
第 XX 卷第 XX 期
XXXX 年 XX 月 红 外 与 毫 米 波 学 报

J. Infrared Millim. Waves
Vol.  XX， No. XX

XX，XXXX

文章编号： 1001-9014（XXXX）XX-0001-11 DOI：10. 11972/j. issn. 1001-9014. XXXX. XX. 001

YOLO-Fastest-IR: Ultra-lightweight thermal infrared face detection method 
for infrared thermal camera
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Abstract： This paper presents a high-speed and robust dual-band infrared thermal camera based on an ARM 
CPU.  It is composed of a low-resolution long-wavelength infrared detector， a digital temperature and humidity 
sensor， and a CMOS sensor.  In view of the phenomenon of large contrast between face and background in ther⁃
mal infrared image， this paper we search for a suitable accuracy-latency tradeoff for thermal face detection and 
propose a tiny-lightweight detector named YOLO-Fastest-IR.  Four different scale YOLO-Fastest-IR0 to IR3 ther⁃
mal infrared face detectors based on YOLO-Fastest are designed.  To train and test four tiny-lightweight models， a 
multi-user low-resolution thermal face database （RGBT-MLTF） is collected， and the four networks are trained.  
Experiments reveal that the lightweight convolutional neural network can also perform well in the thermal infrared 
face detection task.  And the algorithm is superior to the existing face detection algorithms in positioning accuracy 
and speed， which is more suitable for deployment in mobile platforms or embedded devices.  After obtaining the 
region of interest in the infrared image （IR）， the RGB camera is guided by the results of thermal infrared face de⁃
tection， to realize the fine positioning of RGB face.  The experimental results show that YOLO-Fastest-IR has a 
frame rate of 92. 9 FPS on a Raspberry Pi 4B and can successfully locate 97. 4% of the face in the RGBT-MLTF 
test set.  The integration of infrared temperature measurement system with low cost， strong robustness and high re⁃
al-time performance was ultimately achieved， the temperature measurement accuracy can reach 0. 3 degrees Cel⁃
sius.
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YOLO-Fastest-IR:面向红外热像仪的超轻量级热红外人脸检测网络

李希才 1， 朱嘉禾 2， 董鹏翔 1， 王元庆 1*
（1. 南京大学 电子科学与工程学院，江苏 南京 210023；

2. 南京大学 智能科学与技术学院，江苏 苏州 215163）
摘要：本文介绍了一种基于 ARM CPU 的高速鲁棒的双波段热成像测温相机，该测温仪由低分辨率长波红外

探测器、数字温湿度的传感器和CMOS传感器组成。针对热红外图像中人脸与背景对比度大的现象，本文探

索了一种平衡了人脸检测精度与速度的折衷方案，并提出了一个超型轻量级热红外人脸检测，将之命名为

YOLO-Fastest-IR。基于YOLO-Fastest设计了四种不同尺度的热红外人脸检测器YOLO-Fastest-IR0至 IR3。为

了对 4个超轻量级网络训练和测试，本文还设计了一套多用户低分辨率热人脸数据集（RGBT-MLTF），并对四

个网络完成了训练。实验表明，轻量级卷积神经网络在热红外人脸检测任务中表现出色。该算法在定位精

度和速度上均优于现有的人脸检测算法，且更适合部署在移动平台或嵌入式设备中。在红外图像（IR）中获

取感兴趣区域后，根据热红外人脸检测结果对 RGB相机进行引导，实现 RGB人脸的精细定位。实验结果表

明，YOLO-Fastest-IR在树莓派 4B上的帧率高达 92.9 FPS，在RGBT-MLTF测试集中人脸定位成功率达 97.4%。
最终实现了低成本、强鲁棒性和高实时性的测温系统集成，测温精度可达0.3℃。
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1 Introduction 
Infrared thermal camera （ITC） has attracted wide⁃spread attention from various sectors of society due to their characteristics of large-scale rapid screening， auto⁃matic tracking， high-temperature area alarm， and fusion of visible light images， which can quickly track high-tem⁃perature individuals in the crowd ［1-2］.  During the epidem⁃ic period， it was widely used for inspection and quaran⁃tine in crowded public places such as airports， nucleic acid testing entrances， subway and train stations， and shopping centers.  This approach not only reduces the chance of cross-infection between individuals but also prevents personnel congestion caused by large-scale tem⁃perature detection.  In addition， it can also be used for monitoring chemical heat sources and real-time monitor⁃ing of animal body temperature on farms ［3-4］.Face detection is the key technology for ITC， a set of high-speed， stable， low-cost and robust face detection algorithms can enable users to detect faces well under dif⁃ferent conditions， and achieve accurate temperature mea⁃surement， which significantly affects the performance of ITC.  In recent decades， despite substantial progress have been achieved in face detection， there have been many reports on infrared temperature measurement， nu⁃merous models have been proposed for thermometer ［5-7］， it remains a very challenging work for accurately and quickly locating faces in infrared images.  However， most previous methods only used a single thermal infrared camera for rough facial detection based on morphology 

