to the traditional mobile neural network, such as MobileNet. 
The functions of this model emphasized the model compression, such as pruning and 
quantization, which has received our immediate attentions. However, we sincerely 
regret that the GhostNet will not be the research objective in our current paper, this is 
because as we mentioned in 1), the research works were experienced 6 months and 
finished in the Dec 2019, finally submitted in Jan 09th 2020. It is worth noting that the 
GhostNet’s paper was published on the Jan 15th 2020. Besides, in this study, the fine-
tuning technique was as research objective and applied to the neural network, and we 
trained the proposed learning model based on the specified biometric iris data set, so 
as to compare the results of the state of art approaches in similar research, rather than 
calculating statistical results by comparing models alone. We believed that the 
GhostNet team’s research progress was in the same period as ours. Due to the 
excellent performances in all aspects of GhostNet, we will try and test it as a 
consequent research in our biostatics iris research works. Thank you again for your 
valuable advices. 
 
 
3. Attention mechanism is a useful tool for localizing and recognizing objects in 
images. The related work should include the attention mechanism for object 
recognition [3,4,5]. 
 
[1] "Mobilenetv2: Inverted residuals and linear bottlenecks." Proceedings of the IEEE 
conference on computer vision and pattern recognition. 2018. 



[2] "GhostNet: More Features from Cheap Operations." arXiv preprint 
arXiv:1911.11907 (2019). 
[3] "Attribute-aware attention model for fine-grained representation learning." 
Proceedings of the 26th ACM international conference on Multimedia. 2018. 
[4] "Look closer to see better: Recurrent attention convolutional neural network for 
fine-grained image recognition." Proceedings of the IEEE conference on computer 
vision and pattern recognition. 2017. 
[5] Guo, Jianyuan, et al. "Beyond Human Parts: Dual Part-Aligned Representations 
for Person Re-Identification." Proceedings of the IEEE International Conference on 
Computer Vision. 2019. 
 
  
Corrected, agreed and explained. We appreciate your efforts for providing the 
additional references on our research. We think this is a good idea, the essence of the 
attention mechanism is to locate the Region of Interest (RoI) and suppress the useless 
information in the detected objectives. This was the concepts we want to emphasize 
for the preprocessing steps in this article. We have made good use of these three 
articles you mentioned [3] [4] [5]. Indeed, these three papers did help us to make up 
for the deficiency of the related works session and has important guiding significance 
to readers for reading the methodologies we proposed.  
 
The following content was added into the revision and shown as the following.  
 
- Currently, some of the attention models have been proposed and applied in fine-
grained representation learning tasks to extract subtle features and the key parts from 
the human body, and different data types were used to extract multi-pattern features to 
enhance the performance of visual features of local and global regions. For instance, 
Kai Han et al. proposed Attribute-Aware Attention Model (A3M) combining fine-
grained classification and retrieval to represent semantics for improving the 
recognition. The global features and attribute-specific features were utilized to derive 
the local information of the image for more discriminating representation in object re-
identification. The RA-CNN [7] proposed a recurrent attention convolutional neural 
network to discover critical parts for the fine-grained prediction tasks automatically. 
The process recursively learned the multiple scales of attentional regions and region-
based feature representation. To improve robustness of model learning, Guo et al. [16] 
proposed a novel two-branch network, the human body and potential part branches 
were composed of a modern human body analysis model and a self-focus mechanism, 
which aims to solve the problem of misalignment of human and nonhuman body parts. 
- 
 
We updated these references in the revision: 
[27] Kai Han, Jianyuan Guo, Chao Zhang, and Mingjian Zhu. Attribute-aware 
attention model for fine-grained representation learning. In ACMMM, 2018 
 
[28] Jianlong Fu, Heliang Zheng, and Tao Mei. Look closer to see better: Recurrent 
attention convolutional neural network for fine-grained image recognition. In CVPR, 
pages 4438–4446, 2017. 
 



[29] Jianyuan Guo, Yuhui Yuan, Lang Huang, Chao Zhang, JinGe Yao, and Kai Han. 
Beyond human parts: Dual partaligned representations for person re-identification. In 
the IEEE International Conference on Computer Vision (ICCV), October 2019. 
 
 
Comments for the Author 
Focus on making clear and coherent arguments. Clearly state what you do and why it 
is novel. 
 
 
In conclusion：(to Reviewer 2) 
 
Once more we thank you for the comments and suggestions. The edited article has a 
well-organized flow that will guide you on the changes we had made. The sentences 
in every paragraph have been arranged in a clear, logical order, and the transitions 
become smooth and natural. These changes have improved the article considerably 
and hope it may have your early attention. 
 
We hope the revised manuscript will better suit your requirements but are happy to 
consider further revisions if necessary, and we thank you for your continued interest 
and concern in our research. 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 