［8］， or facial localization based on visible light images.  In other words， the thermal camera first performed face de⁃tection through visible spectrum images， and then mapped the detected face position to infrared images for temperature measuring ［9］.  And they are hard to be direct⁃ly detected from IR images，the disadvantage of using RGB camera is that it is easily affected by ambient light 
［10］.  Moreover， some human-shaped objects （e. g. ， tiny pillars and blurry traffic lights） have similar appearances to face ［11］ and they are easily mistaken for thermometer.  As a result， many false alarms appear in the ITC， which affects the practical application of the temperature mea⁃suring camera.  In general， RGB images cannot guaran⁃tee the high-quality for face detection， and more compre⁃hensive information should be explored for thermometer.Most ITC usually take high-resolution images as in⁃put to achieve high recall， which usually rely on costly graphic processing units （GPUs） for low latency ［12］.  For our knowledge， few works before have report lightweight ITC.  Limited by infrared face detection technology and data set， Negishi and others use a mature face detection algorithm in the visible light image to locate the faces 
［13］， and then map the detected faces coordinate to the corresponding infrared image for temperature measure⁃ment.  In addition to the shortcomings of visible light face detection， this method also has the shortcomings of inac⁃

curate coordinate mapping， high computing time and low frame rate.Chaitra Hegde et al.  conducted PoseNet based fore⁃head positioning temperature measurement and cyanosis inspection at edge computing platform raspberry pi ［5］.  The disadvantages of this method are the forehead and lip detection were computed on the Google Coral USB accel⁃erator.  This system not only has slow facial detection speed and poor positioning accuracy， but also high cost， only with the help of the Accelerator TPU of Google Cor⁃al's Coral USB accelerator neural network accelerator can the near real-time effect be barely achieved.At present， visible face detection tasks are usually based on the MS COCO dataset， while visual tasks faces can be trained and tested using datasets such as Helen 
［14］， IBUG ［15］， and 300-W ［16］.  For thermal infrared visu⁃al tasks， UND ［17］ was the earliest thermal infrared facial dataset proposed in 2003， followed by commonly used datasets such as IRIS ［18］ and NVIE ［19］.  In 2021， Do⁃menick Poster et al.  ［20］ proposed the latest thermal infra⁃red facial dataset ARL-VTF and listed most of the previ⁃ous thermal infrared facial datasets.  The existing thermal infrared facial datasets are mainly aimed at tasks such as facial recognition and emotion recognition.  Therefore， in the dataset， a single face occupies most of the image， and there are few or no interference factors in the back⁃ground， resulting in usually high image resolution.  The existing thermal infrared facial detection algorithms based on convolutional neural networks most are using trained single user thermal infrared facial images ob⁃tained by the author themselves， and these datasets are not publicly available.  Within the scope of the author's understanding， there is no thermal infrared face dataset suitable for multi user face detection tasks.Woongkyu lee et al.  based on SSD model in 2021 proposed a temperature measurement method ［21］， they customize SSD to identify the location of human faces via transfer learning， which can run to 160 FPS on NVIDA Jetson AGX， it directly detects faces in infrared images.  The disadvantage of this method is that when there are multiple targets， it is difficult to accurately locate suspi⁃cious high-temperature targets in visible images.  Fried⁃rich et al.  ［22］ proposed the eye corner detection algorithm for thermal infrared face detection based on the character⁃istics of the highest eye temperature and the lowest face temperature.  Reese et al.  ［23］ calculated the gray projec⁃tion curve of the thermal infrared image， and determined the face range by analyzing the gray projection curve and its first derivative， which is called gray projection analy⁃sis （Projection Profile Analysis， PPA）.  Marcin Kopacz⁃ka et al.  ［24］ analyzed and compared two detection algo⁃rithms for thermal infrared images， along with five algo⁃rithms predominantly used for visible light face detec⁃tion.  These include the Viola Jones algorithm ［25］， a vari⁃ant Viola Jones algorithm replacing Harr features with lo⁃cal binary pattern features， and a face detection ap⁃

2



XX 期 
LI Xi-Cai et al：YOLO-Fastest-IR： Ultra-lightweight thermal infrared face detection method for infrared ther⁃

mal camera

proach combining directional gradient histograms with support vector machines ［26-27］.  Deformable component model ［27］ and pixel intensity comparisons organized （PI⁃CO） in decision trees ［28］.Experiments have shown that these machine learn⁃ing algorithms mainly used for visible light face detection have higher accuracy and lower false positives compared to detection algorithms proposed for thermal infrared im⁃ages.  The detection algorithm proposed for thermal infra⁃red images has a shorter running time， but the PICO algo⁃rithm has the highest computational efficiency.In recent years， researchers have also applied deep learning to thermal infrared facial detection tasks.  In 2017， Alicja et al.  adjusted the InceptionV3 network and removed the global pooling operation ［29］， allowing the last 8×8 feature map to be classified on 64 grids sepa⁃rately， using a set of grids with a face probability greater than 0. 5 as the face range.  However， their research is limited to single user thermal infrared face detection.  In 2019， Silva et al.  ［30］ adjusted the YOLOv3 ［31］ network， trained YOLOv3 using a thermal infrared facial dataset， and cut off the last predicted feature map during detec⁃tion， achieving high accuracy and efficiency.  The target detector based on YOLO has the ability of multi-target de⁃tection， but their goal is to detect the driver in the autopi⁃lot system， so their data set also contains only a single us⁃er.  However， most previous methods directly used infra⁃red images to train general models for detecting targets in infrared images， but the models had a lot of redundant in⁃formation and could not improve detection speed.  In this work， we found that combining the characteristics of in⁃frared images with composite scaling of the model can greatly improve the efficiency of the model and promote future research in this field.In this paper， we propose a high-speed and robust dual band face detection system on ARM CPU for ITC.  Our ITC mainly consists of a low-resolution infrared de⁃tector， an CMOS sensor and an environmental tempera⁃ture monitoring sensor.  The infrared camera is used to lo⁃cate the face in the scene， and the visible camera is used to further confirm the face information corresponding to the infrared image.  At the same time， the attenuation 

compensation of thermal radiation with distance is consid⁃ered， and the stereo ranging is carried out by data set fit⁃ting.  In addition， focusing on this problem， we propose an ultra-lightweight thermal infrared face detection net⁃work in terms of algorithm， explore the impact of several different network models on thermal infrared face detec⁃tion.  And at the same time， to train the proposed model， we designed a dual band face detection dataset， we intro⁃duce a large-scale RGBT dual light dataset， which con⁃tains 2，030 pairs of RGB-thermal images with 138，389 annotated faces.  To verify the proposed model， we de⁃signed a set of experimental prototypes， and deployed the algorithm to the raspberry pi system with ARM CPU.  An ultra-lightweight infrared face detection network suit⁃able for thermal infrared face detection is found by com⁃posite scaling of network depth， resolution and width.
2 Principle of the temperature measure⁃
ment system 

As shown in Fig.  1， a binocular stereo vision sys⁃tem composed of an infrared camera and an RGB cam⁃era.  The raw infrared data obtained by the IR camera is separated into two branches for further processing.  On the one hand， the raw sixteen-bit data is dynamically nor⁃malized to an eight-bit gray value according to the maxi⁃mum and minimum temperature， the conversion rule as shown in Eq.  （1）.  Where Igray is the gray value of infare image， RawData[ i] is 16 bits infrared raw data， 
MaxValue and MinValue are the maximum and minimum values in the current frame's infrared data.  On the other hand， it is used as the backup data of temperature mea⁃surement.  The original resolution of infrared image is 80×60 pixels， and the resolution is resized to 160×120 after interpolation.  The gray image is directly used as the in⁃put of the face detector to obtain the region of interest for infrared temperature measurement.
[ Igray ] =  (RawData[ i] -  MinValue)*

255
 MaxValue -  MinValue

(1)
After obtaining the face region in the thermal infra⁃red image， the region of interest is synchronously 

Fig.  1　The procedure of the working process of the dual band ITC system
图1　双波段红外测温系统组成和工作流程
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mapped to the visible image， thereby achieving the task of facial detection or identity recognition in the visible light image， and the amount of visible data is greatly compressed.  In addition， based on the geometric rela⁃tionship of binocular stereo vision composed of infrared and RGB cameras， the distance between the measured individual and the camera can also be obtained.  Finally， the temperature is corrected and compensated according to the distance and environmental information to improve the temperature measurement accuracy.One of the advantages of our RGB face localization is splitting a complicated real-world computer vision task into two easier ones that can be well solved by current deep learning methods.  If we stick to a single visible RGB camera for cascaded or simultaneous face detection and eye localization， the input resolution of the CNN will inevitably be large， resulting in a computationally heavy network.  In this paper， we make the most of guiding mode by using two tiny-lightweight CNNs.  The dual-band infrared guidance system not only largely reduces the computational cost but also maintains high accuracy and robustness.  It effectively addresses the trade-off be⁃tween high tracking speed， high tracking accuracy， and strong robustness in conventional visual tracking sys⁃tems.
3 Thermal infrared face detect method 
3. 1　The Introduction of lightweight network YO⁃
LO-Fastest-IR　As the most of the body's thermal radiation is usual⁃ly blocked by clothing.  Therefore， the facial part is often the place with the highest gray value in the image， and the contrast with the background is very high.  The face appears as a white oval shape in the IR image， and the fa⁃cial features are basically indistinguishable.  On the one 

hand， this creates difficulties for highly refined computer vision tasks such as facial recognition， emotion recogni⁃tion， and face landmark detection.  On the other hand， it limits the features that convolutional neural networks can extract.  That is， there are basically no effective deep fea⁃tures for thermal infrared facial detection to be extracted by neural networks.  In addition， there are significant dif⁃ferences in shape and aspect ratio between the face and other possible heat sources， such as screens， fluorescent lamps， and cups filled with hot water.  Therefore， theo⁃retically， lightweight convolutional neural networks can stably detect faces in IR images.As shown in Fig.  2， to verify the hypothesis pro⁃posed above， we designed four tiny lightweight convolu⁃tional networks with different complexity levels， inspired by YOLO-Fastest ［32］.  The red block and blue block in the figure represent the lite convolution module and lite residual module， respectively.  This article explores the relationship between network scale in three aspects： reso⁃lution， depth， and channel number.In terms of resolution， current object detection net⁃works are mostly designed for datasets such as COCO， so the input resolution is relatively high， ranging from 416 to 800.  To enhance the computational efficiency of light⁃weight object detection networks， reducing the input im⁃age resolution has become a common strategy for speed improvement.  If directly down sampling to a size of 320×240， image details will inevitably be lost.  However， the infrared camera used in this article has a physical resolu⁃tion of only 160×120， so using bilinear interpolation to enlarge the image to 320×240 may not have practical sig⁃nificance.  To be compatible with the physical resolution of infrared cameras， the input resolution of YOLO-Fast⁃est was set to 160×120， and variables were controlled in depth and width.  Four different lengths and widths of in⁃

Fig.  2　The YOLO-Fastest-IR network structures with four different levels of complexity
图2　四种不同复杂度的热红外人脸检测网络YOLO-Fastest-IR结构
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frared face detection networks were designed differential⁃ly， and these networks were named YOLO-Fastest-IR.The first 3×3 convolution step in all four networks has a size of 2 and uses zero padding， thus reducing the length and width of the input image to half of its original size.  The input and output feature maps of all lite residu⁃al modules maintain the same size and are not scaled.  The first lite convolution module in IR1 to IR3 does not perform feature map size scaling.  In IR0， the first lite convolution module， as well as all other lite convolution modules in the four YOLO-Fastest-IR models， employs depth-separable convolutions with a stride of 2， using ze⁃ro padding to reduce the length and width of the input im⁃age by half.  Both IR0 and IR1 undergo four feature map size reductions， resulting in a feature map with a grid size of 10×8.  In the four types of YOLO-Fastest-IR， the number of convolutional kernels gradually increases with the increase of network depth.  That is， the number of feature map channels increases with the increase of net⁃work depth， the specific details are as follows.
（1） YOLO-Fastest-IR0： As shown in Fig.  2（a）， excluding the first and last two convolutional layers of YOLO-Fastest， only three lite convolutional modules were used.  The final output grid size is 10×8， which is the network with the least number of layers and the sim⁃plest network structure.  Due to its small number of lay⁃ers， there is basically no phenomenon of gradient vanish⁃ing and network degradation， so residual modules are not used.
（2） YOLO-Fastest-IR1： As shown in Fig.  2（b）， a residual module was introduced into the backbone net⁃work， using 4 lite convolution modules and 2 lite residu⁃al modules， the final output grid size was 10×8.
（3） YOLO-Fastest-IR2： As shown in Fig.  2（c）， a multi-scale prediction strategy was introduced in the neck network， and 5 lite convolutional modules and 3 li⁃

te residual modules were used.  The final output was two feature maps with grids sizes of 5×4 and 10×8 respective⁃ly， responsible for predicting large and small targets.  On⁃ly one convolutional layer was used in the head network.
（4） YOLO-Fastest-IR3： As shown in Fig.  2（d）， further deepen the network layers and use 6 convolution⁃al layers in the head network， ultimately outputting two feature maps with grids of 5×4 and 10×8， making it the network with the highest number of layers and the most complex structure.
（5） YOLO-Fastest-EYE： The overall network struc⁃ture is shown in Fig.  2（e）.  The aspect ratio of the facial bounding box is roughly close to 1：1.  The RGB image resolution is 640×480， when the user's face is about 1 meter away from the camera， the bounding box size is about 160×160.  Therefore， it is specified that the image size input by YOLO-Fastest-EYE is set to 160×160.  Af⁃ter four down sampling and one up sampling of the fea⁃ture map， the final output is a tensor of size 20×20×18， the ratio of each grid to the length and width of the entire feature map is 5%.  Since only targets such as the eyes are predicted， the number of output feature map chan⁃nels is 18.

3. 2　 Infrared face detection dataset and model 
training　To complete the training of the proposed network， we also designed an RGBT multi user low resolution ther⁃mal face database （RGBT-MLTF） in this paper.  This da⁃taset contains 26800 images captured by an infrared cam⁃era lepto3. 0 with a resolution of 160×120.  Each image contains 1 to 4 faces， with no less than 2 faces account⁃ing for 76% of the dataset.  As shown in Fig.  3， to im⁃prove the generalization ability of the model and prevent overfitting， we conducted long-term experiments under different environmental lighting and temperature condi⁃tions， including weak light conditions， high exposure 

Fig.  3　Examples and statistics of the RGBT-MLTF dataset
图3　部分RGBT-MLTF数据集示例和统计信息
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scene， high temperature environment， and low tempera⁃ture environment.  The dataset covers almost all conven⁃tional application scenarios.  The dataset is annotated us⁃ing labeling， which approximates the head as an ellipse and labels the outer tangent rectangle of the ellipse as a real face rectangle.  The dataset annotates distant faces， incomplete faces， and lateral faces， but the back of the head is not marked.  The final dataset contains a total of 5102 faces from 22 people.Among 2680 images， 1627 images were randomly selected as the training set， 520 were used as the cross validation set， and 533 were used as the testing set.  The training set is used to train the four proposed thermal in⁃frared face detectors， the cross-validation set is used to select the optimal network weights from several training sessions， and the test set is used to test and compare the performance of different neural network models.
4 Experiment and discussion 

The infrared sensor used in this article is the lepton 3. 5 from FLIR， with a resolution of 160×120.  The visi⁃ble light module uses a Raspberry Pi camera， and its sen⁃sor is OV5647 produced by OV company， with a resolu⁃tion of 1280×720.  Due to the differences in resolution and position between IR cameras and RGB cameras， the horizontal and vertical coordinates of the thermal infrared facial bounding box cannot be directly used in visible im⁃ages.  Therefore， we fitted the positional relationship be⁃tween infrared and RGB images using the annotated RG⁃BT-MLTF dataset.  In short， the relationship between the annotated IR face boxes and the corresponding RGB face boxes is directly calculated by Eq.  （2）.
XRGB = 0.8812*XIR + 0.0844 (2)

where XIR is the x coordinate of the original IR box， XRGB is the x coordinate of the shifted RGB box.  Both XIR and 
XRGB are relative values to the width of images.  The x co⁃ordinates of IR and RGB face bounding boxes are on the horizontal and vertical axis respectively.  Each of the sam⁃pling point represents a pair of face bounding boxes in the two spectrum images.  with linear regression， the rela⁃tionship is obtained as shown in Eq.  （2）.In this article， we use the RGBT-MLTF dataset to train YOLO-V4 and YOLO-V8s ［33］， YOLO-Fastest， and the four proposed thermal face detection networks YOLO-Fastest-IR， respectively.  And compared the prediction performance of the four proposed network models with the current state of the art object detection algorithms.  As shown in the first column of Fig.  4（a1~g1）， even in scenes with interference， the four designed thermal infra⁃red face detection networks can stably detect faces in im⁃ages.  YOLO-Fastest-IR0 and YOLO-Fastest-IR1 have certain false positives， which can detect the monitors or raised fist in the background as a face.  As shown in Fig.  4（a2~g2）， in a multi-user scenario， the four networks proposed in this paper with different scales can not only effectively detect thermal infrared faces of different siz⁃es， but also detect half faces with occlusion.  As shown Fig.  4（a3~g3）， except for the shortest YOLO-Fastest-IR1 and YOLO-Fastest-IR0， which occasionally have 

some false positives， the other five networks can effec⁃tively detect faces in thermal infrared images.To further verify the generalization ability of the four YOLO-Fastest-IR， we conducted generalization tests on the high-resolution thermal infrared facial dataset provid⁃ed by Marcin et al ［34］， and the test results are shown in Fig.  4（a4~g4）.  The detection results show that several IR face detectors have certain generalization ability.  Among which， YOLO-Fastest-IR0， YOLO-Fastest-IR1 predicted the boundary box has a certain deviation from the real face， YOLO-Fastest-IR2， YOLO-Fastest-IR3 and YOLO-V8s can accurately extract the thermal infra⁃red face region from the thermal infrared face image that is significantly different from the training set， and the confidence is close to 100%.  However， YOLO-V4 is no longer able to predict the image under commonly used confidence thresholds.  When the confidence threshold is reduced to 0. 1， the results in Fig.  4（f4） are outputted， this indicates that YOLO-V4 may have some over fitting to the training set.  As shown in the Fig.  4（a5~g5）， al⁃though the data set only contains a fewer number of pseu⁃do color samples， the IR face detection network YOLO-Fastest-IR0 and YOLO-Fastest-IR1 designed in this pa⁃per can still predict the position of the face in the pseudo color image.  However， YOLO-V8s cannot accurately predict faces from pseudo color images.Fig.  5（a） shows the experimental results of RGB face detection and eye location guided by thermal infra⁃red proposed in this paper.  First， the position of the face in the infrared image is determined by YOLO-Fastest-IR， and then the YOLO-Fast-EYE is used to predict the position of the eyes based on the region of interest deter⁃mined by thermal infrared.  The result show that YOLO-Fastest-IR can better solve the localization problem of oc⁃cluded faces.  It proves that the infrared guidance effec⁃tively avoids the abnormal temperature measurement of the ITC， thus reducing the false alarm rate.  Fig.  5（e~h） shows the results of RGB face and eye detection using YOLO-Fastest-EYE under poor lighting conditions.  Fig.  5（i~l） shows the results of multi-target face detection.  In summary， the algorithm presented in this paper demon⁃strates strong robustness， capable of handling diverse lighting conditions and occlusion interferences， while al⁃so supporting the detection of multiple targets.The comparison results of AP values and FPS for several different networks are shown in Fig.  6.  It can be seen that except for YOLO-V4， YOLO-V8s and YOLO-Fastest， four YOLO-Fast-IR can all meet the real-time detection standards， and their AP50 values exceed 90%.  The prediction performance of the lightweight network is close to that of YOLO-V4.  The AP values was tested based on the RGBT-MLTF dataset， and the frame rate was measured on the Raspberry Pi 4B CPU.  By com⁃pressing the network， the inference speed of the network can be greatly improved， but the accuracy has not signifi⁃cantly decreased.  This also fully demonstrates that for in⁃frared facial detection tasks， a lightweight convolutional neural network with a simple structure is enough to ex⁃tract infrared facial features and complete facial localiza⁃
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tion.  Based on the experimental results， it can be ob⁃served that the overall trend of YOLO-Fastest-IR is： the 
deeper the network， the slower the inference speed， but 
the higher the average precision.  YOLO-Fastest-IR2 in 
Fig.  6 has achieved a better precision mean than the 
deep network， which may be caused by the accidental 
factors during training that lead to the better convergence 
result of the network.

In the visual task of object detection， 30 frames per 
second is usually used as the standard to divide real-time 
and non-real-time.  YOLO-V4 and YOLO-V8s can 
achieve the real-time operation standard on the GPU， but 
it takes more than 1 second to complete the reasoning of a single picture on the Raspberry Pi 4B， which cannot 

meet the real-time requirements.  YOLO-V4 can reach 
98. 95% AP50 on RGBT-MLTF dataset after training， 
which is far more than the highest 81. 3% AP50 on MS 
COCO dataset.  As mentioned above， the RGBT-MLTF 
dataset covers as many factors as possible that may inter⁃
fere with thermal infrared face detection.  Compared with 
the images captured in the actual application scenario of 
the ITC system in this paper， the images in the RGBT-
MLTF dataset are more difficult for the detector.  
Through the performance of the above several networks 
on the dataset， it is proved that the thermal infrared face 
detection task in the application scenario of ITC can be 
better completed by using deep learning.

Fig.  4　The comparative and generalization experiments of different models：（a1~a5） the detection effect of YOLO-Fast-IR0； （b1~b5） the de⁃tection effect of YOLO-Fast-IR1； （c1~c5） the detection effect of YOLO-Fast-IR2； （d1~d5） the detection effect of YOLO-Fast-IR3； （e1~e5） the detec⁃tion effect of YOLO-Fast； （f1~f5） the detection effect of YOLO-V4； （g1~g5） the detection effect of YOLO-V8s.
图4　不同模型的对比测试和泛化实验结果分析
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4. 3　Temperature measurement experiments　In this section， we will introduce the details of tem⁃perature measurement.  We set the black body tempera⁃ture as the vertical axis and the raw data captured by IR camera as the horizontal axis.  The black body tempera⁃ture value is measured several times （20 times） and take the average value.  The relationship between the tempera⁃ture values and the raw IR data is the blue curve in Fig.  7 and its linear fitting curve is the magenta dashed line.  To verify the relationship between thermal radiation and distance， we conduct tests at intervals of 25 cm， starting 

from 25 cm to 225 cm.  At each interval， we perform 20 tests and take the average value.  The relationship curve is shown as the red curve in Fig.  7， and the linear fitting result is a green dotted line.  The fitting result is shown in Eq.  （3）.  When i=1 or i=2， it represents the relationship between temperature and grayscale or distance respec⁃tively.  After fitting a1 = 19. 645， b1 = 0. 1163，a2 =37. 514，b2 = -0. 00794.y = ai + bi x (3)
According to Planck's radiation law， the gray value of each pixel in the infrared image is proportional to the 

Fig.  5　IR face detection samples of YOLO-Fastest-IR and eye localization in the RGB images results：（a~d） YOLO-Fastest-IR and YOLO-Fastest-Eye is robust against angle of face inter-viewer occlusion， environmental occlusion； （e~h） extreme lighting condition； （i~l） multi target and distant viewers.
图5　YOLO-Fastest-IR热红外人脸检测结果及在RGB图像中人眼定位效果

Fig.  6　Comparison of the proposed YOLO-Fastest-IR and other object detectors on the RGBT-MLEL face subset
图6　YOLO-Fastest-IR与主流目标检测器在RGBT-MLEL面部数据集上的测试结果对比
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thermal radiation energy of the corresponding point on the surface of the measured object.  But the temperature captured by the thermal imager is the radiation tempera⁃ture Tr of the object surface， not the real temperature T0 of the object.  The real temperature of the object is equal to the temperature of the blackbody radiating the same energy.  Therefore， in actual temperature measurement， it is necessary to calibrate the thermal imager with high-precision blackbody to find the mapping relationship be⁃tween blackbody temperature and sensor output voltage， the temperature of the black body is preset， the relation⁃ship between Tr and T0 as shown in Eq.  （4）.
T0 = { 1

ε [ 1
ta

T λ
r - (1 - ε)T λ

u - ( 1
ta

- 1)T λ
a ] }1

λ (4)
Where λ is a wavelength dependent parameter， which varies depending on the material of the IR camera used.  For InSb （3-5 μ m） detectors， the value of λ=8. 68； For HgCdTe （6-9 μ m） detectors， the value of λ=5. 33； The detector we use is HgCdTe （8-14 μm）， so the λ=4. 09； Due to the fact that the impact of atmospheric transmit⁃

tance can be ignored in close range temperature measure⁃ment， so ta=1， and Eq.  （5） can be obtained.This is the temperature measurement calculation for⁃mula for the surface of the gray body.  In the Eq.  （5）， where ε is the skin emissivity， usually taken as 0. 98， Tr is the thermal radiation detected by the infrared detector， 
Tu is the ambient temperature， which can be measured by temperature and humidity sensors.  Therefore， the temperature at the forehead can be estimated.

TM = 1
ε * (T λ

r - (1 - ε)*T λ
u ) 1

λ (5)
To further verify the proposed method， we design and carry out the temperature measurement experiment based on our binocular vision system.  It can be seen in Fig.  8， whether in close or long distance， single or multi person scenarios， the algorithm can stably detect the po⁃sition of the face and accurately measure the temperature of the forehead.  Meanwhile， as shown in Fig.  5 and Fig.  8， the proposed IR face detection algorithm also has strong robustness and can effectively detect faces wearing 

Fig.  7　The variation of grayscale values with temperature at different distances
图7　不同距离下灰度值随温度的变化关系

Fig 8　The real time temperature measurement experiment of temperature measurement system：（a） normal sitting and standing； （b） wear a mask； （c） interference testing at different distances； （d） remote temperature measurement experiment； （e） high temperature warning test； （f） remote multi-target temperature measurement experiment； （g） side face test； （h） fist interference experiment.
图8　红外测温系统的实时温度测量实验
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masks， occlusion， and different poses.  Fig.  8（e） shows the high temperature warning examples caused by a part of the cup body entering the facial area during the pro⁃cess of drinking hot water.  To avoid this phenomenon in practical applications， we will accurately locate the tem⁃perature measurement area and position combine with the position of the eyes.In order to verify the temperature measurement ac⁃curacy of ITC， it was tested using a blackbody at differ⁃ent ambient temperatures and distances， each data point was measured five times， and took the average.  As shown in Fig.  9（a）， regardless of the ambient tempera⁃ture， the measured temperature decreases linearly with distance increasing， and the higher the ambient tempera⁃ture， the higher the measurement result.  Then， we gath⁃er several volunteers for the experiments and used a fore⁃head gun as a controlled experiment.  The test results are shown in the Fig.  9（b）， the experiment covered 11 sets of temperature measurements at different distances.  With the distance increases， the original temperature measured by the infrared camera decreased， as shown the blue curve in Fig.  9（b）.  After distance correction， the measurement results are basically consistent at differ⁃ent distances， as shown the green curve in Fig.  9（b）.  At close range， the measurement accuracy of the ITC in this article is basically consistent with the measurement accuracy of the forehead gun.  With the increase of dis⁃tance， the measurement accuracy of the infrared tempera⁃ture measurement camera is better than that of the fore⁃head gun， which not only has high temperature measure⁃ment accuracy but also achieved good repeatability stabil⁃ity， the temperature measurement accuracy can reach 0. 3 degrees Celsius.
5 Conclusion 

In this paper， we develop a dual band ITC，it can be used to measure the temperature of forehead which is composed of an infrared detector and a RGB sensor.  In addition， the thermometer also integrates a temperature and humidity sensor for sensing environmental tempera⁃ture and humidity.  Accordingly， this paper also proposes 

four tiny-lightweight thermal infrared face detectors of dif⁃ferent scales， namely YOLO-Fastest-IR0 to YOLO-Fast⁃est-IR3.  Through training and testing the above models in the RGBT-MLTF dataset proposed in this paper， it is proved that YOLO-Fast-IR is more suitable for deploy⁃ment in mobile device and edge computing embedded platform than existing algorithms such as YOLO-V4 and YOLO-Fastest， and its tiny version runs fastest.  Al⁃though the accuracy of face location is slightly de⁃creased， it also meets the application accuracy require⁃ments of infrared temperature measurement equipment.  Among them， YOLO-Fastest-IR0， which has the small⁃est network scale， cannot complete thermal infrared face detection well due to the lack of deep networks.  The aver⁃age accuracy of other thermal infrared face detectors can reach more than 95%， and the frame rate can reach more than 90 FPS on Raspberry Pi 4B.  Compared with YOLO-Fastest and YOLO-V4 and YOLO-V8s， it shows that these tiny-lightweight convolutional neural networks have greatly improved the operating efficiency on the premise of less precision loss.  According to the different visual tasks， the convolutional neural network can be adjusted in structure to achieve the optimal combination of preci⁃sion and speed.  The experimental results show that our ITC is effective， and the proposed face detection meth⁃ods have excellent performances.

Fig.  9　Analysis of temperature measurement accuracy of ITC：（a） the variation relationship of different temperatures of blackbody under different environmental temperatures and distances； （b） temperature correction experiment.
图9　红外测温系统的测温精度分析
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